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ABSTRACT

Office workers usually spend most of their time sitting, often with rigid postures,
for prolonged periods of time. This has been recognized by the European Union as a
risk factor for work-related musculoskeletal disorders (WRMDs). Promoting healthier
work environments by encouraging more active work practices is essential for workers
occupational health. To study work activities and their distribution over time, Human
Activity Recognition (HAR) techniques need to be implemented. These techniques are
typically used in broader contexts, relying on supervised methods that require costly,
time-consuming label annotation.

This work presents a new dataset comprised of nine office activities from 19 subjects,
collected using a smartphone and a smartwatch, to train unsupervised learning models
for HAR in office environments. Three experiments were conducted to evaluate the
performance of traditional clustering models: feature selection, cluster stability over time,
and impact of data imbalance. The results show that, considering only basic activities,
such as sitting, standing, and walking, the models accurately cluster each subject using
both subject-specific and subject-independent feature sets. However, subjects” data is
not similar enough to develop a subject-independent model. With all nine activities, the
feature sets lose effectiveness. Smartwatch sensors produce worse results than smartphone
sensors or a combination of these two. Clustering performance is impacted by subjects
displaying different behaviours over time and by class imbalance. When testing on data
from two subjects performing their actual work tasks for a whole workday, the models
are able to separate active and non-active activities into two distinct clusters, but struggle
to identify the exact activity. This information can be useful for identifying risk factors for
WRMDs.

Keywords: Unsupervised learning, Human Activity Recognition, Smart devices, Work-
related musculoskeletal disorders, Occupational health
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REsumMo

Trabalhadores de escritério passam grande parte do seu tempo sentados e com postu-
ras rigidas por longos periodos de tempo. Isto é considerado pela Unido Europeia como
um fator de risco para lesdes musculoesqueléticas relacionadas com o trabalho (LMERT).
Promover ambientes de trabalho saudaveis, incentivando praticas mais ativas, é essen-
cial para a satide dos trabalhadores. Para estudar atividades e correspondente duracdo
recorre-se a técnicas de reconhecimento de atividades humanas (RAH). Estas técnicas,
geralmente, sdo aplicadas em contextos mais gerais e recorrendo a métodos de aprendi-
zagem supervisionada, que requerem a tarefa dispendiosa e demorada de anotagdo de
classes.

Este estudo apresenta um novo conjunto de dados, que contém nove atividades de
escritorio realizadas por 19 sujeitos, adquirido através de um smartphone e um smartwatch,
para treino de modelos de aprendizagem nao supervisionada para RAH em escritérios.
Foram realizadas trés experiéncias para avaliar a performance de modelos tradicionais
de clustering: selecdo de caracteristicas, estabilidade dos clusters ao longo do tempo e
impacto de dados desbalanceados. Os resultados mostraram que, considerando apenas
atividades bésicas como sentar, estar de pé e caminhar, os modelos conseguem agrupar
corretamente cada sujeito, tanto com um conjunto de caracteristicas otimizado como
um comum. No entanto, ndo é possivel agrupar os dados dos sujeitos em conjunto.
Considerando as nove atividades, os conjuntos de caracteristicas perdem efic4cia. Os
sensors do smartwatch apresentam piores resultados do que os do smartphone. Os modelos
de clustering sdo afetados pelos diferentes comportamentos dos sujeitos ao longo do tempo
e pelo desbalanceamento de classes. Ao testar os modelos em dados de dois sujeitos a
trabalhar normalmente durante um dia, estes conseguem separar atividades ativas e ndo
ativas em dois grupos distintos, mas ndo qual a exata atividade. Isto pode ser 1til para a
identificacdo de fatores de risco para LMERT.

Palavras-chave: Aprendizagem ndo supervisionada, Reconhecimento de atividades hu-

manas, Dispositivos inteligentes, Lesdes musculoesqueléticas relacionadas com o trabalho,

Satide ocupacional
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1

INTRODUCTION

1.1 Context and motivation

Since the early 2000s, the number of people employed in computer-based office work has
been steadily increasing across the European Union (EU). Specifically, from 2000 to 2015,
the percentage of workers who spent at least a quarter of their workday doing computer
work increased from 47 % to 58 % [2]. Office work predominantly consists of low variance
activities such as sitting for long periods of time, often with rigid postures [3-5]. This
has been linked to musculoskeletal pain, particularly in the lower back, neck, shoulders,
and knees [6]. Additionally, office workers are often confronted with high job demands,
while being limited by low job resources [7]. A combination of these factors contribute to
the development of Work-related musculoskeletal disorders (WRMDs), stress, depression,
and anxiety related problems, which are a significant health concern for 7.4 % of European
workers [4]. WRMDs are associated with loss of productivity and increased absenteeism,
resulting in medical burden and increased economic costs for organizations [2, 8]. This
problem has been recognized by the EU, which is actively funding initiatives under the
2021-2024 Horizon Europe program, particularly within Cluster 1, to promote healthier
living and working environments [9]. Implementing more active work practices that
reduce sitting time and encourage more walking and standing, is crucial for occupational
health and has shown positive health outcomes [6, 10].

To address some of the above-mentioned issues, the PrevOccupAl Project (Prevention
of Occupational Disorders in Public Administration based on Artificial Intelligence) was
carried out with the objective of evaluating occupational risk factors for WRMDs in office
workers [11]. Biosignals were acquired with the purpose of studying workers” postures
during their workday. Data was collected from 40 workers across four Autoridade Trib-
utédria e Aduaneira (AT) offices during five consecutive days. Acquisitions were scheduled
so that a smartphone acquired data during the whole workday, and a smartwatch and two
Electromygraphy (EMG) sensors acquired four times a day for 20 minutes. As subjects
were not observed during work, the resulting dataset is unlabeled.

While PrevOccupAl focused more on postural information, the dataset offers the

1



CHAPTER 1. INTRODUCTION

opportunity to also study work activities and how they are distributed over time. To achieve
this, Human Activity Recognition (HAR) techniques need to be implemented. HAR is an
active research area, driven by advancements in sensor technology, particularly in smart
devices. These devices, which are widely used by the population, have built-in sensors,
eliminating the need foradditional hardware [12]. In HAR, Machine Learning (ML) models
are used to infer activities from sensor data. The most common approach is supervised
learning, specifically classification methods, which yield the most accurate outcomes
[13]. However, supervised techniques require annotating labels, which is costly and time-
consuming [13], and can raise privacy concerns if done using cameras [14]. Furthermore,
HAR is often done in broader contexts with the purpose of distinguishing simple activities
[12, 13]. Therefore, to do HAR in a scenario similar to PrevOccupAl, datasets comprised
specifically of office activities are needed, and unsupervised learning schemes should be
implemented in order to handle unlabeled data. Leveraging a dataset of office activities
to train unsupervised learning models that can effectively distinguish between activities,
could be a powerful tool for identifying risk factors for WRMDs. Providing companies with
reports on employees’ activities and their corresponding durations could help identify

risk factors, leading to future recommendations to improve workers” occupational health.

1.2 Objectives

In line with the context and motivation provided in the previous section, and as an

extension of the PrevOccupAl project, this thesis has the following objectives:

® (O1): Use smart devices, in particular smartphones and smartwatches, to collect a di-
verse dataset that includes various office work activities for developing unsupervised
HAR systems.

¢ (02): Employ traditional clustering models for HAR on the collected dataset.

¢ (0O3): Find consistent feature sets that can be used for HAR in the context of office
work.

* (O4): Study if there is enough similarity within the data to develop a subject-
independent clustering model.

* (O5): Evaluate the stability of clusters over time, as well as the impact of imbalanced

data on the clusters.

¢ (06): Test the proposed models on data from two subjects carrying out their actual

work tasks for an entire workday.

The research work described in this dissertation was carried out in accordance with the
norms established in the ethics code of Universidade Nova de Lisboa. The work described
and the material presented in this dissertation, with the exceptions clearly indicated,
constitute original work carried out by the author.

2



2

THEORETICAL CONCEPTS

2.1 Human Activity Recognition

Human Activity Recognition (HAR) is the process of automatically identifying human
activities using data from various sources, primarily inertial sensors, by means of artificial
intelligence techniques [15]. The sensors can be embedded in electronic devices, such as
smartphones and smartwatches, and body-worn [15, 16]. HAR has diverse applications,
including health monitoring, surveillance, sports analysis, and more [17].

2.2 Inertial Sensors

Inertial sensors are sensors that measure linear acceleration, angular velocity, and
magnetic field, typically across three orthogonal planes [18]. These sensors include the
Accelerometer (ACC), Gyroscope (GYR), and Magnetometer (MAG) [16]. Advances in
micro-electromechanical systems have significantly reduced the size and cost of these
devices, making them suitable for integration into smart devices [19]. These smart devices,
such as smartphones and smartwatches, include analog-to-digital converters within their

processors [20], eliminating the need for manual conversion.

The ACC measures the rate of change of velocity (acceleration) of an object in meters
per second squared (m/s?) [21]. Specifically, it measures the force exerted on a mass inside
the device [18]. The GYR measures angular velocity, which corresponds to the rate of
change in the rotational position of a body around an axis, typically measured in radians
per second (rad/s) [22, 23]. The MAG measures the strength and direction of magnetic
fields near an object, usually reported in microteslas (uT) [24]. The MAG is commonly
used to detect the orientation and direction of an object by sensing the Earth’s magnetic
field [25].



CHAPTER 2. THEORETICAL CONCEPTS

2.3 Unsupervised Learning

Unsupervised learning is a type of Machine Learning (ML) in which an algorithm
identifies underlying patterns or groupings within a dataset without prior knowledge of
groups or classes [26, 27]. One of the most common unsupervised learning models that
allows for the detection of these patterns is clustering. A cluster is a group of data points
with similar characteristics, and different clusters exhibit distinct features [28]. This thesis
employs the following clustering models: KMeans, Agglomerative Clustering (AGG), and
Gaussian Mixture Model (GMM).

2.3.1 KMeans

KMeans is one of the most widely used clustering algorithms and operates as a
partitioning method [29]. This method divides n unlabeled data points into k clusters,
where k is specified by the user [29, 30]. In KMeans, each cluster is represented by a cluster
center, which corresponds to the mean position of all data points within that cluster [28,
29]. The KMeans algorithm begins by randomly assigning initial cluster centers. It then
proceeds in two steps: first, data points are assigned to the nearest cluster center based on
a distance metric, typically the euclidean distance. Next, the cluster centers are updated
by computing the mean of the data points within each cluster, shifting the centers to the
new average position [28]. With KMeans, points can be assigned to preformed clusters by
computing the mean to the closest cluster center [31].

2.3.2 Agglomerative Clustering

Hierarchical clustering is a cluster analysis technique that organizes clusters into a
hierarchy, which can be either agglomerative or divisive. The AGG algorithm starts by
treating each data point as its own cluster [29] and with each iteration, pairs of close
clusters are merged [30]. AGG can be implemented in various ways, depending on the
criteria used for merging clusters, known as the inter-cluster dissimilarity measure or
linkage. Some of the most common linkage methods include single, complete, average,
and Ward linkage [32].

Single linkage merges pairs of clusters that have the minimum distance between them,
while complete linkage merges pairs with the smallest maximum distance. For average
linkage, the distance between two clusters is defined as the average of all distances between
the data points in the two clusters. During each iteration, the pairs of clusters with the
smallest average distance are merged. These three linkage methods can be computed
using different distance metrics, whereas Ward linkage only allows for euclidean distance.
Ward linkage minimizes the increase in total within-cluster variance when merging two
clusters by calculating the total sum of squared deviations from the mean within each
cluster and then merging the pair that results in the smallest increase in this value [32].
This thesis used the Ward linkage method. In AGG, the user can define the number of

4



2.3. UNSUPERVISED LEARNING

clusters to be identified. If this value is unknown, a distance threshold must be set, beyond

which clusters will not be merged [28].

2.3.3 Gaussian Mixture Model

Model-based clustering algorithms assume that each cluster follows a specific prob-
abilistic model [29]. In the case of GMM, the algorithm assumes that all data points are
generated by a mixture of a finite number of Gaussian distributions, each with its own
mean and covariance matrix [33]. The number of Gaussian distributions corresponds to
the number of clusters the user expects to find. This model iteratively refines the cluster
assignments and the parameters of the Gaussian distributions using the expectation-
maximization algorithm. The implementation details of GMM are thoroughly described
in [33]. Similar to KMeans, GMM can also assign new data points to the Gaussian
distribution that best represents them.

2.3.4 Clustering Metrics

To evaluate clustering performance, external or internal metrics can be employed [34].
External metrics are used when ground truth labels are available. One such metric is the
Rand Index (RI), which is analogous to accuracy in supervised settings. The RI evaluates
the similarity between two clusterings, the predicted clusters obtained from clustering
algorithms, and the true clusters [34, 35]. It measures how consistently pairs of data points
are either grouped together or separated in both clusterings. However, the RI does not
account for the likelihood of random correct cluster assignments. Therefore, the Adjusted
Rand Index (ARI) is often preferred, as it adjusts for this chance. From [36] and [37], the

RI and ARI are defined as follows:
_ number of agreeing pairs

= 2.1 ARI =
KI number of pairs @1)

RI - Expected RI

Max RI - Expected RI 22)

The ARI returns values close to 0 for random labelings and values close to 1 when the
predicted and true clusters are identical. This metric can also yield negative values for
particularly poor clusterings.

When labels are not available, internal validation metrics such as the silhouette coef-
ficient can be used. This metric combines both cohesion, which measures how closely
related the points within the same cluster are, and separation, which measures how dis-
tinct different clusters are from each other [34]. According to [38], the silhouette coefficient
is calculated as follows:

(b—a)

max(a, b) 23)

Silhouette Coefficient =

Where a is the mean intra-cluster distance, and b is the mean distance between a
sample and the nearest cluster to which the sample does not belong to. Scores close to 1

indicate well-separated clusters and 0 indicate overlapping clusters.
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3

LITERATURE REVIEW

Advances in sensor technology and increased computational power have significantly
contributed to the rapid growth of HAR, making this a prominent research area [39].
Numerous review and survey papers have been published over the years [12, 13, 40—-42].
These surveys cover key aspects of HAR research, such as the types of sensors used,
the recognized activities, and employed ML models and the utilized approaches (i.e.,
supervised or unsupervised). This section focuses on HAR datasets and the commonly

applied unsupervised learning models.

3.1 Activity Recognition Datasets

HAR can be complex, influenced by factors such as the variety and number of activities
being studied, the duration of these activities, the variability between subjects, as different
individuals can often perform the same activity in different ways, and variability over
time within the same subject. These factors can impact HAR frameworks, often limiting
their generalizability [43]. In the literature, there is often a distinction between basic
and complex activities. Basic activities typically involve low-variability movements that
can consist of clear, repetitive patterns, making them easier to distinguish. In contrast,
complex activities usually consist of compound actions that may include combinations of
basic activities, interactions with objects, or sequences of movements, resulting in much
higher variability [12, 13, 17, 41, 44].

The studies by Machado et al. [45] and Kwon et al. [46] are examples of research
focused on lab-collected basic activities such as standing, sitting, walking, running, and
lying down. In [45], data was collected from eight subjects using a waist-mounted tri-
axial ACC, with each activity lasting one minute. In [46], tri-axial ACC and GYR data
were collected from a single subject using a smartphone placed in the pants pocket.
Regarding publicly available datasets, UCI-HAR [47], HHAR [48], and MHEALTH [49]
primarily feature basic activities. The UCI-HAR dataset includes data from 30 subjects
performing six activities—standing, sitting, lying down, walking, and going up and down
stairs—recorded via a smartphone placed at the waist, capturing ACC and GYR data,
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each lasting roughly 30 seconds. The HHAR dataset includes the same activities as UCI-
HAR, with the addition of biking and running, each lasting five minutes, performed by
nine subjects using the ACC and GYR from eight smartphones worn at the waist and
four smartwatches on the wrists. The MHEALTH dataset also comprises the same basic
activities as UCI-HAR, along with additional movements such as waist bending forward,
crouching, and front arm raises, performed by ten subjects. Data was collected using three
wearable devices equipped with ACC, GYR, and MAG sensors placed on the chest, right
wrist, and left ankle, with each activity lasting one minute [49].

Other datasets focus on more complex activities, such as SKODA [50], PAMAP2 [51],
and REALDISP [52]. SKODA involves ten activities performed by eight subjects on a
car assembly line, with an Inertial Measurement Unit (IMU) placed on the back of their
hands. The PAMAP2 dataset includes 18 different activities, ranging from sports (e.g.,
playing football, rope jumping) to household tasks (e.g., computer work, house cleaning),
recorded from nine subjects over nearly ten hours. Each subject wore three IMUs: one on
the chest, one on the dominant wrist, and one on the dominant ankle. REALDISP features
33 fitness exercises performed by 17 subjects, with data collected using nine IMUs placed
on both arms, both legs, and the back.

3.2 Unsupervised Learning Schemes for HAR

Unsupervised machine learning models are primarily used for exploratory data anal-
ysis to identify patterns within the data [13]. In the study by Machado et al. [45], data
was acquired as described in the previous section. Researchers extracted features from
a tri-axial ACC, resulting in a 180-dimensional feature vector which was subsequently
reduced using feature selection techniques. KMeans clustering was then applied to these
vectors with various window sizes. A window size of five seconds resulted in the highest
ARI of 99.3 % in a subject-specific approach, and 88.6 % in a person-independent approach.
The researchers acknowledged the need for longer data acquisitions, more subjects, and
activities of varying intensity. Similarly, Kwon et al. [46] acquired data as described earlier.
They extracted the mean and standard deviation from the time and frequency domains of
the sensor data, then clustered it under two conditions: one where the number of clusters
(k) is known and matches the number of activities, and another where k is unknown. In
the first scenario, KMeans, GMM, and AGG with average linkage were used, achieving
ARIs of 72.0 %, 100 %, and 80.0 %, respectively. With k unknown, the number of clusters
obtained was higher than the number of activites. KMeans and AGG achieved close to
80.0 % ARI, while GMM maintained 100 % ARI. DBSCAN was also employed in this
scenario, reaching a 90.0 % ARI. In this work, more subjects are needed to further validate
the obtained results.

Similar experimental setups to those in [45] and [46] were used in [53] and [54]. In [53],
an additional smartwatch and pedometer readings were incorporated. The clustering
models used included KMeans, Spectral Clustering, AGG (average and Ward linkage),
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DBSCAN, and Mean Shift. KMeans was the best-performing model, followed by AGG
with Ward’s method and Spectral Clustering. DBSCAN struggled to cluster effectively,
discarding many samples as noise, while AGG with average linkage and Mean Shift also
performed poorly. No clustering metrics were provided in this study. In [54], an adapted
Hidden Markov Model achieved an ARI of 91.4 % for clustering basic activities, which
was slightly lower than the accuracy of a random forest and k-nearest neighbors.

In recent years, deep learning models have increasingly been used for HAR, either
through a combination of supervised and unsupervised methods or using a fully unsu-
pervised approach. For instance, the work in [55] introduced a variational autoencoder
trained on unlabeled ACC and GYR data from a wristband. The model, tested on the
HHAR dataset, used the embedded vectors as input features for a Random Forest (RF)
and k-nearest neighbors, achieving F1 scores of 91.5 % and 90.2 %, respectively, outper-
forming the 90 % achieved with handcrafted features. In a fully unsupervised approach,
Abedin et al. [56] proposed a multi-task autoencoder and evaluated it using the UCI HAR,
SKODA, and MHEALTH datasets. They compared traditional clustering models (KMeans,
AGG with Ward, complete, and average linkage) on raw signal windows, clustering with
embedded vectors, and an end-to-end approach optimizing these vectors for clustering.
The optimized embedded vectors yielded the highest test accuracy: 75.4 % on UCI-HAR,
53.48 % on SKODA, and 56.9 % on MHEALTH. Similarly, [57] extracted statistical features
from sensor data, using them as input to an autoencoder, where the resulting embedded
vectors were used for KMeans clustering. This achieved a RI of 92.1 % on PAMAP2,
65.1 % on REALDISP, and 67.2 % on UCI-HAR, though it still performed worse than the
averaging 99 % from supervised methods. In [58], the same approach was implemented
with the addition of the cluster labels being used as pseudo-labels to train a deep neural
network, which outperformed the precision of fully supervised deep learning models by
2 %.

The studies mentioned above were conducted in general contexts, not focusing specif-
ically on office work activities. Traditional clustering models achieve high scores in
scenarios where the activities being studied are basic. However, models’ performances
tend to decrease when considering complex activities and longer recordings. This can be
explained by the lack of clear or repetitive patterns, which allows individuals to perform
these activities in varied ways. This variability further increases when considering multi-
ple subjects with different behaviors. Furthermore, existing studies are usually limited to
controlled and balanced datasets for model training and testing, not validating their results
against unrestricted, real-world settings. To address these issues, this thesis presents a
new HAR dataset comprising nine office work activities collected from 19 subjects for
training clustering models with varying the complexity of the input data. These are tested
over three different experiments: feature selection, cluster stability over time, and impact
of cluster imbalance. Lastly, the proposed framework is tested on data from two subjects

performing their actual work tasks for an entire workday.



4

MATERIALS AND METHODS

This chapter presents the proposed framework for HAR in office environments. It
begins with a description of the two acquired datasets: a labeled HAR dataset consisting
of office tasks performed by 19 subjects, used for model training, and a second dataset
used for evaluating the models in a real-world office scenario. The latter comprises data
from two subjects who carried out their actual work tasks for over six hours using the
PrevOccupAl setup. Next, the pre-processing and feature extraction techniques applied
to this data are detailed. The labeled HAR dataset was used to train multiple clustering
models of varying complexity across three experiments. Finally, these models were tested
on the real-world dataset.

The presented work was implemented in Python [59] using NumPy [60], pandas [61],
SciPy [62], scikit-learn [63], TSFEL [64], and biosignalsnotebooks [65, 66] and is available
on GitHub!.

4.1 Definition of Human Activities and Partitioning into Main

and Sub-activities

The clustering approach in this study was based on the concept that human activities
can be categorized into main activities and sub-activities. This methodology was adapted
from Hierarchical Task Analysis (HTA) [67], an ergonomic technique used to break down
complex tasks into a hierarchy of main tasks and associated sub-tasks, facilitating a
detailed examination of each component.

In an office setting, workers typically engage in tasks that fall into three main categories:
sitting, standing, and walking. The goal of this study is to distinguish between these
activities. Each main activity can be divided into several sub-activities. These were chosen
based on common office practices and feedback from AT employees regarding typical
activities executed during daily work. The hierarchical structure of these tasks is outlined
in Table 4.1.

1h‘ctps ://github.com/SaralMS/Unsupervised-HAR-Models- for-Characterizing-0ffice-Tasks
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Table 4.1: Hierarchical structure of office activities

Main activities Sub-activities

Sitting Working on a computer
Still

Standing Conversing

Making/drinking coffee/tea
Moving folders/objects inside a tall cabinet

Slow speed

Medium speed

Fast speed
Upstairs/downstairs

Walking

4.2 Datasets

As part of this thesis, two labeled datasets were acquired. The first dataset consists
of the human activities described in Table 4.1 acquired from 19 subjects. This dataset is
designed to develop unsupervised HAR models that determine which activities people
are performing in office environments. The second dataset comprises data from two
subjects carrying out their daily work tasks during a whole workday, and was acquired
for evaluation of the developed HAR models.

4.2.1 Dataset for HAR model training
4.2.1.1 Experimental Setup

The acquisitions were conducted in an office environment with a group of 20 healthy
volunteers, comprising 14 women and 6 men, aged between 19 and 54 years (age: 27.0
+ 8.7 years). Data from subject P017 was removed since, in the sitting acquisition, the
subject was not working on a computer. The purpose of the study and the acquisition
protocol were thoroughly explained to the participants, and each were provided with an
informed consent form, shown in Annex I. The same setup as the PrevOccupAl project
was utilized which was approved by the Universidade Nova de Lisboa Ethics Committee

and conducted in accordance with the Declaration of Helsinki [11].

4.21.2 Sensor Setup

The same sensor placement as the one used in the PrevOccupAl project data acqui-
sitions was employed [11]. The used sensors setup, shown in Figure 4.1, comprises a
Xiaomi Redmi Note 9 smartphone placed on the subjects chest, an OPPO 41 mm smart-
watch placed on the subjects non-dominant wrist, and two muscleBANs (PLUX Wireless
Biosignals) attached to the left and right Trapezius. Data collection was carried out using
the PrevOccupAl application [68].
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(a) Smartphone (b) Smartwatch (c) MuscleBANs

Figure 4.1: Sensor placement adapted from [11].

The smartphone and the smartwatch run the Android operating system and were used
to acquire tri-axial ACC, GYR, and MAG data. ACC and GYR were acquired at 100 Hz
and MAG at 50 Hz (restricted by the operating system).

The muscleBAN contains an Electromygraphy (EMG) sensor, as well as a tri-axial ACC
and MAG. The data was acquired with a sampling rate of 1000 Hz. The muscleBAN
was placed in accordance with the SENIAM guidelines [69]. Before placing the sensor,
potential hair at the placement area was removed and the skin was subsequently cleaned
with alcohol.

4.2.1.3 Acquisition Protocol

Before acquiring the HAR data, subjects were required to perform an initial recording
of a Maximum Voluntary Contraction (MVC) on the trapezius muscles. While seated, they
pushed their shoulders upward to resist a downward force applied for approximately five
seconds. This was done twice with a 10 seconds rest interval between attempts.

At the beginning of each acquisition, subjects were instructed to perform ten jumps.
For jumping, subjects were asked to position their arms parallel to their bodies with their
palms facing the hips and fingers pointing toward the floor. Subjects stood straight (body
perpendicular to the floor) during the entire jumping sequence. Once the correct posture
was executed, subjects stood still for ten seconds, followed by ten vertical short jumps and
another ten seconds stop. This jumping sequence was performed to later synchronise the
different devices as the jumps would be registered on the ACC of each device.

Following HTA (Section 4.1), a total of 15 minutes, 30 minutes, and 20 minutes
were acquired for sub-activities that can be associated to sitting, standing, and walking,
respectively. To facilitate the data acquisitions, sub-activities more similar in nature were
grouped together. Thus, five acquisition sessions were devised. Each session had clearly
defined sections in which the subject was asked to perform a specific sub-activity. To later
allow for segmenting each activity, short pauses were introduced between sub-activities
that were consecutively acquired. These pauses were ten second stops for tasks involving
walking, and ten seconds stops with a jump in the middle for activities performed while
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Figure 4.2: Smartphone’s y-axis ACC signals for the five recordings.

standing. The sitting activity was continuously performed without any pauses.

The first acquisition session included walking at slow, medium, and fast speeds.
Subjects were instructed to walk each speed at their personal slow, medium, and fast
pace. Each walking speed was acquired for five minutes (totaling 15 minutes). The second
session comprised of walking stairs up and down. This was performed at the subjects
preferred walking speed. The acquisition was carried out in four segments of one minute
and 15 seconds (totaling five minutes) alternating between going up and down the stairs.
The y-axis ACC signals for the these two walking recordings are shown in 4.2.

The third session consisted of two tasks, each lasting seven minutes and 30 seconds,
totaling 15 minutes, using a tall cabinet. In the first task, subjects pretended to make and

drink coffee or tea, using a cabinet shelf set up with a coffee machine, cups, tea bags, and
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a water bottle as a makeshift coffee station. In the second task, subjects moved folders,
documents, and other objects within the cabinet, grabbing and examining items before
returning them. For the fourth session, subjects stood still and stood while conversing
for seven minutes and 30 seconds each (totaling 15 minutes). For standing still, subjects
were instructed to stand as if waiting for a meeting or an elevator. This task was divided
into two segments for the subjects” comfort. For the standing while conversing, subjects
stood while engaging in an active conversation, with multiple topics provided to ensure
they remained actively talking. For the two standing sessions, the y-axis ACC signals are
presented in 4.2.

The fifth session comprised of sitting while working on a computer for 15 minutes, as
shown in Figure 4.2. Subjects were instructed to works as they would normally do at their
desks, allowing for phone or stationery use and interaction with others if needed.

4.2.2 Dataset for evaluation of HAR models in a real-world office setting

To evaluate the performance of the purposed models trained on the labeled HAR
dataset, a second dataset was acquired. This includes data from two subjects, one female
(23 years old) and one male (34 years old). The sensor setup used was the same as described
in Section 4.2.1.2.

Data was acquired during a whole workday while the subjects carried out their daily
work tasks, comprising six hours and 30 minutes each. The acquisitions were scheduled
as in the PrevOccupAl project, described Section 1.1. The main activities were annotated
resorting to an application that the subjects used. Three labels were available: sitting,
standing, and walking. Subjects selected the activity they were about to perform, therefore
saving the initial timestamp of said activity.

4.3 Signal Pre-processing

As mentioned in Section 1.1, this thesis focuses on the usage of smart devices, namely
smartphones and smartwatches, due to their higher accessibility compared to other wear-
able sensors. Therefore, although EMG data an its corresponding MVC was collected, this
data was not further used for the development of the HAR models.

The overall pre-processing pipeline for the ACC, GYR, and MAG signals from both
the smartphone and smartwatch are shown the Figure 4.3.

Synchronisation Task segmentation Filtering
Walking activities
. Onset-based 1. Smooth and remove high
Raw signals 1. Android sensors frequencies
—_— L. —
2. Between devices 2. Remove gravitational component
Peak-based from ACC
Sitting/standing activities

Figure 4.3: Pre-processing pipeline.
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4.3.1 Alignment, Resampling, and Synchronisation
4.3.1.1 Aligning and Resampling Sensors Within a Device

The Android operating system is not primarily designed for continuous data acqui-
sition. As Android optimizes for battery consumption and available processing power,
some inconsistencies in the data acquisition process occur. These are mainly sensors not
acquiring at a fixed sampling rate, and sensors not starting and stopping to collect data
simultaneously, as the system adapts the sampling procedure depending on the current
processing needs. Therefore, the signals were cropped according to the last sensor to start
and the first to stop acquiring data. Additionally, to ensure all three sensors (ACC, GYR,
and MAG) of the smartphone and smartwatch are sampled equidistantly and at the same
sampling frequency, the signals were up-sampled to 100 Hz using quadratic interpolation.

This process ensures a consistent amount of data from all sensors.

4.3.1.2 Synchronising Between Devices

To utilize the combined sensor data from both the smartphone and smartwatch, these
signals need to be synchronised. For this, as described in Section 4.2.1.3, subjects were
instructed to jump ten times at the start of each acquisition for synchronisation purposes.
These vertical jumps were most evident on the y-axis of the smartphone’s ACC and the
x-axis of the smartwatch’s ACC. The full cross-correlation was computed between these
signals, obtaining the shift in samples. This value was cropped from the data of the device
that started acquiring first, thereby aligning the signals from both devices. Figure 4.4a
illustrates the sensor axes, and Figures 4.4b and 4.4c show the ACC signals before and

after synchronisation, respectively.
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Figure 4.4: Sensor axis and raw segments of walking accelerometer signals before and
after synchronisation between devices.
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4.3.2 Task Segmentation

As described in Section 4.2.1.3, subjects performed short stop segments to separate
tasks within the same recording. These stops are evident in the y-axis of the ACC signal,
which was used for segmentation. The first step to identify the start and stop points of
each sub-activity was filtering the signal. A median filter with a window length of eleven
samples was applied, followed by a Butterworth low-pass filter with a cutoff frequency of
20 Hz. To isolate the gravitational component, another Butterworth low-pass filter with a
0.3 Hz cutoff frequency was applied, and this component was then subtracted from the

signal.

An onset-based segmentation approach was employed to extract individual sub-
activities for the walking activities (walking slow, medium, fast, upstairs, and downstairs).
First, the absolute value of the signal was computed, followed by the application of a root-
mean-square filter with a window length of 100 samples to obtain the signal’s envelope.
The signal was then binarized, setting values above 0.01 m/s? to one and values below to
zero. The first order discrete difference was calculated to identify the start points (where
the difference is one) and stop points (where the difference is minus one). These values
were subsequently validated to remove any incorrect detections, primarily caused by the
synchronisation jumps. The onset-based task segmentation steps of a walking recording
are shown in Figure 4.5a, where the binary onset was scaled to 0.3 m/s? for visualization

purposes.

To extract sub-activities from standing activities (still, conversing, making/drinking
coffee/tea, and moving folders/objects) and to isolate the sitting activity, a peak-based
segmentation approach was developed. The findpeaks function from SciPy was applied
with a peak height of 7 m/s? and a minimum distance of 15 000 samples for standing still,
conversing, and sitting, and 40 000 samples for the other standing sub-activities. These
thresholds were adapted for some subjects. This function detected the peaks from the
synchronization jumps and the jumps in the middle of the stop segments. Since these
peaks are roughly centered within the ten-second stop segments, the start and stop points
were set five seconds before and after each peak. For the first peak, which pertains to
the synchronisation jumps, the start was set to 15 seconds after the peak. For the sitting
activity, where there were no separation segments, this method was used solely to remove
synchronisation jumps. Figure 4.5b shows the peaks found on a standing recording using

the peak-based task segmentation.

After isolating each sub-activity, segments were trimmed at both the start and end
to remove any residual portions related to synchronisation and stop segments. The
trimming duration varied based on the task length, with shorter tasks being trimmed
less. For walking upstairs and downstairs, 2.5 seconds were trimmed from each end.
For walking slow, medium, and fast speeds, five seconds were trimmed. Standing sub-
activities were trimmed by ten seconds, and the sitting activity was trimmed by 30 seconds
to remove the sitting down and standing up transitions.

15



CHAPTER 4. MATERIALS AND METHODS

yACC signal ---- threshold yACCsignal x  detected peaks
08 — envelope binary onset % x
20 X
x
_06 15 x
& &
E £ 10
c c
204 £ 5
IS IS
CD 0)
Ei ER
o o
<02 < 5
W -10
0.0 * - -15
0 200 400 600 800 1000 0 200 400 600 800 1000
Time (s) Time (s)
(a) Onset-based segmentation of walking activities (b) Peak-based segmentation of standing activities

Figure 4.5: Onset- and peak-based task segmentation.

4.3.3 Filtering

After the sub-tasks were segmented, each sub-task signal was filtered to prepare
it for feature extraction. The ACC, GYR, and MAG signals for both the smartphone
and smartwatch were filtered using the same filters used for the initial step of the task
segmentation (Section 4.3.2), which is the same filtering pipeline as described in [70].
The median filter is used for smoothing the signals, while the Butterworth filter removes
unnecessary higher frequencies, as daily human activities are commonly characterized by
lower frequencies up to 15 Hz.

4.4 Feature Extraction

The TSFEL package was used for feature extraction. Different window sizes, used in
[45, 53, 57], were tested, but it was experimentally found that 1.5 seconds, approximately
one walking cycle, with 50 % overlap performed the best. The extracted features and
correspondent domains, listed in Table 4.2, are in accordance with the TSFEL package.
These features were selected based on [46, 57], as well as an analysis of the acquired signals
and correspondent Fourier Transforms.

Each window was labeled with a class corresponding to the main activity and a subclass

corresponding to the sub-activity. This process resulted in roughly 5 191 instances for each

Table 4.2: Extracted features and respective domains from TSFEL

Statistical Frequency
Maximum Median frequency
Minimum Spectral centroid
Mean Spectral entropy
Median

Variance

Standard deviation
Interquartile range
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Table 4.3: Number of instances per subclass and main class

Number of instances

Main class Subclass Subclass Maim class
Sitting Working on a computer 1199 1199
Still 599
. Conversing 599
Standing Making/drinking coffee/tea 599 239
Moving folders/objects inside a tall cabinet 599
Slow speed 399
. Medium speed 399
Walking Fast speed 399 1596
Upstairs/downstairs 399

subject, without considering the trimming of the signals described in Section 4.3.2 and
some sensors stopping the acquisition early, totaling 98 629 total instances over all subjects.
The number of instances for each main class and subclass, per subject, are shown in Table
4.3. Since the dataset is originally imbalanced, the instances were later adjusted to ensure
that each main class contained a similar number of windows. The subclasses within each
main class were also balanced, with a slight overrepresentation of standing still and stairs.
This occurred since these sub-activities were divided into different segments, as described

in Section 4.2.1.3, and processed individually.

4.5 Experiments

In the course of this study, the collected data was used for several experiments, which
will be explained in the following sections. The unsupervised ML models used in this
work were KMeans, GMM, and AGG Ward’s linkage. These models are frequently used for
HAR and allow for the specification of the number of clusters. As described in Section 4.1,
the objective of this work is to distinguish the three main activities from the sub-activities
in accordance with HTA. Therefore, for all clustering models the number of clusters was
set to three and it was explored whether the sub-activities fall into the clusters representing
the main activities. For each of these models, the following clustering approaches were

implemented:

¢ Subject specific models (SMMs): Each subject is clustered individually using a
feature set specifically optimized for that subject. The SMMs are used to explore
how unsupervised learning schemes perform on each subject individually and to

study if there are particular differences between subjects.

* One-stage general model (1GM): Data from all subjects is combined into a single
dataset and clustered together. This approach evaluates whether training a clustering
model on multiple subjects (subject-independent model) allows it to be effectively
applied to each subject individually.
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¢ Two-stage general model (2GM): Each subject is clustered individually using a
common feature set. This model explores whether there is a feature set that can be

generally applied for HAR.

The contribution of the two smart devices data on the clustering was also studied. For

this, each model was implemented using three sensor modalities:
* Modality smartphone (Mp): Using only smartphone sensors.
* Modality smartwatch (Mw): Using only smartwatch sensors.

* Modality smartphone and smartwatch (Mp,w): Using both smartphone and smart-

watch sensors.

Finally, to evaluate the complexity of the input data, the activities were split into two

groups:

* Basic activities: Composed of three sub-activities, namely standing still, walking
medium, and sitting. Considering all sub-activities, these were chosen as the most

basic forms of standing, walking, and sitting, commonly studied in the literature.

¢ All activities: Composed of all nine sub-activities shown in Table 4.1. This system

is more complex as it captures all various forms of performing the main activities.

4.5.1 Experiment 1 - Feature Selection

The initial experiment conducted on the labeled HAR dataset involved identifying
feature sets that achieved the highest ARI accuracy for the models outlined in the previous
section. This analysis was performed using the first 80 % of the subjects” data. Two
feature selection methods were utilized: a one-stage method for the SMMs and 1GM, and
a two-stage method for the 2GM.

4.5.1.1 One-stage Feature Selection

The initial step in this feature selection process involves normalization and elimination
of features with low variance and high correlation. For the SMMs, these thresholds were
adjusted for each subject to achieve the highest ARI while minimizing the number of
features. Regarding the 1GM, considering the complexity of the data from all subjects
combined, only features with less than 1 % variance and over 99 % correlation were
removed, to retain a broader range of features. The remaining features underwent a
forward feature selection approach. Features were initially shuffled and then added
iteratively to a sub-dataset that was then passed to the model for clustering. If the addition
of a feature did not improve the ARI, it was removed. This procedure was repeated ten
times to account for the randomness introduced by the shuffling, thereby ensuring that
various combinations were tested. This method produced multiple feature sets along with
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Algorithm 1: One-stage feature selection.

Input: Dataset (features in columns, data points in rows) D, variance threshold v;},.s},, correlation
threshold c;jyesy,, iterations n, clustering model M
Output: Feature sets Fj;5, accuracies ARIyjg;
D « Normalize(D);
D « Remove Low Variance Features(D, vsyes1);
D « Remove Correlated Features(D, ¢;jresh);
Fiist, ARIjisy < [ 1,11
fori «— 1ton do
shuf fled_features « Shuffle(D.columns);
best_ARI « 0;
sub_dataset «— [];
best_featuresyisy < [1;
foreach feature in shuf fled_features do
Append feature to sub_dataset;
Cluster(M, sub_dataset);
if ARI increases at least 1% then
best_ARI « ARI;
best_featuresjjs; < feature.get_name;

end
else

| Remove feature from sub_dataset;
end
end
if best_features);s; ¢ Fiis; then
Append best_featuresjjs; to Figy;
Append best_ARI to ARI}js;

end
end
return F;s;, ARIjjq4;

their corresponding ARI, as detailed in Algorithm 1. Among the tested feature sets, the
one with the highest ARI and fewest features was selected.

4.51.2 Two-stage Feature Selection

For the 2GM, an additional feature selection method was implemented. First, the
best feature sets are found for each subject using the one-stage feature selection approach
described in Algorithm 1. The variance threshold was set to 5 % for basic activities and 1 %
for all activities, while the correlation threshold was set to 99 % for both. Then, from the
subject-specific feature sets, the n most common features across all subjects were selected
to form a final feature set. This feature combination was then used to cluster each subject
individually. Figure 4.6 illustrates the two-stage feature selection process for finding the
three most common features (orange, yellow, and green) across all subjects. To determine
the most suitable number of features for the final feature set, values of n = 4,5,6,7, 8 for
basic activities, and values of n = 8,10, 12, 14 for all activities, were tested. The selection of
these n values was based on an intermediate number of features (between the minimum
and maximum) found for the SMMs. Since the one-stage feature selection produces
different feature sets with each iteration, this two-stage method was repeated five times

for each value of n. The final feature set was selected based on the highest ARI achieved.
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Figure 4.6: Two-stage feature selection scheme.

4.5.2 Experiment 2 - Cluster Stability

Experiment 2 was performed to assess whether the trained clusters were representative
enough to be re-used on new, unseen data. Demonstrating this would suggest that the
clusters exhibit stability over time, indicating that a person’s activity patterns (such as
sitting behavior throughout the day or across different days) remain consistent. In an
entirely unsupervised scenario, if clustering has been performed and the clusters have
been identified for specific activities, they could be reused without the need to re-cluster
each time new data is introduced.

For KMeans and GMM, the clusters were initially formed using the first 80 % of
the data, and the final 20 % was then assigned to these clusters. Unlike these models,
AGG does not support predicting new data without reconstructing the clusters, so the
remaining 20 % of the data was clustered anew. For the SMMs and 2GM, the data from
each subject was trained and tested individually, while for the 1GM the clusters were
formed using 80 % of all subjects’ data combined and tested on the remaining 20 % of each
subject individually. This data splitting is supposed to simulate having two recordings,
one for training and one for testing.

As the described approach has similarities to supervised learning schemes, a compari-
son to a RF was carried out. For each of the best performing SMMs, 1GM, and 2GM, a RF
was trained and tested on the same 80/20 % data split. The features used for the RF were
the same as in the respective best performing clustering models. The RF hyperparame-
ters (number of trees and tree depth) for both basic and all activities using grid search.
The dataset from the 1GM was used for this optimization since it includes data from all
subjects.

4.5.3 Experiment 3 - Cluster Imbalance

The previous experiments were conducted on a balanced dataset. However, in a real-
world office setting, workers typically spend more time sitting than walking or standing,
leading to class imbalances that can affect clustering performance. To study the impact
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of class imbalance on the ARI, the 2GM for basic activities with Mp was applied. Four
scenarios were tested, with sitting comprising 33 % (balanced dataset), 50 %, 70 %, and 90 %
of the data. The remaining data for walking and standing tasks were equally distributed.
In all of these scenarios, the clustering was performed on 100 % of the data.

The imbalanced datasets were constructed by including all instances from the sitting
task, while the walking medium and standing still tasks were added in equal proportions
to achieve the desired overall distributions. Given that each of these two tasks made up
only 25 %, 15 %, or 5 % of the data in the different scenarios, 20 subsets of these proportions
were tested, resulting in a average ARI for each of these conditions. The 20 subsets were
obtained by partitioning the dataset, with overlap, into subsets. The window size was

equal to the chosen percentage.

4.6 Evaluation on real-world labeled dataset

The HAR models were evaluated on the dataset described in Section 4.2.2. The pre-
processing (signal alignment, resampling, and filtering) and feature extraction methods
used were the same that were applied for the HAR dataset, described in Sections 4.3 and
4.4. Clustering was performed using the 2GM for all activities with Mp. Given the more
natural and unrestricted scenario, an analysis of the silhouette coefficient was conducted
to determine the optimal number of clusters for each clustering model. The clustering
model with the highest silhouette coefficient was used for the clustering. The data was
clustered twice: once with three clusters, consistent with the previous experiments on the
labeled HAR dataset, and once using the number of clusters suggested by the silhouette
coefficient analysis.

To better understand the clustering results, an interpretable clustering approach was
implemented [71], where a decision tree model was trained using the cluster labels as the
target class labels. This method enables the examination of feature importance at each split
in the tree, providing insights into which features are most influential in distinguishing
between clusters. The depth of the tree was set to three to limit the analysis to the most
significant features, which are typically those near the top of the tree. Finally, Kernel
density estimation (KDE) plots were utilized to analyse the distributions of the most

important features for the decision tree.
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5

REsuLTs

The results of this thesis are presented in this chapter. It begins with a description of
the results obtained for the proposed HAR models across the three different experiments,
described in Chapter 4. Lastly, these models are tested on the real-world labeled dataset.

5.1 Experiment 1 - Feature Selection

5.1.1 One-stage Feature Selection

The distribution of subjects by the number of features needed to achieve the highest
ARI for the SMMs is shown in Table 5.1. When comparing modalities over the three models
for the basic activities, the feature sets for Mp and Mp..w require two to four features for the
majority of subjects. In contrast, My generally requires more features than the other two
modalities. For My, although most subjects require up to seven features, some subjects
need more than eight. There are eight instances in which a subject needs more than 13
teatures, when summing up the number of subjects across all modalities and models. For
all activities, the number of features needed increases across all clustering models and
sensor modalities. Overall, more than half of the subjects’ feature sets require over eight
features. Additionally, there are 37 instances where more than 13 features are needed
to distinguish all activities. For both basic and all activities, at least one MAG feature is
present in all feature sets across the three sensor modalities and clustering models. For
feature sets with more than two features, there are usually multiple features, such as
the MAG maximum, minimum, or mean. The most common axis of the MAG for these

Table 5.1: Distribution of subjects by number of features selected for the subject specific models
for basic and all activities.

Number KMeans AGG GMM
of Mp My Mpyw Mp My Mpyw Mp Mw Mpyw
Features Basic All Basic All Basic All Basic All Basic All Basic All Basic All Basic All Basic All
2-4 13 — 7 — 13 — 12 — 8 1 14 — 14 — 10 5 9 —
5-7 3 4 4 1 3 1 3 6 2 9 5 2 — 7 2 6 10 2
8-12 3 9 8 16 2 4 3 12 8 8 — 12 2 10 5 7 — 12
>13 — 6 — 2 1 14 1 1 1 1 — 5 3 2 2 1 — 5

Legend: M- Modality; P- Smartphone; W- Smartwatch.
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Table 5.2: ARI (%) results of Experiment 1 for subject specific models for basic and all activities.

KMeans AGG GMM
Subject Mp My Mp.w Mp My Mp,w Mp Mw Mp.w

Basic All Basic All Basic All Basic All Basic All Basic All Basic All Basic All Basic All

P001 86.6 763 947 723 994 887 829 770 100 732 994 923 975 938 956 526 959 98.0
P002 87.7 88.6 84.0 66.7 959 974 96.8 934 794 67.0 100 99.1 100 96.6 62.0 685 100 98.7
P003 100 844 100 75.0 100 972 100 96.1 100 815 100 992 100 852 99.7 74.0 100 97.6
P004 783 764 100  66.2 100 839 76,6 64.0 100 724 100 789 947 946 997 773 100 97.2
P005 100 885 959 471 100 822 100 975 95.6 51.1 100 85.1 100 959 959 496 100 86.9
P006 100 787 993 81.0 100 914 100 81.0 997 69.6 100 89.3 100 918 973 714 100 913
P007 100 86.8 811 743 100  98.6 100 773 639 758 100  99.9 100 85.7 63.9 652 100 957
P008 100 841 869 620 100 84.0 100 820 756 603 100 84.2 100 776 811 513 100 79.3
P009 100 774 984 695 100 754 100 792 981 628 100 74.8 100 787 962 645 100 78.2
P010 98.6 91.0 97.0 627 98.8 869 995 938 98 62.6 995 838 98.8 869 97.0 626 995 85.6
P011 100 940 978 515 100 985 100 817 968 523 100 769 100 90.6 944 580 100 89.8
P012 100 76.6 962 453 100 76.5 100 775 969 482 100 79.7 99.7 713 935 488 100 80.5
P013 100 885 99.7 809 100 96.2 100 974 100 822 100 96.6 100 973 95.6 90.1 100 975
P014 100 763 953 63.8 100  80.0 100 695 971 568 100 77.3 100 703 91.6 513 100 80.2
P015 100  90.6 90.8 528 100 913 100 97.0 894 573 100 975 98.1 909 80.7 585 98.1 975
P016 748 54.0 90.7 54.6 98.1 60.0 773 553 922 521 98.1 559 71.7 55.1 914 50.0 98.7 612
P018 962 913 876 471 988 958 978 958 912 372 975 977 978 929 741 420 957 948
P019 100 784 66.1 65.8 100 82.0 100 794 69.2 716 100 78.2 100 759 67.8 65.3 99.7 798
P020 100 817 99.0 582 100 832 100 96.1 981 675 100 983 965 951 959 63.8 100 93.6
Mean 959 823 92.7 63.0 99.5 86.8 96.4 837 91.6 632 99.7 86.6 976 85.6 88.1 613 99.3 88.6
SD 7.7 8.9 84 108 1.0 9.7 77 121 109 116 07 114 6.3 11.1 121 116 1.3 9.7

Legend: M- Modality; P- Smartphone; W- Smartwatch.

features is the z-axis. The feature sets obtained for the SMMs are shown in Annex II.

The ARI results corresponding to the number of features shown in Tables 5.1 and
the sets presented in Annex II, can be found in Table 5.2. For basic activities, the mean
ARI is generally above 90 % across all modalities and models, except for the GMM with
Mw, which achieves 88.1 %. Subject specific ARI values range from a minimum of 62.0 %
(for Subject P002 with GMM and Mw) to 100 %. The AGG with Mp,w achieves the
highest mean ARI at 99.7 % with the lowest Standard deviation (SD) of 0.7 %. The Mp,w
consistently achieves the highest mean ARI, exceeding 99 % across all clustering models.
Compared to Mp,w, mean model performance decreases for My and Mp by 6.8 % and
3.6 % for KMeans, 8.1 % and 3.3 % for AGG, and 11.2 % and 1.7 % for GMM, respectively.
Comparing Mp and My, Mp performs better or similar across all subjects, except for P004,
and P016, where it performs worse than My for the three clustering models.

For all activities, the lowest ARI is 37.2 % (Subject P018 for AGG Myy), while the highest
is 99.9 % (Subject P007 for AGG Mp,w). The model with the best performance is GMM
with Mp,w, with a mean ARI of 88.6 % and a SD of 9.7 %. Mp,w remains the best sensor
modality across all clustering models, though, compared to basic activities, the mean ARI
drops by 12.7 % for KMeans, 13.1 % for AGG, and 10.3 % for GMM. Compared to Mp.w,
the mean ARI for My and Mp decreases by 23.8 % and 4.5 % for KMeans, 23.4 % and 2.9 %
for AGG, and 27.3 % and 3.0 % for GMM. Additionally, the SDs generally increase across
all clustering models and sensor modalities.

For the 1GM feature selection, the number of features and ARI results for the three
clustering models for the feature sets in Annex II, are shown in Table 5.3. Unlike the
SMMs, the number of features needed to achieve the best ARI does not differ as much,
overall, between basic and all activities. Additionally, M consistently requires the fewest

features across both basic and all activities, which is the opposite of the SMMs results.

23



CHAPTER 5. RESULTS

Table 5.3: ARI (%) and number of features (#F) of Experiment 1 for the one-stage general model.

KMeans AGG GMM
Activities Mp Mw Mpiw Mp Mw Mp,w Mp Mw Mp,w
ARI #F ARI #F ARI #F ARI #F ARI #F ARI #F ARI #F ARI #F ARI #F
Basic 660 12 567 11 772 9 540 4 473 2 566 7 596 8 456 3 629 4
All 536 15 294 7 522 16 562 6 371 3 511 8 560 7 365 3 537 11

Legend: M- Modality; P- Smartphone; W- Smartwatch.

Regarding the clustering results for the 1GM, for basic activities, KMeans Mp,w
achieves the highest accuracy at 77.2 %. Mp,w also performs the best for AGG, reaching
56.6 %, and for GMM, achieving 62.9 %. When evaluating all activities, accuracy decreases
across all clustering models and sensor modalities. The highest ARI is 56.2 % with AGG
Mp. My achieves low ARI values reaching 29.4 % for KMeans, 37.1 % for AGG, and 26.5 %
for GMM.

5.1.2 Two-stage Feature Selection

The 2GM feature selection results for basic activities are depicted in Figure 5.1. The
highest mean ARI for basic activities are as follows: KMeans with Mp using eight features
(91.4 %) and Mp,w using six features (91.6 %); AGG with Mp,w using eight features
(92.1 %); and GMM with Mp using eight features (90.7 %) and Mp,w using seven features
(93.4 %), which was the highest ARI overall. The My resulted in the lowest scores of all
models, achieving ARIs of 83.8 % (with seven features) for KMeans, 82.5 % (with eight
features) for AGG, and 79.2 % (with eight features) for GMM. The 2GM results for all
activities are shown in Figure 5.2. Compared to the more static basic activities, the overall
ARI is lower, similar to the SMMs and 1GM results, with more features required, as
observed with the SMMs. My consistently demonstrated lower performance across all
clustering models, while Mp and Mp,w produced similar results. For KMeans, the highest
ARI with Mp is with ten features (67.1 %), My is with 14 features (50.0 %), and Mp,w is

Mp  —4— My - Mpiw

AGG GMM

100 T

90 I
& 50
- 70
<
U
=

60

50

4 5 6 7 8 4 5 6 7 8 4 5 6 7 8

Number of Features

Figure 5.1: Mean ARI (%) over the number of features for the two-stage general model for
basic activities. Legend: M- Modality; P- Smartphone; W- Smartwatch; AGG - Agglomerative
Clustering; GMM - Gaussian Mixture Model.
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Figure 5.2: Mean ARI (%) over the number of features for the two-stage general model for all
activities. Legend: M- Modality; P- Smartphone; W- Smartwatch; AGG - Agglomerative Clustering;
GMM - Gaussian Mixture Model.

with 14 features (68.2 %). For AGG, the highest ARI with Mp is with 14 features (72.9 %),
which is the highest ARI across all clustering models and modalities. With My, the best
score is with eight features (51.6 %), and for Mp,w is with 14 features (69.2 %). Lastly,
for GMM, the highest ARI is achieved with Mp using ten features (70.0 %), Mw using 12
features (48.6 %), and Mp.,w using 14 features (69.3 %). Overall, the SDs for both basic and
all activities are higher compared to the SMMs.

For both basic and all activities, the models with fewer features are chosen when the
ARI improvement was only around 2 % or less. The number of features and respective
ARI selected for each clustering model and modality are shown in Annex II. These were

the models used for the 2GM in the following experiments.

5.2 Experiment 2 - Cluster Stability

5.2.1 SSM Results

The clustering results of Experiment 2 for the SMMs are presented in Table 5.5. For
basic activities, the highest mean ARI is 94.4 % with KMeans Mp,w. This modality also
reaches 91.2 % with AGG and 90.0 % with GMM. Comparing to the Mp,w results of
Experiment 1, the mean ARI drops 5.1 %, 8.5 %, and 9.3 % for KMeans, AGG, and GMM,
respectively. The maximum subject-specific ARI is 100 %, while the minimum is 0.0 %

Table 5.4: Selected number of features (#F) and respective ARI (%) for the two-stage general
model.

KMeans AGG GMM
Activities Mp Mw Mp,w Mp Mw Mp,w Mp Mw Mpiw
ARI #F ARI #F ARI #F ARI #F ARI #F ARI #F ARI #F ARI #F ARI #F
Basic 899 5 88 5 914 5 809 4 805 5 910 7 8.2 5 782 6 934 7
All 671 10 478 8 665 10 729 14 516 8 678 8 700 10 479 8 693 14

Legend: M- Modality; P- Smartphone; W- Smartwatch.
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Table 5.5: ARI (%) results of Experiment 2 for the subject specific models for basic and all activities.

KMeans AGG GMM
Subject Mp My Mp.w Mp My Mp,w Mp Mw Mp.w

Basic All Basic All Basic All Basic All Basic All Basic All Basic All Basic All Basic All

P001 100 654 90.1 54.1 93.6 70.7 834 534 83.6 1838 713 444 57.8 249 97.5 50.5 100 17.7
P002 100 943 55.8 689 98.7 929 100 958 44 48.5 100 91.6 551 393 513 653 98.7 0.1
P003 100 700 881 522 100 92.8 100 902 100 409 100 947 100 55.3 100 37.2 100 15.6
P004 749 363 100  66.9 100 763 635 325 100 549 100 735 571 568 975 76.6 100 27.7
P005 100 675 91.3 60.1 100 86.0 100 47.6 100 494 100 420 100 70.0 40.0 329 63.2 569
P006 100 553 987 669 100 875 100 634 974 568 100 67.2 100 49.1 578 249 974 479
P007 100 80.6 70.1 659 100 94.1 100 35.0 63.7 643 100 594 100 79.7 63.7 655 100 589
P008 100 825 773 526 100  94.0 100 882 733 621 100 73.8 100 529 00 468 561 53.3
P009 100 66.7 950 609 100 74.6 100 672 926 655 100 58.7 100 40.8 914 476 100 439
P010 98.1 488 62.0 472 822 898 68.1 779 915 604 915 432 772 02 572 449 61.6 40.6
P011 100  79.1 632 66.6 90.2 672 777 45.0 63.7 209 63.7 472 100 44.0 632 221 100 439
P012 100 71.6 658 30.0 100 68.9 100 607 669 158 605 504 975 428 105 412 100 79.3
P013 879 619 576 773 635 954 98.7 944 95.0 58.0 100 98.1 100 545 100 378 100 48.0
P014 100 535 729 611 100 79.6 100 616 632 541 100 889 100 506 679 618 100 54.2
P015 100 85.6 100  50.8 100 90.5 100 774 100 404 100 98.6 975 372 64.7 379 975 945
P016 624 489 8.5 525 987 619 443 547 772 581 938 563 539 98 751 463 987 620
P018 534 576 409 251 693 706 515 848 596 196 765 681 568 539 602 52 50.3 51.0
P019 924 79.1 90.0 737 975 778 962 727 86.6 37.6 100 647 84.7 654 554 471 96.2 443
P020 100 603 975 655 100  66.1 100 411 975 554 750 645 512 295 100 465 901 0.6
Mean 93.1 66.6 791 578 944 809 88.6 655 819 464 912 676 83.6 451 66.0 44.1 90.0 442
SD 13.6 143 173 131 10.6 109 18.0 195 17.0 16.1 13.6 165 20.1 189 279 162 169 233

Legend: M- Modality; P- Smartphone; W- Smartwatch.

(Subject P008, GMM with Mw). For all activities, the maximum subject-specific ARI is
98.8 % with AGG (Subject P015 with Mp.w), while the lowest is 0.1 % with GMM (Subject
P002 with Mp,w). The highest mean ARI is 80.9 % with KMeans Mp.,w. Mp,w, which was
the best-performing modality in Experiment 1, shows ARI values of 80.9 %, 67.6 %, and
44.2 % for KMeans, AGG, and GMM, respectively. These represent decreases of 5.9 % for
KMeans, 19.0 % for AGG, and 44.4 % for GMM. In both basic and all activities, the SDs
for all sensor modalities and clustering models are generally much higher compared to
Experiment 1.

5.2.2 1GM Results

Table 5.6 shows the results for the 1GM cluster stability experiment. The best per-
forming models for both basic and all activities remain the same as in Experiment 1. The
1GM reaches 72.5 % mean ARI with KMeans Mp,w, for basic activities, with a decrease of
4.7 % compared to Experiment 1. For all activities, AGG with Mp was the best model with
55.3 %, similar to Experiment 1, with a drop of 0.9 %. The SDs for the three clustering
models and sensor modalities reach, in most cases, lower values when compared to the
SMMs results (Table 5.5).

Table 5.6: Mean ARI (%) results of Experiment 2 for the one-stage general model.

KMeans AGG GMM
Mp Mw Mpiw Mp Mw Mpiw Mp Mw Mpiw
Basic 67.3+15.2 71.6 +18.5 72.5 +15.7 52.5+4.0 50.8 +7.4 582 +11.3 53.2+6.3 456 +11.2 59.0 £19.9
All 52.3 £4.7 347 +88 52.0+4.8 55.3 + 18.7 262 +104 39.7 +23.7 417 +£104 152 +11.8 494 +13.6

Legend: M- Modality; P- Smartphone; W- Smartwatch.

Activities
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5.2.3 2GM Results

The Experiment 2 clustering results for the 2GM are shown in Table 5.7. For this
Experiment, the number of features used for clustering were those of the simpler models,
shown in Table 5.4. Similar to Experiment 1, KMeans achieves a mean ARI above 90 %
with Mp and Mp,w. Although KMeans with Mp,w achieves the highest score, Mp is
considered the best modality for basic activities since adding the smartwatch sensors only
increases 0.3 %. Both KMeans and AGG show overall drops in mean ARI results. For Mp
and Mp,w these drops are less than 1.5 % comparing to Experiment 1. For My, the mean
ARI decreased 5.9 % and 3.6 % for KMeans and AGG, respectively. GMM experiences
larger drops in mean ARI, with 15.9 % for Mp, 17.1 % for My, and 18.3 % for Mp,w. For
all activities, the results follow the same trend as the SMMs, with a general decrease in
mean ARI. The best performance is AGG with Mp, reaching 67.0 % (dropped by 0.8 %
compared to Experiment 1).

Given that KMeans with Mp has the best ARI for basic activities, two confusion matrices
for a low ARI subject (P001) and a subject with high ARI (P006) are shown in Figure 5.3.
Comparing both subjects, it can be observed that for P001, shown in Figure 5.3a, the sitting
and standing still points are merged into one cluster, while the walking medium instances
are mostly in their own cluster. On the contrary, for subject PO06, shown in Figure 5.3b, all
three sub-activities are completely separated. The model with the highest performance
for all activities is AGG with Mp. Confusion matrices for subjects corresponding to a low
ARI (P016) and high ARI (P015) are presented in Figure 5.4. In the confusion matrix of
subject P016, shown in Figure 5.4a, all instances of sitting, standing still, standing while
conversing (stand gestures), and walking slow are grouped into the same cluster. For
subject P015, shown in Figure 5.4b, the three main activities are separated.

Table 5.7: ARI (%) results of Experiment 2 for the two-stage general model for basic and all
activities.

KMeans AGG GMM
Subject Mp Mw Mp.w Mp Mw Mp,w Mp Mw Mp.w

Basic All Basic All Basic All Basic All Basic All Basic All Basic All Basic All Basic All

P001 49.5 66.6 889 552 914 595 448 699 100 41.0 100 433 494 00 849 520 98.7 392
P002 100 95.0 565 64.1 100 94.0 100 958 664 686 100 909 926 0.0 433 0.0 702  54.2
P003 100  71.6 100 40.2 100  50.2 100 843 100 68.8 100 472 100 521 915 7.0 100 543
P004 631 403 100 599 652 532 641 226 100 585 100 472 658 557 100 273 67.0 28.6
P005 637 583 733 301 987 48.0 100 583 717 639 100 550 569 554 565 0.0 63.7 56.8
P006 98.7 554 89.8 608 98.7 628 100 67.2 974 376 100  66.7 569 55.0 86.1 469 100 15
P007 100 572 637 643 100 89.6 100 672 637 613 100 548 987 462 569 450 100 58.5
P008 100 827 76.8 495 569 758 100 89.8 76.8 46.7 77.7 918 56.1 50.1 12.0 339 49.0 54.1
P009 100 654 715 611 100 64.1 100 665 92,6 63.6 100 63.6 950 4.6 89.1 49.6 649 349
P010 972 675 629 340 622 551 681 550 581 383 633 674 917 496 584 230 61.1 54.0
P011 100  66.6 643 608 100 67.2 98.7 673 643 559 643 503 100 495 63.2 612 68.7 96.3
P012 100 653 632 337 916 676 100 681 574 436 582 430 633 202 184 356 569 79.0
P013 100 871 950 06 100 553 100 675 100 63.6 100 67.6 100 0.1 627 0.0 100 46.0
P014 100 613 853 44.1 100 66.0 100 621 612 539 100 66.6 949 50.5 469 417 702  65.8
P015 100 809 100 172 100 614 491 983 100 555 100 973 373 0.0 680 0.0 772 511
P016 67.3 357 721 215 65.0 508 444 321 33.8 351 98.7 340 593 357 503 321 93.8 543
P018 70.7 539 46.6 03 85.7 482 51.0 70.0 384 325 60.7 624 56.8 51.0 446 77 48.1 45.6
P019 100 735 519 64.1 100 61.6 422 649 800 620 902 511 847 755 276 209 767 22
P020 100 46.1 100 414 100 642 456 654 100 506 926 636 328 182 100 0.8 60.8 51.8
Mean  90.0 648 769 423 90.3 629 794  67.0 769 527 89.8 612 733 352 61.1 255 75.1 48.8
SD 16.7 15.0 174 204 15.0 123 248 277 216 115 155 16.8 224 238 259 202 17.7  21.6

Legend: M- Modality; P- Smartphone; W- Smartwatch.
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(a) Subject with low ARI (49.5 %). (b) Subject with high ARI (98.7 %).

Figure 5.3: Confusion matrices for the two-stage general model for basic activities using KMeans
with modality smartphone.

5.2.4 Comparative RF

The optimized parameters for the RF, found using grid search, are shown in Annex
III. The RF outperforms the best clustering models for both basic and all activities.
Nevertheless, for basic activities the SMMs and the 2GM have comparative results with
the clustering. Unlike the clustering models, the RF does not experience significant
decreases in accuracy when moving from basic to all activities, consistently achieving
over 95 % for the SMMs and 2GM. However, as with the clustering models, SMMs are
the top-performing models for the RF, followed by the 2GM and the 1GM, which had
noticeably lower accuracy. These results are shown in Table 5.8.

5.3 Experiment 3 - Cluster Imbalance

To assess the impact of cluster imbalance on a well-performing model, the 2GM for
basic activities with Mp was selected. For this experiment, the clustering was performed

Subject P016 Subject P015
stand still - 94 0 0 stand still - 0 94 0
stand gestures - 47 0 0 stand gestures - 0 47 0
@ o)
% stand coffee - 0 0 47 % stand coffee - 0 47 0
~ —
% stand folders - 0 6 41 ¢ stand folders - 3 43 1
< <
8 walk slow - 47 0 0 2 walk slow - 47 0 0
A 3
walk medium - 11 36 0 walk medium - 47 0 0
walk fast - 0 47 0 walk fast - 47 0 0
stairs - 0 80 0 stairs - 76 0 0
0 1 2 0 1 2
Cluster Labels Cluster Labels
(a) Subject with low ARI (32.1 %). (b) Subject with high ARI (98.3 %)

Figure 5.4: Confusion matrices for the two-stage general model for all activities using AGG with
modality smartphone.
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Table 5.8: Comparison of the best clustering models mean ARI (%) and RF mean accuracy (%) on
the subject specific models (SSMs), one-stage (1GM) and two stage (2GM) general models.

Basic activities All activities
Clustering RF Clustering RF
SSM 94.4 +10.6" 99.5+1.9 80.9 £ 10.9% 974 + 4.4
1GM 725+ 157* 853 +15.6 55.3+18.7°  74.0 £ 10.0
2GM 90.0 £ 16.7¢ 98.7 + 3.2 67.0 + 27.7° 95.9 + 5.6

aKMeans Mp,w, PAGG Mp, °KMeans Mp. Legend: M- Modality; P-
Smartphone; W- Smartwatch.

Models

on 100 % of the data. The influence of data imbalance on the ARI for the three clustering
models is shown in Figure 5.5. When the dataset is balanced (33 % sitting class), the mean
ARI results are 92.5 % for KMeans, 78.3 % for AGG, and 89.9 % for GMM. When the
proportion of sitting class increases to 50 %, the mean ARI scores are 52.9 % for KMeans,
83.4 % for AGG, and 50.9 % for GMM. Comparing to the balanced results, the scores drop
39.6 % for KMeans and 39.0 % for GMM, while AGG increases 5.1 %. With 70 % of sitting
class, the mean ARI for KMeans, GMM, and AGG reach 67.1 % (-25.4 %), 81.9 % (+3.6 %),
and 64.8 % (-25.1 %), respectively. Finally, when the sitting class represents 90 % of the
data, the mean ARI declines to 63.8 % (-28.7 %) for KMeans, 65.9 % (-12.4 %) for AGG, and
62.9 % (-27.0 %) for GMM. The SD for each clustering model is generally high, with the
highest being 29.8 % for AGG at 90 % sitting class and the lowest at 11.4 % for KMeans
at 50 % sitting class. SDs are particularly high when the sitting class reaches 90 %, with
values of 24.3 %, 29.8 %, and 24.1 % for KMeans, AGG, and GMM, respectively. Overall,
the SD tends to increase with a higher class imbalance.

KMeans —$— AGG -4- GMM
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Figure 5.5: Influence of data imbalance on the performance of the two-stage general model with
modality smartphone for basic activities. Legend: M- Modality; P- Smartphone; W- Smartwatch.
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(a) Subject 1 - three clusters (16.9 % ARI). (b) Subject 2 - three clusters (51.9 % ARI).

Cluster
Cluster

sitting stan'ding walking sitting standing walking

Activity Activity

(c) Subject 1- two clusters (41.2 % ARI). (d) Subject 2 - two clusters (63.0 % ARI).

Figure 5.6: Confusion matrices of subject 1 and 2 with two and three clusters.

5.4 Evaluation on a real-world labeled dataset

To evaluate the best performing models in a real-world scenario, a labeled dataset was
acquired from two subjects, with a total recording time of six hours and 30 minutes each.
The class distribution annotations revealed that subject 1 spent 89.4 % of the time sitting,
4.1 % standing, and 6.6 % walking, while subject 2 spent 86.5 % sitting, 8.9 % standing,
and 4.6 % walking.

The 2GM with Mp was selected for this experiment based on the results of Experiment
2, since, as seen in Table 5.8, it was the best-performing general model for basic and all
activities. A silhouette coefficient analysis was conducted on the collected data. The
highest scores obtained are with KMeans and two clusters, reaching 61.3 % and 57.1 % for
subject 1 and 2, respectively. Based on these results, the 2GM with Mp for KMeans was
used for clustering the new data into three clusters, as explained in Section 4.5, and into
two clusters, as this achieved the highest silhouette scores.

Figure 5.6 presents the confusion matrices and ARI for both subjects with three and
two clusters. For subject 1, the confusion matrix with three clusters is shown in Figure 5.6a.

For this subject, three clusters achieve an ARI of 16.9 %, with sitting instances being the
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Figure 5.7: KDE of the most relevant features in the decision tree.

most represented across the three clusters. Although cluster 1 contains the largest number
of sitting instances, it cannot be determined which cluster belongs to each activity, since
most walking and standing instances do not fall into their separate clusters either. For
subject 2, the confusion matrix with three clusters is presented in Figure 5.6b. While each
class is primarily associated with a distinct cluster, namely walking in cluster 2, sitting
in cluster 1, and standing in cluster 0, there is still considerable overlap between clusters,
meaning that the instances are being assigned to the wrong cluster. Despite this, the ARI
for subject 2 is 51.9 %, considerably higher than for subject 1. The confusion matrices with
two clusters are shown in Figure 5.6¢ for subject 1 and in Figure 5.6d for subject 2. For
both subjects, the majority of standing and walking instances are found in cluster 0, while
most sitting instances are in cluster 1. Subject 1 has 1327 sitting, 474 standing, and 654
walking instances in cluster 0, and 12 613 sitting, 154 standing, and 372 walking instances
in cluster 1. Subject 2 has 432 sitting, 760 standing, and 693 walking instances in cluster 0,
and 13 061 sitting, 634 standing, and 19 walking instances in cluster 1. With two clusters
the ARI improves for both subjects, reaching 41.2 % for subject 1 and 63.0 % for subject 2.

To get an insight into which features are relevant for separation into the two clusters,
a decision tree was trained using the obtained cluster labels (cluster 0 and cluster 1) as
target class labels. This is done with subject 2 as this subject achieved a higher ARI. The
maximum depth of the tree is set to three and from the grid search, an accuracy score of
97.3 % is obtained with a minimum number of samples per leaf of 20 and a minimum
number of samples to split a node of ten. The decision tree is shown up to a depth of
two in Annex IV. Three features appear in the decision tree: the SD of the GYR y-axis,
the spectral entropy of the GYR y-axis, and the maximum of the MAG z-axis. The KDE
of these features are shown in Figure 5.7. The KDEs in cluster 0 show a broader range of
values than in cluster 1 for the three features. Additionally, the shapes of the distributions
differ in the two clusters.
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6

DiscussioN

In this section, the results presented in Chapter 5 are discussed. Based on the discussion,
the limitations of the proposed HAR system are elaborated.

6.1 Experiment 1 - Feature Selection

The feature selection results for the SMMs presented in Table 5.1 show that, for basic
activities, Mp and Mp,w require fewer features than M. This can be explained by the
fact that the smartwatch, worn on the wrist, has greater freedom of movement, allowing
for more variability compared to the more stable, chest-mounted smartphone. As a result,
more features are needed to characterize the smartwatch’s movements. When considering
all sub-activities, the number of features increases considerably to account for the added
complexity and variability. As shown in Annex II and mentioned in Section 5.1.1, for the
three sensor modalities and clustering models, and for both basic and all activities, the
feature sets have at least one MAG feature, such as the minimum, maximum, or mean.
This highlights the essential role of the MAG sensor in these models. MAG readings
tend to be higher in magnitude near electromagnetic sources like computers, monitors,
and routers. Consequently, during sitting activities, the MAG typically records higher
absolute values compared to other activities, such as standing, performed farther from
these sources. However, some limitations were observed in the data from subjects P001
and P016. For subject PO01, the standing still was recorded outside, thus the shielding
effects of the building’s ferrous materials on the Earth’s magnetic field [72] were not
present, resulting in higher readings. A similar effect was observed for P016, as the subject
was standing still while on their smartphone.

Regarding the clustering results of the SMMs for basic activities, shown in Table 5.2,
these achieve high mean ARI across all three sensor modalities and clustering models,
with the highest being AGG with Mp,w. These results are consistent with those in [45] and
[46], where clustering basic activities also achieved high accuracy. In this scenario, Mw
performs the worst and requires more features, whereas Mp performs similarly to Mp.w

with a similar number of features. Therefore, it can be concluded that the smartphone
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Figure 6.1: Raw segments from the z-axis magnetometer signals, sitting and standing still
activities, from both the smartphone and smartwatch for subject P004.

sensors provide more relevant information than smartwatch sensors, likely due to the

higher variability of smartwatch data, as mentioned above.

Although the smartphone generally provides more useful information, for two subjects
(P004 and P016), with basic activities, Mp performs worse than My for the three clustering
models. In order to understand this confusion, it is worth analysing the activities being
recognized as well as the sensor placement. Sitting and standing still are relatively idle
activities compared to walking, which has a distinct, repetitive pattern easily detected
with just an ACC, as shown in [45]. When the smartphone is placed on the chest, the ACC
readings for sitting and standing still are similar and show low variance, making it difficult
to distinguish between the two. The GYR may capture some differences since standing
requires constant balance adjustments, resulting in slight variations in angular velocity,
unlike sitting with the back supported by a chair. However, as explained earlier, the MAG
sensor is likely the most effective at distinguishing these two activities. Figure 6.1 illustrates
the z-axis MAG readings for the sitting and standing still tasks from both the smartphone
and smartwatch for subject P004. The MAG signals from the smartphone oscillate around
similar values for the sitting and standing still. This similarity adds confusion if one would
rely solely on the smartphone’s MAG sensor. However, the smartwatch signals not only
have a different range of values between sitting and standing still, but also exhibit higher
magnetic field readings in the sitting activity compared to the smartphone’s MAG. This
could be explained by the subject sitting at a desk with the computer farther away, while
their hands remain static and closer to the magnetic source (e.g., during typing, reading,
or writing). Nevertheless, in most cases, if the subject is sitting with the computer closer
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to the chest, the smartphone’s MAG is enough to capture the different readings between
sitting and standing still, as shown in Figure 6.2 with the signals from subject P003.

The models” performance drop considerably with all sub-activities, which can be
attributed to the increased complexity of the input data. Mp,w performs the best, similar
to basic activities, and GMM achieves the highest ARI. While KMeans assumes circular
clusters, AGG and GMM allow for more complex geometric shapes. AGG does not assume
specific cluster shapes, and GMM can accommodate oval-shaped clusters. Given the better
performance of AGG and GMM for basic and all activities, respectively, it can be assumed
that the activities do not necessarily form circular clusters. My performs worse than the
other two modalities and experienced the most significant drop in ARI from basic to all
activities. The addition of activities that allow subjects to express higher variability, such as
standing while conversing, moving objects inside a cabinet, and making/drinking coffee,
can introduce confusion into the models, specially when using smartwatch sensors. The
arms have more freedom of movement, and upper body movement does not necessarily
correlate to the activities being performed. This leads to higher variance in smartwatch
data compared to smartphone data, resulting in a more dispersed feature space, which
makes identifying geometric shapes more difficult. The increase in SDs from basic to
all activities further highlights the differences between subjects, with some individuals
displaying more active behaviours than others while performing the same activity. This
variability makes clustering certain subjects more challenging compared to others.

The feature selection results for the 1GM are shown in Table 5.3. The ARI for basic
activities is considerably lower than the SMMs. This indicates that a general model that
combines data of multiple subjects is not able to successfully cluster the data. This can be
attributed to inter-subject variability, meaning that the difference between subjects with
respect to execution of the examined activities is too large. This holds true for both basic
and all activities. When considering a basic activity like standing still, people already
express different behaviors. Some people are more static when standing while others
are more likely to move their arms and upper body. Similar behavioral differences can
be observed for executing computer work while sitting. This overall variability leads
to an overlap of the clusters in the feature space. These differences become even more
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Figure 6.2: Raw segments from the z-axis magnetometer signals, sitting and standing still
activities, from the smartphone subject P003.
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6.2. EXPERIMENT 2 - CLUSTER STABILITY

pronounced when considering all activities, explaining the further drop in performance
of the models.

For the 2GM, the number of features and clustering results for the three sensor
modalities are shown in Figure 5.1 for basic activities, and in Figure 5.2 for all activities.
Overall, with basic activities, these results are similar to the SMMs. However, the high SDs
indicate that some subjects can be clustered accurately when a model is finetuned for them,
but if their way of performing activities differs significantly from others, the common
feature set is not representative. On the other hand, subjects who perform activities in a

more static and consistent manner are easier to cluster with a common feature set.

Based on the feature selection experiment results, several conclusions can be drawn.
Firstly, the proposed clustering models rely heavily on the MAG sensor. Indoor location
techniques [73], which map the interior of buildings by identifying specific areas based
on magnetic field readings, could be useful to determine a person’s location within the
building. This information, if provided to the models as an extra feature, could be useful
for recognizing office workers’ activities (i.e., if in the hallway, the person is probably either
standing or walking). Since PrevOccupAl was not primarily designed for HAR, adding an
extra IMU on the thigh should be considered to distinguish sitting from standing without
relying on the MAG, which can be heavily affected by external factors. Changing the
placement of the smartwatch to the thigh could also be considered, if the device is solely
being used for movement tracking. Finally, since the handcrafted features are not able to
produce accurate results with all sub-activities, the implementation of an autoencoder for

unsupervised feature extraction, as done in [56-58], should be explored.

6.2 Experiment 2 - Cluster Stability

The performance of the SMMs, presented in Table 5.5, decrease for both basic and all
activities and KMeans now outperforms AGG and GMM, which were the best models for
Experiment 1. Additionally, the increase in SD also suggests that more subjects achieve
lower scores. Analysing the results from KMeans with Mp, eleven subjects maintained the
100 % ARI from Experiment 1. This indicates that these subjects likely express more static
behaviours and lower variability throughout the recording. On the contrary, subjects P004
and P016, achieved 78.3 % and 74.8 % in Experiment 1 while in Experiment 2 achieved
74.9 % and 62.4 %, respectively. This suggests that these subjects show more variability
over time (intra-subject variability), as the first 80 % of data is less similar to the last
20 %. Furthermore, external factors could also change over time and impact clustering
performance, such as the environment (inside or outside the building) or electromagnetic
sources around the person. Even though the recordings were relatively short, this might
indicate that, for these subjects, the shapes and position of the clusters might change over
time. However, this can only be explored with data recorded over longer periods or across
different days.
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AGG and GMM experience greater drops in ARI compared to KMeans, especially for
all activities. Since with AGG, clusters are formed based on pairwise distances within
the original dataset, it is not designed for handling new, unseen data points without
recalculating the clusters. Therefore, training with only the remaining 20 % of the data
might not be representative enough, especially involving all activities. Regarding the
GMM, the 44.4% ARI drop for all activities likely derives from underfitting. This can occur
if the model is not able to capture the complexity of the data, possibly due to the incorrect
assumption of Gaussian distributions. This leads to poorly fitted Gaussians, resulting in
inaccurate predictions of unseen data. A combination of these factors resulted in subject
P008 achieving 0 % for basic activities with GMM and Myw. This can be explained by the
variability of smartwatch data, as described in Section 6.1, and different behaviours within
the same recording. However, since KMeans and AGG obtained higher scores, the main
factor is likely the underfitting of the GMM. The ARI metric also contributes to the 0 %,
as it adjusts for randomly correct assignments.

The 1GM results, presented in Table 5.6, also show drops in ARI, though less significant
since this model already performed poorly with the first 80 % of the data. The SDs are
lower compared to the SMMs, indicating that the 1GM performs poorly across all subjects.
The results for the 2GM, presented in Section 5.2.3, show similar trends to the SMMs for
the three clustering models and sensor modalities, for both basic and all activities. The
confusion matrices give additional insight on how well the model separates the clusters.
These show that sitting and standing activities are often confused, and walking slow can
be mistaken with these two if performed very slowly. This reinforces the need for one
extra sensor and more advanced feature extraction techniques, as stated in Section 6.1.

As mentioned in Section 4.5.2, the data used in Experiment 2 is from the same
continuous recording. The obtained results indicate that collecting data to form clusters,
and subsequently using these to assign new data points to the established clusters, could
lead to poor performance, especially when the time between the training data and the
testing data increases (i.e., data from a different day).

The results of the RF, presented in Table 5.8, show that it outperforms the clustering
models, similar to findings in [57, 58]. This can be explained by the fact that the RF
is composed of decision trees, which are capable of finding non-linear relationships
between features [74]. Furthermore, supervised models have the objective to learn the
direct relationship between the data and the corresponding label [26], while unsupervised
models do not optimize for that objective. For both unsupervised and supervised methods,
the best models are the SMMs, since each subject has a feature set which was optimized
for them. However, a limitation of this model is that, in a fully unsupervised scenario,
an optimized feature set can not be easily obtained as there are no labels for evaluation.
The 1GM is also not viable, as it was the worst-performing model for both the clustering
models and the RF. Considering the 2GM results, it seems there is a common feature set
that could be applied for all subjects. However, to apply this model for all activities, it is
worth exploring more robust feature extraction techniques, as stated in Section 6.1.
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6.3. EXPERIMENT 3 - CLUSTER IMBALANCE

6.3 Experiment 3 - Cluster Imbalance

The results for Experiment 3 are shown in Figure 5.5. Generally, the datasets with
imbalanced classes perform worse than the balanced datasets, with performance decreas-
ing as the imbalance increases. However, there are notable exceptions. AGG shows an
improvement in ARI when the dataset consists of 50 % sitting class, while KMeans and
GMM improve from 50 % to 70 % sitting class. This can be attributed to the fact that, to
achieve the remaining proportions for the standing still and walking medium, majority
of these instances are removed. As described in Section 4.5.3, this was done in subsets,
meaning that different portions of the standing still and walking medium clusters were
tested. If some of these instances were originally (with a balanced dataset) overlapping
with the sitting cluster, by removing them, it can actually enhance clustering results.
Nevertheless, this improvement is limited. With increasing imbalance, the sitting cluster
becomes dominant in terms of size and amount of data points. When imbalance reaches
90 % sitting class, some underrepresented instances, if close to it, may be incorrectly
merged with the larger sitting cluster.

This experiment shows that class imbalance has a major impact on clustering per-
formance. Thus, when designing unsupervised HAR systems, class imbalance has to
be considered and models that robustly handle these imbalances have to be explored.
Equilibrium KMeans is an example of a model designed to handle imbalanced data [75].
This adaptation of KMeans introduces a mechanism that repels centroids, with larger
clusters experiencing stronger repulsion. This approach overcomes the "uniform effect"
of traditional KMeans, which tends to form clusters of similar sizes, even when the input

data contains groups of varying sizes.

6.4 Evaluation on a real-word labeled dataset

The 2GM with Mp, which was the best general model and modality for both basic
and all activities, as shown in Table 5.8, was used to validate the proposed framework on
actual office work data from two subjects. A silhouette coefficient analysis was performed
on this data, which showed higher scores with KMeans and two clusters. As mentioned in
Section 4.6, clustering was initially performed with three clusters, followed by two clusters
based on the results of the silhouette analysis.

The confusion matrices and correspondent ARI with three clusters for subject 1 and
2 are shown in Figure 5.6a and 5.6b, respectively. The performance of the 2GM with
KMeans and Mp dropped considerably when comparing the results of Experiment 1 and
Experiment 2. Several factors can contribute to these results. In these recordings, subjects
were free to perform their usual work activities without any restrictions on how these
should be carried out. Additionally, the long duration of the recordings (over six hours)
allowed subjects to express more variability when compared to the shorter acquisitions
from the HAR dataset used for model training. Since both subjects spent roughly 90 % of
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their time sitting, the class imbalance, as seen in Section 6.3, can also impact clustering
performance. The results are particularly poor for subject 1, likely due to the spread of
sitting instances over the three clusters, which was not as significant for subject 2. This
can indicate that subject 1 expresses more varying behaviours while seated. Nevertheless,
these results, along with the silhouette score being higher with two clusters, indicate that
the clustering models are not able to accurately distinguish between sitting, standing, and
walking in this data.

For two clusters, the confusion matrices and ARI for subject 1 and 2 are shown in
Figure 5.6c and 5.6d, respectively. When clustering the data into two clusters, for both
subjects, most sitting instances are in cluster 1, which is the dominant cluster, considering
the roughly 90 % of sitting class. Although cluster 1 also has standing and walking
instances, most of these are present in cluster 0. This suggests that cluster 1 represents a
non-active cluster. On the contrary, cluster 0 is comprised mostly of walking and standing
instances indicating it forms a cluster containing active activities. Some sitting instances
appear in the active cluster, likely since subjects may engage in more dynamic behaviors
while seated, such as moving around in the chair, frequently adjusting their posture, or
conversing with others. A similar rationale can be applied to the standing activity. For
walking, instances may be placed in the non-active cluster if the subject walks very slowly,
as seen in Section 6.2.

To interpret the clustering results and to study feature importance, a decision tree,
shown in Annex IV, was trained with the two cluster labels (cluster 0 and cluster 1) as
target class labels. By analysis of the features present in the tree, these further indicate
that MAG features are the most relevant for distinguishing the sitting activity, while GYR
features are sufficient for identifying more active activities such as walking. The ACC
features, as these do not appear in the first splits of the tree, can be considered less relevant,
likely due to the sensor’s placement on the chest, as discussed in Section 6.1. The KDE
plots, presented in Figure 5.7, show considerable differences between the distributions
of the features in the active and non-active clusters. Namely, in the active cluster, the
distributions are much wider and spread out than in the non-active cluster, which can be
explained by the wider range of motion of active activities. Additionally, it can be seen
that some distributions, specially in the active cluster, are not Gaussian, which aligns with
the assumptions made for the GMM in Section 6.2.

Although the proposed models cannot accurately distinguish between sitting, stand-
ing, and walking, these can differentiate between active and non-active behaviors. This
could be useful to detect prolonged static behaviors, which are linked to Work-related mus-
culoskeletal disorders (WRMDs). To further improve this distinction, it is worth exploring
contrastive learning schemes for unsupervised feature extraction [76]. These methods
differentiate between similar and dissimilar points by analysing their representations
within a learned embedding space.
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CoNcLUSION AND OUTLOOK

The objective of this thesis was to implement unsupervised learning models for Human
activity recognition (HAR) in office environments, with the purpose of utilizing them
for identification of work-related musculoskeletal disorders (WRMDs) risk factors in the
future. This work proposed a new HAR dataset comprising nine office activities acquired
from 19 subjects using a smartphone and a smartwatch, which was used for model training.
KMeans, Agglomerative Clustering (AGG), and Gaussian Mixture Model (GMM) were
employed in three different approaches. Subject specific models (SSMs), used to evaluate
how unsupervised learning schemes with optimized feature sets perform for each subject.
The one-stage general model (1GM), created to study if there is similarity in subjects” data
that allows them to be clustered as a group. Lastly, the two-stage general model (2GM),
implemented for assessing if there is a common feature set for HAR in office environments.
The impact of the complexity of the input data on the models’ performance was studied
by considering only basic activities (sitting, standing still, and walking medium speed)
and all nine activities. Three experiments were conducted with this HAR system.

Experiment 1 consisted of feature selection. Less features were required to cluster the
basicactivities than all activities. The feature sets obtained with modality smartwatch (Mw)
were bigger than modality smartphone (Mp) and modality smartphone and smartwatch
(Mps+w). Magnetometer (MAG) features are included in all sets and are the most effective
at distinguishing sitting from standing, due to higher magnetic field readings in front of
computers. For basic activities, the SSMs achieved over 99 % mean Adjusted Rand Index
(ARI) while the 2GM exceeded 90 %. This occurred for all three clustering models with
Mp.,w. The lowest scores for basic activities were obtained with the 1GM reaching 77 %
ARI with KMeans and Mp,w. Adding all activities impacts clustering performance with
the SSMs decreasing to 88.6 % ARI (GMM with Mp,w), the 2GM to 72.9 % (AGG with
Mp), and the 1GM to 56.2 % (AGG with Mp). Mw produced the worst scores and required
more features due to the greater freedom of arm movement, leading to higher variability
and thus overlapping clusters in the feature space. Although Mp,w achieved overall the
highest results, the minimal difference compared to Mp led to the latter being considered
the best modality. Cluster stability was studied in Experiment 2 by constructing the
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clusters on the initial 80 % of the data and predicting the remaining 20 %. The variability
of subjects’ behaviours over time (intra-subject variability) impacted clustering results for
the three clustering models and sensor modalities, specially with all activities. The best
clustering models were compared to a Random Forest (RF), trained with the same feature
sets, which obtained higher accuracy. Lastly, in Experiment 3, the datasets containing
basic activities and Mp were imbalanced to compare the models’” performances when
sitting class was overrepresented. It was concluded that cluster imbalance has a major
impact on clustering performance.

The proposed models were tested on data from two subjects performing actual work
tasks during a workday. Subjects spent roughly 90 % of their time sitting which, similar
to Experiment 3, impacted clustering performance. The clustering models were not able
to accurately distinguish between sitting, standing, and walking. However, clustering the
data into two clusters produced higher ARI and silhouette coefficient. In this scenario, a
non-active cluster contained most of the sitting instances, while an active cluster contained
mainly standing and walking instances. Recognizing active and non-active behaviours can
give insights into potential risk factors for WRMDs. Considering the results mentioned
above, the objectives of this thesis, proposed in Section 1.2, were achieved to the following

extent:
e (0O1): A diverse dataset was collected for HAR in office environments.
* (02): KMeans, AGG, and GMM were tested on three different experiments.

® (0O3): The feature sets found allow the models to accurately cluster basic activities,

with performance drops being observed for all activities.

* (O4): A subject-independent model showed low performance as the difference
between subjects with respect to execution of the activities is too high.

¢ (05): The stability of clusters is affected by intra-subject variability over time and
data imbalance impacts clustering performance.

* (06): When applying the models to real-world data, one active and one non-active
cluster yielded better results.

Several improvements should be considered. Firstly, indoor location techniques could
be employed to add context regarding where the person is inside the office building. This
information could be added as an extra feature to the models. Regarding the sensor setup,
itis not optimal for distinguishing sitting from standing. Therefore, adding an extra sensor
strapped to the thigh could reduce the models’ reliance on the MAG sensor, which is often
affected by external factors. The handcrafted features are not representative enough to
cluster all activities accurately. Thus, unsupervised feature extraction using autoencoders
or contrastive learning should be considered. Lastly, models that can robustly handle data

imbalances should be explored for application in real-world office environments.
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Por favor, leia com atencéo a seguinte informagao. Se achar que algo esta incorreto ou
que néo esta claro, ndo hesite em solicitar mais informagdes.

Titulo do estudo: Inter- and intrasubject similarity using unsupervised learning schemes
for evaluation of working patterns.

Enquadramento: No ambito da tese de mestrado Inter- and intrasubject similarity using
unsupervised learning schemes for evaluation of working patterns.

Explicacao do estudo: Este estudo envolve a recolha de dados através de sensores
de movimento e posigdo a partir do smartwatch, smartphone e de dois dispositivos
muscleBAN. A partir do smartphone vai ser recolhido o nivel de ruido, ndo sendo
detetaveis quaisquer palavras ou sons de fundo que permitam identificar conversas. O
sinal de eletromiografia também sera recolhido a partir dos dispositivos muscleBAN. A
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NOVA school of Science and Technology. Seréo realizadas as seguintes atividades:
trabalhar sentado numa secretaria, caminhar, mexer objetos dentro de um armario e
permanecer de pé. No total, as acquisicbes terdo a duracdo de uma hora e cinco
minutos. Sera realizada uma sessao prévia para apresentacido do projeto, explicagao
do protocolo da recolha de dados e esclarecimento de potenciais duvidas. E importante
mencionar que neste relatorio integrara os seus dados pessoais, dos quais é o unico
proprietario, pelo que nao deve ser partilhado com ninguém.

Condigdes: E importante referir que tera toda a liberdade para recusar a participacdo
no estudo ou retirar o seu consentimento, suspendendo a participagdo em qualquer
momento. Ao longo de todo o processo ndo tera qualquer custo por participar neste
estudo. Os participantes neste estudo comprometem-se a cumprir os requisitos abaixo:

e Jovens adultos com idade superior a 18 anos;

e Sujeitos sem patologia associada (neurolégica, ortopédica, reumatica,
oncoldégica ou cardiorrespiratoria);

e Sujeitos que nao tomem drogas psicotropicas;

e Sujeitos nao medicados;

e Sujeitos capazes de utilizar o equipamente necessario.

Confidencialidade e anonimato: Os dados pessoais (i.e., biossinais e dados
demograficos) recolhidos ser&o utilizados apenas no contexto desta investigagcao, nao
sendo divulgados em nenhum outro contexto e poderdo ser tornados publicos
(publicagbes cientificas e conferéncias).

A qualquer momento, podera exercer os seus direitos, nomeadamente o direito de
solicitar mais informagdes sobre o tratamento dos seus dados pessoais, o direito de
retificacdo e de apagamento de dados, de remocédo do seu consentimento ou de
oposicao as atividades de tratamento, entre outros, de acordo com o disposto no
Regulamento Geral sobre a Protecao de Dados.

Pode exercer os seus direitos contactando Sara Leonor Martins dos Santos,
slm.santos@campus.fct.unl.pt. Caso entenda que o tratamento dos seus dados
pessoais ndo cumpre com a legislagao aplicavel tém, ainda, o direito de apresentar uma
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a Comissao Nacional de Protecdo de Dados (CNPD) em htips://www.cnpd.pt.
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Nome: Sara Leonor Martins dos Santos
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Contato telefonico: 925 138 582
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(Assinatura Legivel)
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todas as informacobes estao corretas. Se concordar com o procedimento descrito e com
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FEATURE SETS

II.1 Feature sets for the subject specific models (SSMs)

I1.1.1 Basic activities

Table II.1: SSMs feature sets KMeans, modality smartphone for basic activities

Subject  Feature set

P001 zGyr Standard deviation, zMag Max, yAcc Min, xMag Max

P002 zMag Max, zGyr Median frequency, yAcc Interquartile range, xAcc Min,
yGyr Spectral entropy, yMag Spectral centroid, yGyr Median frequency,
zGyr Spectral centroid

P003 yMag Max, yAcc Min

P004 xAcc Max, yGyr Interquartile range, zAcc Interquartile range, zGyr Max,
zMag Max, yGyr Spectral entropy, zGyr Spectral centroid, yAcc Spectral
entropy

P005 xGyr Variance, yAcc Max, zMag Max, yMag Min, yMag Mean

P006 yAcc Max, zMag Max

P007 zMag Max, yAcc Min

P008 zMag Mean, yAcc Interquartile range, yAcc Min

P009 zMag Mean, yAcc Max

P010 xMag Max, yAcc Min, zMag Max, zGyr Standard deviation

PO11 yAcc Min, xMag Max

P012 xGyr Variance, xMag Max, xGyr Min, zAcc Max, yAcc Max

P013 xMag Max, zAcc Standard deviation

P014 yAcc Standard deviation, zZMag Max

P015 xGyr Standard deviation, xMag Max, yAcc Max

Continued on next page
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ANNEXII. FEATURE SETS

Table I1.1 SSMs feature sets, KMeans modality smartphone for basic activities

Subject  Feature set

P016 zMag Standard deviation, xAcc Min, yAcc Spectral entropy, xMag Spec-
tral centroid, xAcc Median frequency, yAcc Min, yMag Max, zGyr
Spectral entropy, yAcc Interquartile range, xMag Mean, zAcc Median
frequency, yMag Mean

P018 zMag Min, yGyr Max, zAcc Min, xMag Mean, zAcc Max
P019 xAcc Standard deviation, xMag Max, zAcc Interquartile range
P020 yAcc Min, xMag Max, yAcc Max

Legend: SSMs- Subject specific models.

Table I1.2: SSMs feature sets Kmeans, modality smartwatch for basic activities

Subject Feature set

P001 xAcc wear Variance, zAcc wear Median frequency, xMag wear Max,
yMag wear Min
P002 xGyr wear Interquartile range, xMag wear Min, yGyr wear Spectral

entropy, zGyr wear Variance, xAcc wear Standard deviation, zMag wear
Max, yMag wear Mean, zMag wear Spectral entropy, yAcc wear Spectral
entropy, xAcc wear Spectral centroid, zAcc wear Median frequency

P003 yGyr wear Variance, zMag wear Max, zMag wear Standard deviation,
zMag wear Spectral centroid, xMag wear Max

P004 xMag wear Max, yMag wear Max, yMag wear Variance

P005 yMag wear Max, xAcc wear Min, xMag wear Min

P006 zGyr wear Max, zGyr wear Min, xMag wear Max, yMag wear Spectral
centroid

P007 yAcc wear Variance, xGyr wear Standard deviation, yMag wear Min,

xAcc wear Min, yMag wear Variance, zGyr wear Variance, yAcc wear
Spectral centroid, zAcc wear Interquartile range, yGyr wear Median
frequency, zGyr wear Spectral entropy, zMag wear Spectral centroid,
yMag wear Max

P008 xMag wear Spectral entropy, yMag wear Max, zGyr wear Spectral en-
tropy, zGyr wear Max, zGyr wear Variance, yGyr wear Standard devi-
ation, yMag wear Spectral centroid, yGyr wear Spectral entropy, xAcc
wear Standard deviation, xAcc wear Spectral centroid, zMag wear Min,
zMag wear Spectral centroid

P009 xMag wear Max, yMag wear Spectral centroid, zGyr wear Standard

deviation, zGyr wear Interquartile range, zMag wear Min

Continued on next page
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II.1. FEATURE SETS FOR THE SUBJECT SPECIFIC MODELS (SSMS)

Table II.2 SSMs feature sets KMeans, modality smartwatch for basic activities

Subject  Feature set

P010 zGyr wear Max, zGyr wear Interquartile range, zZMag wear Mean, xMag
wear Min

PO11 zGyr wear Interquartile range, xMag wear Max

P012 xMag wear Spectral entropy, xGyr wear Spectral entropy, xGyr wear

Min, xAcc wear Variance, yMag wear Mean, xMag wear Mean, xMag

wear Min, yMag wear Spectral centroid

P013 zGyr wear Interquartile range, zZMag wear Max, yMag wear Interquartile
range
P014 zMag wear Min, yAcc wear Interquartile range, zGyr wear Standard

deviation, zGyr wear Median frequency, xAcc wear Median frequency,
xMag wear Mean, zGyr wear Variance, xMag wear Spectral entropy,
xGyr wear Interquartile range, xMag wear Min

P015 yAcc wear Standard deviation, xAcc wear Median frequency, yMag wear
Median frequency, xMag wear Interquartile range, xMag wear Mean,
yGyr wear Max, zGyr wear Interquartile range, yGyr wear Standard
deviation, yMag wear Standard deviation, zAcc wear Spectral centroid

Po16 zGyr wear Interquartile range, yMag wear Mean, yMag wear Interquar-
tile range, xMag wear Mean, zGyr wear Median

P018 yAcc wear Standard deviation, xMag wear Interquartile range, zGyr
wear Interquartile range, yGyr wear Max, xMag wear Mean, xMag wear
Spectral entropy, yGyr wear Interquartile range, yGyr wear Standard
deviation, yMag wear Mean, xMag wear Max, yMag wear Interquartile
range

P019 zGyr wear Variance, yMag wear Mean, zGyr wear Median frequency,
yMag wear Interquartile range, zAcc wear Interquartile range, zGyr
wear Interquartile range, yGyr wear Interquartile range, xGyr wear
Interquartile range

P020 yMag wear Min, xMag wear Spectral centroid, xMag wear Max, yMag
wear Interquartile range, xGyr wear Interquartile range, zGyr wear Min,

zGyr wear Interquartile range

Legend: SSMs- Subject specific models; wear- watch.
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Table I1.3: SSMs feature sets KMeans, modality smartphone and -watch for basic activities

Subject  Feature set

P001 xGyr wear Standard deviation, zMag Max, zGyr wear Interquartile range,
yMag wear Max, zAcc Standard deviation, zMag wear Spectral centroid,
yMag Max

P002 yMag Spectral centroid, yMag Standard deviation, zZMag Median fre-
quency, xAcc wear Standard deviation, xMag wear Min, xGyr Standard
deviation, xGyr wear Median frequency, yGyr Median frequency, xMag
Median frequency, zMag wear Spectral entropy, yGyr Interquartile range,
yAcc wear Median frequency, zMag Max, yGyr wear Spectral centroid,
yMag wear Min, xMag wear Mean

P003 xMag wear Max, yGyr wear Standard deviation

P004 yMag wear Min, xMag wear Max

P005 yMag Mean, yAcc Max, yMag Min

P006 zGyr Standard deviation, zMag Max

P007 zMag Max, yAcc Min

P008 zGyr wear Standard deviation, xMag Max, yAcc Max

P009 xGyr Standard deviation, zMag Mean

P010 yMag Mean, xMag Max, xGyr wear Interquartile range, xGyr Min, xMag
wear Min, zMag wear Min

P011 yGyr Standard deviation, zMag Max, yMag Min, xMag Max

P012 xAcc Standard deviation, xMag Max, xGyr Min, yAcc Max

P013 yAcc Interquartile range, zMag wear Mean

P014 zMag Max, yAcc Standard deviation

P015 xMag Max, xGyr Standard deviation, yAcc Max

P016 xMag Max, zGyr Max, xGyr Variance, xAcc Variance, yAcc Max, yAcc
Interquartile range, yMag wear Max, zAcc Median frequency, xMag
wear Max, xMag Min, zGyr Median frequency, yAcc Variance

P018 xAcc Interquartile range, zAcc Interquartile range, yAcc Min, xMag wear
Max, zMag wear Spectral centroid, yGyr Interquartile range, yAcc wear
Max, zMag Min

P019 yAcc Max, zGyr wear Interquartile range, yMag wear Mean, xMag Max,
xGyr Standard deviation

P020 xAcc Max, xGyr Standard deviation, xMag wear Min, xGyr wear In-

terquartile range

Legend: SSMs- Subject specific models; wear- watch.
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II.1. FEATURE SETS FOR THE SUBJECT SPECIFIC MODELS (SSMS)

Table I1.4: SSMs feature sets AGG, modality smartphone for basic activities

Subject  Feature set

P001 xAcc Spectral entropy, zAcc Standard deviation, yMag Mean, yGyr
Spectral entropy, yAcc Spectral centroid, xAcc Standard deviation, zMag
Max, yMag Max

P002 zGyr Variance, xAcc Max, xGyr Variance, zGyr Standard deviation, xGyr
Interquartile range, zGyr Min, yMag Mean, zMag Standard deviation,
zMag Max

P003 zAcc Interquartile range, zMag Max

P004 yMag Spectral centroid, xMag Spectral centroid, yAcc Median frequency,
yMag Spectral entropy, xGyr Min, xGyr Spectral entropy, yGyr Spectral
entropy

P005 zGyr Max, yAcc Min, yMag Min

P006 yAcc Max, zMag Max

P007 zMag Max, yAcc Max

P008 yGyr Spectral centroid, yMag Spectral entropy, yGyr Median frequency,

xGyr Min, zGyr Median, yAcc Interquartile range, zAcc Spectral en-
tropy, zGyr Median frequency, xMag Median frequency, xMag Standard
deviation, zGyr Spectral entropy, zZMag Max, yAcc Median

P009 xAcc Standard deviation, yAcc Max, zMag Mean

P010 zAcc Max, yAcc Spectral centroid, zAcc Median frequency, yGyr Spectral
entropy, yAcc Min, xMag Spectral centroid, xAcc Spectral entropy, xGyr
Max, yMag Max, xMag Max

PO11 yAcc Max, xMag Max

P012 yMag Max, xMag Max, xAcc Min, yAcc Interquartile range

P013 zMag Max, zAcc Max

P014 zMag Max, yAcc Standard deviation

P015 xGyr Standard deviation, xMag Max, yAcc Max

PO16 yGyr Standard deviation, yMag Mean, xAcc Variance, yAcc Max, xGyr
Min, zGyr Spectral entropy, zMag Mean

P018 yAcc Max, yAcc Median frequency, xAcc Variance, zZMag Min

P019 zAcc Min, xAcc Variance, xMag Min

P020 zMag Mean, yGyr Max, zGyr Standard deviation, xMag Max, zGyr Max

Legend: SSMs- Subject specific models.
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Table IL1.5: SSMs feature sets, AGG modality smartwatch for basic activities

Subject

Feature set

P001

P002

P003

P004

P005

P006

P007
P008

P009
P010

PO11
P012

P013

P014

zGyr wear Median frequency, yAcc wear Median frequency, xGyr wear
Standard deviation, yMag wear Min, zGyr wear Spectral entropy, xAcc
wear Min, xMag wear Max, zMag wear Spectral centroid, yAcc wear
Standard deviation, zMag wear Max, xGyr wear Variance

xAcc wear Min, yMag wear Median frequency, yAcc wear Spectral
entropy, xMag wear Min, zGyr wear Max, yMag wear Mean, xGyr wear
Standard deviation, zGyr wear Standard deviation

zMag wear Max, yGyr wear Standard deviation, xMag wear Max

xGyr wear Min, xGyr wear Spectral entropy, yMag wear Max, xMag
wear Max

zAcc wear Min, xGyr wear Min, xAcc wear Min, xMag wear Min, xMag
wear Max, xMag wear Spectral centroid

yMag wear Spectral centroid, zGyr wear Min, xMag wear Max, zMag
wear Max

yGyr wear Interquartile range, xMag wear Mean

xAcc wear Interquartile range, zGyr wear Median frequency, zMag wear
Max, yGyr wear Median frequency, zMag wear Spectral centroid, zGyr
wear Spectral entropy, xGyr wear Max, zAcc wear Median frequency,
yMag wear Spectral centroid

zMag wear Mean, zGyr wear Min, xMag wear Mean, xMag wear Max
zGyr wear Interquartile range, zMag wear Min, yMag wear Standard
deviation, xMag wear Min

xMag wear Max, zGyr wear Interquartile range

yGyr wear Interquartile range, zAcc wear Min, xGyr wear Interquartile
range, yMag wear Max, yGyr wear Spectral entropy, zMag wear Spectral
centroid, xMag wear Max, xAcc wear Interquartile range, zMag wear
Spectral entropy, xMag wear Min, yMag wear Mean, zGyr wear Spectral
centroid

yMag wear Min, xMag wear Mean, yMag wear Interquartile range, zGyr
wear Interquartile range

zMag wear Mean, yMag wear Standard deviation, yGyr wear Spectral
centroid, xMag wear Min, yMag wear Spectral centroid, yMag wear
Interquartile range, yAcc wear Spectral entropy, xMag wear Mean, xGyr
wear Standard deviation, zGyr wear Standard deviation, yMag wear
Mean

Continued on next page
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Table I1.5 SSMs feature sets AGG, modality smartwatch for basic activities

Subject

Feature set

P015

PO16

P018

P019

P020

yGyr wear Interquartile range, yGyr wear Variance, yMag wear Spectral
centroid, yMag wear Max, xGyr wear Standard deviation, zGyr wear
Median frequency, yGyr wear Spectral entropy, xMag wear Max, yAcc
wear Standard deviation, xGyr wear Median, zGyr wear Median

zGyr wear Max, xAcc wear Standard deviation, yMag wear Mean, yMag
wear Interquartile range, zAcc wear Max, xMag wear Mean, zGyr wear
Interquartile range, xMag wear Spectral centroid, xGyr wear Interquar-
tile range

zGyr wear Mean, xGyr wear Min, zGyr wear Standard deviation, xMag
wear Max, zMag wear Min, xAcc wear Spectral entropy, yGyr wear Stan-
dard deviation, yMag wear Max, xAcc wear Max, xMag wear Spectral
entropy, zMag wear Spectral entropy, zGyr wear Median frequency, yAcc
wear Standard deviation, xMag wear Mean, yAcc wear Median

yMag wear Median frequency, xGyr wear Standard deviation, zGyr
wear Interquartile range, zAcc wear Standard deviation, xMag wear
Max, yMag wear Mean, yMag wear Min, xGyr wear Max

xMag wear Max, yAcc wear Spectral centroid, zMag wear Mean, zGyr

wear Standard deviation, zGyr wear Min

Legend: SSMs- Subject specific models; wear- watch.

Table I1.6: SSMs feature sets AGG, modality smartphone and -watch for basic activities

Subject  Feature set

P001 xGyr Standard deviation, yMag wear Mean, xAcc wear Standard devia-
tion

P002 xAcc wear Interquartile range, zAcc Min, xMag wear Min, yMag wear
Spectral centroid, zMag Max, zAcc wear Max, yAcc wear Min

P003 xMag wear Max, zAcc Interquartile range

P004 xMag wear Max, yMag wear Mean

P005 zGyr Interquartile range, yAcc Max, yMag Min

P006 zMag Max, xGyr Min

P007 zMag Max, yAcc Min

P008 yAcc Max, xAcc Spectral entropy, xAcc Max, zAcc Interquartile range,
xMag Spectral centroid, zMag Max

P009 xMag wear Mean, zMag Mean, yAcc Max

P010 yMag Mean, zGyr Max, xGyr Standard deviation, zZMag wear Min, xGyr

wear Standard deviation

Continued on next page
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Table I1.6 SSMs feature sets, AGG modality smartphone and -watch for basic activities

Subject  Feature set

P011 zGyr Standard deviation, xMag wear Max

P012 zAcc Max, xGyr Variance, xMag wear Min, zAcc Standard deviation,
xGyr Max, yMag Max

P013 yAcc Interquartile range, zZMag Max

P014 yAcc Standard deviation, zMag Max

P015 xMag Max, xGyr Standard deviation, yAcc Max

PO16 xMag wear Min, yMag wear Max, xGyr Max, yAcc Interquartile range,
yAcc Min, xMag Min

P018 xGyr Min, xMag wear Max, yGyr Standard deviation, yAcc Min

P019 yAcc Interquartile range, xMag Min, zGyr wear Variance

P020 yAcc Min, xMag Max

Legend: SSMs- Subject specific models; wear- watch.

Table I1.7: SSMs feature sets GMM, modality smartphone for basic activities

Subject  Feature set

P001 yGyr Spectral centroid, zZMag Max, yGyr Standard deviation, zAcc Spec-
tral entropy, yMag Mean, zGyr Spectral entropy, xMag Max, zMag
Median frequency, xMag Spectral centroid, xAcc Interquartile range,
yGyr Median frequency, xAcc Standard deviation

P002 yGyr Min, zGyr Interquartile range, zAcc Min, yAcc Max, zGyr Spectral
entropy, yGyr Spectral entropy, yMag Max, zMag Max, xAcc Median fre-
quency, yAcc Interquartile range, xMag Max, yGyr Max, yMag Spectral
centroid, zAcc Median frequency

P003 yAcc Max, yMag Max

P004 zAcc Median frequency, xAcc Max, xAcc Interquartile range, zGyr Me-
dian, xAcc Median frequency, zGyr Spectral entropy, xAcc Spectral
entropy, yAcc Spectral entropy, xMag Max, zGyr Spectral centroid, zGyr
Interquartile range, zZMag Max, yMag Spectral entropy, xGyr Mean

P005 zMag Max, yMag Min, xGyr Max

P006 yAcc Min, zMag Max

P007 zMag Max, xAcc Standard deviation

P008 yAcc Max, zMag Mean, yAcc Min

P009 yAcc Min, zMag Mean, zGyr Standard deviation

P010 yAcc Interquartile range, zMag Max, xMag Max, yAcc Max

P011 zGyr Standard deviation, yGyr Standard deviation, xMag Max

P012 xGyr Min, xMag Max, xAcc Max, yAcc Max

Continued on next page
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Table I1.7 SSMs feature sets, GMM modality smartphone for basic activities

Subject  Feature set

P013 zMag Max, yAcc Max

P014 yAcc Standard deviation, zZMag Max

P015 zAcc Standard deviation, xGyr Standard deviation, xMag Max

P016 xGyr Max, xGyr Spectral entropy, yMag Max, xMag Spectral entropy,

zMag Max, zAcc Median frequency, yGyr Median frequency, yAcc
Spectral entropy, yGyr Spectral centroid, zGyr Spectral centroid, yGyr
Interquartile range

P018 zAcc Interquartile range, yMag Mean, zGyr Standard deviation, xMag
Min, zGyr Median frequency, yAcc Spectral entropy, yAcc Variance,
zAcc Spectral centroid, yGyr Variance, yGyr Median frequency, yGyr
Spectral centroid, zMag Mean, xGyr Median frequency, yAcc Median
frequency, xGyr Interquartile range

P019 xGyr Standard deviation, yAcc Min, xMag Mean

P020 xGyr Min, xMag Max

Legend: SSMs- Subject specific models.

Table I1.8: SSMs feature sets, GMM modality smartwatch for basic activities

Subject  Feature set

P001 yMag wear Max, xAcc wear Standard deviation, xMag wear Min, xMag
wear Max

P002 xAcc wear Interquartile range, xMag wear Min, yAcc wear Spectral
entropy, yMag wear Min

P003 yGyr wear Standard deviation, xMag wear Max

P004 xMag wear Max, yMag wear Spectral centroid

P005 zAcc wear Median frequency, xAcc wear Interquartile range, xAcc wear

Spectral entropy, xMag wear Min, yGyr wear Spectral entropy, xMag
wear Spectral centroid, zMag wear Max, xMag wear Max

P006 xMag wear Max
P007 xMag wear Min, xMag wear Max
P008 zAcc wear Interquartile range, zAcc wear Spectral entropy, zZMag wear

Max, yMag wear Spectral centroid, zGyr wear Spectral entropy, zGyr
wear Standard deviation, yMag wear Mean, zGyr wear Median, xGyr
wear Median frequency, zGyr wear Variance, zAcc wear Median fre-
quency

P009 xMag wear Min, zGyr wear Standard deviation, xMag wear Max, zMag
wear Mean
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Table I1.8 SSMs feature sets, GMM modality smartwatch for basic activities

Subject

Feature set

P010

PO11
PO12
P013
P014

P015

PO16

P018

P019

P020

xMag wear Min, yMag wear Interquartile range, zZMag wear Min, zMag
wear Mean, zGyr wear Min

zGyr wear Interquartile range, xMag wear Max

xAcc wear Max, xMag wear Mean, zMag wear Min

zGyr wear Min, yMag wear Max, xMag wear Mean

zMag wear Spectral entropy, xAcc wear Max, yMag wear Min, yAcc
wear Spectral entropy, xAcc wear Median frequency, xMag wear Min,
zAcc wear Spectral entropy, zGyr wear Max, xAcc wear Spectral entropy
zAcc wear Standard deviation, zAcc wear Median frequency, xMag wear
Max, yMag wear Standard deviation, xMag wear Mean, yAcc wear
Median frequency, yMag wear Spectral entropy

yMag wear Mean, zGyr wear Max, zGyr wear Spectral centroid, xMag
wear Max, zGyr wear Interquartile range, zGyr wear Spectral entropy,
zMag wear Mean, xAcc wear Spectral entropy, xMag wear Mean

zGyr wear Spectral entropy, zMag wear Min, zGyr wear Spectral centroid,
yMag wear Variance, xMag wear Interquartile range, xMag wear Max,
xMag wear Spectral centroid, zGyr wear Variance, yMag wear Median,
yGyr wear Standard deviation, yMag wear Standard deviation, xAcc
wear Max, zGyr wear Max, zMag wear Interquartile range, yAcc wear
Interquartile range

yAcc wear Spectral entropy, xMag wear Mean, yGyr wear Spectral en-
tropy, yMag wear Mean, xGyr wear Interquartile range, yGyr wear Max,
zGyr wear Median, yAcc wear Min, xGyr wear Median frequency
zGyr wear Max, xMag wear Max

Legend: SSMs- Subject specific models; wear- watch.

Table I1.9: SSMs feature sets, GMM modality smartphone and -watch for basic activities

Subject  Feature set

P001 yAcc wear Max, yMag Spectral centroid, xMag Spectral centroid, yAcc
Max, yMag Min, zMag Max, xMag wear Mean

P002 xGyr Max, xAcc wear Min, yAcc Min, xMag wear Min, zMag Max, yMag
wear Max

P003 yAcc Min, xMag wear Max

P004 zGyr Max, yMag wear Mean, yAcc Spectral entropy, xMag Max, xMag

wear Max
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Table I1.9 SSMs feature sets, GMM modality smartphone and -watch for basic activities

Subject  Feature set

P005 zGyr Interquartile range, yAcc Interquartile range, yMag Mean, xMag
Max

P006 zAcc Standard deviation, zGyr wear Min, zMag Max

P007 xMag wear Mean, zAcc Standard deviation, zMag Max

P008 xAcc Min, yAcc Max, yMag wear Mean, xMag Max, zAcc Max, yAcc
Interquartile range

P009 yAcc Interquartile range, xMag wear Mean, zMag Mean

P010 yAcc Max, xMag Max, zGyr wear Interquartile range, zZMag Max, zMag
wear Min

P011 xGyr Interquartile range, xMag Max, yAcc Min

P012 xAcc Standard deviation, xGyr Min, xMag wear Min, xMag Max, zAcc
Max, yMag Max

P013 zMag Max, zAcc Max, zAcc Standard deviation

P014 yAcc Standard deviation, zMag Max

P015 xGyr Standard deviation, xMag Max, zAcc Standard deviation

PO16 yAcc Standard deviation, zMag wear Max, yMag wear Min, xMag Mean,
xMag wear Max, zMag wear Min

P018 xMag wear Max, yGyr Standard deviation, xAcc Min, yMag wear Max,
yAcc Min

P019 xAcc Standard deviation, zGyr Interquartile range, xGyr Min, xMag
wear Min, xMag Min

P020 yMag Min, zMag Min, zAcc Spectral entropy, xMag wear Mean, xAcc
Max, zGyr Min

Legend: SSMs- Subject specific models; wear- watch.

I1.1.2 All Activities

Table II.10: SSMs feature sets KMeans, modality smartphone for all activities

Subject  Feature set

P001 zAcc Min, yAcc Mean, yGyr Spectral entropy, zAcc Median frequency,
yGyr Interquartile range, xGyr Max, yGyr Standard deviation, xMag
Min, zMag Min, zMag Max, xMag Max, xMag Spectral centroid, xMag
Mean

P002 zAcc Median frequency, xAcc Min, zMag Max, xAcc Max, yGyr Standard
deviation, yAcc Standard deviation, xGyr Min, yGyr Median frequency
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Table I1.10 SMMs feature sets KMeans, modality smartphone for all activities

Subject

Feature set

P003

P004

P005

P006

P007

P008

P009

P010

PO11

P012

P013

P014

xGyr Spectral centroid, zGyr Standard deviation, yAcc Standard devia-
tion, zAcc Spectral centroid, yMag Max, xMag Mean, xMag Min, xMag
Max

zMag Min, xMag Max, zGyr Max, yGyr Max, yGyr Interquartile range,
xMag Mean, zGyr Median frequency, yAcc Max

zGyr Max, yAcc Interquartile range, yAcc Max, xMag Max, yGyr Min
yMag Spectral centroid, xMag Max, xGyr Standard deviation, yAcc
Min, xAcc Max, zGyr Median frequency, yGyr Median frequency, yGyr
Spectral entropy, zMag Max, yAcc Spectral entropy

xGyr Max, yMag Standard deviation, zAcc Min, xAcc Variance, yAcc
Min, xAcc Median frequency, xMag Spectral entropy, zMag Standard
deviation, zGyr Median frequency, zMag Max, xAcc Interquartile range,
xMag Min

yGyr Mean, zAcc Variance, xMag Max, yGyr Spectral entropy, yAcc
Interquartile range, zMag Max, yGyr Interquartile range, yAcc Spectral
entropy, yAcc Max, yMag Max

zMag Min, zMag Standard deviation, yGyr Interquartile range, yMag
Standard deviation, yGyr Spectral entropy, zGyr Min, yAcc Standard de-
viation, xGyr Standard deviation, xGyr Median frequency, zAcc Median
frequency, yGyr Median frequency, xGyr Min, zGyr Spectral entropy
yGyr Variance, xMag Max, zAcc Min, zAcc Variance, xGyr Interquartile
range, yAcc Max

zAcc Median frequency, yGyr Min, xAcc Min, zZMag Max, xMag Spectral
centroid, zMag Mean, xGyr Min, zGyr Min, xAcc Spectral entropy, zMag
Spectral entropy, zGyr Spectral entropy, zMag Spectral centroid, yMag
Max, xMag Max, yAcc Median frequency, yGyr Standard deviation,
yAcc Interquartile range, zMag Min, zGyr Median frequency

xAcc Spectral centroid, zMag Spectral centroid, zMag Min, xGyr Max,
xAcc Variance, yAcc Spectral entropy, xMag Max, yMag Spectral entropy,
xAcc Max, zAcc Interquartile range, xGyr Standard deviation, yAcc Max
yAcc Standard deviation, zGyr Min, xMag Mean, yAcc Interquartile
range, xGyr Interquartile range, yGyr Standard deviation, zAcc Median
frequency

yGyr Max, yGyr Standard deviation, yAcc Max, xMag Max, zMag Spec-
tral centroid, xGyr Standard deviation
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Table I1.10 SMMs feature sets KMeans, modality smartphone for all activities

Subject  Feature set

P015 xGyr Interquartile range, yMag Standard deviation, yGyr Min, yGyr
Interquartile range, yMag Mean, zMag Spectral entropy, yMag Spectral
entropy, zMag Min, zMag Max, xMag Max, zMag Spectral centroid, zAcc
Median frequency, yGyr Standard deviation, zAcc Spectral entropy

P016 xAcc Standard deviation, yGyr Interquartile range, yAcc Max, zMag
Mean, zGyr Spectral entropy, yMag Mean, yMag Max, zAcc Median
frequency

P018 yAcc Median, zMag Mean, zMag Min, xGyr Interquartile range, zAcc

Standard deviation, xGyr Max, xGyr Median frequency, yGyr Spectral
entropy, yAcc Median frequency, yGyr Standard deviation, xAcc Stan-
dard deviation

P019 zGyr Spectral centroid, yAcc Max, yGyr Spectral entropy, xGyr Max,
zMag Standard deviation, zMag Min, xGyr Interquartile range, zGyr
Min, yGyr Standard deviation, yGyr Median frequency, zMag Spectral
centroid, zGyr Standard deviation, xMag Max, zAcc Median frequency,
zGyr Interquartile range

P020 zMag Spectral centroid, yAcc Min, zAcc Min, yMag Standard deviation,
yGyr Standard deviation, zGyr Min, xGyr Variance, xMag Max, zGyr
Spectral entropy, yMag Interquartile range, xAcc Max, zGyr Standard de-
viation, zAcc Standard deviation, xMag Spectral entropy, yGyr Spectral
entropy, yAcc Standard deviation

Legend: SSMs- Subject specific models.

Table II.11: SSMs feature sets KMeans, modality smartwatch for all activities

Subject  Feature set

P001 xAcc wear Spectral entropy, xAcc wear Standard deviation, zGyr wear
Max, xAcc wear Median frequency, zGyr wear Median frequency, xMag
wear Max, zMag wear Max, yMag wear Max

P002 zGyr wear Min, zAcc wear Median frequency, zMag wear Median fre-
quency, yMag wear Min, yAcc wear Standard deviation, xGyr wear
Spectral entropy, xMag wear Mean, xAcc wear Median frequency, yGyr
wear Spectral entropy
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Table II1.11 SSMs feature sets KMeans, modality smartwatch for all activities

Subject

Feature set

P003

P004

P005

P006

P007

P008

P009

P010

PO11

P012

yMag wear Min, yAcc wear Standard deviation, zAcc wear Max, yMag
wear Interquartile range, yGyr wear Spectral entropy, xMag wear Min,
zGyr wear Min, xMag wear Median frequency, xMag wear Spectral
entropy, zGyr wear Interquartile range, xMag wear Max, xAcc wear
Standard deviation

xAcc wear Spectral entropy, xMag wear Standard deviation, yMag wear
Max, yMag wear Interquartile range, zAcc wear Interquartile range,
xMag wear Mean, zMag wear Mean, zAcc wear Median frequency,
zMag wear Median frequency

yMag wear Spectral entropy, zGyr wear Min, xAcc wear Spectral entropy,
xGyr wear Interquartile range, xMag wear Min, yMag wear Spectral
centroid, yGyr wear Spectral entropy, yMag wear Min

zGyr wear Min, yGyr wear Spectral entropy, zGyr wear Spectral en-
tropy, zMag wear Max, xGyr wear Median frequency, yMag wear Min,
xMag wear Max, zGyr wear Max, zMag wear Mean, xAcc wear Median
frequency

xAcc wear Interquartile range, xMag wear Min, yGyr wear Spectral
entropy, xMag wear Max, xAcc wear Median frequency

yGyr wear Max, yGyr wear Min, xMag wear Max, zAcc wear Spectral
entropy, xAcc wear Median frequency, zGyr wear Standard deviation,
yGyr wear Median frequency, yMag wear Max, yGyr wear Spectral
entropy, zMag wear Max, zGyr wear Spectral entropy

xMag wear Spectral entropy, zGyr wear Max, xAcc wear Max, zMag
wear Standard deviation, xMag wear Max, xAcc wear Median frequency,
yAcc wear Spectral entropy, yMag wear Min, zAcc wear Spectral entropy,
zAcc wear Standard deviation, xMag wear Min

yMag wear Standard deviation, zGyr wear Max, yGyr wear Interquartile
range, zAcc wear Interquartile range, xAcc wear Median frequency,
xMag wear Max, xMag wear Mean, xMag wear Min, yAcc wear Spectral
centroid, xAcc wear Standard deviation, yMag wear Spectral entropy
xAcc wear Median frequency, yMag wear Median frequency, zMag wear
Max, zGyr wear Spectral entropy, xMag wear Max, xMag wear Spectral
entropy, zGyr wear Standard deviation, xGyr wear Max, xGyr wear
Interquartile range

xGyr wear Interquartile range, zGyr wear Standard deviation, xMag
wear Min, zGyr wear Spectral entropy, yAcc wear Spectral entropy, xAcc

wear Min, xMag wear Max, xMag wear Mean
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Table II1.11 SSMs feature sets KMeans, modality smartwatch for all activities

Subject  Feature set

P013 zMag wear Mean, zMag wear Max, zGyr wear Min, yAcc wear Spectral
entropy, zGyr wear Max, xMag wear Spectral centroid, yMag wear Min,
zMag wear Spectral centroid, yMag wear Mean, xMag wear Min

P014 zGyr wear Max, xMag wear Max, yGyr wear Min, xGyr wear Spectral
entropy, xAcc wear Max, yAcc wear Spectral entropy, zMag wear Spectral
entropy, zAcc wear Interquartile range, yMag wear Standard deviation

P015 zMag wear Spectral entropy, xMag wear Spectral centroid, zGyr wear
Interquartile range, yAcc wear Min, xGyr wear Standard deviation, xGyr
wear Max, zGyr wear Max, xMag wear Mean, xMag wear Max, zGyr
wear Spectral entropy, yMag wear Spectral entropy, zAcc wear Max

PO16 yGyr wear Spectral entropy, zMag wear Spectral entropy, xGyr wear
Interquartile range, yMag wear Spectral entropy, xMag wear Spectral
entropy, xMag wear Min, zGyr wear Interquartile range, xAcc wear
Spectral centroid, zGyr wear Min, yMag wear Min, xAcc wear Standard
deviation, xGyr wear Spectral centroid, zGyr wear Spectral entropy,
zMag wear Max

P018 yMag wear Min, yAcc wear Standard deviation, yGyr wear Min, zMag
wear Min, xGyr wear Interquartile range, zMag wear Spectral entropy,
zMag wear Spectral centroid, zMag wear Interquartile range, xMag wear
Mean, zGyr wear Interquartile range, xMag wear Max, xMag wear Min,
yGyr wear Spectral entropy

P019 yGyr wear Max, yGyr wear Standard deviation, yMag wear Mean, zGyr
wear Spectral entropy, xGyr wear Max, yMag wear Min, yAcc wear
Median frequency, xGyr wear Median frequency, xMag wear Min, xAcc
wear Min

P020 zAcc wear Standard deviation, zGyr wear Max, xAcc wear Min, zAcc
wear Median frequency, xMag wear Max, yGyr wear Interquartile range,

zMag wear Max, zMag wear Spectral entropy, yMag wear Spectral en-

tropy

Legend: SSMs- Subject specific models; wear- watch.
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Table I1.12: SSMs feature sets KMeans, modality smartphone and -watch for all activities

Subject

Feature set

P001

P002

P003

P004

P005

P006

P007

P008

yGyr Median frequency, yAcc Max, xAcc Median frequency, yMag wear
Max, xGyr wear Min, xAcc Min, xMag Max, xMag Mean, xMag wear
Mean, xGyr wear Standard deviation, zMag wear Mean, zMag wear
Spectral entropy, zMag wear Max, xMag Spectral centroid, zMag Min,
zMag wear Min

zGyr Interquartile range, zGyr wear Min, xGyr Min, yAcc Max, yGyr
Standard deviation, zMag Min

zGyr Median frequency, xGyr Standard deviation, yAcc Min, yMag wear
Min, yMag wear Standard deviation, zMag Spectral centroid, xMag wear
Mean, xMag wear Spectral entropy, yAcc wear Standard deviation, xMag
Max, xMag Mean, yMag Spectral centroid, xMag Min

yMag wear Median frequency, yMag wear Standard deviation, zAcc
Median frequency, xAcc Min, zAcc wear Interquartile range, xGyr wear
Standard deviation, xGyr Spectral entropy, yMag wear Max, xMag Mean,
xMag Spectral centroid, zGyr wear Spectral entropy, xMag wear Min,
zMag Mean, xMag Max, zAcc Interquartile range, yMag wear Mean,
yAcc Max, zMag Spectral centroid, xMag Min

xAcc Min, zMag wear Max, xAcc Max, yGyr Spectral entropy, yMag wear
Mean, zAcc wear Spectral centroid, xMag Max, xGyr Median frequency,
yMag wear Median frequency, yMag wear Max, xGyr Min, yMag Max,
zMag Spectral centroid, yMag Mean, yMag Min, xMag Mean

zGyr wear Median, yGyr Max, zMag wear Min, yAcc wear Min, yGyr
Standard deviation, zGyr Standard deviation, xAcc Standard deviation,
yGyr Spectral entropy, yMag wear Mean, zMag wear Max, yAcc Standard
deviation, xMag Median frequency, yMag Spectral centroid

yAcc wear Spectral centroid, zGyr wear Interquartile range, xMag wear
Min, xAcc Max, zAcc Interquartile range, yGyr Standard deviation,
xGyr Spectral entropy, yGyr Spectral entropy, zZMag Min, yAcc Standard
deviation, zAcc wear Min, xAcc wear Standard deviation, xMag wear
Max

xGyr Spectral entropy, yAcc Max, xMag Spectral entropy, zGyr Median
frequency, xGyr Interquartile range, zGyr wear Spectral entropy, zAcc
wear Min, xMag Spectral centroid, yAcc wear Max, yGyr wear Median
frequency, zMag wear Min, xMag wear Max, zMag Max, yGyr Spectral
entropy, yMag Max, zAcc wear Median frequency, yMag wear Spectral
centroid
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II.1. FEATURE SETS FOR THE SUBJECT SPECIFIC MODELS (SSMS)

Table I1.12 SSMs feature sets, KMeans modality smartphone and -watch for all activities

Subject  Feature set

P009 xMag wear Spectral entropy, yAcc Median frequency, yGyr Min, xMag
Max, zGyr Max, yGyr Interquartile range, xMag wear Mean, xGyr wear
Max, zAcc wear Spectral entropy, xGyr Median frequency, zGyr wear
Interquartile range, zMag Median frequency, zMag wear Spectral cen-
troid, zMag Spectral centroid, xGyr Spectral entropy, yMag wear Max,
yAcc Max, xAcc Median frequency

P010 zAcc Spectral centroid, yGyr wear Min, zAcc Spectral entropy, xAcc
Variance, xGyr Min, zMag Max, zAcc Standard deviation, xMag Spec-
tral centroid, xAcc Max, zMag Spectral entropy, xMag wear Median
frequency, zGyr Median frequency, xAcc wear Spectral entropy, xMag

wear Mean, xMag wear Spectral entropy, zMag wear Min, xMag Max

P011 xAcc Max, xMag wear Max, zGyr Min, yAcc Standard deviation, xMag
Max, zMag wear Max, yMag wear Min, zMag Min, yMag Max, yGyr
Spectral entropy

P012 xAcc wear Max, zGyr Interquartile range, yAcc Spectral entropy, yMag

wear Mean, zGyr Min, xAcc Min, xGyr Interquartile range, yAcc Max,
yMag Max, zMag Mean, zMag Max

P013 xMag wear Spectral centroid, yMag wear Max, xMag wear Max, xMag
wear Spectral entropy, yGyr wear Spectral entropy, zGyr wear Interquar-
tile range, yGyr Min, xMag Max, xGyr wear Max, yAcc wear Median
frequency, yAcc wear Spectral entropy, zAcc Median frequency, xMag
Mean, yMag wear Min, zAcc Min, zAcc Interquartile range, zMag wear
Spectral centroid, zAcc Standard deviation, zZMag wear Min

P014 zAcc wear Min, yGyr wear Interquartile range, xGyr Max, zAcc wear
Standard deviation, xMag wear Max, yAcc Min, yGyr wear Spectral
centroid, XGyr wear Max, yGyr Spectral entropy, xMag Spectral entropy,
xGyr wear Spectral entropy, xAcc wear Median frequency, xMag Max,
xMag Spectral centroid, zAcc wear Spectral entropy, xGyr Standard
deviation

P015 zMag Min, zAcc Spectral entropy, zGyr Max, xMag wear Spectral en-
tropy, xGyr Min, zGyr wear Spectral entropy, yMag wear Min, zMag
Standard deviation, xMag wear Max, zGyr Interquartile range, xGyr
wear Standard deviation

PO16 xGyr Spectral entropy, yMag wear Max, yAcc Interquartile range, xAcc
Min, zMag Max, xGyr wear Spectral entropy, yGyr Interquartile range,
xMag wear Max, yMag wear Mean, yGyr Standard deviation, zMag
Spectral entropy
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Table I1.12 SSMs feature sets, KMeans modality smartphone and -watch for all activities

Subject

Feature set

P018

P019

P020

zMag wear Standard deviation, xMag wear Standard deviation, zGyr
Max, xGyr Min, zAcc Min, xGyr Interquartile range, zMag Max, xAcc
Interquartile range, zMag Min, yAcc Standard deviation, yGyr wear
Spectral entropy, yAcc Median frequency, zMag wear Max, xGyr Median
frequency

xAcc Min, zMag wear Mean, xAcc Standard deviation, zAcc Median
frequency, xMag wear Min, xGyr wear Interquartile range, xGyr wear
Standard deviation, zZMag Spectral entropy, yMag wear Spectral centroid,
zGyr Standard deviation, zGyr Median frequency, zMag wear Spectral
entropy, yMag Min, yMag wear Mean, yMag wear Min, yGyr Median
frequency, yAcc Interquartile range

zAcc wear Spectral centroid, xGyr Variance, yGyr wear Spectral entropy,
zGyr Min, xAcc Max, yMag wear Median frequency, zGyr Interquartile
range, zAcc Interquartile range, zAcc wear Spectral entropy, zAcc Stan-
dard deviation, zAcc Median frequency, xMag wear Max, yAcc Max,
yMag wear Spectral entropy, xMag Max, zGyr Spectral entropy, yMag
Spectral entropy, xMag Spectral entropy

Legend: SSMs- Subject specific models; wear- watch.

Table I1.13: SSMs feature sets, AGG modality smartphone for all activities

Subject

Feature set

PO01

P002

P003

P004

P005

zMag Min, yAcc Spectral entropy, xAcc Standard deviation, yGyr Stan-
dard deviation, zAcc Median frequency, xMag Spectral centroid, yGyr
Spectral entropy, yAcc Mean

yMag Max, zAcc Median frequency, zZMag Min, xGyr Min, zGyr Spectral
centroid, yAcc Max, yGyr Standard deviation, xMag Min

xMag Min, yAcc Max, xMag Spectral centroid, xAcc Min, yAcc Median
frequency, yGyr Max, xGyr Median frequency, yMag Max

zAcc Interquartile range, xGyr Spectral entropy, xMag Mean, zMag
Standard deviation, yAcc Max, xGyr Median frequency, zGyr Max
xAcc Min, yMag Max, zGyr Median frequency, yMag Min, yAcc Min,
yAcc Standard deviation, xMag Mean, xAcc Max, xAcc Interquartile

range
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Table I1.13 SSMs feature sets, AGG modality smartphone for all activities

Subject  Feature set

P006 zGyr Spectral entropy, yMag Spectral entropy, yGyr Median frequency,
yGyr Spectral entropy, xGyr Min, xAcc Spectral centroid, zMag Max,
xMag Standard deviation, yAcc Variance, xGyr Median frequency, xMag
Spectral centroid, xMag Median frequency, zAcc Standard deviation

P007 xAcc Max, zGyr Median frequency, yAcc Interquartile range, zMag
Max, xAcc Spectral entropy, zGyr Spectral entropy, xGyr Variance, yGyr
Interquartile range

P008 yGyr Mean, zMag Max, yAcc Spectral entropy, xGyr Standard deviation,
xGyr Variance, yAcc Max
P009 xMag Interquartile range, xAcc Standard deviation, zMag Min, xGyr

Min, yGyr Spectral entropy, yAcc Min, xMag Spectral entropy, yAcc
Max, yGyr Median frequency

P010 zGyr Median frequency, xGyr Min, zGyr Variance, zMag Max, yAcc
Interquartile range, yGyr Spectral entropy, xMag Max, zAcc Median
frequency, zMag Standard deviation, xMag Spectral centroid, yAcc Max

P011 yAccMin, zGyr Spectral entropy, xAcc Standard deviation, yGyr Spectral
entropy, zMag Max, xAcc Interquartile range, zMag Mean, yAcc Max

P012 xGyr Variance, yGyr Standard deviation, zMag Mean, zGyr Max, xMag
Mean, zMag Min

P013 zGyr Standard deviation, yAcc Interquartile range, xGyr Median fre-

quency, zGyr Spectral entropy, yAcc Standard deviation, xMag Mean,
zGyr Max, zAcc Interquartile range, zAcc Spectral entropy, yMag Max,
yGyr Standard deviation

P014 xAcc Median frequency, xGyr Interquartile range, yAcc Standard devia-
tion, xMag Spectral centroid, xGyr Spectral centroid, zMag Max, xAcc
Max

P015 zAcc Standard deviation, yAcc Max, zMag Max, yGyr Standard devia-

tion, yGyr Spectral entropy, xAcc Variance, xMag Max, zAcc Spectral
entropy, xAcc Spectral centroid, yMag Spectral centroid

PO16 zMag Max, yMag Max, zGyr Interquartile range, xAcc Median frequency,
xAcc Variance, yAcc Standard deviation, xGyr Spectral centroid

P018 zMag Min, zMag Mean, xMag Max, yAcc Min, zAcc Min, xGyr Standard
deviation, xAcc Standard deviation

P019 zGyr Spectral entropy, yAcc Variance, xMag Max, yGyr Interquartile
range, zAcc Interquartile range, zAcc Spectral entropy, zAcc Min, yAcc
Median frequency, xGyr Spectral centroid
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Table I1.13 SSMs feature sets, AGG modality smartphone for all activities

Subject

Feature set

P020

xAcc Variance, zAcc Min, zMag Standard deviation, xMag Max, xAcc
Max, zAcc Standard deviation, zMag Max, yMag Min, yAcc Spectral
entropy, yAcc Standard deviation

Legend: SSMs- Subject specific models.

Table II.14: SSMs feature sets AGG, modality smartwatch for all activities

Subject

Feature set

PO01

P002

P003

P004

P005

P006

P007

P008

P009

xGyr wear Variance, zMag wear Min, yGyr wear Min, yAcc wear Max,
zMag wear Max, yAcc wear Spectral centroid, xMag wear Max, xMag
wear Spectral entropy, yMag wear Max, yGyr wear Max

yGyr wear Spectral entropy, zGyr wear Max, yMag wear Standard devi-
ation, yAcc wear Standard deviation, yMag wear Min, zAcc wear Min,
xMag wear Min, yAcc wear Median frequency, zGyr wear Interquartile
range

yAcc wear Median frequency, xGyr wear Max, zGyr wear Max, xMag
wear Max, zGyr wear Standard deviation, yMag wear Min, yGyr wear
Max

xGyr wear Spectral entropy, xMag wear Spectral centroid, xMag wear
Mean, yGyr wear Interquartile range, zMag wear Min, xAcc wear Spec-
tral entropy, xMag wear Min, xMag wear Max

xAcc wear Spectral entropy, zGyr wear Min, yMag wear Mean, xMag
wear Min

xGyr wear Spectral entropy, xGyr wear Max, zGyr wear Min, xMag wear
Mean, zGyr wear Spectral entropy, yAcc wear Min, yMag wear Min
yMag wear Max, zAcc wear Min, xMag wear Spectral centroid, xGyr
wear Interquartile range, xAcc wear Interquartile range, xAcc wear Min,
xMag wear Max, zMag wear Min, xAcc wear Standard deviation, xMag
wear Min, yGyr wear Spectral entropy

yGyr wear Median frequency, xAcc wear Min, zGyr wear Spectral en-
tropy, xMag wear Max, zGyr wear Interquartile range, yMag wear Mean,
yGyr wear Max

yMag wear Mean, zGyr wear Interquartile range, zGyr wear Median
frequency, zGyr wear Variance, xMag wear Max, xGyr wear Interquartile

range

Continued on next page

70



II.1. FEATURE SETS FOR THE SUBJECT SPECIFIC MODELS (SSMS)

Table I1.14 SSMs feature sets, AGG modality smartwatch for all activities

Subject  Feature set

P010 xMag wear Spectral entropy, zAcc wear Median frequency, zMag wear
Mean, xGyr wear Min, zGyr wear Min, xMag wear Spectral centroid,
xMag wear Median frequency, xMag wear Mean, yAcc wear Interquartile
range, xAcc wear Standard deviation

PO11 zGyr wear Median, xGyr wear Min, zGyr wear Min, xGyr wear Max,
zMag wear Max, yMag wear Max

P012 yAcc wear Spectral entropy, zGyr wear Max, zMag wear Min, xMag
wear Min, zMag wear Spectral entropy

P013 zMag wear Min, zMag wear Spectral centroid, xMag wear Spectral
entropy, zGyr wear Max, xMag wear Min, yGyr wear Standard deviation,
xAcc wear Spectral entropy, zMag wear Mean, zGyr wear Standard
deviation, yAcc wear Max, xGyr wear Standard deviation, xAcc wear

Median frequency, xGyr wear Max

P014 yMag wear Spectral entropy, xGyr wear Standard deviation, zGyr wear
Min, xMag wear Max, yAcc wear Spectral entropy, xAcc wear Standard
deviation

P015 xMag wear Standard deviation, xMag wear Max, xMag wear Min, zGyr

wear Max, yGyr wear Spectral entropy, zMag wear Min

P016 xMag wear Min, yMag wear Mean, zGyr wear Max, zGyr wear Spectral
entropy, zGyr wear Standard deviation

P018 zMag wear Spectral entropy, yAcc wear Min, zGyr wear Interquartile
range, xAcc wear Standard deviation, xAcc wear Spectral centroid, zMag
wear Max, xMag wear Max, xMag wear Spectral entropy

P019 yMag wear Median frequency, xAcc wear Min, zAcc wear Interquar-
tile range, yMag wear Standard deviation, xAcc wear Max, xAcc wear
Standard deviation, yMag wear Min, xMag wear Min, yGyr wear Max

P020 zGyr wear Interquartile range, zZMag wear Mean, xMag wear Max, yGyr
wear Standard deviation, xGyr wear Standard deviation, zMag wear
Spectral centroid, zMag wear Max, xGyr wear Spectral entropy, xAcc
wear Spectral centroid

Legend: SSMs- Subject specific models; wear- watch.
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Table I1.15: SSMs feature sets, AGG modality smartphone and -watch for all activities

Subject

Feature set

P001

P002

P003

P004

P005

P006

P007

P008

P009

zMag wear Min, xAcc wear Max, yGyr wear Spectral entropy, yGyr
Spectral entropy, xAcc wear Median frequency, zAcc Spectral entropy,
zGyr Max, zMag wear Mean, zMag Min, xMag Mean, xMag wear
Spectral centroid, yAcc Variance, xMag wear Min, yGyr wear Max, zGyr
Interquartile range, xMag Min, yMag wear Max

xMag wear Spectral centroid, yGyr wear Standard deviation, zAcc Stan-
dard deviation, xGyr wear Standard deviation, zAcc wear Spectral en-
tropy, xAcc Min, yMag wear Min, zGyr wear Spectral entropy, xAcc
Variance, yGyr Interquartile range, zMag Mean, yGyr Min, yAcc In-
terquartile range, zGyr wear Interquartile range, zGyr wear Standard
deviation

xMag wear Spectral entropy, zGyr Min, zAcc Min, yMag wear Interquar-
tile range, zGyr Max, xMag wear Mean, xMag Min, zGyr wear Median,
zMag Mean, xMag Spectral centroid, yAcc Max

xAcc Spectral entropy, xAcc wear Max, xMag wear Min, yMag wear
Spectral centroid, xMag Spectral centroid, xMag wear Spectral centroid,
zAcc Variance, zMag Standard deviation, zGyr wear Spectral centroid,
xGyr wear Spectral entropy, xGyr Median frequency

yMag wear Min, yGyr Standard deviation, zGyr Min, xGyr Max, zAcc
wear Standard deviation, xGyr Median frequency, yMag Mean, zGyr
Standard deviation, xAcc Standard deviation, xMag Mean, xMag Spec-
tral entropy, xMag Min, xMag Max

zGyr Variance, xAcc Standard deviation, yMag Spectral centroid, zMag
wear Min, zMag wear Standard deviation, zGyr Spectral entropy, zAcc
Min

yGyr Min, yAcc wear Standard deviation, zAcc Standard deviation, xGyr
Interquartile range, zAcc Min, zMag wear Min, yGyr Max, zGyr wear
Median frequency, xMag wear Mean, zMag Mean, zGyr wear Max
yAcc Interquartile range, zAcc Median frequency, xAcc Median fre-
quency, xMag Spectral centroid, xGyr Interquartile range, yMag wear
Max, xAcc Min, yGyr Spectral entropy, zGyr wear Standard deviation,
xMag wear Max, zMag wear Min

xAcc wear Median frequency, yMag wear Max, xAcc Standard deviation,
zGyr wear Median, zGyr Standard deviation, xMag wear Mean, yGyr
Spectral entropy

Continued on next page
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Table I1.15 SSMs feature sets, AGG modality smartphone and -watch for all activities

Subject  Feature set

P010 xMag Max, xMag wear Min, zAcc Standard deviation, yGyr wear Median
frequency, zMag Spectral entropy, xGyr wear Median, yAcc Max, yAcc
Interquartile range, yGyr wear Standard deviation

PO11 xGyr Median frequency, xAcc Standard deviation, yAcc wear Median
frequency, xGyr wear Min, yGyr Spectral entropy, yGyr Variance, zAcc
Standard deviation, xAcc Spectral entropy, zMag wear Spectral centroid,
zMag Max, zGyr wear Min, xGyr Max

P012 xAcc wear Max, zMag Min, xGyr wear Spectral entropy, zAcc Standard
deviation, xMag wear Mean, zMag Max, zAcc Median frequency, xGyr
Min

P013 xMag wear Mean, yMag wear Mean, xGyr wear Spectral entropy, zAcc

Interquartile range, xAcc Standard deviation, yAcc wear Standard devi-
ation, xMag Mean, xAcc wear Spectral centroid, zMag wear Max

P014 yMag wear Min, zAcc Median frequency, zGyr Interquartile range, xMag
wear Spectral centroid, xMag wear Mean, XGyr Interquartile range, xMag
Mean, yAcc Standard deviation, xGyr Standard deviation

P015 yAcc Interquartile range, zMag wear Interquartile range, xAcc Median
frequency, xAcc Spectral entropy, yGyr Standard deviation, zMag Max,
xGyr Median frequency, yAcc Variance, yGyr Median frequency, xGyr
wear Standard deviation, yGyr Max, xMag wear Mean, yAcc wear Stan-
dard deviation, xMag Max, yGyr Variance

PO16 xGyr wear Min, xAcc Max, yMag Min, yAcc Median frequency, yGyr
Standard deviation, xGyr Median frequency, zMag wear Mean, zMag
Mean, xGyr Spectral entropy

P018 yGyr wear Spectral entropy, zZMag Min, zMag Median frequency, zGyr
Interquartile range, xMag Mean, xMag wear Interquartile range, yAcc
wear Min, yAcc Min, yMag wear Min, zMag Standard deviation, yAcc
Max, zMag Max, xMag wear Min, yGyr wear Min, xMag Spectral cen-
troid

P019 xMag wear Mean, yGyr Standard deviation, XGyr wear Standard de-
viation, zGyr Median frequency, yGyr Max, xMag Mean, xGyr wear
Spectral centroid, yMag wear Mean, yGyr Spectral centroid

P020 zGyr Spectral entropy, yAcc Standard deviation, xMag wear Max, zGyr
Median frequency, xGyr Interquartile range, xAcc Standard deviation,
zMag Max, xGyr wear Spectral entropy, yMag Min, xMag Max

Legend: SSMs- Subject specific models; wear- watch.
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Table I1.16: SSMs feature sets, GMM modality smartphone for all activities

Subject

Feature set

P001

P002

P003

P004

P005

P006

P007

P008

P009

P010

PO11

P012

P013

yGyr Interquartile range, yGyr Max, yGyr Spectral entropy, zMag Max,
xMag Mean, zAcc Spectral entropy

xMag Spectral entropy, yAcc Variance, xMag Min, yMag Max, yMag
Min, zMag Min

xMag Mean, xGyr Median frequency, yGyr Max, zAcc Spectral entropy,
zMag Max, yAcc Variance

zAcc Median frequency, yAcc Max, zMag Max, xMag Mean, xGyr
Spectral entropy, yAcc Variance

yMag Mean, xMag Mean, yAcc Standard deviation, yAcc Variance, xMag
Max, zMag Spectral centroid

xAcc Spectral centroid, yGyr Interquartile range, yGyr Max, zGyr Max,
zAcc Median frequency, yMag Spectral centroid, yAcc Variance, yGyr
Spectral entropy, xMag Min, xMag Median frequency, zMag Max

zGyr Standard deviation, zGyr Variance, zAcc Median frequency, xMag
Standard deviation, yAcc Min, zMag Max, yAcc Interquartile range,
yAcc Standard deviation, yAcc Variance, xMag Mean

xAcc Standard deviation, yAcc Max, zGyr Standard deviation, xMag
Spectral centroid, yAcc Interquartile range, xMag Max, yAcc Variance,
yGyr Min

xGyr Spectral centroid, xAcc Min, zGyr Interquartile range, yAcc Min,
yGyr Spectral entropy, xGyr Spectral entropy, zMag Max, yAcc Standard
deviation, zAcc Spectral entropy, yAcc Interquartile range, xMag Mean,
zMag Median frequency, zMag Standard deviation

zAcc Min, zGyr Spectral centroid, xGyr Spectral entropy, yGyr Interquar-
tile range, yAcc Spectral entropy, zGyr Median frequency, zMag Max,
yMag Max, xMag Spectral centroid

zMag Mean, yAcc Standard deviation, yGyr Interquartile range, yMag
Max, zGyr Spectral entropy, yAcc Median frequency

yAcc Spectral entropy, zAcc Min, xAcc Spectral centroid, yGyr Median
frequency, xAcc Median frequency, zMag Max, xAcc Spectral entropy,
zAcc Spectral centroid, yGyr Spectral entropy, zAcc Median frequency

yGyr Spectral centroid, yGyr Standard deviation, zMag Spectral centroid,
yAcc Spectral entropy, yGyr Median frequency, xMag Spectral centroid,
zAcc Spectral entropy, yMag Max, xMag Min

Continued on next page
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Table I1.16 SSMs feature sets, GMM modality smartphone for all activities

Subject  Feature set

P014 zGyr Spectral entropy, xAcc Interquartile range, yAcc Median frequency,
xAcc Max, yGyr Interquartile range, xAcc Spectral entropy, yMag Min,
xMag Spectral centroid, zAcc Median frequency, xMag Min, yAcc Vari-
ance

P015 zGyr Spectral entropy, yMag Spectral entropy, yAcc Variance, zGyr
Standard deviation, xAcc Median frequency, zMag Max, yMag Min,
yGyr Standard deviation, xMag Max, yGyr Spectral entropy

P016 yAcc Min, xAcc Spectral entropy, xAcc Median frequency, yGyr Spectral
entropy, xGyr Spectral centroid, yAcc Median frequency, zAcc Median
frequency, xMag Mean

P018 xMag Spectral entropy, zMag Min, xGyr Standard deviation, xGyr Spec-
tral centroid, yAcc Spectral centroid, yGyr Spectral entropy, yMag Mean,
yAcc Median frequency, zAcc Median frequency

P019 zAcc Spectral centroid, yMag Max, xMag Min, yAcc Median frequency,
yAcc Variance

P020 zMag Spectral entropy, yAcc Spectral entropy, zMag Spectral centroid,
xGyr Spectral entropy, yGyr Spectral centroid, zAcc Spectral entropy,
zAcc Max, yAcc Interquartile range, xMag Max, zMag Mean, xAcc
Spectral entropy, yAcc Variance, yAcc Standard deviation, xAcc Median

frequency

Legend: SSMs- Subject specific models.

Table I1.17: SSMs feature sets, GMM modality smartwatch for all activities

Subject  Feature set

P001 zMag wear Spectral centroid, yGyr wear Interquartile range, yAcc wear
Min, xGyr wear Variance, xMag wear Mean, xAcc wear Min, zGyr wear
Spectral entropy

P002 yGyr wear Spectral centroid, yGyr wear Median frequency, xGyr wear

Spectral centroid, xMag wear Spectral entropy, yMag wear Spectral cen-
troid, zGyr wear Interquartile range, zAcc wear Min, xAcc wear Spectral
entropy, yMag wear Mean, xMag wear Min, yGyr wear Interquartile
range, zAcc wear Median frequency, zAcc wear Standard deviation, xAcc
wear Median frequency, xAcc wear Spectral centroid

P003 zGyr wear Min, yGyr wear Spectral entropy, xGyr wear Spectral entropy,
yMag wear Interquartile range, xMag wear Max, xMag wear Spectral

entropy, yMag wear Mean, yAcc wear Median frequency

Continued on next page
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Table I1.17 SSMs feature sets, GMM modality smartwatch for all activities

Subject

Feature set

P004

P005

P006

P007

P008

P009

P010

PO11

P012
P013

P014
P015

PO16

P018

xMag wear Mean, zMag wear Max, yMag wear Max, zGyr wear Spectral
entropy

zGyr wear Variance, zMag wear Max, zAcc wear Median frequency,
xMag wear Min, yMag wear Mean, yMag wear Max, xMag wear Mean
zGyr wear Median, xMag wear Max, yGyr wear Spectral entropy, zAcc
wear Median frequency, zAcc wear Spectral entropy, xAcc wear Median
frequency, yMag wear Spectral centroid, zMag wear Min

yMag wear Interquartile range, yMag wear Mean, xMag wear Max,
zMag wear Max, xMag wear Median frequency, zMag wear Standard
deviation, zGyr wear Standard deviation, xAcc wear Min, xMag wear
Min, yAcc wear Interquartile range, xGyr wear Variance

yGyr wear Min, xGyr wear Spectral entropy, yAcc wear Median fre-
quency, yAcc wear Spectral entropy, xMag wear Max, xMag wear Spec-
tral centroid, zGyr wear Min, xAcc wear Standard deviation

zGyr wear Standard deviation, zMag wear Max, zAcc wear Min, xAcc
wear Spectral entropy, yGyr wear Spectral entropy, xMag wear Min,
yMag wear Min, xGyr wear Spectral entropy, xMag wear Mean

zGyr wear Interquartile range, zGyr wear Max, xMag wear Mean, zGyr
wear Variance, zMag wear Max

zGyr wear Spectral entropy, XGyr wear Standard deviation, zAcc wear
Spectral entropy, zGyr wear Median, xAcc wear Median frequency, zMag
wear Spectral centroid, yMag wear Spectral centroid, xGyr wear Spectral
centroid, zAcc wear Standard deviation, zZMag wear Max

yAcc wear Spectral entropy, xAcc wear Min, xMag wear Min

zMag wear Max, xMag wear Min, zGyr wear Interquartile range, yGyr
wear Standard deviation

xMag wear Min, xGyr wear Max, zGyr wear Variance

xMag wear Min, xAcc wear Min, xMag wear Max, zMag wear Spectral
entropy, yAcc wear Median frequency, zGyr wear Median frequency,
xGyr wear Median frequency, yMag wear Min, yGyr wear Standard
deviation, yAcc wear Spectral entropy

yMag wear Median frequency, zGyr wear Min, zGyr wear Interquartile
range, zAcc wear Standard deviation, xMag wear Max, yMag wear
Standard deviation, zMag wear Max

xMag wear Min, yAcc wear Standard deviation, zGyr wear Spectral
entropy, yGyr wear Spectral entropy, xMag wear Mean, zMag wear Max,

yGyr wear Interquartile range

Continued on next page
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Table I1.17 SSMs feature sets, GMM modality smartwatch for all activities

Subject  Feature set

P019 zGyr wear Interquartile range, yMag wear Max, yGyr wear Median
frequency, zAcc wear Spectral entropy, xAcc wear Spectral entropy, xMag
wear Spectral entropy

P020 yAcc wear Median frequency, xMag wear Max, zGyr wear Standard

deviation, xMag wear Spectral entropy

Legend: SSMs- Subject specific models; wear- watch.

Table I1.18: SSMs feature sets, GMM modality smartphone and -watch for all activities

Subject  Feature set

P001 zAcc wear Spectral entropy, yMag Max, zAcc Min, xGyr wear Spectral
entropy, zAcc Spectral entropy, yGyr Median frequency, yGyr Interquar-
tile range, xAcc wear Median frequency, yMag wear Mean, xMag wear
Spectral entropy, yGyr Spectral centroid, zZMag Min, xMag Min, xMag

wear Mean, xMag Median frequency

P002 zMag Min, xGyr Max, yMag Mean, yAcc Max, yAcc Variance, xMag
wear Min
P003 zGyr wear Spectral centroid, xGyr wear Median frequency, yAcc wear

Spectral entropy, yAcc Max, xMag Min, yMag wear Min, zMag Max,
yMag Spectral centroid, xMag Mean, xMag wear Mean, xMag wear
Median frequency

P004 yAcc Min, yGyr wear Spectral centroid, xAcc Median frequency, xMag
Max, yGyr Median frequency, zMag Min, xAcc Spectral entropy, yGyr
Spectral entropy, xMag wear Min

P005 zGyr wear Standard deviation, yMag wear Spectral centroid, zAcc Spec-
tral entropy, xAcc wear Median frequency, yMag Min, xGyr Spectral
entropy, yAcc wear Spectral entropy, yAcc Min, xMag wear Mean, xMag
Mean, zMag Max, yMag Mean

P006 xMag wear Spectral entropy, yAcc Standard deviation, yGyr Max, xMag
Min, zMag wear Min, zMag wear Median frequency, xAcc wear Spectral
centroid, yMag Max, zAcc wear Spectral entropy, zAcc Median frequency

P007 yGyr wear Variance, xMag wear Spectral entropy, yMag Min, yAcc
Variance, zMag Min, xAcc Median frequency, zGyr Spectral entropy,
yAcc Standard deviation, xAcc wear Median frequency, yGyr Min, xMag

wear Median frequency

Continued on next page
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Table I1.18 SSMs feature sets, GMM modality smartphone and -watch for all activities

Subject

Feature set

P008

P009

P010

PO11

PO12

P013

P014

P015

PO16

xAcc Max, xAcc wear Median frequency, yGyr Median frequency, xGyr
Standard deviation, yAcc Median frequency, xMag wear Min, zAcc
Median frequency, zMag Max, yAcc Spectral entropy, yAcc Spectral
centroid, zGyr wear Variance, xMag Max

xMag Spectral entropy, xGyr Spectral entropy, yMag wear Min, yMag
wear Interquartile range, yAcc Max, xAcc Median frequency, zGyr Max,
yGyr Spectral entropy, xMag wear Mean, yGyr wear Min, xAcc wear
Spectral centroid, xMag Max, xMag wear Median frequency, xAcc wear
Median frequency

yAcc wear Spectral centroid, yGyr wear Spectral entropy, yAcc Interquar-
tile range, zMag wear Min, yGyr Spectral centroid, xMag wear Max,
xMag Max

yAcc Min, zAcc wear Spectral centroid, yGyr Interquartile range, zAcc
Median frequency, zGyr Median frequency, zMag Max, xGyr Spectral
centroid, yAcc Median frequency, xAcc Spectral entropy, yMag Max,
yGyr Spectral entropy, xAcc wear Median frequency

yGyr Standard deviation, yMag wear Spectral entropy, xGyr Median
frequency, xAcc wear Median frequency, yMag Max, xMag wear Mean,
yAcc Standard deviation, yAcc wear Max, yAcc Median frequency, zZMag
Max, zAcc wear Max

zAcc Standard deviation, yAcc Spectral entropy, xMag Spectral centroid,
yGyr Standard deviation, yGyr Median frequency, zMag wear Max,
xMag Mean, zMag Spectral centroid, yAcc wear Spectral entropy, xAcc
wear Spectral entropy, zGyr wear Median frequency, xMag wear Max,
yMag wear Max

yGyr wear Median frequency, xGyr wear Max, xAcc Standard deviation,
yGyr Interquartile range, xGyr Spectral entropy, xAcc Spectral entropy,
yAcc Max, zAcc wear Spectral entropy, XGyr wear Spectral entropy, xMag
wear Max, xMag Spectral centroid, xMag Min, yMag Min, yAcc wear
Spectral entropy, yMag wear Mean

zAcc Spectral entropy, zMag Min, yGyr Standard deviation, zZMag wear
Spectral entropy, zAcc wear Median frequency, xMag Max, zGyr Spectral
entropy, zAcc Median frequency, zAcc Spectral centroid, xMag wear
Mean, yAcc Variance

zAcc Spectral entropy, xAcc Spectral entropy, zAcc wear Spectral entropy,
xGyr Variance, yGyr wear Spectral centroid, xMag wear Min, yMag
Max, zMag Min, yMag wear Min, yAcc Variance, zGyr wear Min, xGyr

Standard deviation

Continued on next page
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II.2. FEATURE SETS FOR THE ONE-STAGE GENERAL MODEL (1GM)

Table I1.18 SSMs feature sets, GMM modality smartphone and -watch for all activities

Subject  Feature set

P018 xMag wear Mean, xGyr Median frequency, zGyr Variance, zZMag Mean,
yAccInterquartile range, zMag wear Max, zAcc Median frequency, yMag
wear Mean, xMag Median frequency, yAcc Max

P019 xGyr wear Spectral entropy, zGyr Min, xAcc wear Median frequency,
xAcc Median frequency, zGyr Interquartile range, zMag Spectral entropy,
yMag Max, xGyr Spectral entropy, zGyr wear Spectral entropy, xAcc
Spectral centroid, xMag wear Max, zAcc wear Median frequency, zMag
wear Min, yMag wear Mean

P020 yMag wear Min, yAcc Max, yAcc Spectral centroid, yMag Mean, xMag
Max, yAcc Interquartile range, yGyr Spectral entropy, yMag wear Spec-
tral centroid, xAcc wear Median frequency, yAcc Median frequency

Legend: SSMs- Subject specific models; wear- watch.

II.2 Feature sets for the one-stage general model (1GM)

II.2.1 Basic activities

Table I1.19: 1GM feature sets for KMeans, three sensor modalities, and basic activities

Modality Feature set

Mp zAcc Variance, xAcc Interquartile range, yAcc Min, yGyr Standard de-
viation, zGyr Spectral entropy, yMag Min, yGyr Spectral entropy, xAcc
Median frequency, xGyr Standard deviation, yMag Mean, xMag Spectral
centroid, yMag Max

Mw yAcc wear Median frequency, zGyr wear Spectral entropy, yMag wear
Spectral centroid, zGyr wear Standard deviation, xMag wear Max, yGyr
wear Spectral entropy, zMag wear Mean, xMag wear Min, xGyr wear
Min, zGyr wear Max, zGyr wear Min

Mp.w zGyr wear Max, yAcc Max, zGyr Standard deviation, xMag wear Min,
zGyr Spectral entropy, xMag Spectral centroid, zMag wear Mean, yGyr
Median frequency, yGyr wear Spectral entropy

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;
1GM- One-stage general model

Table 11.20: 1GM feature sets for AGG, three sensor modalities, and basic activities

Modality Feature set
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Mp

Mw
MP+W

yGyr Min, zMag Spectral entropy, yAcc Standard deviation, yAcc Vari-
ance

zGyr wear Interquartile range, xGyr wear Spectral entropy

xMag wear Spectral entropy, xAcc Standard deviation, zAcc Median
frequency, zGyr Variance, yAcc Standard deviation, yAcc Variance, xMag
Spectral centroid

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;

1GM- One-stage general model

Table I1.21: 1GM feature sets for GMM, three sensor modalities, and basic activities

Modality Feature set

Mp

Mw
MP+W

zMag Spectral entropy, yAcc Spectral entropy, yGyr Standard devia-
tion, yAcc Min, yAcc Standard deviation, xMag Spectral centroid, yAcc
Variance, xMag Max

zMag wear Max, zGyr wear Max, yMag_wear_Spectral entropy

yAcc Max, zAcc wear Spectral centroid, xMag wear Mean, zGyr Spectral
entropy

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;

1GM- One-stage general model

I1.2.2 All activities

Table I1.22: 1GM feature sets for KMeans, all activities, and sensor modalities.

Modality Feature set

Mp

Mp,w

zMag Mean, zAcc Median frequency, xMag Mean, xGyr Spectral cen-
troid, yGyr Standard deviation, zGyr Standard deviation, xAcc Max,
zGyr Spectral entropy, yAcc Spectral entropy, xGyr Standard deviation,
xGyr Min, yGyr Spectral entropy, xAcc Median frequency, xMag Min,
xMag Spectral centroid

yMag wear Spectral entropy, zGyr wear Min, yGyr wear Spectral centroid,
zGyr wear Spectral entropy, zGyr wear Standard deviation, xMag wear
Spectral centroid, xMag wear Spectral entropy

zMag Min, zGyr wear Spectral entropy, zGyr Max, zGyr wear Min, zGyr
Interquartile range, yGyr Spectral entropy, xMag wear Spectral entropy,
yAcc Spectral entropy, xAcc Min, zAcc Median frequency, zGyr Median
frequency, xAcc Median frequency, xMag Spectral centroid, xMag Min,
xAcc Standard deviation, zMag Spectral centroid

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;

1GM- One-stage general model
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I.3. FEATURE SETS FOR THE TWO-STAGE GENERAL MODEL (2GM)

Table I1.23: 1GM feature sets for AGG, all activities, and sensor modalities.

Modality Feature set

Mp xGyr Standard deviation, yAcc Interquartile range, zMag Max, xGyr
Spectral entropy, yGyr Min, xMag Spectral centroid

Mw zGyr wear Min, xGyr wear Spectral entropy, yAcc wear Median fre-
quency

Mp,w yMag Spectral entropy, zGyr Spectral entropy, xMag Mean, zGyr In-
terquartile range, zAcc Median frequency, xAcc Median frequency, yAcc
Spectral entropy, xAcc Spectral centroid

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;
1GM- One-stage general model

Table I1.24: 1GM feature sets for GMM, all activities, and sensor modalities.

Modality Feature set

Mp yGyr Standard deviation, zGyr Spectral entropy, xAcc Median frequency,
xAcc Spectral entropy, xGyr Standard deviation, yAcc Interquartile range,
xMag Spectral centroid

Mw zGyrwear Max, yMag wear Spectral entropy, yGyr wear Spectral centroid

Mp,w yMag wear Spectral entropy, zZMag wear Spectral entropy, yAcc Median
frequency, zGyr Median frequency, yGyr Standard deviation, yAcc wear
Spectral centroid, zAcc wear Spectral entropy, xAcc Median frequency,
zAcc Median frequency, yAcc wear Median frequency, xMag Max

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;
1GM- One-stage general model

II.3 Feature sets for the two-stage general model (2GM)

II.3.1 Basic activities

Table I1.25: 2GM feature sets for KMeans, three sensor modalities, and basic activities.

Modality Feature set

Mp xMag Max, yAcc Interquartile range, zMag Max, xAcc Min, yAcc Min

Mw xMag wear Max, zGyr wear Interquartile range, yMag wear Min, xMag
wear Min, zGyr wear Max

Mp,w xMag Max, xMag wear Max, yAcc Max, yAcc Interquartile range, zMag

Max
Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;

2GM- Two-stage general model
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Table 11.26: 2GM feature sets for AGG, three sensor modalities, and basic activities.

Modality Feature set

Mp
Mw

MP+W

yAcc Max, zAcc Interquartile range, zMag Max, yMag Max

xMag wear Max, xMag wear Min, xMag wear Mean, zGyr wear Standard
deviation, xGyr wear Interquartile range

xMag wear Max, xGyr Standard deviation, yAcc Interquartile range,
zMag Max, zGyr Interquartile range, yMag wear Max, yAcc Min

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;

2GM- Two-stage general model

Table I1.27: 2GM feature sets for GMM, three sensor modalities, and basic activities

Modality Feature set

Mp
Mw

Mp.w

xMag Max, yAcc Max, zMag Max, yAcc Min, yGyr Standard deviation
xMag wear Max, yMag wear Min, xMag wear Min, zGyr wear Standard
deviation, zGyr wear Interquartile range, zMag wear Max

xMag Max, zMag Max, xMag wear Max, yAcc Min, yAcc Interquartile

range, yMag wear Min, xMag wear Min

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;

2GM- Two-stage general model

I1.3.2 All activities

Table I1.28: 2GM feature sets for KMeans, all activities, and sensor modalities.

Modality Feature set

Mp

Mp.,w

zMag Max, xMag Max, yGyr Spectral entropy, zGyr Standard deviation,
yAcc Max, yAcc Interquartile range, yGyr Standard deviation, zGyr
Spectral entropy, xGyr Min, zMag Min

xMag wear Max, yGyr wear Spectral entropy, xMag wear Spectral en-
tropy, xMag wear Mean, yMag wear Mean, xMag wear Min, xAcc wear
Standard deviation, xGyr wear Interquartile range

xAcc Standard deviation, yAcc Max, yGyr Standard deviation, zMag
Max, xMag wear Min, xMag wear Max, yMag wear Spectral centroid,
xMag Max, zAcc Standard deviation, zZMag Mean

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;

2GM- Two-stage general model

82



I.3. FEATURE SETS FOR THE TWO-STAGE GENERAL MODEL (2GM)

Table I1.29: 2GM feature sets for AGG, all activities, and sensor modalities.

Modality Feature set

Mp xMag Max, zGyr Spectral entropy, yGyr Standard deviation, zAcc Me-
dian frequency, zMag Max, yGyr Spectral entropy, yAcc Max, zGyr
Standard deviation, xMag Spectral centroid, xGyr Min, zGyr Min, zMag
Min, yMag Max, yGyr Max

Mw xMag wear Max, xAcc wear Standard deviation, zAcc wear Max, xGyr
wear Spectral entropy, xGyr wear Interquartile range, zGyr wear In-
terquartile range, yMag wear Min, xMag wear Mean

Mp,w xMag wear Mean, zMag Mean, yAcc Median frequency, zGyr Max, yAcc
wear Standard deviation, xMag Mean, xGyr Standard deviation, zMag

wear Min

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;
2GM- Two-stage general model

Table I1.30: 2GM feature sets for GMM, all activities, and sensor modalities

Modality Feature set

Mp zMag Max, yAcc Variance, yGyr Median frequency, xMag Mean, yGyr
Spectral entropy, xMag Spectral centroid, xMag Min, yAcc Min, yAcc
Max, zGyr Median frequency

Mw zGyr wear Interquartile range, xMag wear Max, xMag wear Mean, xAcc
wear Median frequency, zMag wear Mean, yAcc wear Median frequency,
yAcc wear Spectral entropy, zAcc wear Spectral entropy

Mp,w xMag Mean, xMag wear Min, xMag wear Mean, xMag Max, zGyr
Spectral entropy, yMag Max, yAcc Median frequency, zMag Mean, yAcc
Standard deviation, yAcc Variance, yAcc Spectral entropy, xGyr Median

frequency, yAcc Interquartile range, xGyr wear Median frequency

Legend: M- Modality; P- Smartphone; W- Smartwatch; wear- watch;
2GM- Two-stage general model
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M1

RaNnpDoM ForesT GRID SEARCH RESULTS

Table I1I.1: Random Forest (RF) grid search results (number of trees and depth) using the one-stage
general model datasets.

._. Mp Mp.w
Activities — oS depth nr. trees depth
Basic 200 20 200 20
All 200 10 300 10

Legend: M- Modality; P- Smartphone; W- Smartwatch.
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IV

DEecisioN TREE FOR INTERPRETABLE

CLUSTERING

zMag_Mw(()z ;).513 yGyr_Spect_ra.l Egtzgy <=0.461
gini =0 gini =0
samples = 436 samples = 362
class=0 class=0

Figure IV.1: Decision tree, trained with the cluster labels as target class labels, up to a depth of
two.
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