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Abstract

The modern interconnected world is characterised by a plethora of mobile applica-
tions that operate in smart mobile and wearable devices, aiming to assist various
aspects of human life, such as smart home operations or remote monitoring of
older adults. Understanding daily patterns of human behaviour is key to providing
informed and robust solutions in such scenarios. By inspecting the focus of popular
mobile applications closely it becomes apparent that they commonly share three
main requirements: accurate location estimates; robust activity identification; and
user perception of the task performed.

While research in the area of ubiquitous computing has provided accurate large-
scale solutions for these problems, the design specifications of mobile applications
that enhance a user’s everyday life call for solutions that allow for a consistent
flow of information, are cost-efficient and non-disruptive to the user’s natural way
of conduct, and preserve the privacy of the user and of others who share the
environment. While smartphone-based approaches would satisfy most of the above
requirements, users do not carry the device with them at all times, particularly in
private indoor spaces such as their home or workplace, disrupting the continuity of
tracking. Even when they do, the common placement of the device in the user’s
pocket or bag restricts the range of activities that can be detected, as manual or
tactile activities, for example, cannot be captured.

This thesis aims to overcome these challenges by addressing the outlined problems
from a semantic perspective using a smartwatch as the main sensor modality.
In particular, we attempt to answer the following fundamental question: can
we establish a seamless, continuous, and centralised semantic understanding of a
human’s location and activity content, and use these concepts to build robust models
that accurately capture and explain naturalistic human behaviours?



Smartwatches are lightweight and widely used in modern societies, and their
premium wrist attachment allows for a variety of activities to be recorded and for
the continuity of data information. At the same time, semantic rather than precise
solutions enhance user privacy, as they relieve the need for environment maps or
estimation of a user’s exact pose when performing an activity.

As smartwatch-based solutions have not been widely explored in the past,
there is a lack of publically available datasets of smartwatch sensor recordings,
particularly in the area of human positioning. In this thesis, we first attempt
to address this challenge by contributing two relevant datasets: WatchBLoc,
a dataset of smartwatch inertial sensor data and ambient BLE signals, coupled
with ground truth location information; and watchHAR, an activity dataset of
smartwatch inertial sensor data, enhanced with accurate geographical location data
from the VICON infrared positioning system.

Second, we address the indoor positioning problem in private indoor spaces.
Assuming most modern household devices are equipped with Bluetooth IoT sensors
and that the user owns and consistently wears a smartwatch, we propose RoomE,
a probabilistic algorithm that achieves semantic localisation and room identification
by sequentially fusing ambient location information with high-level mobility features
derived from inertial data, no matter the IoT devices’ placement in the environment.

Third, we study the problem of human activity recognition from a centralised
perspective. In this work, we identify the vast number of mobile applications that
operate on smartwatches often present overlapping requirements of behavioural
information. Motivated by the restricted computing resources of smartwatches, we
propose CHiHAR, a centralised hierarchical activity recognition framework that
expresses activities at different levels of abstraction over a hierarchy of semantic
levels. This allows for a centralised pool of information, from which each mobile
application can source the necessary activity information, at its required level
of detail, only when required.

Finally, we demonstrate the challenges that arise in the explainability of datasets
that have been collected in uncontrolled conditions, such as crowdsourced datasets,
even when utilising models trained on semantically similar datasets. We identify
four levels of semantic challenges, relating to human task perception and annotation
consistency, that contribute to this difficulty and hinder the generalisation and
knowledge transfer capabilities of learned models. To mitigate these, we demonstrate
SeMEDA, a structured approach to bridge semantic inconsistencies between
datasets and identify the underlying rules that govern the activities encoded in
an incoming, challenging dataset.

All the proposed approaches are comprehensively evaluated through extensive
experiments, and the results demonstrate their potential impact on a broad spectrum
of human behaviours.
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Chapter 1

Introduction

1.1 Motivation

Advances in the area of ubiquitous computing have paved the way for a plethora of

mobile applications operating in smart devices that aim to assist various aspects of

everyday life. From human-environment interaction [1, 2] to remote monitoring [3,

4] or general improvement of personal goals, smart devices have become a common

part of daily life. Smartphone use is almost universal nowadays [5], while other

connected devices, such as smartwatches [6], smart rings or ear wearables [7, 8],

are becoming increasingly popular.

The rising human interaction with mobile devices [11] and their inherent

capabilities to record user data via their large number of embedded sensors provides

an exciting opportunity for a mutually beneficial exchange of information between

users and mobile applications: while users can get useful insight into various aspects

of everyday life, mobile applications can also further enhance their performance,

simply by having access to the data logged in the devices when the users interact

with, or carry them.

As mobile and wearable devices become more widely available and socially

acceptable, and their computational power increases, there is also an expansion to

1



2 1.1. Motivation

Figure 1.1: Example of smart wearable devices [9, 10].

Smart wearable devices are becoming increasingly popular. With smartphone usage
almost universal, several other interconnected smart wearables are becoming accessible to
the average user, encouraging human-device interactions.

the fields where mobile applications targeted to human behaviour understanding

can have a significant impact. Fig. 1.2 provides some illustrative examples: fitness

trackers, in the form of step counting or identifying the form of exercise (e.g.,

walking, cycling, etc.) are some of the most popular applications nowadays [12];

outdoor navigation and mapping solutions (e.g., Strava, Beeline) are practically

seamless due to GPS technology [13]; indoor positioning and navigation for public

indoor spaces, that are equipped with multiple Wi-Fi Access Points (APs) or

Bluetooth Low Energy (BLE) beacons, has also seen significant advancement in the

last few years, such as customer navigation in shopping centres [14] and workflow

optimisation in hospitals [15]; the wearable health market is also seeing increasing

popularity, both in the context of diagnosis and monitoring of disease-progress or

rehabilitation-process [16, 17] and remote monitoring and assistance of older adults

in face of the “effect of the ageing population” [18]; another field on the rise is

smart home automation [19], allowing for houses to regulate temperature, lighting,

etc., based on the inhabitants’ usage patterns; and many more.

By examining the above scenarios closely, it becomes apparent that there are

three main aspects governing the understanding of human behaviours: where

people are (human localisation), what they do (human activity recognition),

and how they do it (human task perception). An important detail in addressing
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(a) Fitness trackers [20]. (b) GPS navigation [21]. (c) Indoor positioning [22].

(d) Remote monitoring [23]. (e) Smart homes [24].

Figure 1.2: Mobile applications for human behaviour understanding.

Examples of mobile applications related to human behavioural patterns. Data are recorded
in embedded sensors of wearable devices, such as phones, smartphones, smartwatches, etc.,
in conjunction with ambient sensors when necessary. (a) Fitness trackers, e.g., pedometers,
activity trackers, etc. (b) GPS positioning and navigation in outdoor spaces. (c) Indoor
positioning in GPS-denied environments. (d) Remote monitoring of older adults. (e)
Smart home management.

this problem pertains to the nature of mobile applications, which in the modern

interconnected world strive to support and enhance the user’s daily activities.

Consequently, it is pivotal for a system to effectively extract this information

seamlessly without expecting the user to alter their natural conduct or use extensive

equipment, or imposing heavy infrastructure on the user’s environment. This

challenge serves as the central overarching theme of this dissertation.
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1.2 Research scope

As we delve into the subsequent chapters, we advocate that a comprehensive solution

to the stated problem of human behavioural understanding can be established

through a semantic interpretation of the above concepts, using a simple smartwatch,

wrist-attached wearable, complemented solely by ambient sensors, when required.

Despite significant research contributions in the areas of human positioning and

activity recognition in the last few years, and an increased tendency towards mobile

solutions, smartwatch-based systems have not been thoroughly explored in either of

these research directions. As a result, there is a lack of available datasets recorded

by smartwatch sensors, particularly in the area of indoor positioning. With the

problem of outdoor positioning solved by GPS technology, most current research

is focused on Indoor Positioning Systems (IPS). In public indoor spaces, various

methods have been developed, using cameras [25], LiDAR sensors [26], mmWave

sensors [27], infrared (IF) systems [28] and, more commonly, a combination of

RF-based localisation and inertial data from smartphones [29–31]. Similarly to

the positioning scenario, the HAR problem has been addressed widely by the

machine learning community, with a variety of sensor networks, such as cameras [32,

33], RFID sensors [34], mmWave [35, 36] and wearable sensors, with smartphones

being the primary sensing modality [37–39], due to their widespread usage, long

battery life and computing power. While smartwatches may lack some of these

characteristics, they also present unique opportunities. In Fig. 1.3, we provide an

illustrative comparison between smartphones and smartwatches, showcasing the

advantages and challenges of each chosen modality.

The premium wrist-attached location of a smartwatch allows for secure, contin-

uous attachment of the device to the user, allowing for uninterrupted monitoring.

The increased popularity and social acceptability of smart wearables also makes

the device non-intrusive to the user, allowing for natural conduct. In the area of

Human Activity Recognition (HAR) in particular, smartwatches and other wearables

also offer the potential to broaden the range of activities detectable by a HAR

system. While a smartphone may effectively capture simple activities like walking
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Figure 1.3: Challenges and advantages of smartphone and smartwatch sensors in indoor
positioning and HAR.

Smartphones have become the most popular mobile sensor in recent advances in indoor
positioning and activity recognition, due to their widespread usage, small size and sufficient
computing power and battery life. However, their common placement in the user’s bags or
pockets limits the scope of activities to be identified. At the same time, it is required for
the user to carry the device at all times for effective monitoring, which is not the case in
private indoor environments. While smartwatches may fall short in their computational
capacity, they are also becoming increasingly popular in modern societies. Their wrist-
attachment ensures continuous data flow, and allows for an increased scope of activities
to be performed, extending to all activities that involve manual dexterity. As hands
are involved in virtually every activity a human performs, incurring noise and making
it challenging to record pure activities where hand usage is only complementary, this
characteristic also allows the sensors to capture more naturalistic patterns in human
behaviour, where people commonly involve hand movements to many other primary
activities.

or sitting, it may fall short in capturing activities requiring manual dexterity, such

as brushing teeth. In such cases, a smartwatch could prove beneficial, while a

smart ring might extend the system’s predictive capabilities even further, to include

tactile activities like typing, drawing or sewing.

The distributed capacity of a multi-sensor wearable system to identify a diverse

array of activities gains further significance when considering the requirements of

various mobile applications commonly used by the average user. Despite serving

distinct purposes, many applications rely on similar information about the user’s
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activity patterns. For instance, a remote monitoring application could enhance its

positioning estimates by leveraging information about the user brushing their teeth,

indicating their likely presence in the bathroom. Similarly, a health tracker might

also require this information to monitor dental hygiene. Importantly, the exact

semantic information need not be identical in both cases: while precise details about

the action of “brushing teeth” are crucial for dental hygiene monitoring, a remote

monitoring application could be equally informed by identifying a more generic

“activity commonly performed in the bathroom”. This example illustrates that iden-

tifying activity patterns in a centralised manner and at various levels of hierarchical

abstraction can significantly benefit multiple mobile applications simultaneously,

optimising computational resources by making information available to multiple

applications at once. While some hierarchical approaches to activity recognition

have been explored [40, 41], this has not been addressed in a systematic way.

The increased popularity of smartwatches and other wearable and mobile devices

equipped with various mobile applications also allow for the collection of large

crowdsourced datasets, collected and self annotated by several users in real-world

conditions. Crowdsourced datasets are valuable to the research community, as

they capture realistic patterns of human behaviour. At the same time, however,

learning from, or transferring knowledge to crowdsourced datasets is particularly

challenging. Annotations are often inconsistent, missing or incorrect, as there is

usually limited annotation guidance; labels are assigned based on the personal

understanding and attention to detail of each individual user. While the research

area of transfer learning has explored domain adaptation techniques between different

sensor modalities, sensor placements or users [42], there is no particular focus to

understanding the semantic intricacies of such datasets. Techniques relating to noisy

label handling may seem like an appropriate direction; nonetheless, crowdsourced

datasets often exhibit significant variability in the perception of class definitions

among users, inhibiting robust learning under such approaches. Smartwatch-based

crowdsourced data, that are rich in their recorded activity patterns, present a unique
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opportunity for utilising generalisation and transfer learning approaches from a

controlled dataset to explain a crowdsourced dataset’s underlying patterns.

Based on the above discussion, this thesis focuses on the use of a smartwatch

as the sole sensing modality to tackle the problems of human indoor localisation,

activity recognition and activity data explainability from a semantic perspective,

offering seamless, continuous and centralised solutions. In particular, we will explore:

• The lack of publicly available location and activity data recorded by smart-

watches due to their limited use in research to date, which hinders consistent

benchmarking across relevant research.

• The capabilities of a single smartwatch to estimate and continuously track the

room-level location of the bearer of the device using ambient sensor signals

without additional infrastructure.

• How smart devices are capable of not only identifying the activities performed

by the bearer of the device but also sharing this information in various

hierarchical levels of detail with the multiple mobile applications installed on

the device which may require the same information from different perspectives.

• How naturalistic human behaviour, albeit valuable, contributes to inconsistent

datasets with noisy labels. Acknowledging this, we will explore how a semantic

hierarchy defined over a controlled dataset can help alleviate such data

discrepancies, revealing relevant underlying semantic concepts in any dataset

with semantic proximity to the training data.

Considering the goals summarised above, the main question of this thesis is:

can we establish a seamless, continuous, and centralised semantic understanding

of a human’s location and activity content, and use these concepts to build robust

models that accurately capture and explain naturalistic human behaviours?

In the next section, we will highlight the challenges for indoor positioning,

HAR and activity data explainability in the context of continuous, non-intrusive

monitoring of users, as well as the additional challenges that arise from our proposed

smartwatch-based semantic learning approach.
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1.3 Research challenges

In the previous section, we established that understanding naturalistic human

behavioural patterns involves non-intrusive, continuous and centralised understand-

ing of the person’s location and activity. This research aims to overcome real

issues faced in complex real-world environments to achieve robust and ubiquitous

semantic human localisation and activity recognition. We proposed addressing

these using a wrist-attached smartwatch and ambient sensors. In this section, we

highlight the high-level challenges for each of the above problems: indoor positioning,

human activity recognition, and activity data inconsistencies, due to varying human

perception of a task and annotation errors during data collection.

1.3.1 Data availability challenges

While smartphone inertial sensors are popular choices in both indoor positioning

and HAR research, smartwatch sensors are significantly underexplored. Though this

is reflected primarily in the existing methodologies in indoor positioning and HAR,

it also extends to the lack of available datasets recorded with smartwatch sensors.

This is particularly relevant to the area of indoor positioning, where we have

identified only one relevant dataset containing smartwatch recordings [43].

In the area of HAR, a few studies include inertial smartwatch recordings alongside

other sensor modalities, such as smartphones [44–47]. However, the majority of

these include a limited set of activities [46], for example walking, sitting and running,

are focused on low-level actions [44], or suffer from significant inconsistencies and

label noise, as they were crowdsourced [47].

While naturalistic datasets are valuable in capturing realistic human behaviours,

it is also essential to offer well-controlled datasets that allow for robust and precise

model training.
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1.3.2 Indoor positioning challenges

Our goal regarding human indoor positioning is to establish accurate semantic

location of a user avoiding heavy infrastructure and ensuring continuous tracking.

We identify the following challenges:

• Existing indoor positioning methods are cumbersome and expensive, or very

intrusive to the user’s space and behaviour.

• Furthermore, it is difficult for methods to generalise across different spaces,

as they often require the use of floorplans, extensive fingerprinting or crowd-

sourcing.

• In particular in private indoor spaces, such as houses, distances between rooms

are constrained, allowing ambient signals (WiFi or BLE) to easily propagate

across nearby spaces. As such, they often create similar fingerprints so it is

difficult to distinguish adjacent rooms, especially compared to large spaces.

• The placement of RF-based ambient sensors can significantly affect the overall

accuracy, however, it has not been studied extensively in literature.

To overcome these challenges, we propose in Chapter 4.7 an approach that

utilises only inertial data from a wrist-attached smartwatch, and ambient bluetooth

sensors. While this approach ensures continuous user tracking with minimal user

disturbance, it also comes with its unique set of challenges.

• While sensor quality and battery power are continually improving in wearable

sensors, such as smartwatches, these remain significantly less powerful com-

pared to smartphone sensors. To this end, scanning frequently for ambient

sensor signals can take a toll on the device’s battery life, and limited scanning

can affect the continuity of positioning estimates. Finding an informative

yet battery power-preserving scanning frequency is an important practical

problem in human indoor positioning.
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1.3.3 Human activity recognition challenges

In this thesis, we view human activity recognition at various levels of abstraction,

where the same activity can acquire multiple labels of different descriptive detail

(e.g., coarse or detailed). We identify the following challenges:

• Many successful existing approaches require cumbersome infrastructure (e.g.,

mmWave, LiDAR) or can raise privacy concerns for the monitored users (e.g.,

video-based HAR).

• Smartphones as an alternative overcome these issues, but are impractical for

continuous HAR, as they are not always carried by users in private indoor

spaces.

• Smartphones also have a limited taxonomy of activities, as they cannot

effectively capture activities that entail more intricate movements, such as

manual or tactile events.

To overcome these challenges, we propose in Chapter 5.7 a hierarchical HAR

approach that utilises only inertial data from a wrist-attached smartwatch. While

this approach ensures continuous user tracking with minimal user disturbance,

and allows for centralised predictions at various levels of abstraction, it raises

the following additional challenges:

• Though smartwatches can achieve continuous monitoring due to their wrist-

attachment, they have limited computational resources. As such, efficiently

managing the demands of numerous mobile applications that often request

the same information (albeit at different timings or levels of detail) is a key

challenge in smartwatch-based HAR.

• The hand-involvement on most activities in smartwatch data collection leads

to similar signal patterns for distinct activities within a dataset, significantly

hindering a system’s capacity to learn robust, accurate and generalisable

models on pure activities.
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• Defining an activity at various levels of abstraction alleviates the above

challenges. However, identifying the hierarchical abstraction over a set of

activities is not trivial; this is further hindered by the naturalistic behaviour

encoded in smartwatch activity data, due to the engaging hand movements.

1.3.4 Data explainability challenges

The notion of data explainability in this thesis is viewed through the scope of

generalisation and knowledge transfer to a similar but not semantically identical

target domain. Suppose two HAR datasets defined over semantically similar activity

classes; one of the datasets is considered carefully curated and well-annotated

(source), while the second dataset is crowdsourced (target). We identify the

following challenges in generalising, or transferring knowledge from the source

to the target dataset:

• The two datasets may contain different classes, albeit semantically similar. In

these cases, standard out-of-distribution detection for generalisation is not

sufficient.

• Annotations may be assigned over varying time windows, leading to distinct

feature and output spaces across the two datasets.

• The underlying perception between two respective classes of the same (or

equivalent, e.g., walking - WALK) name in the two datasets may be different,

incurring label inconsistency among the two datasets.

• The underlying perception of a class among users of the crowdsourced dataset

may be variable, leading to within-class inconsistencies.

To overcome these challenges, we propose in Chapter 6.7 an inverse-hierarchy

approach to semantic mapping across such datasets. While the choice of smartwatch

is not absolutely necessary and the method could be applied to data from any

wearable device, smartwatch activity datasets tend to be more appropriate, as they

usually involve a wider range of activities, hence it is more straightforward to define

a robust hierarchy at different levels of abstraction.
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In this section, we have highlighted the challenges that arise when attempting to

address the problem of continuous, non-intrusive monitoring of human behavioural

patterns, giving particular focus on the challenges that arise from the selected

smartwatch sensor modality. In the next section, we will summarise the contributions

of this thesis towards this goal.

1.4 Research contributions

In summary, we make the following contributions in this thesis:

• Two smartwatch-based datasets to improve the benchmark availability on

smartwatch data in the research community.

– The first comprehensive dataset, WatchBLoc, comprising signals from

BLE home devices and user-worn smartwatches allowing for the study of

room-level localisation under a variety of conditions: users, IoT device

layouts and home layouts. This contribution is described in the following

publication:

∗ Alevizaki, A., Trigoni, N. (2022). RoomE and WatchBLoc: A

BLE and Smartwatch IMU Algorithm and Dataset for Room-Level

Localisation in Privacy-Preserving Environments. In the 19th EAI

International Conference on Mobile and Ubiquitous Systems: Com-

puting, Networking and Services (MobiQuitous 2022).

∗ The dataset is publicly available at:

https://doi.org/10.5281/zenodo.7039554.

– A smartwatch IMU dataset for activities of daily living, watchHAR.

This contribution is described in the following publication:

∗ Alevizaki, A., Pham, N., Trigoni, N. (2023). Hierarchical Activ-

ity Recognition with Smartwatch IMU. In the 24th International

Conference on Distributed Computing and Networking (ICDCN ’23).

https://doi.org/10.5281/zenodo.7039554
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∗ The dataset is publicly available at:

https://doi.org/10.5281/zenodo.7092552.

• A probabilistic algorithm that achieves semantic localisation and room identi-

fication by sequentially fusing ambient location information with high-level

mobility features derived from inertial data, no matter the IoT devices’

placement in the environment. It also provides the capability of inferring room

transition probabilities without using floorplan information. This contribution

is described in the following publication:

– Alevizaki, A., Trigoni, N. (2022). RoomE and WatchBLoc: A BLE and

Smartwatch IMU Algorithm and Dataset for Room-Level Localisation

in Privacy-Preserving Environments. In the 19th EAI International

Conference on Mobile and Ubiquitous Systems: Computing, Networking

and Services (MobiQuitous 2022).

• A hierarchical framework that achieves robust classification performance for

various ADLs, such as walking, personal hygiene and household tasks, at a

low computational cost over a hierarchy of decision levels. Our method is

easily deployed as it only requires a wrist-attached smartwatch without any

requirements for calibration or user constraints. This contribution is described

in the following publication:

– Alevizaki, A., Pham, N., Trigoni, N. (2023). Hierarchical Activity

Recognition with Smartwatch IMU. In the 24th International Conference

on Distributed Computing and Networking (ICDCN ’23).

• A structured inverse-hierarchy approach to extracting and explaining informa-

tion from a new dataset of unknown design specifications with respect to the

information encoded in the dataset used to train a deep classification model.

This contribution is described in the following publication:

https://doi.org/10.5281/zenodo.7092552
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– Alevizaki, A., Pham, N., Trigoni, N. (2024). Revealing semantic

mappings across HAR datasets. In the 20th Annual International

Conference on Distributed Computing in Smart Systems and the Internet

of Things (DCOSS-IoT 2024).

In summary, this thesis contributes novel smartwatch-based localisation and

activity recognition datasets and systems, and provides guidelines on how to connect

them with similar yet semantically inconsistent target domains.

1.5 Thesis outline

The remaining of this thesis is outlined as follows: in Chapter 2.7, we provide

an overview of related literature. Chapter 3.4 introduces the two datasets we

contribute in this work, WatchBLoc and watchHAR, and discusses the challenges

associated with data collection. Chapter 4.7 proposes RoomE, an algorithm

for room-level semantic localisation using ambient IoT signals and inertial data

from a smartwatch. Chapter 5.7 then demonstrates CHiHAR, a hierarchical

approach to recognising activities of daily living, enabling a centralised approach to

providing similar information to different mobile applications exactly as necessary

by each of them. Chapter 6.7 studies the challenges in crowdsourced dataset

collection and proposes SeMEDA, an inverse-hierarchy approach to semantic

understanding of a crowdsourced dataset and its semantic alignment with another

known dataset. Finally, Chapter 7.2.4 concludes this thesis and discusses challenges

and future directions.



Chapter 2

Background

2.1 Introduction

In this chapter, we introduce some fundamental concepts relevant to the work

in this thesis. We analyse the availability of datasets related to human indoor

positioning and activity recognition and emphasise the necessity of high-quality

data to drive progress in this research field. We also provide an overview of

existing approaches in the fields of human indoor positioning, human activity

recognition and knowledge discovery, the concepts that we explore in this thesis

in an attempt to establish informative semantic context for human behavioural

patterns, encompassing factors like location, activity, and the situational nuances

that may allow for controlled or naturalistic behaviours.

2.2 Preliminaries

In this section, we will explore some key concepts that are relevant for a reader to

comprehend this thesis. We will highlight relevant sensor modalities for data

collection that are pertinent to this research, along with popular signal data

processing techniques and learning mechanisms.

15



16 2.2. Preliminaries

2.2.1 Sensors and systems

Our interconnected world offers an extraordinary platform for crafting intelligent

systems that leverage a variety of sensor modalities; radio signals, inertial, visual

and LIDAR point cloud data, as well as ambient signals such as Wi-Fi or mag-

netic interferences, can be easily recorded, as humans are often equipped with a

combination of such sensors. With this vast amount of available sensor data, we

are in a unique opportunity to train systems that can capture elements of human

behaviour as a user interacts with their environment.

2.2.1.1 Sensor data processing

While raw sensor data are precious due to their rich embedded information,

they often contain noisy, erroneous or missing data. As such, it is important

to ensure consistent and clean data before utilising them in their raw form,

or, as is often necessary, transform them into other, more explainable feature

representations [48, 49].

There are three key preprocessing steps for data preparation: i) denoising, ii)

handling missing data, and iii) identifying outliers [50, 51]. This process is the

first step in any scenario of learning models from data, both when utilising raw

data directly and when engineered features are employed.

As this thesis focuses on ambient and inertial data, this section focuses on

data preprocessing for these modalities. However, the same principles apply for

other sensor types.

Raw sensor data collected from IoT devices often contain significant amounts of

noise and irrelevant information. Noise removal is commonly performed by applying

appropriate filters to data, such as moving average or moving median filters [52],

or low-pass filters to remove high-frequency noise; continuous and discrete wavelet

transforms have also been effectively utilised for signal denoising, by thresholding

of the calculated wavelet coefficients [50, 53].

Similarly, low-cost IMUs are susceptible to various error sources arising from

mechanical, electronic, and signal processing imperfections. Existing approaches
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for mitigating noise in IMU measurements and compensating for intrinsic model

inaccuracies predominantly rely on statistical techniques. A common strategy in

inertial navigation involves filtering IMU data to suppress or remove high-frequency

components [54]. Auto-regressive and moving average (ARMA) methods are widely

employed in this domain, similar to the IoT signal denoising mechanisms discussed

earlier [55]. Beyond noise, IMU readings are also influenced by sensor biases,

typically represented as additive terms in measurement equations [56].

Missing data can be handled in various ways, from simple techniques such as

substituting missing values with the mean signal value of existing datapoints [57] or

utilising clustering and nearest neighbour to decide on the missing values [50, 58],

to linear, cubic, multinomial or more complicated interpolation approaches [58, 59],

as well as probabilistic techniques, such as probabilistic matrix factorisation [60].

Finally, outlier detection can be established by training classifiers for standard

and outlier values [61] (borrowing from the field of anomaly detection), principal

component analysis [62], or voting mechanisms, when more than one nodes are

available to correct erroneous values [63].

2.2.1.2 Signal processing for feature extraction

Following data preparation based on the sensor data processing techniques dis-

cussed above, it may be necessary to transform raw data to alternative feature

representations. Here, we investigate some key signal processing techniques towards

this direction that are relevant in this research.

Short-time fourier transform The short-time fourier transform (STFT) is a

signal processing technique that investigates the changing frequency content of

a signal over time. For a signal x(t), the STFT is calculated by segmenting the

signal into short, overlapping time segments xw(t) = x(t) · w(t) and computing

the Fourier transform X(t, f) for each segment:

X(t, f) =
∫ ∞

−∞
xw(τ) · e−j2πfτ dτ. (2.1)
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A useful representation of the STFT is the power spectrogram, which represents

the squared magnitude of the STFT:

|X(t, f)| =
∣∣∣∣∫ ∞

−∞
xw(τ) · e−j2πfτ dτ

∣∣∣∣ . (2.2)

Wavelet transform The wavelet transform is a time-frequency signal processing

method that is very effective at capturing patterns in the signal that are highly cor-

related in structure with the analysing wavelets (Φ(s,l), φ(s,l)), which are defined as,

Φ(s,l)(x) = 2 s
2 Φ(2−sx− l) (2.3)

φ(s,l)(x) = 2 s
2φ(2−sx− l) (2.4)

where s, l, Φ, and φ are the scaling and dilating factors and wavelet and scaling gener-

ation functions, respectively. At each decomposition level of the transform, the input

signal (f(t)) is decomposed into approximation (Wa) and detail coefficients (Wd) as,

Wa(s, l) = 1√
N

(
∑

t

f(t)φ(s,l)(t)) (2.5)

Wd(s, l) = 1√
N

(
∑

t

f(t)ϕ(s,l)(t)) (2.6)

These coefficients can be represented as a scalogram, a 2D visual representation

of the coefficient values across different scales for each point in time.

There are infinite mother wavelets available, and different mother wavelets will

produce different results when applied on the same signal [64]. As such, choosing

the appropriate set of wavelets for feature extraction is essential to achieve a robust

transformation from the raw data to another representation domain.

2.2.2 Machine learning

Machine Learning is a subfield of artificial intelligence (AI) that focuses on the

development of algorithms and statistical models that enable computer systems to

improve their performance on a specific task through learning from data without

being explicitly programmed.
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The key components of machine learning encompass supervised learning, where

models are trained on labelled datasets, and unsupervised learning, where algorithms

discern patterns in unlabeled data independently. Feature engineering stands out

as a critical concept involving the selection, transformation, or creation of pertinent

features from raw data to enhance model performance. The quality of generated

features and number of training data are key to building accurate models; overfitting

occurs when a model learns the training data too well, including noise and outliers,

leading to poor generalisation on new data. Underfitting, on the other hand, happens

when the model is too simple to capture the underlying patterns in the data.

2.2.2.1 Feature engineering

Feature engineering is a key component of machine learning and data analysis that

involves designing and selecting informative statistics or representations from raw

data to enhance the performance of predictive models.

Traditional feature engineering involves carefully crafting and extracting charac-

teristics from data to capture domain-specific knowledge which may not be readily

apparent in their raw form. It requires domain expertise to design and select a

representative set of features that will achieve robust model performance [65].

The advances in the area of deep learning have shifted the feature engineering

problem from handcrafting features to automatically extracting high-dimensional,

complex features in the latent space of a deep model’s hidden layers. These learned

features represent the data in higher-dimensional spaces and capture intricate,

abstract patterns and hierarchies within the input data. While this approach

removes the domain-specific expertise required in handcrafted feature engineering,

it is more computationally intensive and data-demanding, as deep neural networks

typically learn from large datasets. The choice between the handcrafted and deep

approach to feature engineering thus depends on the specific problem to be solved.

Regardless of the chosen mechanism, the generated features can be used to

train machine learning models.
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2.2.2.2 Machine learning models

In this section, we will highlight some popular machine learning models, that are

used in this thesis. While deep models are preferred nowadays, particularly in the

field of human activity recognition, traditional machine learning has been effectively

utilised, and is still often employed as baseline or for comparison [40, 41, 66, 67].

Linear Regressor A linear regressor is a statistical and machine learning model

that seeks to establish a linear relationship between a dependent variable (also

known as the target or response variable) and one or more independent variables

(predictors or features). This relationship is typically represented by a linear

equation of the form:

ȳ = āTx̄+ b̄, (2.7)

where ȳ is the dependent variable, x̄ is the dependent variable and ā, b̄ are the model

parameters. The goal of linear regression is to estimate the values of the coefficients

ā, b̄ that best fit the observed data, minimising the sum of squared differences

between the predicted values and the actual values of the dependent variable.

Decision Trees A decision tree is a non-linear supervised learning algorithm used

for both classification and regression tasks. It constructs a tree-like model where

each internal node represents a decision based on a specific feature, and each leaf

node represents an outcome or prediction. Decision trees partition the feature space

recursively using criteria such as entropy to make data-driven decisions, making

them interpretable and suitable for tasks involving complex decision-making.

Random Forests Random Forests are an ensemble learning method that combines

multiple decision trees to improve predictive accuracy and reduce overfitting. Each

tree is trained on a random subset of the data, and predictions are aggregated to

produce a final result. Random Forests are known for their robustness and high

performance in various classification and regression tasks.
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Support Vector Machines Support Vector Machines (SVM) is a supervised

learning algorithm used for classification and regression tasks. SVM operates by

identifying the hyperplane that maximizes the margin between classes in the feature

space. The instances closest to this hyperplane are called support vectors. For

non-linearly separable data, SVM employs a technique called the kernel trick, where

it maps the input data into a higher-dimensional space to make it linearly separable.

The selection of an appropriate kernel function significantly impacts the performance

of the SVM model. The linear kernel is one of the simplest kernels, and it’s suitable

for linearly separable data. It defines the decision boundary as a straight line, plane,

or hyperplane in higher dimensions. The linear kernel computes the dot product

between two vectors, making it efficient for large-scale datasets. The Radial Basis

Function (RBF) kernel is commonly used for non-linear data and maps data points

into a higher-dimensional space using a non-linear transformation. It is effective for

capturing complex decision boundaries. The RBF kernel uses a similarity measure

to place more weight on closer points, creating non-linear separation boundaries.

Gradient Boosting Classifier Gradient Boosting is an ensemble learning

technique that builds an additive model in a forward stage-wise manner. It combines

weak learners (typically decision trees) to create a strong predictive model. Gradient

boosting minimizes a loss function by adding decision trees sequentially, with each

tree correcting the errors made by the previous ones. It is widely used for both

classification and regression tasks.

Gaussian Naive Bayes Gaussian Naive Bayes is a probabilistic classification

algorithm based on Bayes’ theorem with the “naive” assumption of independence

between features. It’s particularly effective for classification tasks when dealing

with continuous or real-valued features. Gaussian Naive Bayes is a variant of the

Naive Bayes algorithm, specifically designed for features that follow a Gaussian

(normal) distribution. It’s employed to predict the class labels of instances based

on the conditional probability of features given the class.
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The “naive” assumption in Gaussian Naive Bayes implies that the presence of

a particular feature in a class is unrelated to the presence of any other feature,

given the class label. This assumption simplifies the probability calculation, and it’s

particularly effective when this independence assumption approximately holds

true for the given dataset.

2.2.3 Deep learning

Deep learning refers to a subfield of machine learning that involves the use of

artificial neural networks, particularly deep neural networks, to model and solve

complex problems. These networks are characterized by multiple layers (deep

architectures) that allow them to automatically learn hierarchical representations

of data, extracting relevant features at different levels of abstraction. Deep learning

has demonstrated remarkable success in various domains, including image and

speech recognition, natural language processing, etc.

Deep neural networks require a substantial amount of training data to effectively

learn and discern patterns. The depth and complexity of these networks, with

numerous interconnected layers, make them capable of capturing intricate features

and representations from data. Adequate training data enables the model to adjust

its parameters through iterative learning, improving its ability to make accurate

predictions on new, unseen examples. The lack of enough quality data for training

can significantly affect a deep model’s learning capacity, leading to overfitting.

As the availability of large and diverse data is sometimes limited, particularly in

supervised domains where annotations are required, mitigating such problems is

key for the model to achieve better performance across a range of inputs. These

techniques are known as model regularisation; effective regularisation strikes a

balance between fitting the training data well and generalising to new, unseen data.

It plays a crucial role in preventing models from becoming too complex or too

simplistic, thus enhancing their ability to make accurate predictions on diverse

datasets. Regularisation techniques contribute to the robustness and reliability

of deep learning models in real-world applications.
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2.2.3.1 Regularisation approaches

Here, we present a summary of regularisation mechanisms for deep neural networks.

Data augmentation Generating additional training samples by applying random

transformations to existing data helps expose the model to a broader range of scenar-

ios.

Dropout This technique involves randomly setting to zero a fraction of neurons

during training, preventing the network from relying too heavily on specific neurons

and enhancing generalisation.

Weight regularisation Adding a penalty term based on the magnitude (L2

regularisation) or absolute value (L1 regularisation) of the weights to the loss

function helps prevent overly complex models.

Early stopping Monitoring the model’s performance on a validation set during

training and stopping when performance on the validation set starts to degrade

helps prevent overfitting.

Batch normalisation Normalising the input of each layer in a network helps

stabilise and accelerate training, acting as a form of regularisation.

2.2.3.2 Key deep learning models

Convolutional neural networks (CNN) A convolutional neural network (CNN)

is a class of deep neural networks designed originally for data requiring translational

invariance, such as images and videos [68]. CNN models perform convolution and

pooling operations over the input data, aiming to capture local patterns and learned

hierarchies. They have proved excellent feature extractors for spatially correlated

data and are thus often used in computer vision.
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Reccurrent neural networks (RNN) Recurrent Neural Networks (RNNs)

are a type of artificial neural network designed to handle sequential data and

capture dependencies over time. Unlike traditional feedforward neural networks,

RNNs have connections that form directed cycles, allowing them to maintain a

hidden state that retains information about past inputs. This architecture makes

RNNs well-suited for tasks involving sequences, such as time series analysis, natural

language processing, and speech recognition.

However, traditional RNNs have limitations, particularly in handling long-term

dependencies, known as the “vanishing gradient” problem. As the network processes

information over many time steps, the gradients used for learning diminish, making

it challenging to capture dependencies that are distant in time.

Long short-term memory (LSTM) A long short-term memory (LSTM)

network is a class of deep neural networks from the residual neural network

family (RNNs) that aim to capture long-range dependencies within sequential

data. LSTMs have demonstrated remarkable performance in capturing temporal

patterns in sequential data, such as natural language processing [69] and speech

recognition [70], owing to their ability to capture intricate temporal patterns and

exhibit resistance to the vanishing gradient issue associated with traditional RNNs.

ConvLSTM architecture Combining a CNN with a LSTM network can be a

powerful approach in applications involving sequential data exhibiting correlations

in the spatial domain [71]. It can be particularly beneficial for time series data: the

CNN module can act as a feature extractor, followed by the LSTM cell to capture

time dependencies and patterns. ConvLSTM architectures have also been extensively

explored in the area of Human Activity Recognition (HAR), including for data from

inertial measurement units (IMUs) [72–75]. Most commonly, the data are segmented

in windows of 2-to-5-sec length to be prepared as inputs to the models [73, 74]. As

CNNs perform particularly well for image-like data, it is a common approach to first

handcraft a visual representation from the raw data, e.g., an FFT spectrogram [74]

or other composite images [75] to use as input to the models.
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In this section, we have presented the key theoretical concepts that are necessary

for a reader to comprehend this thesis. Having focused here on methodologies,

in the next section, we will discuss the availability of high quality datasets that

can be used to train robust models for the problems of human indoor positioning

and activity recognition that we study in this thesis.

2.3 Existing datasets

Machine learning algorithms largely depend on good-quality data to be trained and

evaluated effectively. While some application domains, e.g., computer vision, have

a large number of standardised image datasets for benchmarking (e.g., MNIST,

CIFAR-10, MS-COCO, etc.), there are not many publicly available datasets that

are suited for the problems addressed in this thesis: human indoor positioning and

human activity recognition from smartwatch data.

Regarding indoor positioning methods for the home scenario, in [76] the re-

searchers collect geographical ground truth locations and BLE received signal

strength indicators (RSSIs), but all data are collected in a single open space,

with known device configurations and floorplan. Similarly, the UJIIndoorLoc-Mag

database [77] provides semantic location data and smartphone IMU data but is

only constrained to snapshots of corridors and not continuous movement across

different rooms. The Miskolc IIS Hybrid IPS dataset [78] offers geographical

ground truth location, BLE and Wi-Fi RSSIs, as well as magnetometer data from a

smartphone, which constraints the viable positioning methods to those based on

magnetic field (which usually require fingerprinting). The dataset collected with

the Smart Home in a Box (SHIB) technology [43] is the most complete database,

offering semantic location estimates and RSSIs from gateways and IMU data in a

wrist wearable in a real home environment, albeit is constrained only to a subset

of the house’s semantic locations.

Similarly, HAR datasets are primarily focused on data collected in smartphones

and often suffer from a limited range of recorded activities. The UCI HAR

dataset [79] is a very popular dataset of 6 locomotive activities but only contains data
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from smartphone sensors. The Opportunity dataset [44] on the other hand is rich

in sensor data, including both smartphone and smartwatch inertial recordings, but

the set of recorded activities is focused on low-level actions, such as opening/closing

doors or drawers, etc. An important contribution, as it includes data from both

smartphones and smartwatches recorded in-the-wild, is the ExtraSensory dataset [47];

however this naturalistic approach to data collection can lead to missing labels

and inconsistencies to the annotations, as well as unbalanced data classes, as the

authors themselves report [80]. The PAMAP2 [45] and WISDM [46] datasets are

the only available, to our knowledge, datasets that provide accurate smartwatch

recordings and capture a rich set of interesting activities of daily living.

2.4 Human positioning

Human Positioning is the area of research that aims to estimate a human’s position

in a given environment. The position estimate can vary from accurate spatial

coordinates (geographic localisation) to semantic location (semantic localisation)

or even orientation of the pose of the individual (pose estimation), depending on

the task in question. The high availability of Global Positioning System (GPS)

has achieved high accuracy and reliable tracking in real-time. Indoor positioning,

on the other hand, is more challenging due to a number of factors, including but

not limited to signal attenuation and fading, cost of infrastructure, and privacy.

Here, we will examine key approaches to human indoor positioning using a variety

of infrastructures and sensor modalities.

Note that the primary goal of this thesis is to discern continuous human

behavioural patterns while respecting the user’s privacy and natural conduct.

Consequently, approaches that necessitate intricate and costly infrastructure, disrupt

the user’s unrestricted movements, or pose privacy concerns are not appropriate for

our research focus. Therefore, this chapter centres on exploring lightweight, scalable

solutions for indoor human positioning and will thus focus on radio-frequency-

based and inertial navigation approaches. Nevertheless, we will provide a complete

overview of existing positioning solutions renowned for their accuracy in different
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contexts, explaining why they are unsuitable for indoor human positioning in

a naturalistic setting.

2.4.1 Positioning methods

In this section, we will initially present the fundamental tools underpinning posi-

tioning methodologies. The concepts discussed herein are not inherently exclusive

to a specific sensor type or positioning system; rather, they can be applied across

various infrastructure scenarios. Nevertheless, certain techniques may exhibit greater

suitability for specific technologies, as we will examine in Section 2.4.2.

2.4.1.1 Signal measurements

Let us first define some key concepts that are relevant for estimating the distance

between a transmitter and a receiver in a positioning system.

Time of Arrival (ToA) or Time of Flight (ToF) This method performs

ranging based on the relationship between transmission time, speed and distance. It

involves calculating the variance between the received signal’s time (as per local clock

measurements) and the transmission time (based on global time measurements), or

vice versa, as described in [81]. This nuanced approach, encompassing both local

and global measurements, necessitates precise time synchronisation among network

nodes, which can introduce complexity into network design. Knowing the ToA and

the propagation speed of the signal, we can estimate the equivalent distances between

transmitter and receiver drawing upon fundamental principles of physics, i.e.:

d = cT, (2.8)

where d is the calculated range measurement, c is the propagation speed of the

signal, and T is the ToA, as computed by the sensors.
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Time Difference of Arrival (TDoA) Much like the Time of Arrival (ToA)

method, Time Difference of Arrival (TDoA) relies on transmission times for distance

estimation. However, in situations where the exact emission time remains unknown,

TDoA offers a solution by enabling the computation of distances. This is achieved

by translating the disparity between the recorded time of signal arrival from a

pair of reference nodes, as outlined in [82], into the difference in range estimates

for those reference nodes. To determing the transmitter’s position, we need to

solve a set of equations similar to Equation 2.8:

∆di = c∆Ti, (2.9)

where ∆di is the calculated range measurement between the ith receiver and a

reference receiver, c is the propagation speed of the signal and ∆Ti is the TDoA

between the ith receiver and a reference receiver, as computed by the sensors.

Angle of Arrival (AoA) The AoA is defined as the angle formed between the

propagation direction of an incoming wave and a designated reference direction,

known as orientation. This orientation is typically represented in degrees and

follows a clockwise direction from the North. When the orientation aligns with

0o, indicating a Northward direction, the AoA is considered absolute; otherwise, it

is relative in nature [83]. The fundamental concept behind AoA revolves around

the notion that the signal’s delay as it reaches two antennas varies based on the

transmitter’s direction. By measuring the phase difference between the received

signals at these two antennas, we can precisely determine the direction from which

the signal originates. In essence, if we possess the knowledge of the angles at

which a signal is received by two receivers with established positions, we can

compute the position of the unknown node (i.e., the emitter) as the third point

of a triangle. This triangle has one known side (the distance between the two

receivers) and two known angles (the AoAs).
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Received Signal Strength (RSS) In indoor environments, the quality of

electromagnetic signals as it travels between the transmitter and the receiver can

be affected due to several factors; for example, whether there exists a direct line-

of-sight (LOS) between the nodes can lead to noticeable variations of the signal

at the receiver. Non-line-of-sight (NLOS) can further exacerbate other challenges,

such as multipath fading and signal attenuation: as the signal travels through

windows, walls, and other significant obstacles, it can be diffracted, reflected and

faded, adding variability to the signal strength.

RSS-based positioning aims to alleviate this problem by assuming an attenuation

model for signal propagation, specifically a path-loss model, and different assumed

models can lead to varying results. The most common wireless signal propagation

model is the log-distance path loss model:

r = r0 − 10n log10(d), (2.10)

where n is the path loss exponent, d is the distance between the transmitter and

the receiver, and r0 is the path loss at a reference distance of 1 metre. By applying

this model, it becomes possible to estimate the distance between the transmitter

and the receiver based on the observed RSS value.

2.4.1.2 Positioning algorithms

Trilateration This method serves as a crucial second step in all the previously

mentioned approaches. While Time of Arrival (ToA), Time Difference of Arrival

(TDoA), Angle of Arrival (AoA), and Received Signal Strength (RSS) methods

offer distance estimations between the transmitter and receiver, they alone cannot

pinpoint the exact location. Instead, they provide a geometric locus or a subspace

within the coordinate system where the node might be situated. To address this

challenge, trilateration takes the distances calculated through ToA, TDoA, AoA, or

RSS and transforms them into a geometric problem. In a 2D plane, typically used for

localising humans, a minimum of three range measurements is necessary. In the case

of ToA, each distance from the transmitter represents a circle with a radius equal to
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the range measurement around the respective receiver. The node then determines

its position by identifying the intersection point of these circles. Similarly, in the

case of TDoA, each time-difference estimate yields a hyperbola representing the

potential positions of the node. The transmitter’s unique location can be determined

by intersecting two such hyperbolas. The AoA and RSS methods are commonly

also converted into one of these geometrical frameworks based on whether Time

of Arrival (ToA) or Time Difference of Arrival (TDoA) can be inferred.

Fingerprinting Fingerprinting stands as one of the most widely employed indoor

positioning methods [84]; it comprises two distinct phases: the offline phase and

the online phase. The offline phase is a training phase, during which a database

of empirical pairs (coordinates, RSSI) is meticulously created. This collection

of database entries is called the fingerprinting radio map. During the online

phase, signal intensities from unknown positions are recorded and compared with

the entries in the fingerprinting radio map using a proximity measure, e.g., k-

nearest neighbours (k-NN). The result of the proximity algorithm, combined with

the appropriate signal propagation model for each particular task, can yield a

re-estimate of the user’s location.

Proximity-based positioning Proximity location methods involve the utilisation

of emitter nodes to detect instances where the RSS at the receiver exceeds a

predefined threshold, indicating that the receiver is in proximity to the emitter.

In cases where multiple sensors register readings above the threshold, the node

with the highest RSS is designated as the closest node. By utilising multiple

threshold boundaries, assets can be categorised within immediate, near, and far

proximities from the emitter.

Pedestrian Dead Reckoning (PDR) Pedestrian Dead Reckoning (PDR) is a

localisation technique that estimates the position of an individual by integrating

data from inertial sensors, such as accelerometers and gyroscopes, with information

about the user’s starting location [85]. As the pedestrian moves, the system
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continuously updates the position based on the user’s step counts, stride length,

and direction changes. While this method can provide accurate positioning, it is

prone to cumulative errors over longer periods of time [86]. Hence, it is necessary

to establish mitigation mechanisms that allow for error-correction.

2.4.2 Positioning systems

In the previous section, we outlined fundamental concepts that underpin indoor

positioning, independent of specific infrastructure or sensor types. In this section,

we will explore current research on indoor positioning, focusing on the primary

sensing technology employed.

2.4.2.1 Vision-based positioning

Vision-based approaches to positioning estimate user location by analysing images

taken by cameras. While these are most commonly computer vision approaches

are employed, as images are taken from standard (RGB) or more recently depth

(RGBD) cameras, the increased popularity of augmented reality experiences has

drawn interest to estimating user position within the hybrid virtual and real space.

Computer vision The area of computer vision has traditionally focused on

developing algorithms and techniques to identify and track objects in images or

in videos over time [87]. With the advances in the area of autonomous driving,

pedestrian tracking has seen remarkable progress [88], paving the way to identifying

and tracking humans from image-like data. In terms of indoor positioning, we

can identify two approaches: a passive approach, where the user wears a camera

that captures instances of the surrounding environment from the user’s viewpoint;

and an active approach, where cameras are pre-installed in the environment the

user needs to be monitored [89].

In the active approach to vision-based positioning, a number of directions have

been explored. Traditional computer vision techniques have been utilise to detect

and localise individuals carrying a marker, for example, wearing a certain colour

or carrying a particular object [90, 91]. Towards a lighter approach for the user
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being tracked, other research directions have explored recursively detecting the

foreground or background of the retrieved images and separating the user from that

space [92, 93]. More recently, deep learning approaches have been explored to achieve

positioning from fixed cameras by estimating the location of body parts [94], full pose

estimation [95, 96] or landmark identification [97], for the case of indoor spaces where

space structure can be inferred. Note that for these research directions, a map of the

environment and the location of the cameras within the environment are required.

The passive approach to vision-based positioning is related to visual odometry

(VO): VO estimates the ego-motion of a camera by identifying known locations in

its environment or exploiting geometric constraints from consecutive images [98]

by extracting a variety of features such as saliency maps, photometric features,

etc. [99, 100]. Employing an object-detection approach, standard computer vision

techniques have explored identifying marker-style objects in predefined locations in

the environment, most commonly QR codes [101, 102]. In a similar direction, many

research works have explored creating databases of key landmarks existing in the

environment and then estimating the user’s position with respect to known static

objects shown in the images taken by the worn camera [103–105]. A pioneering

approach in the passive-tracking scenario is the use of Simultaneous Localisation

and Mapping (SLAM, commonly called Visual SLAM in the context of camera-

based positioning), which aims to tackle the accumulated error drift over time

by constructing a world map in parallel with pose estimation. Additionally, a

loop closure detection module is integrated to identify previously visited locations,

facilitating the joint optimisation of pose estimation and map construction. There

are many robust Visual SLAM approaches, the most notable being ORB-SLAM [25],

a feature-based system operating in real-time with an impressive location estimation

error of less than 4cm, and LSD-SLAM [106], that tracks camera pose and builds

environment maps using photometric features. StructSLAM [107] interestingly

took into account the structural regularity of man-made building environments and

detected structure lines along dominant directions. Towards landmark identification,

Finally, DynamicSLAM [108] was proposed to perform localisation and mapping
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within dynamic environments by distinguishing between static and dynamic objects

that appear in the retrieved images and discarding the information from dynamic

objects that may have moved from their previous known location.

However, the utilisation of cameras imposes disruptions to the user’s natural

behaviour, particularly for passive approaches, that demand the user to constantly

carry the camera. At the same time, there are concerns related to the privacy

of both individuals captured within the camera’s recordings and the user being

tracked in active tracking scenarios. Consequently, employing such methods proves

to be impractical for impractical for human indoor localisation, particularly in

privacy-preserving environments, e.g., homes or private office spaces.

Augmented reality (AR) With the advances in augmented reality, human

positioning within a hybrid real and virtual space has also become an area of research

interest. More commonly, AR approaches are based on landmark identification

within a pretrained dataset: AR systems overlay virtual objects with the real

world and then use these markers for the purpose of positioning, tracking and

navigation [109, 110]. SLAM-based approaches are also prominent, as it is necessary

for the virtual environment to be reconstructed and accurately overlayed on the

real-world [111, 112].

2.4.2.2 Sound-based positioning

Acoustic signals have been used for positioning early in research, as they propagate

through air and other materials with known properties at a much slower speed

than other signals, e.g., electromagnetic. Hence, it is possible to measure the time

needed for a sound signal to travel between a transmitter and a receiver, allowing

for various ranging-based methods, such as ToA, TDoA, etc. While both audible

and ultrasonic sounds have been explored, ultrasonic approaches are preferable

as they are not detectable by the human ear [89].
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Ultrasonic positioning Ultrasonic location-based systems use sound frequencies

higher than the audible range (beyond 20 KHz) to determine the user position using

the time taken for an ultrasonic signal to travel from a transmitter to a receiver.

Their speed of travel, negligible penetration in walls and low cost of transducers

make it interesting for studies in indoor positioning. The most prominent ultrasonic

positioning systems are Active Bat [113] and Cricket [114]. Active Bat consists

of an array of fixed microphones installed on the environment’s ceiling and a

tag carried by the user. The tag broadcasts ultrasonic signals while the receiver

processes the signals one at a time to prevent interference and estimates the tag’s

(hence also the user’s) position using ToA and trilateration. Hence, it requires at

least three microphones for effective localisation. Cricket employed the opposite

approach: a set of ultrasonic beacon emitters were installed in fixed locations in

the environment, with the user carrying the receiver instead. Cricket is a hybrid

system, also utilising radio-frequency (RF) signals, and estimates user location

based on their proximity to the nearest beacon. More recently, the work in [115]

used an array of slow-moving ultrasonic sensors using Doppler shift compensation

to improve location estimation, reporting location accuracy at less than 10 mm.

However, this work is limited by low movement speeds for the array over short

distances that maintain line-of-sight conditions.

Audible sound Unlike ultrasound positioning systems, which have a limited

range because of high attenuation while propagating in the air, audible sound

approaches are not limited in range. Most commonly, audible sound systems utilise

a mobile device that emits a sound to be sensed by microphones installed in the

environment to estimate the user’s position with ToA. The most common audible

systems following this principle are Beep [116], BeepBeep [117] and Guogo [118].

While accurate positioning can be achieved with sound-based systems, most

approaches require cumbersome and expensive infrastructure that is challenging to

deploy and maintain. At the same time, sound propagation suffers from multipath

effects such as noise, reflection and interference, causing signal attenuation. Finally,
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the use of microphones can raise privacy concerns, both in terms of the content

of recordings at the receiving microphones, as well as for identity protection, as

voice is an identifiable human feature.

2.4.2.3 Light-based positioning

Infrared (IR) technology Towards a more privacy preserving approach, infrared

technology (IR) in Indoor Positioning Systems (IPS) utilises electromagnetic

radiation with wavelengths beyond the visible light spectrum [89]. IR systems,

such as the ActiveBadge and VICON systems, have proved highly accurate in

indoor positioning, achieving estimating a user’s position with a less than 10cm

error [119, 120].

Nonetheless, they usually require the user to carry markers to achieve accurate

location estimation, hence impeding comfort and natural conduct. At the same

time, the installation of IR systems is expensive, making it challenging for the

systems to generalise as a standardised solution to indoor positioning [121].

Light Detection and Ranging (LiDAR) LiDAR systems use laser light waves

to measure distances and generate point clouds (i.e., a set of 3D points). The

distance is computed by measuring the time of flight of a light pulse, while the

direction of a transmitted laser is tracked by gyros. By matching the measured

point cloud with that stored in a database, an object can be located. LiDAR

can be employed to create detailed maps of indoor spaces, and the data collected

can be used for accurate localisation and tracking of objects or devices. It is

particularly useful in environments where other positioning technologies may face

challenges, such as limited line-of-sight or signal interference. In this direction, the

work in [122] explored robot positioning in indoor spaces using LiDAR as the sole

sensing modality for SLAM, with accurate positioning estimates. Similarly, the

authors in [123] explored a map-matching approach from architectural floorplans

to SLAM maps of the environment using LiDAR measurements. However, LiDAR

systems are particularly expensive (around $1000 for a short-range sensor) [26]

to be used in private indoor spaces.
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Visible Light Communication (VLC) VLC is an technology for high-speed

data transfer that uses visible light between 400 and 800THz, modulated and emitted

primarily by Light Emitting Diodes (LEDs) [124]. Such approaches are also primarily

based on ToA, measuring the distance from the LED transmitter to a device capable

of capturing light intensity (e.g., photocell) or an image sensor (e.g., camera) [125–

127]. The advantage of an image sensor is that it can register simultaneously several

lamps with their positions, thus achieving a more precise location estimate.

2.4.2.4 Radio-frequency-based positioning

Radio-Frequency-based (RF-based) localisation is a positioning technique that

relies on the use of radio waves to determine the location or coordinates of an

object or device in a given area or space. This technology works by measuring

the time it takes for radio frequency signals to travel between a transmitter (or

multiple transmitters) and a receiver.

Ultra-Wideband (UWB) Ultra-Wideband positioning (UWB) operates by

transmitting nano-pulses (< 1 nsec) to a very large bandwidth (> 500MHz wide).

UWB is capable of providing very accurate positing estimates (up to a 1cm level

accuracy) in real-time due to its high multi-path resolution and high-speed data

transmission owing to its large bandwidth [128, 129].

In a passive approach to UWB positioning, the position of a person or object

is determined through signal reflection, not via an attached UWB tag. When

individuals move within a space with known UWB transmitters and receivers,

their bodies reflect signals emitted by the transmitters. Receivers detect these

reflected signals, and TOA, TDOA, and trilateration techniques estimate the

person’s position. On the other hand, active UWB-based positioning systems use

battery-powered UWB tags carried by the user that transmit ultra-short UWB

pulses to fixed UWB sensors [130–132]. Commercial system Ubisense Real-Time

Location System [133] based on this approach claims an accuracy of 15 centimetres.

However, it requires dedicated infrastructure and raises privacy concerns, as the

user’s location is disclosed to the system.
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The application of UWB in indoor environments offers advantages such as

long battery life, robust flexibility, high data rates, penetrating power, low power

consumption, and high positioning accuracy with minimal interference and multipath

effects [134]. Strategic placement of more UWB sensors could widen coverage, enable

real-time tracking, improve positioning accuracy, and reduce the impact of signal

impairments [130, 131]. However, scaling UWB can be expensive due to the need for

deploying more sensors across a wide coverage area to enhance performance [131].

The deployment of anchor reference points is also labour-intensive and requires

careful calibration, making it challenging to install in private indoor spaces [89].

Wi-Fi Wi-Fi is a wireless communication protocol operating in the 2.4-GHz

Industrial, Scientific and Medical (ISM) band. Nowadays, the ubiquity of Wi-Fi

access points in today’s world presents a remarkable opportunity; it allows us to

harness the RSSI values from Wi-Fi signals at various points within a given space

to calculate the receiver’s precise position relative to these Wi-Fi access points.

This opportunity has seen tremendous growth, especially in light of the widespread

adoption of smartphones and other intelligent devices equipped with the capability

to sense ambient sensor signals [89, 124, 135].

The majority of Wi-Fi positioning methods rely on trilateration or fingerprinting

techniques [135, 136]. However, fingerprinting relies heavily on a consistent signal

propagation model, which is challenging to establish accurately in indoor spaces.

The computational complexity of proximity algorithms in large indoor spaces can

also be a concern. To address these, [137] creates a local propagation model for each

subarea in the environment, reducing computational demands. Another notable

challenge is device dependence, where using different sensing devices for offline and

online phases can lead to low-confidence estimates. To overcome device-dependent

fingerprint radio maps, [29] standardises fingerprint maps across devices, employing

statistical shape analysis and weighted k-NN (WkNN) for improved accuracy. In the

same direction, [138] introduces neighbor-relative RSS (NR-RSS) values instead of
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absolute RSS (ARSS). This method encodes movement information using a Markov

Prediction Model (MPM), ensuring energy-efficient tracking of the device bearer.

Even though there has been extensive research on Wi-Fi positioning, Wi-Fi

consumes significant power since its original goal was not localisation but to achieve

communication through signal propagation in long distances [139]. In indoor

spaces, however, this is not really required; with the development of the low-power

energy-efficient BLE, work has been done towards examining the potential of BLE

beacons as Wi-Fi substitutes [139, 140].

Bluetooth Low Energy (BLE) BLE is a wireless communication technology

designed for short-range communication with low power consumption. BLE is a

variation of the classic Bluetooth technology, optimized for applications where energy

efficiency is crucial. It has gained significant popularity in indoor positioning systems

due to its energy-efficient characteristics and suitability for indoor environments.

BLE better relates RSSI to distance and improves localisation, compared to

Wi-Fi [139, 140]. Several Wi-Fi and BLE indoor positioning approaches have since

emerged; fingerprinting methods have traditionally been a classic approach [29,

137, 138, 141, 142]. Though most methods try to tackle various problems arising

from the fingerprinting technique, e.g., the size of the fingerprint map or the

map’s dependency on the device, most fingerprinting methods require a map of the

environment [143] and a well-defined path-loss model [144], which can be tricky to

acquire or establish, particularly in private indoor spaces, e.g., homes.

Radio-Frequency Identification (RFID) RFID is a wireless communication

technology for automatic identification involving electromagnetic wave transmission

between RFID readers and RFID tags to track objects [134, 145]. The RFID

reader queries and reads data from tags, which respond with unique identification

or stored information. RFID tags are classified as active or passive [134, 146].

Active tags, powered by batteries, have a broader transmission range, requiring

fewer tags. Passive tags, without batteries, have a shorter range, drawing power

from the reader’s signal [146].
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Active systems involve stationary active tags and a mobile reader, offering wider

coverage with fewer tags, but at a higher cost due to expensive active tags [147–149].

Passive systems use stationary passive tags and a mobile reader [145, 150, 151].

Notably, the authors in [145] present a unique approach with a stationary reader and

mobile passive tags, eliminating the need for tag batteries and reducing system costs.

2.4.2.5 Sensor-based positioning

Inertial Navigation Systems (INS) Inertial navigation involves estimating a

future position based on an initial position, speed, and direction. Traditionally, this

technology relied on expensive and highly precise inertial measurement units (IMUs).

However, recent advancements in micro-electromechanical (MEMS) technology have

transformed IMUs by making them more affordable, compact, and energy-efficient.

Nowadays, IMU sensors are readily available in common smart devices such as

smartphones, tablets, and smartwatches. These devices are typically carried by

individuals throughout the day, making them valuable sources of mobility data [138,

152], encoded in their inertial sensors (accelerometer, gyroscope, magnetometer). By

integrating these measurements over time, we can identify a pedestrian’s step count,

step length, and direction of movement. This is a method known as Pedestrian

Dead Reckoning (PDR): starting from an initial known position, PDR continuously

updates and estimates the pedestrian’s new position as they move, based on their

steps and orientation changes. However, IMU data from smart devices can be

inherently noisy due to the various ways these devices are held and used, leading

to multiple error sources, including sensor noise, walking noise, thermo-mechanical

noise, scale factor variations and axis misalignment [153]. Estimating the direction

of movement in such noisy data can be challenging; still, their low-cost and ubiquity

have led to significant indoor positioning research utilising inertial sensors. There are

two key approaches to PDR: strapdown navigation, and step and heading estimation.

In the strapdown technique, an IMU sensor is affixed with its three principal axes

aligned to the orthogonal axes of the tracked rigid body, ensuring no relative motion

for accurate measurements [154]. Most approaches utilise the global reference



40 2.4. Human positioning

frame which involves subtracting gravity and double integrating signal results for

three-dimensional space position changes [155, 156]. Integration of accelerations

yields distance estimates, and integration of angular speed infers heading [157].

However, double integrations may lead to quadratic error propagation, causing

inaccuracies or offsets to result in drift, a deviation from ground truth [157]. Zero-

Velocity Updates (ZUPT) can mitigate drift, especially in Inertial Location and

Navigation Systems (ILBS) for human assets, achieved through foot-mounted IMUs

in sync with the human gait cycle. Human gait, characterised by a stance and

swing phase, serves as a regular stationary point, with approximately 60% in the

stance and 40% in the swing phase [158]. Yun et al. proposed using gait analysis,

specifically the stance phase, for drift correction by resetting velocities to zero when

detecting this phase [155]. ZUPT detects stationary points, calculates drift, and

corrects IMU velocities, improving accuracy. In literature, ZUPT, combined with

an extended Kalman filter (EKF), has demonstrated high accuracy in foot-mounted

IMU inertial location systems [159].

The step and heading technique, reliant on IMU accelerometer features, is

designed for detecting human steps. Combining the estimated step length with

heading information facilitates location estimation only with linear errors, reducing

location error propagation to two dimensions. However, variations in stride length

introduce additional errors[157]. To address this, RF technologies are commonly

employed. Some studies leverage smartphones for location services, combining

phone Wi-Fi and inertial signals for pedestrian tracking alongside step and heading

data [160]. The authors in [161] implemented a step-detection solution with BLE

beacons, considering various phone positions. The system determines triangulation

feasibility based on beacon count visibility; otherwise, a fingerprinting approach is

used, yielding a reported accuracy of 1–1.5 m. Additionally, the authors in [162]

proposed an IMU service with time of arrival calculations from ultrasound pulses,

incorporating a maximum a posteriori (MAP) algorithm for determining the most

likely next location based on the previous state.
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Magnetic field Magnetic positioning systems utilise magnetic signals for deter-

mining positions within a magnetic field [163–165]. These systems typically comprise

fixed transmitters and receivers mounted on users or tracked objects. Receivers

capture magnetic signals and relay position information to a centralised location to

estimate the transmitter’s location. Other approaches move away from dedicated

devices, leveraging the magnetic properties of existing structures like pillars, steel

elements, and electronic appliances in the monitored environment instead [166].

Magnetic positioning involves two main magnetic field types: static magnetic

fields and low-frequency alternating magnetic fields. Static or artificial magnetic

fields are generated by permanent magnets or coils using Alternating Current (AC) or

pulsed Direct Current (DC). Low-frequency alternating or electromagnetic fields are

formed by static charges producing electric fields and currents generating magnetic

fields, leading to the creation of electromagnetic fields [166]. A number of research

works have focused on magnetic fields from currents [163], enhancing tracking speed

through the excitation of magnetic sources and analysing resultant sensor output.

Towards optimising sensor placements, a number of research works aim to

improve accuracy and coverage area while minimising costs. Systems using perma-

nent magnets have been explored, focusing on magnetic localisation for tracking

wireless capsules [167], while the authors in [164] proposed a 3D indoor positioning

system based on artificial magnetic fields, using active magnetic coils and passive

magnetometers.

Fingerprinting approaches are also prevalent in magnetic positioning. The

authors in [165, 166, 168, 169], leverage magnetic field variations for position

estimation. These systems often involve server-based comparisons of magnetic

fingerprints for accurate positioning and navigation. However, challenges include

errors, increased costs, and extended configuration times, particularly for larger

coverage areas [165, 170].
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2.4.2.6 Hybrid approaches

The conventional methods for indoor localisation point through a geographical

viewpoint. However, it becomes apparent that in many cases, especially within

private indoor spaces, the precise tracking of a user’s path or step count is of limited

interest to most applications. Instead, the focus has shifted towards determining

the user’s semantic position within the environment, as this information proves to

be sufficiently informative and also contributes to enhancing privacy protection:

it relaxes the need for sensitive user details like height or leg length, which are

typically essential for accurate Pedestrian Dead Reckoning (PDR) systems to

estimate step detection and step length. Similarly, it alleviates the requirement for

intricate floorplans of the house, which are indispensable for traditional map-

matching approaches.

A noteworthy algorithm in the area of semantic localisation of users introduced

an algorithm based on human-robot coexistence to estimate the user’s room-level

location based on smartphone human activity recognition (HAR) and human-

robot colocations [171]. This innovative approach seeks to estimate the user’s

location at the room-level granularity by leveraging smartphone-based Human

Activity Recognition (HAR) and monitoring instances of human-robot colocations.

An intriguing aspect of this methodology is its unique approach to establishing

ground truth. Instead of relying on external ground truth data, the authors

strategically place BLE beacons within the target rooms. The user’s location is

then inferred based on which beacon emits the highest Received Signal Strength

Indicator (RSSI) value at any given time.

An alternative approach that focuses solely on human-centric perspectives is S-

Smart [172]; this combines recognition of human activities with PDR to dynamically

learn semantic positions of interest around the house, e.g., windows, doors, etc.

However, It requires a relatively dense on-body sensor set-up, including a smartphone

in the pocket, a wrist-worn IMU, and a foot-mounted sensor, which are inconvenient

for everyday use. On a similar note of using HAR to infer semantic locations

around the house, the AtLAS system [173] fuses HAR and PDR from smartphone
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IMU data and Wi-Fi RSSIs to both locate landmarks in the environment and to

localise the user in it. However, it’s important to highlight that the AtLAS system

relies on Wi-Fi fingerprinting, a technique that demands meticulous calibration and

infrastructure deployment. In a similar direction, the researchers in [174] establish

a robust correlation between room-level locations and corresponding RSSI values,

enabling accurate and context-aware user localisation. What sets this approach

apart is its adoption of a supervised learning paradigm. Through this approach,

the researchers establish a robust correlation between room-level locations and

corresponding RSSI values, enabling accurate and context-aware user localisation.

A fusion of ambient RF signals and inertial data has been widely explored and

successfully used in indoor public spaces (e.g., shopping malls) that are equipped

with large wireless sensor networks (WSN/WLAN) with numerous access points

(APs). These methods usually employ Wi-Fi APs or Bluetooth low energy (BLE)

beacons [29] together with smartphone inertial measurement unit (IMU) sensors [30]

to achieve an accuracy with an estimated 2 − 10 metres error [30]. However, these

cannot easily generalise for the scenario of positioning in private indoor spaces,

where errors beyond 4 m would likely correspond to a completely different room

in a house. At the same time, they usually require extensive fingerprinting or

crowdsourcing [175], which is not an option at home, and are developed under

the scope of smartphone sensors; while smartphones are a competent choice for

positioning in public spaces, this is not necessarily the case for private indoor spaces,

as people do not usually carry the device with them at all time at home or in their

working space; rather, the device typically lies in a surface nearby, hence inhibiting

accurate and continuous tracking of the user’s location.

2.4.3 Summary and challenges

In this section, we have explored and discussed various methods found in the

literature related to the problem of indoor positioning. Our examination has

encompassed a wide spectrum of techniques, ranging from visual positioning to

radio-based and inertial positioning methods. We have analysed the types of sensors
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used and the constraints different environments pose, highlighting the need for

different approaches in each environment. While many of these solutions offer high

accuracy, it has become evident that a significant number of them are characterised

by complexity and costliness, especially when considering the problem of positioning

individuals in private indoor spaces.

With this realisation, our focus has shifted towards the utilisation of wearable

sensors, such as smartphones, smartwatches, etc., which offer the advantages of being

lightweight and readily available. Throughout our analysis, we have placed particular

importance on the development of methods that respect user privacy and do not

disrupt the user’s surroundings. In this context, we have emphasised the significance

of ambient sensor signals, which eliminate the necessity for additional infrastructure.

We have underscored the importance of avoiding techniques reliant on finger-

printing or extensive calibration and environment knowledge. While there is a

wealth of research concerning indoor positioning in public spaces, the exploration of

solutions for private indoor environments remains relatively limited. In this context,

approaches involving WiFi and Bluetooth Low Energy (BLE) in conjunction with

smartphones have gained prominence for achieving indoor positioning, as they

require minimal additional infrastructure. However, the use of smartphones in such

scenarios presents its own set of challenges, particularly in terms of continuous

monitoring of users within private indoor spaces. As a result, we have concluded

that smartwatches represent a viable and promising alternative for addressing these

challenges, despite being relatively understudied in the current body of literature.

Their potential to enhance indoor positioning methods in both public and private

indoor spaces deserves further exploration and investigation.

At the same time, most methods utilise environment-specific information, such

as semantic maps of the environment, to provide accurate location estimates. We

have identified the need and lack of effective solutions without such information

to assist monitoring in private indoor spaces without raising privacy concerns

for the individuals involved.
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In Chapter 4.7, we will introduce an infrastructure-free, privacy-preserving

approach to semantic indoor localisation of users that aims to overcome those

challenges by utilising smartwatch inertial data and ambient BLE signals sensed

by the watch in the vicinity of the users monitored.

2.5 Human activity recognition

Human activity recognition (HAR), also referred to as activity detection or action

recognition, is the automated process of identifying and categorising human actions

or activities based on data collected from sensors or devices. HAR involves the

application of machine learning and pattern recognition techniques to interpret and

classify various physical activities or behaviours performed by individuals.

In line with our approach to human indoor positioning, our emphasis in the

HAR domain remains on solutions that prioritise user privacy and uninterrupted

conduct of their daily activities. We aim to provide recognition methods that

do not impose restrictions on device usage or placement and are straightforward

to deploy. To achieve this, we primarily concentrate on wearable and mobile

solutions, particularly those based on smartphone and smartwatch inertial sen-

sors. Nevertheless, we will also spotlight other noteworthy approaches that have

demonstrated effectiveness in HAR.

2.5.1 Challenges in HAR

Identifying human activities is a challenging problem, largely because activity

recordings, on which models are trained, have inherent challenges in their nature.

Data collection for HAR often involves multiple participants, leading to variations

in the data even for the same activity due to the different styles the users perform

or perceive an activity. This results in significant intraclass variability. At the

same time, different activities can exhibit inherent similar data patterns, such

as dusting and cleaning, leading to interclass variability. Class imbalance may

also arise, since not all activities are performed in the same frequency during the
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day; for instance, people typically brush their teeth only twice a day but walk

for significantly longer periods [176].

Another challenge stems from the absence of a unified approach to annotating

human activities. Unlike image data, activity data, particularly when recorded with

inertial sensors, are not visually identifiable [177]. Consequently, the same semantic

concept may encompass different underlying behavioural patterns, which can hinder

model training and the generalisation of trained models; hence, mapping annotations

across diverse datasets or domains becomes non-deterministic. Moreover, the

continuous, composite, and concurrent nature of human activities makes consistent

and accurate annotation challenging, often resulting in sparsely annotated or

mislabeled data[176, 177].

The ubiquity of wearable sensors and IoT devices has led to users wearing

multiple smart devices to enhance their daily lives. Often, users upgrade or switch

to new electronic products that may share the same platforms (e.g., iPhone and

Apple Watch). As a result, users anticipate that activity recognition systems will

seamlessly adapt to these new devices and perform activity recognition as effectively

as with their previous devices. However, different devices are typically positioned on

various parts of the body (e.g., smartwatches on the wrist, smartphones in pockets),

resulting in significant signal variations influenced by the movements of different

body segments. Selecting the optimal device placement is a crucial consideration,

as it can impact not only the range of activities the model can learn but also its

ability to generalize across different placement scenarios[178].

2.5.2 HAR sensor modalities

Human Activity Recognition (HAR) employs various sensor modalities, including

video cameras, wearable physiological and motion sensors, acoustic sensors [179], as

well as device-free sensing methods like Wi-Fi [180]. Ambient sensors like infrared

motion detectors and magnetic sensors have also been extensively used [181].
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2.5.2.1 Vision-based sensors

Camera Camera-based HAR systems have traditionally focused on using monoc-

ular RGB videos, but recent developments have shifted focus towards 3D action

recognition due to the availability of low-cost 3D capture devices like Kinect [32].

These involve estimating human activities by leveraging various information from

skeleton joints, depth maps, etc. [33]. However, camera-based sensors have limi-

tations, including user visibility, privacy concerns, and issues with light, clutter,

and occlusion, affecting recognition performance.

Millimeter-wave (mmWave) mmWave technology operates in the frequency

range of 30 GHz and 300 GHz. Due to their large bandwidth, these radars exhibit

superior range resolution. The growing prevalence of low-cost, off-the-shelf radars

has contributed to the popularity of mmWave-based sensing solutions. However,

these devices, while cost-effective, come with resource constraints, presenting output

in the form of point clouds rather than raw data. The variable number of points in

each frame from mmWave radar captures introduces complexity in designing a neural

network architecture capable of processing such data directly. Consequently, it is

required to transform this data into other, more easy-to-handle formats, commonly

images, to enable HAR from mmWave data recordings.

2.5.2.2 Ambient and object sensors

Wi-Fi WiFi-based human activity recognition relies on the concept that human

movements and positions affect the propagation of signals travelling from the

transmitter to the receiver. This includes both the direct and reflected propagation

paths. By measuring the changes in the RSS or the CSI of the signal[182]

RFID RFID employs electromagnetic fields for the automatic identification and

tracking of tags attached to objects, which store electronic information. There

are two primary types of RFID tags: active and passive. RSS (Received Signal

Strength) is a commonly used method for RFID-based activity recognition. It



48 2.5. Human activity recognition

operates on the principle that human movements can modulate the signal strength

received by the RFID reader [34]. As such, it can estimate interactions with

objects where RFID tags are attached, hence identifying low-level actions such

as reaching, grasping and moving objects.

Environmental Various environmental sensors have also been explored for HAR,

such as pressure, barometer, temperature and sound. These sensors are strategically

placed in the environment to capture data related to changes and patterns in

these environmental factors. By analysing the variations in sensor readings,

machine learning algorithms can be employed to recognise specific human activities

or behaviours. This approach enhances activity recognition by considering the

contextual information provided by the surrounding environment. The integration

of environmental sensor data contributes valuable contextual insights, making HAR

more robust and capable of distinguishing between different activities based on

the environmental conditions in which they occur.

2.5.2.3 Wearable sensors

Inertial sensors Wearable sensors on the other hand, such as accelerometers

and gyroscopes, are commonly used for activity monitoring, mitigating privacy and

security issues. However, they introduce their unique set of challenges, such as

precise activity start and end time detection, device heterogeneities, and device-

placement issues. Yet, their ubiquitous usage in everyday life has established them

as the dominant sensor choice for the HAR problem.

Physiological sensors Electromyography (EMG) and electrocardiography (ECG)

sensors have also been used in HAR. By measuring changes in muscular activity

EMG sensors aim to identify fine-motor skill movements, or facial expressions.

Similarly, the changes in heart rate encoded in ECG are utilised to identify the

changes in activity patterns of the user [177].
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2.5.3 HAR methods

Having summarised the most common sensors that can capture human motion

patterns, in this section, we will present the research methodologies that have been

employed to estimate the activities performed.

2.5.3.1 Vision-based approaches

Computer vision systems for human activity recognition employ various camera

setups, including single cameras, multiple cameras, stereo vision, infrared or thermal

cameras [39, 183, 184], with mmWave radars transformed to image-like data from

the point-cloud space being used more recently [35, 36].

The increasing availability of depth cameras has allowed for interesting directions

in vision-based HAR. In [185], a depth-based life logging system captures depth

silhouettes, generates human skeletons, and employs hidden Markov models (HMM)

for activity recognition, allowing for elderly monitoring and assistance.

While single cameras enhance deployability, multi-view setups offer detailed full-

volume 3D data but face challenges like self-occlusion and silhouette quality [186].

The authors in [187] propose a video-based system for detecting abnormal activities

in elderly home care, achieving a 95.8% recognition rate. Another approach [188]

estimates joint angles from a 3D model, outperforming conventional methods in

recognition rates, especially for complex activities.

Researchers address replicability and challenges on datasets that are recorded

in more uncontrolled conditions. To achieve this, the authors in [189] propose

a home activity summary system, considering unbalanced data and the presence

of others. Moving towards a different direction, the work in [190] explored a

scene-description-based approach, inferring human activities based on the observed

changes in the user’s surrounding environment. In this work, they introduce a

probabilistic framework to capture uncertain knowledge in activity recognition,

validated on real-world videos.

More recently, other point-cloud sensors, such as the mmWave radar have also

been explored for HAR, as the sensor data from cameras carry a significant amount
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of ambient information that may be of concern for privacy-sensitive applications.

RadHAR [35]. mActivity [36] then improved on that approach

2.5.3.2 Interaction-based approaches

The concept of employing interaction-based ambient sensors for intelligent home

automation has been an active area of research for many years. Pioneering projects

such as GatorTech [191] and AwareHome [192] aimed to create living laboratories,

developing proof-of-concept smart houses.

RFID technology has been widely explored for environment interaction detec-

tion [193–195], but it introduced additional burdens and electromagnetic exposures,

prompting a shift towards low-power systems.

Towards a wireless sensing approach, the authors in [196–198] deployed a wireless

sensor network (WSN) with 14 sensors in a real house, achieving high recognition

accuracy in classifying seven activities using HMM, conditional random field (CRF)

and a naive Bayes classifier (NBC).

Recent studies towards assisted living proposed hybrid models, combining

artificial neural networks (ANN), support vector machines (SVM), and HMM

for improved activity recognition performance [199]. In a similar direction, the

authors in [200] proposed a unified framework for action prediction alongside

activity recognition, achieving a 13.82% increase in accuracy using SVM-based

kernel fusion [50].

2.5.3.3 IMU-based approaches

HAR based on IMU data has been an active area of research for almost two decades.

Early works on traditional machine learning models for classification, e.g., SVM

or random forests [201–203], achieve already significant results.

More recently, deep approaches have seen a surge of research activity to bypass

the necessity of manually designing features. Convolutional modules as features

extractors, oftentimes followed by RNN or LSTM layers, are a prevalent approach

to deep HAR. Notably, [204] used deep neural networks for feature extractions

before training on standard classification models. Similarly, [74, 75] built on this
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idea, suggesting a combined approach between hand-engineered feature extraction

and deep models. In particular, they encoded the information from raw data

in a visual representation, e.g., a spectrogram, which was then used in a deep

convolutional neural network to perform activity recognition. In a similar direction,

wavelet transforms have also shown their effectiveness in recognising human activity

patterns from various input signals. Example of input signals include video [205–208]

and inertial measurement data [209–212]. In particular, discrete, complex, and

continuous wavelet transform with the Symlet (Symlet 4) [205], Daubechies [206,

207], and Gabor [208] wavelets are employed to identify human activity from video

frames accurately. Similarly, Biorthogonal (Bior2.2) [213], Haar [209], Mexican

hat [212] and Daubechies (db10) [210] wavelets are used to recognise activities

from inertial signals. However, the choice of wavelet and its effect on classification

performance remains an open problem in these works.

A large part of HAR research pertains to the fusion of multiple sensor attach-

ments. A plethora of approaches to sensor fusion have been explored that vary

depending on whether fusion is attempted at the input stage (Early Fusion), if

each sensor is modelled individually and then fused at the output stage (Sensor-

based Fusion), or whether each axis of each sensor modality is further modelled

individually (Axis-based and Shared-filter Fusion). Fusion is commonly achieved

by concatenating the features in 1D or 2D matrices and then employing 1D or 2D

autoencoders (dominantly, CNNs) to capture their dependencies within and across

the various modalities. There are numerous works towards this direction: [214–218].

More recently, [215] also moved in the same direction, with the addition of estimating

the IMU attachment’s position in tandem. Finally, the work in [219] achieved very

good performance from foot-attached IMU data trained on a convolutional neural

network, augmented with a discriminator to generalise across different users.

While wearable and inertial sensors have seen a significant surge of research

activity and effectiveness in HAR, most of these works focus on a combination of

sensors attached/carried at various body parts, some of which are unnatural for

everyday use. Interestingly, while a lot of the work has focused on smartphone-based
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HAR or using a fusion of various sensor modalities, the usage of smartwatches

as sensor modalities remains underexplored, despite their premium wrist-attached

location. While smartphone-based models have effectively been used to tackle a

range of interesting locomotive activities (walking, running, sitting, lying, etc.),

there has not been extensive research regarding more complicated tasks. The

placement of the smartwatch sensor on the wrist is thus promising to extend the

scope of HAR models to include activities with high manual dexterity.

2.5.3.4 Hierarchical approaches

Most research works, as the ones discussed above, commonly address the problem of

human activity recognition as a standard flat classification problem, i.e., by estimat-

ing a classifier that aims to identify each activity directly as is described. However,

significant research also exists in hierarchical activity modelling. In this direction,

activities are broken down to their individual components, and classification is

performed by leveraging these together to provide a final classification estimate.

Bottom-up hierarchical activity recognition Bottom-up approaches focus on

identifying fine-grained activity components before inferring high-level activities.

In bottom-up hierarchical learning, the authors in [220] introduced a two-

stage hierarchical hidden Markov model (HMM) designed to sequentially classify

user actions and activities. In their framework, actions were defined as short-

duration movements, with five distinct categories: standing, walking, ascending

stairs, descending stairs, and running. Once an action was identified, a longer

temporal window was applied to analyse sequences of recognised actions for activity

classification. The system classified user activities into three categories: shopping,

taking a bus, and walking-based movement. Separate HMMs were trained to

independently model action recognition and activity recognition processes.

Towards an approach of inferring activities by leveraging gestures, [67] introduced

a model where gestures were initially classified at individual sensor nodes, followed

by a central inference step that integrated these outputs with additional sensor

data to determine the overall activity. Similarly, hierarchical hidden Markov models
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(HHMMs) have been employed in HAR to detect latent variables representing

subactions, enabling automatic optimisation within the model and outperforming

standard hidden Markov models [221]. The authors in [222] proposed a two-stage

recognition algorithm of high-level activities from gestures, based on dynamic time

warping (DWT). In [223], a hierarchical Dirichlet process hidden Markov model was

proposed to tackle trajectory-based HAR, a more complex recognition task. More

recently, a deep encoder-decoder approach was proposed to automatically learn low-

level activities from high-level ones across two levels of hierarchy [224]. Compared

to other hierarchical methods, this work automates the hierarchy generation, which

is useful to avoid manual work for the hierarchy design.

Top-down hierarchical activity recognition Hierarchical breakdown and

feature selection approaches for various walking activities were also proposed in [40,

41, 66, 67], where hierarchical feature extraction and selection was accompanied

by traditional machine learning classification, e.g., SVM or Naive Bayes classifiers,

to separate active from static activities. Towards learning in multiple stages, the

authors in [225] proposed a two-phase activity recognition system based on SVMs to

address variability in smartphone sensor signals caused by differing device positions

and orientations. In the first phase, gyroscope signals were used to determine the

smartphone’s placement, which was categorised into three groups: front trouser

pocket, back trouser pocket, or a broader category encompassing the shirt pocket,

backpack, messenger bag, or shoulder bag. Once the device position was classified,

the second phase employed distinct activity classifiers tailored to each position

type to recognise user activity.

Towards utilising both location and movement to enhance recognition of activi-

ties, the work in [226] presented a hierarchical activity detection model comprising a

two-layer system. The first layer detected motion states and environmental context

(e.g., presence in a coffee shop, restaurant, supermarket, or moving vehicle) using

accelerometer and microphone data. The second layer refined this information to

classify complex activities such as shopping, queuing, vacuuming, dishwashing, and
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watching television. Decision trees and k-nearest neighbour (k-NN) were employed

to recognise motion, environmental context, and specific activities.

A number of works in deep learning have explored hierarchical approaches to

identify activities at various levels of granularity. The work in [227] proposed a

hierarchical recognition approach employing two levels of continuous hidden Markov

models (CHMMs). At the first level, CHMMs differentiated between stationary

and dynamic activities. The second level further classified movements such as

walking, ascending stairs, and descending stairs under dynamic activities, while

distinguishing between sitting, standing, and lying down under stationary activities.

In total, the system comprised eight CHMMs—two at the first level and six at

the second—each trained on different feature subsets optimised for their respective

classification tasks. Similarly, the authors in [228] employ a similar approach to first

and second level classification, utilising linear discriminant analysis and artificial

neural networks, and in [229], convolutional neural networks to classify abstract

activity groups, followed by recognition of specific activities, while the authors

in [40] employ deep neural networks to address the hierarchical learning task.

Activity recognition in ontology research Hierarchical activity modelling

based on bottom-up hierarchies has also been an active area of research in the

field of ontology. In [222], the authors utilised emerging patterns to identify

high-level complex activities from gestures in real time, while [230] introduced an

upper ontology tailored for smart environments, facilitating the formalisation of

activity models for recognition tasks. Towards a different direction, [231, 232] utilise

descriptions logics and temporal logic. In this context, descriptions logic captures the

relationships between activities and their associated entities, while temporal activity

modelling, characterises the connections between individual activities that constitute

a composite activity. The authors in [233] demonstrated how Web Ontology

Language (OWL) 2, with a focus on rule modelling, can be applied to both represent

and reason about complex activities. The work in [234] presents a hybrid approach
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to activity modelling, combining ontological knowledge engineering techniques with

traditional data-driven classification models and active learning approaches.

A few works have tried to incorporate context-aware information into the activity

recognition systems; [235, 236] proposed sensor ontologies for managing contextual

data and developed activity ontologies to enhance modelling and recognition

processes. In [237], the authors introduce the COSAR system to estimate activities

by taking into account their probability of occurence within a given context. The

approach combines statistical and ontological reasoning for activity recognition,

leveraging ontology-based context modelling and derived semantic relationships

to determine the feasibility of an activity within a given context. In a different

approach to incorporating context, [238] combines ontological activity representation

and semantic-based recognition, supported by an iterative process to enhance model

accuracy and completeness and incorporate context-aware information through

a service-oriented architecture, SOA. POLARIS [239], a real-time, unsupervised

activity recognition system leverages an OWL 2 ontology to model activities and

smart home infrastructure. It mines probabilistic semantic correlations between

sensor events and activities, translating the ontological model into a Markov Logic

Network for probabilistic and knowledge-based reasoning.

2.5.4 Summary and challenges

In this section, we have delved into the existing landscape of human activity

recognition (HAR) methods. Our focus has been on understanding the sensor types

most commonly employed in HAR, with particular emphasis on the prevalent use

of inertial data sourced from sensors like accelerometers and gyroscopes. We have

conducted a thorough exploration of the diverse range of methodologies that harness

smartphone inertial data for HAR tasks, shedding light on the types of features

and models that are frequently employed in these approaches.

While smartphone-based HAR solutions offer great promise, we have also

acknowledged certain limitations, particularly regarding their ability to provide

continuous tracking and their effectiveness in recognising a wide spectrum of human
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activities. Furthermore, we have recognised that the context in which activity

recognition is required can vary significantly, and different mobile applications may

demand varying levels of granularity in activity information. Consequently, we

have underscored the need for centralised systems capable of recognising activities

across a range of contexts and with varying degrees of detail.

In Chapter 5.7, we will delve into the utilisation of hierarchical structures

to design deep learning architectures, to achieve a semantic understanding of

human activities over several granularity levels. These architectures aim to achieve

accurate and efficient recognition of activities of daily living (ADLs) using data

from a single smartwatch.

2.6 Generalisation and learning

Machine learning models are traditionally trained under the closed-world assumption,

wherein all data in the training dataset are independently sampled and identically

distributed, meaning they originate from the same underlying distribution. At the

same time, each model is constrained by a specific scope dictated by the data in its

training dataset. In other words, a model can only proficiently predict incoming

data from the classes it has been trained to recognise.

However, these assumptions may not hold when these models are deployed in real-

world scenarios. Instead, incoming data may showcase different styles within existing

classes (covariate shift) or introduce new concepts (semantic shift). Models need to

adeptly capture such inconsistencies in incoming data, highlighting previously unseen

data and, whenever possible, discerning the underlying patterns of the new data.

This thesis poses the above two problems under the scope of data explainability

for human activity recognition. While an overall common understanding exists

of what actions are expected when an activity is performed, the exact specifics

are not necessarily identical among different users. Instead, the meaning of an

activity label is tightly coupled to each user’s task perception. For example,

one user may consider the action of “preparing a sandwich” as “cooking”, while

another might assign this label only to the preparation of more complicated meals.
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Such inconsistencies become particularly prevalent when considering examples

coming from different datasets. Particularly when these are crowdsourced, the users

themselves are responsible for their annotation assignment, inducing noise arising

from their diverse task understanding, from the user’s annotation consistency and

inadvertent annotation errors. As a result, when investigating two datasets with

similar semantics using the same model, it is likely to face unexpected obstacles

in model generalisation, even for data of identical semantics, when the underlying

patterns that govern each activity class vary. In such scenarios, learning semantic

mappings of incoming data to the knowledge embedded in the model’s training

dataset is critical to explaining and understanding the task perception governing

each activity class in a new dataset. Due to the noise incurred from such annotations

inconsistencies, studying the effect of label noise in learning is an essential factor

in establishing robust model training and generalisation capabilities.

As such, this chapter will focus on three main directions that we believe are

key to delivering explainability mechanisms for incoming activity data: model

generalisation, which might be hindered when inconsistencies exist; transfer learning

techniques, that can be utilised to reveal semantic nuances across datasets; and

learning under label noise, which is prevalent when data collection is performed

in-the-wild. Most of these research directions have been explored for image data.

However, our work in this thesis focuses on inertial sensor data from mobile, wearable

devices; hence, we will attempt to include all relevant work in this field.

2.6.1 Model generalisation

Generalisation is the ability of a trained machine learning model to perform well

on new, unseen data that were not part of the training set. Incoming data may

be similar to those the model has been trained on or have significant variations in

their distribution or semantic concepts. Samples that only face a slight covariate

shift with respect to the training samples are known as In-Distribution (ID). In

contrast, samples with large covariate and semantic shifts are known as Out-

Of-Distribution (OOD).
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ID generalisation is a critical component of standard model training: models are

trained not to overfit the training dataset. This is achieved through regularisation

mechanisms, introduced in Section 2.2.3. In this section, we will focus on OOD

generalisation. Ensuring both ID and OOD generalisation is imperative for a

model’s robust performance. While ID generalisation guarantees the model’s ability

to make accurate predictions for data originating from the same distribution as the

training dataset, OOD generalisation focuses on identifying samples that deviate

from this constraint, detecting instances with distributional or semantic content

not encountered during model training.

The process of OOD detection encompasses various applications, including outlier

detection, aimed at identifying samples significantly differing from other observations;

anomaly detection, when pre-existing, well-defined rules govern the characteristics

of each class; novelty detection, to identify samples seemingly originating from

entirely unseen classes; and open set recognition, that aims to combine these notions

by correctly classifying relevant samples in known classes while actively rejecting

samples from unknown classes [240].

Regardless of the exact application, failure to recognise an OOD sample and

consequently assign that sample to an ID class significantly compromises the

reliability of a model. Hence, we will discuss the principles and methodologies of

OOD detection regardless of the exact application. These are categorised based

on the primary mechanism employed to achieve OOD generalisation: classification

model, probability density, feature distance and data reconstruction.

2.6.1.1 Classification-based OOD detection

Classification-based methods form the large majority of OOD detection methods,

aiming for a classifier’s output to distinguish between known and unknown samples

robustly. This is often considered as estimating model uncertainty. In this

front, MC-dropout [241] accurately estimates a model’s predictive uncertainty

for models trained with Dropout regularisation, allowing for ID/OOD detection

by thresholding the output confidence score. Deep Ensembles [242] is also a
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notable approach that combines the predictions from N independently trained

models, while Prior Networks [243, 244] explicitly learn a sharp/flat distribution

for ID/OOD data, respectively.

Another common approach aims to amplify the distance between the distribu-

tions of ID and OOD samples. ODIN [245] notably uses temperature scaling and

input perturbation to identify ID and OOD samples: scaling the model’s outputs

(logits) with a temperature scaling parameter T before applying the softmax function

increases the separability between the output softmax probability distributions for

ID and OOD samples. This is further ameliorated when small perturbations ϵ are

added to the input samples. G-ODIN [246] redefines ODIN using the notion of

decomposed confidence, which directly correlates logits to the domain posterior

probability by learning a dividend/divisor scoring function. DeepSVDD [247] maps

ID examples into a hypersphere so that the description of ID samples is bounded,

and deviations from this representation are OOD.

ReAct [248] and NMD [249] demonstrate the effectiveness of utilising the outputs

of activation functions in both logits and latent space to increase separability between

ID and OOD samples and decide on OODness based on the distance of a sample

to the latent activation means of the training batches. Towards modelling each ID

class independently, OpenMax [250] notably introduces a new decision layer that

substitutes the SoftMax function with a set of per-class probabilistic models, such

that samples from unknown classes can be directly discarded. In the same direction,

M2IOSR [251] borrows from [252], where the authors demonstrated the effectiveness

of transformers in OOD detection. It utilises an encoder that maximises the mutual

information between sample inputs and their latent features, which are constrained

to class-conditional Gaussian distributions through a KL-divergence loss function.

Finally, GradNorm [253] introduces the vector norm of gradients as an OOD

scoring function instead of latent feature representations, using the gradient of

the Kullback-Leibler (KL) divergence between the softmax output and a uniform

distribution; ID samples are expected to have larger KL divergence, as we expect

a peaked distribution around the samples corresponding class.
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In an attempt to simultaneously recognise and learn new classes, the authors

in [254, 255] introduce group-based and hierarchical-based frameworks, respectively.

While MOS [254] groups classes to semantically similar groups and introduces an

other category in each group for OOD samples, the authors in [255] directly

identify ID and learn OOD samples at different levels of hierarchy. Starting with a

predefined hierarchy of classes, the model assigns input samples to the appropriate

node in each level of the hierarchy or creates a novel class at that level based on the

prediction’s confidence. Confidence is defined as the KL divergence of the output

softmax probabilities to the uniform distribution.

While most classification-based methods for OOD detection rely on handling

output or latent feature representations, a few methods make a decision based

on the model’s energy or entropy. The authors in [256] defined the energy of

a model as the denominator of the softmax function and classified samples as

ID or OOD by thresholding the above energy function. They also demonstrated

that exposure to OOD samples during training helps create an energy gap by

assigning lower energies to the in-distribution data and higher energies to the OOD

data, further improving OOD detection. JointEnergy [257] redefines the concept

of energy as the summation of energy scores across all classes to improve [256]

in the multi-class set-up. Viewing the problem from an entropy perspective, the

authors in [258–260] encouraged a high-entropic prediction (close to a uniform

distribution) on exposure to OOD samples.

2.6.1.2 Density-based OOD detection

Density-based methods model the ID samples with some probabilistic model.

Incoming data that are found to be in low-density regions are considered OOD.

In [261], the authors fit a multivariate Gaussian distribution, then decide on

OODness using the Mahalanobis distance between an incoming sample and the

expectation of the training ID samples. DAGMM [262] employs a deep autoencoder

and then fits the encoded latent representation using Gaussian Mixture Models

(GMMs). In a similar direction, the authors in [263] also utilise an autoencoder to
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extract robust latent representations and jointly learn an autoregressive density

estimator using maximum likelihood on the latent features. Working towards a

smoother interpretation of OODness, where semantic shift is considered the primary

OOD factor, FS-OOD [264] also employs GMMs to model the output and latent

feature representations from a deep network and utilises the learned models to

define SEM, a scoring function to distinguish between ID and OOD.

2.6.1.3 Distance-based OOD detection

Distance-based OOD detection methods decide on OODness with respect to the

distance of incoming samples to the centroids of known classes.

Popular work MD [265] models latent features with a class-conditional Gaussian

distribution as a substitute for the softmax function, then uses the Mahalanobis

distance with respect to the closest class-conditional distribution. Each class

distribution is defined using the class means and covariance of the training samples.

RMD [266] further improves the Mahalanobis distance approach by modelling the

training data both in a class-conditional and a class-agnostic way and calculating

the difference in the MD scores for an input sample from the two distributions,

improving OOD detection for near-OOD samples.

Skewing away from the Gaussian assumption, the authors in [267] employ RBF

networks to simultaneously classify data and learn a centroid-based representation

for each class and estimate uncertainty as the distance of an input sample to the

closest class centroid. In a different cluster-based approach [268], the authors

jointly learn a deep classification model and a latent feature clustering on the data,

filtering out OOD samples that cannot robustly be assigned in the learned clusters.

In [269], the authors explore a nearest-neighbours approach to identify OOD samples.

Using the model’s normalised logits as a latent feature representation, a sample is

considered as OOD by thresholding on the kth nearest neighbour distance between

its embedding and the training set embeddings.
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2.6.1.4 Reconstruction-based OOD detection

Reconstruction-based OOD inspects the output of an encoder-decoder pair trained

on the training ID samples. Most reconstruction-based methods use an autoencoder

or variational autoencoder to perform the reconstruction. Notably, [270] uses a

CNN encoder-decoder pair to learn the concepts existing in the training samples and

then uses its reconstructed output as input to a discriminator model. C2AE [271]

further improves on the above work using class-conditional autoencoders (instead

of class-agnostic as in [270]). It enforces conditional reconstruction constraints,

allowing the model to learn approximate distributions of reconstruction errors

for both ID and OOD samples. On a similar approach, the authors in [272] also

explore class-conditional variational autoencoders (VAEs) forced to approximate

different multivariate Gaussian models in conjunction with a probabilistic ladder

network that allows for the representation of long-term dependencies in the VAE.

The authors in [273] also long-term dependencies by combining a VAE and LSTM

module to capture data correlations over shorter and longer periods, effectively

identifying OOD events when they occur.

In [274], the authors introduce GANs as an alternative to AEs/VAEs, classifying

samples based on the reconstruction errors, while [275] employed a similar approach

using an ensemble of GAN models, further improving OOD generalisation.

Model generalisation identifies previously unseen samples from a trained model,

hinting when the model is uncertain of its predictions. The following section will

explore how the model can learn to further adapt to these new concepts.

2.6.2 Transfer learning

In the previous section, we highlighted existing works that allow models to identify

inconsistencies in incoming samples with respect to the training data. In this

section, we will explore mechanisms that would enable adapting a model’s predictive

capabilities by leveraging knowledge from a related domain (called source domain)
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to improve the learning performance or minimise the number of labelled examples

required in a target domain.

Depending on the application focus, transfer learning can be viewed under

different categorisations [276]. When considering primarily the label information

across source and target domains, transfer learning problems can be divided into

three categories: transductive, when labels exist in the source domain but are

lacking in the target domain; inductive, when labels are available in both source

and target domains; and unsupervised, when no label information is available in

any domain. When the feature space is also of interest, we define the approaches

as homogeneous when the source and target feature and label spaces are identical

and heterogeneous when the source and target feature and/or label spaces are

distinct. The special heterogeneous case when both the feature spaces and label

spaces differ is often known as cross-modality transfer learning [277]. Finally,

transfer learning approaches can be categorised into four groups based on the

mechanisms employed [277]: instance-based, when directly reusing samples from the

source domain; feature-based, when the original features are transformed to create

a new feature representation; parameter-based, when model tuning is involved;

and relational-based, when the relationship or rules learned in the source domain

are transferred to the target domain.

Here, we will explore the methodologies based on the latter categorisation, as

we consider it to encompass all the above adequately. We will, however, highlight

other categorisations where appropriate.

2.6.2.1 Instance-based transfer learning

Instance-based approaches are based on transferring the knowledge in the source

domain to the target domain by re-weighting or re-sampling (a subset of) instances

from the source domain.

Notably, TrAdaBoost [278] transferred pioneering work AdaBoost [279] to the

transfer learning domain. Using a small subset of accurately labelled data from the

target domain, TrAdaBoost evaluates each sample in the source domain and identifies
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instances with low scores as coming from a different distribution. It then utilises

all data from the source and target domains to train a new model for the target

task by appropriately leveraging each sample’s weights by decreasing/increasing

the weights of correctly/incorrectly estimated samples, respectively. The authors

in [280] further advanced TrAdaBoost to leverage knowledge from multiple source

domains simultaneously. More recently, the authors in [281] further advanced

this idea by relaxing the requirement of source-domain data, using pre-trained

models as feature extractors for the target domain instead. At the same time,

GapBoost [282] identified the performance gap as a robust metric for the divergence

between source and target domains and used this metric as a proxy to identify

the appropriate instance weights directly.

2.6.2.2 Feature-based transfer learning

Feature-based methods aim to minimise the distribution mismatch between the

source and target domains by transferring or transforming features to another

space [283]. This can be either a new, domain-invariant space or a combination

of the source and target domains [277].

In this context, DaNN [284] first introduced Maximum Mean Discrepancy (MMD)

to reduce the distribution mismatch between two hidden layer representations

induced by samples drawn from different domains. In this way, hidden layer

representations are encouraged to be invariant across different domains. DAH [285]

then utilised multi-kernel MMD (MK-MMD) to relieve the task-specialisation in the

near-output layers and close the distribution mismatch between the source domain

and the target domain by leveraging the latent representations over several hidden

layers. CORAL [286] and Deep CORAL [287] also offered a simpler implementation

of this approach by using the distance between the second-order covariances of

the source and the target features as training loss.

More recently, GAN-based approaches have been introduced to make the

distributions of source and target domains more distinguishable. JAN [288] follows

a similar idea to MK-MMD by introducing Joint MMD (JMMD), which measures
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the discrepancy in the joint distribution of all latent representations. The authors

demonstrate that further enhancing this loss with adversarial training can better

highlight any domain shift between source and target data. DANN [289] also em-

ployed adversarial training by introducing a simple gradient reversal layer that allows

the learning of robust hidden representations that are, however, domain-invariant.

Feature-based unsupervised transfer learning primarily focuses on clustering

approaches. Indicatively, CoCC [290] addresses the problem for document classi-

fication analysis by jointly clustering document-to-word representations from the

source and target domains, aiming to minimise the loss in mutual information.

STC [291] further improved on the above result by relaxing the label requirement

by identifying a shared feature cluster space between a source and target dataset.

2.6.2.3 Parameter-based transfer learning

Parameter-based transfer learning utilises parts of a model trained in the source

domain in the target domain. This can be a combination of freezing, finetuning

or adding new layers in the learned model to allow further model capacity to

extend to the knowledge embedded in the target domain. DAM [292], fastDAM,

and UniverDam [293] directly amend the training objective function to allow for

parameter learning in the transfer domain, incorporating information from the

labelled target subspace and pre-trained classifiers in the source domain.

In an approach towards parameter sharing, MMKD [294] identifies the subset of

parameters that contain meaningful information for the target domain (e.g., the set

of parameters that correspond to a subset of classes of interest) using Least Square

Support Vector Machines (LS-SVM). TransEMDT [295] moves towards finetuning

a model’s parameters and combines decision trees with K-Means clustering by

incrementally adapting the model’s parameters with labelled target data. In a

different direction, MRN [296] imposes the tensor normal distribution as a prior

to model parameters. The authors demonstrate that this approach relieves the

task-specific knowledge learned towards a classifier’s output layer, instead jointly

learning transferable features and multilinear relationships.
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Finally, LWE [297] demonstrates the capabilities of employing model ensembles

for the transfer learning task, taking advantage of the different predictive powers

of several models trained on different source domains or using different learning

algorithms, transferring the combined knowledge to a new, target domain.

2.6.2.4 Relational-based transfer learning

Relational-based transfer learning approaches are not as common as the method-

ologies mentioned above, even though they do not assume the source and target

data to be independent and identically distributed (i.i.d) and would thus be more

widely applicable. Based on the assumption that similar relations exist in different

domains, most existing algorithms are based on statistical learning techniques.

In this direction, TAMAR [298] transfers relational knowledge across domains

using Markov Logic Networks (MLNs). The information embedded in the MLNs

from a source domain is then leveraged to assist MLN learning in a target domain.

The algorithm comprises two stages: constructing a mapping from a source MLN

to the target domain with a weighted pseudo-log-likelihood measure (WPLL) and

revising the mapped structure in the target domain. The revised MLN serves as a

relational model for inference in the target domain. Further extending the idea, the

authors in [299] proposed a method for transferring relational knowledge based on

second-order Markov logic, discovering structural regularities in the source domain

instantiated with predicates from the target domain.

Transfer learning techniques allow for the adaptation of a model’s predictive

capabilities from a source domain to a stationary target domain. However, it relies

on consistent data distributions in the target domain, which might not be the case

when models are deployed in the real world. In reality, incoming data may change

over time, be inconsistent in their perception or, when available, have incorrect

annotations. In the next section, we will explore how to effectively train models

with such noisy data to ensure robust learning and performance.
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2.6.3 Learning from noisy labels

In the previous sections, we have demonstrated popular methods that identify

unforeseen input and transfer acquired knowledge to identify tasks in a new domain.

However, these methods do not account for the inherent imperfections in labelled

datasets. Mislabelled instances can complicate the training process, leading the

model to overfit the noisy samples, hence hindering model performance and robust

generalisation. In this section, we will investigate mechanisms that establish robust

learning in the presence of noisy labels.

Approaches to handling noisy labels can be categorised based on the primary

mechanism employed to address the label inconsistencies. These can be architecture-

based, when the model architecture itself is adapted to capture label noise directly;

regularisation-based, when standard techniques to avoid overfitting are employed;

loss-correction-based, when a loss function is designed explicitly, or label robustness

is added in the optimisation process; and, sample-selection-based, when the noisy

subset of a dataset is identified and removed ahead of the training process.

There are two types of label noise that we will explore in this section. Label-

independent noise, when corruption may occur at any sample irrespective of its given

annotation, that can modelled by a noise transition matrix T ; and, label-dependent

noise, when the nature of some samples may lead to higher levels of confusion and

hence untrustworthy annotations, modelled by more complex representations.

2.6.3.1 Architecture-based learning

A radical approach to learning in the presence of noisy examples employs the

design of noise-handling architectures. Yielding minor modifications to existing

architectures, a common approach to handle label-independent noise is introducing

a noise adaptation layer following the output softmax function that represents the

noise transition matrix T . The parameters of the noise adaptation layer are learned

during training time, then at inference time, the layer is removed to obtain the

model’s prediction. In this direction, the Dropout [300] method has demonstrated

superior classification performance but significantly increases training time. In a



68 2.6. Generalisation and learning

different approach, the authors in[301] combine the noise estimation and outlier

detection problems in the noise adaptation layer. In this way, they jointly learn the

label noise in the layer’s parameters and create an outlier class to identify samples

that have been erroneously assigned one of the known annotations but are, in reality,

out-of-distribution. Similarly, the work in [302] learns the noise distribution in the

noise adaptation layer as a function of both the true label and the input features

when this dependency is desired and trains the model with standard EM.

To capture more complex noise distributions, a few dedicated architectures have

been proposed. The authors in [303] employ a probabilistic graphical model that

only requires a small amount of clean data for training and can be represented as

a set of two CNN modules, hence seamlessly embed to other deep architectures.

For each sample, the model captures the true labels for other similar samples and

estimates how likely it is for the sample to be mislabeled. Masking [304] introduces

a human prior for commonly confused categories, denoted as structure, which is

modelled using GANs. This notion constrains the noise transition probability

matrix, hence significantly relieving the computational cost. Finally, RoG [305] also

utilises generative models to learn label noise directly from latent features generated

by pre-trained models without the need for model retraining or modifications

to the model itself.

2.6.3.2 Regularisation-based learning

Regularisation approaches are also often employed to avoid overfitting, which makes

the model more resilient to label noise. Standard regularisation approaches, such

as dropout [300] and batch normalisation [306] can be employed and improve

performance, but more sophisticated approaches have been developed to address

the label noise problem.

A number of methods demonstrate the effectiveness of prior knowledge embedded

in pre-trained models. Pretraining [307] substantiates, through empirical evidence,

that fine-tuning on a pre-trained model significantly enhances robustness compared

to models trained from scratch. The universal representations acquired during
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pretraining act as a safeguard, preventing model parameters from being updated

erroneously by noisy labels. Similar to the transfer learning approaches mentioned

in Section 2.6.2, robust early learning [308] involves the classification of critical and

noncritical parameters for fitting clean and noise labels, respectively. A distinct

update rule penalises only the noncritical parameters, thereby mitigating the impact

of noisy labels. Towards constraining the parameters corresponding to noisy samples,

label smoothing [309] estimates the marginalised effect of label noise during training,

reducing overfitting by preventing the DNN from assigning a full probability to

noisy training examples. Instead of employing a one-hot label, the noisy label is

combined with a uniform mixture over all possible labels.

Bilevel learning [310] introduces a novel bilevel optimisation approach. Contrary

to conventional methods, this approach incorporates a regularisation constraint as

an optimisation problem. It effectively controls overfitting by dynamically adjusting

weights on each mini-batch, optimizing them to minimize errors on a small validation

dataset. PHuber [311] proposes a composite loss-based gradient clipping, a variation

of standard gradient clipping tailored for label noise robustness.

Annotator confusion [312] moves towards an ensemble-like approach, assuming

the presence of multiple annotators. It introduces a regularised EM-based approach

to model label transition probabilities that facilitates the convergence of estimated

transition probabilities to the true confusion matrix of annotators.

Finally, adversarial training approaches have also proved successful. Pioneering

work [313] enhances noise tolerance by encouraging a Deep Neural Network (DNN)

to correctly classify both original inputs and hostilely perturbed ones, improving

the model’s resilience to noise.

2.6.3.3 Loss-correction-based learning

The categorical cross entropy (CCE) loss is widely employed for classification tasks

due to its rapid convergence and high generalisation capabilities. As such, most

selected loss functions for noisy learning are based on the CCE. The authors in [314]

demonstrated that in the presence of noisy labels, the robust mean absolute error
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(MAE) loss is a more robust choice because it satisfies a noise-tolerant condition.

Despite its effectiveness, MAE loss struggles with complex data. GCE [315] further

advanced this approach, aiming to combine the advantages of both MAE and

CCE losses. Inspired by the symmetricity of the Kullback–Leibler divergence, the

symmetric cross entropy (SCE) [316] combines a noise tolerance term, reverse

cross-entropy loss, with the standard CCE loss.

Towards adjusting existing loss functions rather than defining new ones, the

authors in [317] proposed the backward and forward correction methods; in the

backward case, model retraining is performed after the noise transition matrix is

estimated from the softmax output to incorporate the learned label noise. In contrast,

the forward correction approach employs a linear combination of a DNN’s softmax

outputs before applying the loss function, multiplying the estimated transition

probability with the softmax outputs during forward propagation. Gold loss

correction [318] relies on clean validation data or anchor points for loss correction,

resulting in a more accurate transition matrix that enhances correction robustness.

T-revision [319] provides a solution to infer the transition matrix without anchor

points, and dual-T [320] factorises the matrix into two easy-to-estimate matrices,

avoiding direct estimation of the noisy class posterior.

Bootstrapping [321] introduces the concept of label refurbishment to update

the target label of training examples, creating a more coherent network capable of

evaluating the consistency of noisy labels. Dynamic bootstrapping [322] adjusts the

confidence of individual training examples dynamically. Self-adaptive training [323]

uses exponential moving averages to alleviate instability, considering local intrinsic

dimensionality to evaluate confidence. SELFIE [324] introduces refurbishable

examples that can be corrected with high precision, focusing on examples with

consistent label predictions.

2.6.3.4 Sample-selection-based learning

In sample selection methods, the trustable part of the dataset is identified for

robust model training. The remaining samples are either discarded or refurbished
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to their predicted true label.

The authors in [325] advocate towards separating the decision of when to

update from how to update. This involves maintaining and updating two DNNs

simultaneously, selecting examples based on their disagreement. The “small-

loss trick” is another selection criterion, treating training examples with small

losses as potentially true-labelled examples due to the memorisation effect of

DNNs. MentorNet [326] employs a pre-trained mentor network to guide a student

network collaboratively, using the small-loss trick for correct label predictions. Co-

teaching [327] and Co-teaching+ [328] maintain two DNNs, each selecting small-loss

examples and training their peer DNN. JoCoR [329] reduces network diversity via

co-regularisation to make predictions closer.

ITLM [330] iteratively minimises trimmed loss by alternating between select-

ing true-labelled examples and retraining the DNN. INCV [331] divides noisy

training data, uses cross-validation for classification, and employs co-teaching

for DNN training. O2U-Net [332] repeats the training process with cyclical

learning rates, retraining the DNN from scratch for clean data after false-labelled

examples are detected.

To address the limitation of discarding unselected training examples, SELF [333]

combines with a semi-supervised learning approach to progressively filter out

false-labelled examples, leveraging the mean-teacher as a running average model.

DivideMix [334] transforms noisy data into labelled and unlabelled sets using

Gaussian mixture models and applies MixMatch. SELFIE [324] is a hybrid approach

combining sample selection and loss correction, considering more training examples

for DNN updating.

2.6.4 Summary and challenges

In this section, we have explored some important challenges that can manifest when

deploying models in real-world scenarios. In such operational scenarios, a model may

be presented with incoming samples that belong to previously unseen categories;

necessitating robust out-of-distribution detection mechanisms is key for the model
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to identify such examples and communicate its uncertainty to the user. In a different

direction, models may encounter the need to operate in novel scenarios of a similar

nature, demanding adaptability through transfer learning. In both these scenarios,

incoming samples may be afflicted with label noise, hence training a model to

effectively handle such noise is an important part of real-world model deployment.

The research area of out-of-distribution detection has thoroughly studied the

problem of handling previously unseen incoming data. Most works, however, assume

that samples deviate from the model’s embedded knowledge simply when they are

sourced from a new dataset, even when their annotation matches the learned classes.

This contradicts the intuitive human understanding of data similarity. In reality,

non-expert users would expect a mobile application to confidently capture their

performed activities as they perceive them. This principle also extends to samples

that exhibit some dissimilarity with the learned classes but share significant semantic

information; for instance, “sitting” and “watching TV” are highly correlated, given

that people commonly watch TV while seated.

However, the limited research addressing out-of-distribution detection from a

semantically coherent perspective, particularly in the context of near-OOD detection,

faces challenges in establishing such logical connections. While it is reasonable

to anticipate that a new dataset may not encompass precisely the same class set

as a model’s training dataset, current methodologies only permit for activities

not strictly belonging to the learned classes to be categorised as (near or far)

OOD, which is unnecessarily impractical for everyday applications. Moreover,

when data from known classes are erroneously classified as OOD, there lacks a

systematic methodology to discern the subtle nuances in the data hindering the

model’s generalisation. Although the domain of transfer learning has demonstrated

mechanisms for extending a model’s capacity to learn from new samples introduced by

users with different task understandings, it fails to offer a comprehensive explanation

for the necessity of such adaptations. At the same time, while adaptation to

accommodate knowledge transfer across different users, devices or environments

exists, we have not identified any works that study the realistic problem of data being
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annotated at different time frequencies. In the realm of learning from noisy data,

efforts have been made to address the uncertainty arising from label noise, stemming

both from differences in underlying data patterns and erroneous annotations.

However, the estimation of noise type typically adopts a numerical perspective

rather than providing a semantic, explainable understanding through the model’s

lens, a viewpoint we consider valuable for real-world model deployment.

In Chapter 6.7, we will investigate this problem in the context of HAR. Specifi-

cally, we will focus on discerning and alleviating the various causes that may impede

a model’s generalisation or the seamless transfer of knowledge to a new target dataset

comprised specifically of ID and near-OOD samples. Our approach aims to bridge

the disparities across the datasets, bringing to light both the semantic similarities

and discrepancies (noise) across corresponding classes in the two datasets. This

strategic approach paves the way for robust generalisation and effective transfer

learning across similar domains.

2.7 Conclusions

In this chapter, we have discussed the relevant research pertaining the key research

directions explored in this thesis: identifying human location in indoor spaces,

estimating information about the activity performed, and handling real-world data.

We have explored existing datasets and highlighted the advantages and potential

challenges that arise from the current state-of-the-art methods, which we will aim

to address in the following chapters of this thesis. In particular:

In Section 2.3, we summarised existing datasets in the areas of human indoor

positioning and human activity recognition. We have highlighted the lack of available

datasets that contain smartwatch sensor recordings, particularly alongside ambient

signals and location information, which would enable usability of datasets in the

positioning scenario. In Chapter 3.4, we address the lack of such data by introducing

two smartwatch-based datasets that we have collected and released with this thesis:

WatchBLoc, for the positioning scenario, and watchHAR for HAR problems.
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In Section 2.4.3, we provided an overview of various existing indoor positioning

methods, covering visual, radio-based, and inertial positioning techniques. We have

considered sensor types, environmental constraints, and the challenges of positioning

individuals in private indoor spaces. We have stressed the importance of privacy-

respecting methods that steer clear of fingerprinting and extensive calibration

and have recommended the use of ambient sensor signals that do not require

additional infrastructure. While public indoor spaces have been extensively studied,

solutions for private environments are limited, making WiFi and Bluetooth Low

Energy (BLE) approaches with smartphones more prominent. Recognising the

complexity and costliness of many solutions, we have highlighted the need to

shift to wearable sensors, such as smartphones and smartwatches, emphasising

their lightweight nature and accessibility. Smartwatches emerge as a promising

alternative, addressing challenges in continuous monitoring within private indoor

spaces, but remain understudied in literature.

In Chapter 4.7 we will move towards this direction, introducing an infrastructure-

free, privacy-preserving approach that uses smartwatch inertial data and ambient

BLE signals for semantic indoor localisation in private spaces.

In Section 2.5.3.4, we discussed research directions towards human activity

recognition, focusing on understanding the prevalent sensor types, particularly the

common use of inertial data from sensors like accelerometers and gyroscopes. We

have summarised various methodologies leveraging smartphone inertial data for

HAR, highlighting the frequently employed features and models. While smartphone-

based HAR solutions show promise, we have identified certain limitations, especially

in continuous tracking and in recognising a broad spectrum of human activities.

Additionally, we identified the varying contexts in which activity recognition is

needed, with different mobile applications requiring different levels of granularity

in activity information. Hence, we emphasise the necessity for centralised systems

capable of recognising activities across various contexts and detail levels.
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In Chapter 5.7, we will explore a centralised approach to activity recognition

that uses hierarchical structures that achieve a semantic understanding of human

activities across multiple granularity levels.

In Section 2.6.4, we explored significant challenges that may arise during the de-

ployment of models in real-world scenarios. We have highlighted the need for robust

out-of-distribution detection mechanisms that are capable of identifying incoming

samples from previously unseen categories and communicating the uncertainty of

predictions to the user. Additionally, models may need to operate in novel scenarios

of a similar nature, requiring adaptability through transfer learning while effectively

handling incoming label noise. In these directions, we have identified a gap in

solutions that do not only discern these challenges but also provide explainable

information regarding the incoming data. Such an approach would significantly assist

in understanding the varying task perceptions of human activities from different users

and set the basis for robust generalisation, effective transfer learning and continual

learning across similar domains that are currently commonly considered out-of-

distribution despite their semantic similarities with the in-distribution domain.

In Chapter 6.7, we will delve into the problem of HAR, specifically focusing on

discerning and alleviating the causes that may impede a model’s generalization or the

seamless transfer of knowledge to a new target dataset samples from semantically

similar, albeit not identical classes.
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Chapter 3

Contributed Datasets

3.1 Introduction

In this chapter we will introduce WatchBLoc and watchHAR, two smartwatch-

based datasets that we collected during this thesis, and have released to the research

community through the Zenodo platform.

Ethics protocol Both datasets involve human participants and log personal and

identifiable data, including camera recordings (capturing facial features), inertial

data (from which gait estimates—an identifiable trait—can be extracted), and

ground truth information about participants’ home environments.

To safeguard participant privacy and protect personal data, a full CUREC

ethical review was conducted on the data collection protocols, covering participant

recruitment, informed consent, data anonymisation, and secure data storage and

processing. The proposal received approval under reference SSD/CUREC1A

CS_C1A_19_012, encompassing the design, recruitment, and data collection

for both datasets. The following protocol was followed:

• A call for participants was distributed via the Cyber Physical Systems Group

mailing list, with recipients permitted to share it further. There were no
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exclusion criteria; participation was open to all interested individuals.

• Data collection in participants’ homes when this was necessary was conducted

without video recordings to protect privacy. Video recordings were only made

in a controlled laboratory setting for ground truth verification during data

analysis and were not included in the released datasets.

• Data were collected using smartwatch sensors via tailored recording applica-

tions and transferred manually to secure desktops.

• Access to identifiable user data was restricted to research group members.

Any directly identifiable information (e.g., names, video recordings) was

permanently deleted following data analysis and anonymisation.

3.2 The WatchBLoc dataset

In this section, we will present WatchBLoc, a new dataset we collected to achieve

indoor localisation for home environments using BLE RSSIs from ambient IoT

signals and smartwatch IMUs.The dataset is publicly available at:

https://doi.org/10.5281/zenodo.7039554

3.2.1 Motivation

WatchBLoc is a dataset comprising ambient BLE, inertial data and ground truth

room-level location for training and evaluating human indoor positioning models,

particularly in scenarios where fingerprinting, environmental maps, and other

location references are unavailable due to privacy constraints. While existing

indoor localisation datasets primarily rely on sensor modalities that may not

align with the privacy and cost restrictions of personal indoor spaces, there is

a notable absence of datasets that provide both ambient signals and room-level

ground truth location information.

Moreover, most available datasets originate from controlled studies that impose

constraints on participants’ behavioural patterns and limit the number of accessible

https://doi.org/10.5281/zenodo.7039554
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spaces, often to assuming locations within the same room correspond to different

“rooms”. Such restrictions fail to capture the diversity of real-world user behaviour

as they move within a space performing their typical daily activities.

To address this gap, WatchBLoc offers a dataset designed to support the

development of robust and accurate learning models for inertial tracking in realistic

indoor environments. The goal is to create a dataset that can provide accurate

location information about the users occupying the space, while being able to

maintain their naturalistic behaviour, without relying on heavy, cost-prohibitive,

or intrusive infrastructure.

3.2.2 Dataset description

The dataset was collected over two environments, utilising a smartwatch for the

collection of inertial data, and BLE beacons positioned strategically across the

rooms of the environments to act as ambient sensor signals. A recording application,

installed on the smartwatch, was responsible for recording both ambient signals

sensed due to the BLE beacons, and inertial data in the smartwatch’s IMU. A

separate application was also installed, for the users to record their ground truth

room transitions when changing location.

Environment settings To reflect sensor readings under everyday usage, the

data were collected over two environments; a demo-home, i.e., an office space set up

to facilitate the experiment, and a real-home, i.e., a standard flat. The floorplans

of the data collection environments are shown in Fig. 3.1.

The choice of environments was practical as well as informational; while the

demo-home allows for more controlled data collection, with accurate ground truth

location loggings verified by the conductor of the experiment as well as reported

by the user. It is also an interesting space in terms of layout, as there is a large

corridor where all rooms communicate with, but which does not enable direct

transitions between very adjacent rooms as easily as in house setups. At the same

time, the real-home allows for the collection of data in more naturalistic behaviour,
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with the ground truth reported by the user. It is also an interesting case of a

house to examine in terms of space usability and semantic location perception:

it is a 2-bedroom/2-bathroom flat with an open-plan kitchen-living room space.

The bedroom, denoted as study and the bathroom, denoted as loo constitute

an ensuite room. As such, even though there exist 6 different semantic locations

(namely kitchen, living room, bedroom, bathroom, study and loo), these can be

accounted as 5 or 4 distinct rooms: an open-plan kitchen/living room, a bedroom,

a bathroom, and a study and loo, or a single ensuite space. We denoted the

above four combinations as full, openplan, ensuite and merged, respectively.

Sensor setup The data were collected by the on-board sensors of a consumer

smartwatch, recording ambient BLE signals at 0.2 Hz, and accelerations and angular

rates from 6-axis IMUs, and magnetic fields from 3-axis magnetometers at 100 Hz;

the smartwatch utilised was a Sony Smartwatch 3 and was attached to the users’

dominant wrist. All participants were right-handed.

We examined three possible IoT device configurations: placing beacons at

the centre of each room (centre), at the entrances of each room (doors), and at

locations around each room such that their pairwise distances are maximised (far).

Combinations of the above device configurations might exist in real life, e.g., there

might be a smart thermostat by one room’s door and a smart speaker in the centre

of another; we will only discuss the three configurations above in this thesis, but the

dataset includes BLE RSSIs from all the above 3N locations simultaneously, allowing

researchers to examine other combinations of device configurations should they wish.

Users A total of 11 participants, noted as user1 to user11 performed the experi-

ment across the two environments, yielding a total of 20 recordings, noted as rec1 to

rec20 in the dataset. user1 performed the experiment in both environments; three

times in the demo-home (rec1,5,8) and once in the real-home (rec13,15,17,19). user11

performed the experiment only in the real-home (rec14,16,18,20) while the rest of the

users performed the experiment only in the demo home, yielding one recording each.
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Figure 3.1: Data collection environment layouts.

The floorplans of the two environments where we collected data for our dataset are
presented. The demo-home consists of N = 6 rooms arranged across a single floor. The
real-home is a 2-bedroom/2-bathroom flat with an open-plan kitchen-living room space.
There are 6 distinct semantic locations that, however, can be accounted as N = 4, N = 5
or N = 6 rooms, depending on whether we assume the open-plan kitchen and living room
to constitute a single openplan room, the ensuite study and loo as a single ensuite room,
or both.
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Note that recording rec13,15,17,19 were recorded simultaneously, but account

for the four different assumptions on what constitutes a room in the real-home,

as described before. The same holds for recordings rec14,16,18,20. Details on

each recording are listed in Table 3.1.

Each participant performed the experiment for approximately 1 hour continu-

ously; with the sensor recording application active and the user instructed on how to

record the ground truth location, the participants moved around the environment,

performing activities that are commonly encountered in each room in their own

style. Not everyone performed the exact same activities, and the ground truth

activity labels were not recorded.

Table 3.1: Description of WatchBLoc dataset.

A total of 11 users performed the experiment across two different environments. user1
performed the experiment in both the demo-home (for three distinct recording IDs, 1, 4
and 8) and the real-home (recIDs 13, 15, 17, 19).user11 performed the experiment in the
real-home (recIDs 14, 16, 18, 20) and the rest of the users in the demo-home, yielding
one recID each. Four versions of a semantic layout for the real-home are considered: each
semantic location is considered a separate room (real-home:full); an ensuite bathroom
and bedroom are abstracted to a single ensuite room location in the real-home:ensuite
case. An open-plan kitchen and living room existing in a space are abstracted to a single
semantic room, kitchen/living room in real-home:openplan. Finally, both the ensuite and
open-plan abstractions are considered in the real-home:merged case.

recID environment configurations # rooms

1-12 demo-home centre, doors, far N = 6
13-14 real-home:full centre, doors, far N = 6
15-16 real-home:ensuite centre, doors, far N = 5
17-18 real-home:openplan centre, doors, far N = 5
19-20 real-home:merged centre, doors, far N = 4

3.2.3 Data collection challenges

The collection of this dataset has brought to light a few challenges associated with

seamless, privacy-preserving localisation of people. We will discuss some of these

here but mention further difficulties encountered in Chapter 4.7, as they appear

in the dataset’s analysis and algorithm’s evaluation.
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The BLE RSSI data from different houses may vary significantly, even for

homes with similar layouts. Wireless signal strength can be affected by many

factors, such as the existence of line-of-sight (LOS) between a BLE device and the

smartwatch, attenuation at different levels depending on the construction of the

walls’ materials [335], etc. As such, it is not always guaranteed that we will hear

a BLE RSSI as we would expect in a space; sometimes, RSSI from an IoT device

that exists in an adjacent room may be stronger than the RSSI from an IoT device

located in the space the user is in. Or, we might have missing data (i.e., not detecting

certain beacons at all) even if we’re continuously recording data; this can be the

result of severe signal attenuation owing to the house’s layout (e.g., walls), but also

of the user’s and other occupants’ movements around the house [336], that might

be creating additional obstructions to the LOS between device and smartwatch.

A few other challenges arise from choosing the smartwatch as the sole sensing

modality. To ensure long battery life, smartwatches may go to battery saving

mode, e.g., when their screen is not touched for a long time; this can result in

large segments of missing data, leading to uncertain positioning estimates for the

corresponding periods of time. At the same time, the wrist attachment of the

smartwatch means that the watch is recording inertial data that encode information

not only due to the user moving across or within rooms but also when any other

activity is performed, as hand usage is entailed in most everyday activities [337].

This leads to much additive “noise” and can significantly complicate distinguishing

walking from other vigorous activities, such as brushing teeth or doing the dishes.

Ground truth collection, whilst adhering to privacy concerns, has also been a

significant challenge during this experiment’s design and data collection. Initial

attempts at data collection included ground truth collected through hand-written

notes from the user. This was impractical, as the exact timings of changing location

and ground truth logs were almost impossible to align, and it was heavily relied

on the participants to remember their actual course of action. Camera use was

prohibited, as data collection included performing the experiment at participants’

private houses and was thus considered a privacy breach by the Ethics Approval
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Committee. RF tags were also inappropriate to indicate the ground truth location

of the participant, as multiple people were using the data collection environments

simultaneously. Based on these issues, a logging application was developed and

installed on the smartwatches so the participants could tap the appropriate semantic

location on the smartwatch’s screen every time they moved to a new room. It is

important to note that this approach can still have synchronisation issues, as it is

almost impossible for the participant to tap their new location exactly at the moment

of room-change. However, exploration of the data has shown that it is reasonable

to assume that the ground truth lags are no longer than approximately 5 seconds.

In Chapter 1.4, we demonstrate the capabilities of this dataset to perform

semantic localisation in indoor spaces, accurately capturing room transitions across

both environments.

3.3 The watchHAR dataset

In this section, we will present watchHAR, a new dataset of smartwatch IMU

recordings of users performing ADL commonly performed in indoor spaces, e.g.,

a home or office environment, coupled with location information from a VICON

system. The dataset is released as part of this work at the following address:

https://zenodo.org/record/7092552

3.3.1 Motivation

Human Activity Recognition has been an active research area for many years,

with datasets available for various sensor modalities, including cameras, IMUs,

smartphones, smartwatches, and other body-worn sensors. However, there remains a

limited presence of datasets that focus specifically on smartwatch recordings, despite

their advantages in ensuring continuous movement tracking, being lightweight, and

widely available. Additionally, many HAR datasets emphasise health-related events,

such as falls and gait patterns, or capture low-level actions, such as reaching for

https://zenodo.org/record/7092552
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objects or opening and closing drawers, rather than broader activities of daily

living (ADLs).

Most existing datasets primarily rely on smartphone data and often cover a

restricted set of activities. For example, the UCI HAR dataset contains only six

locomotive activities recorded via smartphone sensors. The Opportunity dataset,

while rich in sensor data—including smartphone and smartwatch inertial recordings,

focuses on fine-grained actions rather than ADLs. The ExtraSensory dataset

provides in-the-wild recordings from both smartphones and smartwatches but suffers

from missing labels, annotation inconsistencies, and unbalanced class distributions.

Among the few datasets that offer accurate smartwatch recordings and capture

a diverse range of ADLs are PAMAP2 and WISDM.

Our dataset contributes to this space by specifically addressing the need for

smartwatch-based HAR recordings focused on ADLs, particularly in private indoor

environments such as homes and offices. This is especially relevant given the rise

in remote working since the COVID-19 pandemic, where understanding everyday

activities in these settings is increasingly valuable.

3.3.2 Dataset Description

Sensor setup The data were collected by the on-board sensors of 4 Sony

Smartwatch 3 wearables, one attached per wrist and ankle of the users, recording

accelerations and angular rates from 6-axis IMUs, and magnetic fields from 3-

axis magnetometers.

A Vicon motion capture system was deployed to produce high-precise groundtruth

values of the user as they were performing each activity, providing not just semantic

description of each activity (based on its given annotation), but also precise

movement trajectories captured in the vicon system.

A VICON marker was attached to the users’ wrists, just below the smartwatches,

to provide location information of the users’ hand movements. We also attached

markers on the participants’ ankles to provide synchronisation information about

the user’s hand-swinging motion and the steps taken. Vicon markers are small,
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retro-reflective markers attached to a subject’s body or object that is tracked by

a Vicon motion capture system, allowing for precise 3D tracking of movement,

enabling the system to pinpoint the location of a specific point on a moving object.

A GoPro camera was utilised to record the users executing the prescribed

activities, to ensure any deviation from the instructions is noted and to ensure

accurate ground truth labels.

Selected activities 18 activities were recorded, selected from four key categories

of activities frequently performed day-to-day: walking patterns, floor changes,

relaxing, and activities involving manual dexterity. These are described in Table 3.2,

grouped by their movement style similarities, where movement patterns aiming to

change location (walk, change floor) are disambiguated by static activities; these, in

turn, are disambiguated into activities involving little to no hand involvement,

to active manual dexterity. We believe this provides a variable and diverse

range of activities that commonly occur in daily living settings, and thus are

useful to consider.

Users Both male and female users, aged between 23 and 67 years old, participated

in the experiment. The users were instructed on the activity to perform but were

told to execute it in their own style.

We performed two experiments: in the first experiment, 13 users executed 14

of the 16 activities described in Table 3.2 in their own style in a room equipped

with VICON cameras. The two activities not performed in the above experiment

were “walking upstairs” and “walking downstairs” because stairs were unavailable

in laboratory spaces equipped with VICON cameras. As such, the two “stairs”

activities are the only activities in the dataset for which location information

from the VICON system is not provided. In the second experiment, 14 users

performed the remaining two activities on stairs of varying lengths and floor

numbers, recorded in the smartwatch’s IMU recordings. Six out of the 14 users

had also participated in the WatchBLoc experiment. The users performed each

activity for approximately 1 to 3 minutes.
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Table 3.2: Description of watchHAR dataset

group label description

walk

freewalk normal walk (free-swinging hands)
bag walk holding a bag

phone walk while talking on phone
pockets walk with hands in pockets

tray walk holding a tray
underarm walk holding an object under armpit

change
floor

up walk upstairs
down walk downstairs

relax relax
sit

read a book
use a remote control

do manual
tasks

type type on a keyboard
write write on a paper

hands-face wash hands and face
teeth brush teeth
mug wash a mug

plate wash a plate
sandwich prepare a sandwich

While smaller in size than other similar datasets, e.g., PAMAP2, WISDM, the

dataset contributes a useful range of activities of daily living, that, as we will

explore in Chapter 5.7 and Chapter 6.7, can be utilised to learn robust models of

activity recognition systems. At the same time, it includes precise trajectory-based

information from the Vicon system, paving the way for usability also in other

domains, such as pose estimation and trajectory-based HAR.

3.4 Conclusions

In this chapter, we introduced WatchBLoc and watchHAR, the two datasets

we have collected to assist the work in this thesis and the research community,

along with challenges identified during the data collection process. In the following

chapters, we will use these datasets to develop, train and evaluate our localisation

and activity recognition algorithms.
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Chapter 4

Room-level localisation in
privacy-preserving environments

4.1 Introduction

In this chapter, we will explore the first of the three key components that contribute

to human behavioural understanding, estimating a person’s location. We will

investigate the problem of human positioning in indoor spaces, where preserving

the privacy of the user is key, and available infrastructure to allow for effective

localisation is limited.

4.1.1 Motivation

In recent years, people spend a considerable amount of their day in their homes. An

increased tendency towards self-employment, as well as businesses experimenting

with new productivity schemes, have given more flexibility to people to work from

home, a trend that has largely culminated in a necessity due to the COVID-19

pandemic. At the same time, the advances in medicine and the increase in life

expectancy have resulted in the phenomenon of the ageing population; retired adults

typically have many more years to live but are often faced with age-related diseases

that might keep them at home as they become more severe.

89
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The increasing at-home way of living presents a unique opportunity to analyse

human behaviour at home to improve situation awareness for Cyber-Physical

Systems (CPS) that function based on human-environment interactions. For

example, smart homes could benefit from daily patterns to learn tasks, such as

preheating a room frequented at a usual time. Similarly, older adults could be

remotely supervised, and intervention could be called for should an abnormal

incident be detected.

By investigating such scenarios, it becomes evident that human-environment

interactions at home correlate with semantic locations around the house and the

user’s mobility patterns around different rooms. As such, inferring the position

of a human inside their house, as well as transition patterns across rooms, can

significantly improve situation awareness.

4.1.2 Challenges of human positioning in private indoor
spaces

Human positioning at home is far from trivial. Installation of bespoke infrastructure

can be cumbersome and cost-prohibitive. Privacy concerns can also be raised, not

only regarding the person monitored but also for others who might be sharing

the space. It is, therefore, essential to identify methods that can exploit existing

infrastructure to infer space usage and effectively capture mobility patterns in a

privacy-preserving way. Despite the surge of research activity in recent years in

the area of human indoor positioning, these constraints rule out many methods

that are very effective in different contexts.

User privacy, in particular, which is a key motivation for this work, plays

a critical role in determining the selection of sensor types and methodologies

for indoor positioning. Privacy is a multifaceted concept encompassing various

directions, from the non-disclosure of personal attributes (e.g., age and gender) to

biometric data such as heart rate, facial structure, voice, and gait patterns, as well

as information related to financial or social status and online data security [338,

339]. In this thesis, user privacy is defined in terms of three primary aspects: i)
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personal attributes, ii) biometric data, and iii) information revealing financial status,

occupation, or sensitive category data, such as racial or ethnic origin, political or

religious beliefs. While concerns regarding data security are particularly relevant in

this context [340–342], where ambient and wearable data are collected, stored, and

processed either on-device or on designated remote servers, as we will discuss in

detail in the following sections, this work does not address data privacy from the

viewpoint of cyber security and privacy in computing systems. Instead, the focus

is on the algorithmic and infrastructural components required to achieve seamless

user localisation without exposing identifiable or personal characteristics.

To this end, camera-based approaches, despite their proven accuracy in human

positioning [25, 90, 91, 95–98, 101–108], are unsuitable for privacy-preserving

localisation. Such methods can capture images or videos of individuals, revealing

biometric features (e.g., facial characteristics and gender) or details of their sur-

roundings (that may disclose financial status or personal affiliations). Similarly,

sounds-based localisation systems, that record voice (which belongs to biometric

data) cannot be utilised [113–118]. At the same time, positioning technologies

requiring access to the user space for infrastructure installation, such as infrared

systems, or detailed housing information, such as architectural maps needed for

many radio-frequency-based fingerprinting approaches, are also not appropriate.

While IMU-based methods align with most privacy constraints, gait patterns remain

an identifiable biometric characteristic, and mobility algorithms should therefore

avoid reliance on gait estimation [138, 152, 154–158, 160], such as approaches

employing pedestrian dead reckoning.

Given these considerations, the remainder of this section explores key positioning

methodologies from prior research, evaluating their constraints in terms of user

privacy, cost, and suitability for human localisation in private indoor spaces such

as homes and offices.

Infrared (IF) positioning systems, for instance, though capable of providing

very accurate position estimates, require the installation of extensive infrastructure,

making them cost-prohibitive for the home environment case [121]. Pedestrian
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Dead Reckoning (PDR) is an alternative that could minimise costs significantly, as

it only requires cheap inertial sensors (accelerometer, gyroscope, magnetometer)

that can also easily be attached to the person to be monitored and are widely

available in everyday devices, such as smartphones and smartwatches; however, it

requires very accurate knowledge of one’s initial position, and it can also exhibit

significant errors due to drift [337]. This issue is exacerbated in smartwatches where

there could be interference from multiple other non-walk-related hand motions [337].

Other radio frequency (RF) localisation techniques have successfully been used in

indoor public spaces (e.g., shopping malls) that are equipped with large wireless

sensor networks (WSN/WLAN) with numerous access points (APs). These methods

usually employ Wi-Fi APs or Bluetooth low energy (BLE) beacons [29] together with

smartphone inertial measurement unit (IMU) sensors [30] to achieve an accuracy

with an estimated 2 − 10 metres error [30]; errors beyond 4 m however would

probably correspond to a completely different room in a house. Furthermore, they

usually require extensive fingerprinting or crowdsourcing [175], which is not an

option at home. Lastly, even though mobile phones are carried very often by their

owners wherever they go, it is not common for people to carry the device at all

times inside their houses. Older people, in particular, are often unfamiliar with and

resilient to use such technology. Device-free passive RF localisation methods that do

not require any sensors to be carried could probably be effectively used to monitor

people who live alone. Still, they will raise difficulties in more crowded houses, as

there is no way to distinguish between the movements of the house’s occupants (or

visitors) if they are not carrying a tag and require careful training per house.

4.1.3 Proposed approach and key contributions

Smartwatches are equipped with inertial sensors and Bluetooth radio, with which

they can sense IoT devices in their vicinity. As these are seeing increasing use among

the wider population, we assume this to be a practically infrastructure-free approach.

In summary, our main contributions are:
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• We propose RoomE, a probabilistic algorithm that achieves semantic lo-

calisation and room identification by sequentially fusing ambient location

information with high-level mobility features derived from inertial data, no

matter the IoT devices’ placement in the environment.

• We investigate the challenges associated with the sensors we use in this

study: i) how different placements of IoT devices around the house can affect

the accuracy of room detection, and ii) the challenges associated with using

motion data from smartwatches and the need for a simple yet robust approach

to detecting candidate room change events.

• We evaluate our proposed approach on the WatchBLoc dataset across different

floorplan layouts, IoT device placements and user motion patterns. We show

that our method mitigates the high sensitivity of existing smartwatch room

detection algorithms to the configuration of ambient home devices. It increases

the room detection accuracy compared to state-of-the-art from 67.77% to

81.53% without using fingerprinting of the environment. It also provides the

capability of inferring room transition probabilities without using floorplan

information.

The remainder of this chapter is organised as follows: Section 4.2 presents the

architecture of our proposed indoor localisation system and illustrates how the

different modules work together. Section 4.3.3.2 introduces the algorithmic details

for each of the system’s components. Section 4.4 then prepares the data to be used

by the framework, and Section 1 evaluates their performance. Finally, Section 4.7

concludes the chapter and discusses limitations and future directions.

4.2 System architecture

This section provides a high-level description of our system architecture and its

three main algorithmic components, i.e., Room Detection, Walking Detection

and Room Estimation, each of which will be detailed and evaluated in the

following sections.
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Our algorithm assumes a house with N rooms, each equipped with exactly

one IoT device. In practice, this is not constraining in the presence of multiple

IoT devices per room, as they can be aggregated into an, e.g., ‘max’ or ‘mean’

BLE signal. Handling rooms with no BLE devices is more challenging and is an

open topic for future work. We also assume that we can infer a semantic label

for the room each IoT device is located in through its identifiable name, e.g., an

“IoT fridge” is located in the “kitchen”, etc. The inhabitant owns a smartwatch,

which can perceive these devices through their emitted signals. No information

is available regarding the size of each room, their relative position in the house

or the position of the IoT devices within the rooms.

IoT 
signals

IMU

Room 
Detection

Motion 
Detection

Room 
Estimation

room-level 
user 

location

room 
connectivity

graph

RoomE

Figure 4.1: System architecture for RoomE.

Our algorithm aims to estimate the room-level location of the inhabitant and

a semantic map of the environment while they freely move around the house.

This is achieved through RoomE’s three main components. These are depicted

in Fig. 4.1 and outlined below:

1. Room Detection, giving initial estimates of the user’s semantic location.

2. Motion Detection, to estimate potential room-transitions.

3. Room Estimation, to provide a definite, improved room-level user location

and information on the house’s layout.

The first two modules utilise the ambient IoT signals from the various IoT

devices and the inertial data logged in the smartwatch to derive initial estimates

of the user’s room-level semantic location and mobility, respectively.
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In the final module, we employ a probabilistic graphical model, which we train

against the available data, to fuse the information extracted in the above modules

in a probabilistic graph. Traversal of the graph in the inference phase provides

refined room-level localisation for the user. The learnt model’s parameters during

the training phase are used to infer room-connectivity information, i.e., which

rooms are accessible from others.

RoomE thus outputs a room-level location for the user at each timestamp,

as well as an estimated semantic map of the house, in the form of a room-

connectivity graph.

4.3 Algorithms

This section discusses the three main algorithmic components of RoomE.

4.3.1 Room Detection

For the Room Detection module, we employ a maxRSSI approach on the

preprocessed BLE data, thus assuming that at any point, the user is nearest

to the IoT device that emits the strongest RSSI and thus in the corresponding

room in the house where the IoT device is placed. BLE data preprocessing is

discussed in Section 4.4.1.

Other algorithms that can infer semantic location from ambient IoT data could

be used instead of maxRSSI. Our choice of maxRSSI is based on the constraints that

the home environment poses: we do not have any information about the dimensions

of the rooms or the IoT devices’ placements around the house; this makes the use

of, e.g., fingerprinting based algorithms less suitable for our problem. Even if we did

have such information, we would need to re-calibrate the model in each house, as the

signal propagation would be affected by the specific conditions of each environment.

maxRSSI is a simple approach that does not require prior training or calibrating,

as it only concerns the strongest RSSI signal each time. It has been considered

accurate enough to generate the ground-truth location of users in human-robot

interactions [171], as well as to identify the interactions of users with objects
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that have BLE beacons attached [343]. It also resembles the thought process

behind log-linear path-loss radio propagation models, which are often employed

to model the degrading effect of the distance between the transmitter and the

receiver on the RSSI values:

rssid = rssid0 − 10n log10(d),

where rssid is the RSSI at a distance d, rssid0 is the received signal power of

the receiver from a transmitter one meter away, and n is the path loss exponent.

As is obvious from the above, for d1 > d2, it holds that rssid1 < rssid2 , i.e., the

RSSI value decreases as the distance from the transmitter increases. As such, the

maximum RSSI value will be obtained nearest the transmitter.

The data passed to the maxRSSI algorithm need to be vectors of RSSIs,

corresponding to the N RSSIs received from the N identified rooms in the house at

each timestamp t (i.e., the end-time of the corresponding window):

vecRSSIst := [rssir1,t, . . . , rssirN ,t] .

The room estimate rt can then be computed as the room where the strongest

signal device is located. For windows that, even after the preprocessing, no signal

was received, we cannot accurately estimate the user’s location with the maxRSSI.

As such, we assign these windows to an “unknown room”:

rt =
unknown room, if no RSSI from beacons,
rj, j = argmax vecRSSIst, otherwise.

4.3.2 Motion Detection

For the Motion Detection module, we employ a simple energyPeak approach

based on the assumption that the overall energy of the acceleration signal recorded

in the smartwatch should be higher during active phases compared to idle phases.

Many fitness-related smartwatch apps aim to provide various information about

mobility, including step counters or activity recognition apps; however, these can be

unreliable for the home environment case-study [344]. Smartwatches can effectively



4. Room-level localisation in privacy-preserving environments 97

identify vigorous activities, such as switching between walking, cycling and running,

but not so well activities performed at lower speeds [345] or combined with other

domestic activities [344]. At the same time, smartwatch step counters commonly

log many false-positive steps [346]; this might not be problematic for distances

typically travelled outdoors, but it can be limiting when trying to estimate mobility

within a house.

Regardless, for our scenario where floorplans of the house are also absent, a

step-counter would have little benefit: as we are unaware of the size of the various

rooms, as well as of their proximity, using a step counter as the mobility estimate

would be inappropriate, as it would require assumptions about the number of

steps that connect different rooms. It would also make it more difficult for the

model to generalise across different houses.

Thus, we suggest that to have a system that easily applies to every environment

and any smartwatch and, therefore, requires no calibration from the user, a much

coarser mobility estimate would better suit our needs. High-level mobility estimates,

such as walking event detection, are well-suited for this scenario. Numerous activity

recognition models achieve high accuracy in detecting walking activities, as is

detailed in Chapter 5.7, and can be adopted if the aforementioned issues of lower-

speed-execution or multitasking of activities that arise in the domestic scenario [344,

345] are not hindering their performance. This work adopts a proof-of-concept

approach, employing simple and lightweight mobility estimates. We propose a

threshold-based method for motion detection inspired by public health research

on physical activity identification. While not necessarily the most sophisticated

option, it effectively demonstrates the core principles of our method, and more

complex models could be integrated if required.

For our energyPeak approach, we first further filter the acceleration signal to the

human walking frequencies, i.e., [1.2, 2] Hz, to remove any redundant frequencies

related to other activities. We then calculate the energy of the filtered signal

through the Short-Time Fourier Transform (STFT) of the acceleration’s magnitude,

calculated in windows of 512 = 29 samples, i.e., 5.12 sec. The choice of a 5.12 sec is
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two-fold; first, BLE RSSI data in our dataset (and often in wearables) are recorded

at 0.2 Hz, meaning that we have approximately a sample in each 5 sec window. At

the same time, STFT favours window sizes that are a power of 2; as a result, we

select 5.12 sec as the first window size that satisfies both requirements. Prior work in

using 5.12 sec for HAR also supports this choice [347]. This ensures a synchronised

1-to-1 mapping between location and mobility estimates. As we observed that

high-energy contents gradually occur around ground truth transitions, we chose the

envelope of the calculated energy as a final smoothed-out energy estimate.

The motion estimates at time t are then chosen as the local peaks (calculated

with the MATLAB’s findpeaks function) of the normalised energy that are larger

than the energy’s average:

mt =


active,

if accenergy,smootht is a peak and
accenergy,smootht > threshold,

idle, otherwise.

Peak detection using a predefined amplitude threshold is a widely used method for

step and walking event detection [348–353]. Thresholds are often determined through

exhaustive search within the signal’s amplitude range in the time domain, while

some approaches, including ours, operate in the frequency domain. However, most

methods are specific per device utilised [350], require prior access to walking data and

their true/false positive rates for optimisation of the threshold selection, or employ

a heuristic approach, exhaustively searching within the range of minimum and

maximum variance of the data [354, 355]. This work adopts the approach proposed

in [353], where walking event detection is based on signal energy, with the threshold

defined as a scaled version of the mean signal energy. Although [353] employs a

different signal energy calculation (the Teager-Kaiser Energy), this approach remains

a simple and adaptable threshold selection mechanism that does not require extensive

data preprocessing, facilitating deployment in diverse environments and users.

4.3.3 Room Estimation

The Room Detection and Motion Detection modules have exploited the ambient

IoT signals sensed from the smartwatch and its IMU to provide initial location
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estimates and estimates of walking events. In this step, we fuse this information

to improve the Room Detection module.

To fuse these two types of observations (r,m) - i.e., ambient location and mobility

estimates - and thus derive refined room-level estimates, we take advantage of the

inference capability of an appropriately defined Hidden Markov Model (HMM) with

parameters θ ≡ (ER, EM , T, π), corresponding to the room emission probabilities

ER, the motion emission probabilities EM , the state transition probabilities T , and

the initial state vector probabilities π. We then refine our initial estimate by the

parameters of the model that match our data for each house.

4.3.3.1 Model definition

We define the state space of our HMM using “one hot encoding” for the set

of all possible N2 room transitions. We choose this room-transitions-as-a-state

representation, as our mobility estimate m is concerned with likely room transitions.

As such, a state at timestamp t is defined as:

sk,t := (ri,t−1 → rj,t),where i, j ∈ {1, 2, . . . N},

k := j + (i− 1)N,

where k is indexing the hidden states of the markov model. In this thesis, we index

all states representing room transitions from room ri,t−1 to any other room rj,t, j ∈

{1, 2, . . . , N} sequentially in an increasing order. For example, consider we are at

r1,t−1; then, s1,t = (r1,t−1 → r1,t), s2,t = (r1,t−1 → r2,t), . . ., sN,t = (r1,t−1 → rN,t).

Then, the following N indices will correspond to transitions from r2,t−1 to any other

state, sN+1,t = (r2,t−1 → r1,t), sN+2,t = (r2,t−1 → r2,t), . . ., s2N,t = (r2,t−1 → rN,t),

and this is repeated until the final state, indexed as to sN2,t = (rN,t−1 → rN,t).

We also define the observation space using the sensor measurements obtained

from the above modules, i.e., as the tuple ot := (rt,mt) at a given timestep. We

assume that r and m are independent from each other.
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To refer to a room-transition pair and a combination of observations pair

irrespective of time, we will use the following notation:

sk |= (ri → rj),where i, j ∈ {1, 2, . . . , N},

k := j + (i− 1)N,

and
o |= (r,m),where r ∈ {r1, r2, . . . , rN},

m ∈ {idle, active},

assuming that a state is always defined across two consecutive room locations in

time, and a pair of observations is only properly defined when these coincide.

The emission probabilities for each type of observation are detailed in the

following paragraphs.

Room emissions We initialise the room emissions ER based on the assumption

that when we move to a new room, we expect the strongest RSSI to be emitted

from the IoT device located in the room we arrive in. This includes the case

when we stay in the same room in two consecutive time windows, as this event

is encoded as a transition from a room to itself in the states of the HMM. Note

that we have N rooms, but we can also observe the ‘unknown room’; we can

thus have N + 1 room observations.

The probability p(r|sk), i.e., the probability of observing room r when moving

from ri to rj, is thus the following:

Er,k =
1 − εr, if rj ≡ r,

εr / N, otherwise.

The above values are chosen to reflect our initial assumption that when moving into

a new room, the beacon existing in this room will almost surely emit the strongest

RSSI. The value εr is chosen to represent the uncertainty of the strongest RSSI

being emitted from within the room of occupancy. We initialise εr = 0.01 for our

experiment to reflect the expected RSSI behaviour and for numerical stability.
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Motion emissions The motion emission matrix must reflect that people are likely

to be moving within a room without changing their semantic location, but not the

opposite: a user cannot change their location without moving. As such, we define

the probability of observing motion m when moving from ri to rj, i.e., p(m|sk), as:

Em,k =



εm,c, if m : idle
1 − εm,c, if m : active.

, if sk = (ri → rj), i ̸= j,1 − εm,s, if m : idle
εm,s, if m : active.

, otherwise.

The values εm,c, εm,s are chosen to model our prior on the user’s mobility. Depending

on the application and our knowledge of the environment, these can be selected to

be identical in all rooms or reflect the different mobility patterns in each room (e.g.,

we might expect higher mobility in a kitchen compared to a study). In this work,

we assign εm,c = 0.01 to reflect the certainty of movement during room-changes. In

reality, this probability equals 0; there is no way to move from one room to another

without a walking event. However, we chose to allow a very low probability of

Eidle,i̸=j = 0.01 to avoid numerical instabilities in the code. To initialise the states

representing a “stay-in-the-same-room” transition, we assign εm,s = 0.3, as it is still

possible to walk within a room without any intention of changing location. Research

has shown that people are expected to be sitted at least 75% of their time when

working [356], so we define the above probability loosely based on these statistics.

Initial state vector The initial state probabilities vector π is defined by assum-

ing we start uniformly at random from any state representing a stay-in-same-

room transition:

πk =
1 / N, if sk = (ri → ri), i ∈ {1, 2, . . . , N},

0, otherwise.

Transition matrix To define the state transition matrix T of the HMM, we first

need to remember that each state represents a room transition from room ri to room

rj , i.e., sk |= (ri → rj). The transition matrix T of the HMM is thus defined subject

to the constraint that the first part of the following state must agree with the last
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part of the current state. Any state-transition that adheres to this constraint has

the same probability. Any other state-transition has zero probability:

Tfg =
1 / N, if sf = (ri → rj), sg = (rq → rp) and j ≡ q,

0, otherwise.
,

where f, g ∈ {1, 2, . . . , N2} and i, j, q, p ∈ {1, 2, . . . , N}.

Note that should we have priors about room occupancy, e.g., known behavioural

patterns of an individual, or access to room occupancy statistics from relevant

studies, the initial state and room transition probabilities can be adapted to reflect

these and accelerate convergence. In lack of such statistics in this work, we default

to uniform probability distributions.

4.3.3.2 Parameter learning

This step aims to improve the model’s parameters by learning the optimal values that

best describe the observed data. Once we have the learnt model parameters, we can

use the updated model to infer a refined estimate of the user’s room-level position.

One key detail in our approach is that we do not need to learn the full set of

the model’s parameters. This can be justified by recalling that we want to use

the mobility data m to correct the Room Detection estimates; we thus need the

model to expect a motion event when in states that represent room-transitions

but not room-stays. As such, we can keep our assumption regarding whether an

idle or active event should ignite a room transition fixed over time. We also need

our model to work its way through ‘unknown room’ occurrences by only trusting

the energyPeaks estimates in such a case; thus, the ‘unknown room’ observation

should maintain its low probability occurrence at all times.

We thus train the room emissions Er,new, r ̸= ‘unknown’ and the state transitions

Tnew only, with the Baum-Welch algorithm for expectation-maximisation (EM).

Updating the state transitions might also be optional, as the transition matrix

has been designed to indicate only allowed or not allowed transitions. However,

learning this transition matrix can provide information about room connectivity.
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The standard Baum-Welch algorithm (see [357] for the full set of equations) is

adapted as follows:

For the E-step:

• In the forward pass, the observed emissions can be modelled as the product

of the corresponding elements of the two emission matrices, ER, EM , as these

observations are independent:

αt,k =
N2∑
f=1

αt−1,fTfkErt,kEmt,k, k ∈ {1, 2, . . . , N2},

r ∈ {r1, r2, . . . , rN , “unknown room”}, m ∈ {idle, active}.

where each forward probability αt,k represents the joint probability of being in

state sk,t at time t and observing the first t observations by time t, knowing

the model parameters θ. It holds that α0,k = πkEr,k(r0)Em,k(m0), k ∈

{1, 2, . . . , N2}.

• Similarly, the backward pass is defined as follows:

βt,f =
N2∑
f=1

Tfkβt+1,kErt+1,kEmt+1,k, k ∈ {1, 2, . . . N2},

r ∈ {r1, r2, . . . , rN , “unknown room”}, m ∈ {idle, active}.

with βL−1,k = 1, k ∈ {1, 2, . . . N2}, L : the total number of timestamps.

• The probabilities γt,k of being in state sk,t at time t and ξt,f,k of being in state

sf,t at time t and state sk,t+1 at time t+ 1, are defined as standard, subject

to the above modifications of αt,k, βt,f .

For the M-step:

• As discussed, we only need to learn the room emission probabilities. As

such, each element Er,knew
in the updated emission matrix is the normalised

expected number of times in state sk and observing r, i.e.:

Er,knew
= expected # times in sk and observing r

expected # times in sk

, r ∈ {r1, r2, . . . , rN},

k ∈ {1, 2, . . . , N2}.
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Note that the value for ri ≡ “unknown room” remains unchanged. We ensure

that the full ER matrix is always properly normalised to ensure the numerical

stability and feasibility of the algorithm. The motion emission probabilities

EM also remain unchanged.

• To update the state-transitions, each element Tfgnew
in the updated transition

matrix is the normalised expected number of transitions from sf to sg, i.e.:

Tfgnew
= expected # transitions from sf to sg

expected # transitions from sf

, f, g ∈ {1, 2, . . . , N2}.

4.4 Data preparation

In this section, we describe the necessary preprocessing of the WatchBLoc data

to be used by RoomE.

4.4.1 BLE data

A basic preprocessing was used to prepare the BLE RSSI data from the WatchBLoc

dataset for the Room Detection module.

First, we segment each BLE RSSI signal in non-overlapping windows of length

5.12 sec. The choice of the window size is related to the 0.2 Hz recording frequency

of the BLE data, as well as an implementation detail in our approach for the

Motion Detection module that eases time synchronisation of the two modalities.

When multiple RSSI logs from the same device exist in a 5.12 sec window, these

are aggregated to a single RSSI value, the maximum among them. The timestamp

t for the data in each window is thus now updated to be the end-time of the

window. The BLE data are linearly interpolated to deal with missing “no-signal”

RSSI values, following the 5.12 sec max-aggregation. Fig. 4.2 shows an example

of the behaviour of RSSIs from two different rooms in real-home, as well as the

effect of the preprocessing on the final BLE data, which are used by the rest of

the Room Detection module.
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(a) Raw BLE signals.
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(b) Preprocessed BLE signals.

Figure 4.2: Example of raw and preprocessed BLE RSSIs across rooms.

BLE RSSIs logged in two adjacent rooms, bedroom and ensuite, in the real-home
environment of our dataset. The coloured areas denote the ground truth room the user
was in at each time, each colour corresponding to a separate room; pink and yellow, in
particular, correspond to the ground truth bedroom and ensuite locations, respectively.
We observe that we can register RSSIs from multiple BLEs in adjacent rooms. Also, raw
BLE RSSI recordings (top) can have missing data. Interpolation can help in smoothing
intermittent no-signal phases (bottom).
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4.4.2 IMU data

A basic preprocessing was used to denoise, normalise and prepare the WatchBloc

data for the Motion Detection module.

Similarly to the BLE data, we first perform linear interpolation to fill any missing

values. Then, we perform moving median filtering to achieve an initial reduction of

noise, which is mainly present due to the sensor being on the user’s wrist. A high-

pass Butterworth filter with cut-off frequency 0.3 Hz is then employed to remove the

gravity vector from the acceleration data, and a low-pass Butterworth filter with cut-

off frequency 20 Hz (that corresponds to the range of frequencies of human activities)

is used to further denoise the data [358]. The data are then bounded to [−1, 1] and

normalised to zero mean and unit standard deviation. The processed data can now

be used from the Motion Detection module, as described in Section 4.3.2.

4.5 Evaluation

This section presents the experimental evaluation of our system’s components.

4.5.1 Room Detection: the maxRSSI baseline

We evaluate the maxRSSI approach that we defined in Section 4.3.1, for the Room

Detection module on the BLE RSSI data and the corresponding ground truth

semantic location, as they were collected in our dataset.

Fig. 4.3 demonstrates the performance of maxRSSI in room-level localisation

for the two environments where the WatchBLoc dataset was collected, shown in

Fig. 3.1, and for the three beacon setups in the space, namely centre, doors and far.

A few interesting observations are in order: first, we verify that the device

configuration within the space indeed matters. The performance of maxRSSI is

largely variable between the various configurations for most users. For some users,

performance might have less variability between configurations; we believe this is

related to which areas of the room each user covered when performing the experiment

(recall that there was no prescribed path the users should follow). Second, it seems
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there might not be a global optimal configuration placement for all houses; we are

only considering two environments in this work, and thus we cannot be conclusive,

but the centre device configuration is dominant in the demo-home, in contrast

with the far configuration which is the best performing in the real-home. Overall,

the maxRSSI average accuracy is 67.77%.

It is interesting to investigate whether we can attribute the low performance

of maxRSSI to certain conditions. Fig. 4.5a demonstrates the room-level locations

estimated with maxRSSI for a case in the dataset where the maxRSSI approach

is significantly low-performing: recID 19 − centre with just 57.03% accuracy. As

is apparent, the recording includes long segments where no BLE RSSIs have been

logged. It is also a case where two devices placed in separate rooms are sensed

simultaneously, with the strongest RSSI value often heard from the adjacent room

and not the one the user is in. We revisit this recording in Section 4.5.2 to

demonstrate the improvements achieved in such a challenging case.

To conclude, with the Room Detection step, we have exploited the IoT

signals received in the smartwatch as the user freely moves around the house

to infer estimates of their initial semantic locations. However, as we have seen,

maxRSSI can often have limited localisation accuracy, as it exploits the BLE data

only and can thus not handle missing data or interferences from nearby rooms

effectively. In the next section, we will see how we can use the additional mobility

information provided by the smartwatch’s IMU data to eventually improve upon

the results of maxRSSI in Section 4.5.1.

4.5.2 Motion Detection: the energyPeaks approach

The WatchBLoc dataset does not log any information about the activities performed

during the experiment. As such, a direct data-driven evaluation of the proposed

energyPeaks approach as a walking event detector is not possible. However,

our mobility estimates are supported by prior research on sedentary and active

behaviour [359–363]. This section first presents relevant statistics from the literature,

followed by an analysis of the experimental results of the energyPeaks module.
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Figure 4.3: maxRSSI accuracies for all users and beacon configurations

The accuracy of maxRSSI is calculated for three different device configurations (centre,
doors, far) for each user. Depending on the configuration, we observe significant variability
in the maxRSSI ’s accuracy. Configurations behave similarly for all users in the same
environment, i.e., configuration centre is best performing in the demo-home scenario
(left). In contrast, far has the highest accuracy in the real-home scenario (right). We also
observe a large variance across the users within a configuration setup, even within the
same environment, particularly for the demo-home case. Note that the axes start at 0.4
instead of 0, as maxRSSI exceeded this performance in all cases.
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As predictions in this work are generated over windows of 5.12; sec, all reported

statistics will be expressed in this metric to facilitate comparison with estimates

derived from energyPeaks. The conversion is performed using the following formula:

X hours = X hours · 60mins/hour · 60secsmin
5.12 sec/window ≈ ceil(703.125X) windows,

where X denotes the duration of an event in hours, ceil rounds the result up to

the nearest integer, and windows represents time segments of 5.12 seconds each.

Below, statistics from the literature are presented in their original format, followed

by their equivalent in windows (e.g., 10 hours (7032 windows)).

In modern societies, adults spend approximately 62% of their waking hours at

home, equating to around 10 hours per day [360] (7032 windows). Research further

indicates that 58% of waking hours are spent sedentary, with 39% allocated to light-

intensity activity and 3% to vigorous activity [361]. Walking at a moderate pace,

typically classified as light-intensity activity [364], is common in home environments.

Assuming light-intensity activities are uniformly distributed between home and

external settings, approximately 39% · 10 hours = 3.9 hours (2743 windows) of

light-intensity activity would occur at home. However, this encompasses various

activities such as household chores and cooking, not just walking.

To estimate the proportion of at-home light-intensity activity attributable to

walking, we consider typical adult walking patterns. While the recommended daily

step count is 10,000, actual averages range from 3,000 to 5,000 steps per day [362,

363]. Using a median estimate of 4,000 steps and assuming an even distribution

between home and external environments, approximately 62% · 4000 = 2480 steps

would occur at home. Given an average walking cadence of 80–100 steps per

minute [365] (with 90 steps per minute as a representative estimate), this translates

to approximately 2480
90 ≈ 28 minutes (329 windows) of walking per day at home,

accounting for 4.68% of time spent at home.

Finally, studies on room-to-room transitions indicate that healthy adults change

rooms approximately 111 times per day [359]. Given that a typical day consists

of 10 hours at home, and that only one transition can occur per window, this
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results in an estimated 111
10;hours

= 111
7032;windows

≈ 1.58% of time spent at home

corresponding to room transitions.

With these in mind, let us inspect the result of the energyPeaks module.

• The watchHAR dataset has recorded a total of 45981 windows of 5.12 sec

data.

• 555/45981 windows were annotated as ground truth room transitions, repre-

senting ≈ 1.21% of the total time of recordings, which is within acceptable

range of the literature-based estimate of 1.58% for the percentage of time

spent at home corresponding to room transitions.

• 45426/45981 windows were annotated as ground truth of not-changing-rooms.

• 1895 windows were estimated as walking events by energyPeaks; this corre-

sponds to 1895/45981 = 4.12% of total events corresponding to walking, which

is within acceptable range of the above literature-based statistic of 4.68% of

time spent at home corresponding to walking events.

• 507/1895 identified walking events occurred at the same time as ground-truth

room transitions, meaning that only 48 walking events occurring at room

transitions were missed, with 505/555 (91.35%) of room transitions being

correctly identified as such. By examining the 48 missed walking events

around room transitions, we observed that these occured at transitions to

adjacent rooms; on such occasions, less vigorous movement is expected, as well

as shorter duration for the walking event, as only a short distance needs to

be covered. As a result, the accelerometer energy is expected to be lower and

shorter in duration, hence occasionally missed by the threshold of energyPeaks.

The high accuracy of detected walking events at ground truth room transitions,

along with the strong alignment between the estimated total walking events during

waking hours and values reported in the literature, supports the effectiveness of

energyPeaks as a robust method for walking event detection, which is yet simple

and largely parameter-free. While energyPeaks accurately identifies walking events
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near room transitions, it cannot inherently differentiate between walking events

associated with room changes and those occurring within a single room change of

the user’s room-level location. Consequently, to achieve precise indoor positioning,

energyPeaks must be complemented with additional room occupancy information

to accurately determine the user’s location within the house.

In the next section, we combine the outcomes of Room Detection and Motion

Detection to provide a final, refined room-level user location.

4.5.3 Room Estimation: inference and parameter learning

4.5.3.1 RoomI: choosing the model parameters carefully

Having initialised the parameters θ ≡ (ER, EM , T, π) of the model, we can infer the

most likely sequence of underlying states of the model for our observations, using

the Viterbi algorithm. The trail of the landing rooms of these states corresponds

to our room-level location estimates.

In principle, if the initial parameters of the HMM are carefully chosen, the

Viterbi path can give us already improved location estimates compared to the

single sensor modality estimates. This is the simple version of our method, which

omits the learning step of the HMM; we denote this special case of RoomE as

Room Inference (RoomI). Fig. 4.4 (second group of boxplots) summarises the

performance of RoomI for the three different device configurations; in comparison

with the Room Detection results from maxRSSI (leftmost group of boxplots),

RoomI demonstrates an improved performance, averaging to 80.46%.

Fig. 4.5b revisits the recording we studied in Fig. 4.5a. RoomI effectively fuses

the location data with the mobility data to account for the no-signal phases of

maxRSSI and significantly improves on the adjacent rooms’ noise. We will see how

we can further improve this behaviour by learning the parameters of the HMM to

allow for a more informed final decision on semantic localisation.
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4.5.3.2 RoomE: learning the model parameters

Following the training of these parameters, we perform inference on the learnt model,

thus obtaining the final room-level location estimates generated by our method. Our

method can consider two inference function modes: offline and real-time inference.

In the offline mode, the model computes the Viterbi path based on historical data

(e.g., the full recording of the day) and then reports the full trail of estimated

semantic locations of the user. In the real-time mode, the model computes the

Viterbi using the L most recent observations (L = 12 in our case) and reports the

current user location as the final room of the current Viterbi path estimate. Fig. 4.4

summarises the performance of the maxRSSI, RoomI and RoomE estimates.

RoomE achieves an average performance of 81.53%, an improvement of 20.3% on

the maxRSSI estimates. RoomE-RT, denoting the real-time mode of our method,

achieves an overall 77.6% localisation accuracy. As is apparent in the rightmost group

of boxplots in Fig. 4.4, the real-time performance can be almost as good as the offline

performance, depending on the device configuration. Fig. 4.5c demonstrates the

improvement of RoomE on the recording we examined in Fig. 4.5a and Fig. 4.5b.
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Figure 4.4: Overall statistics

The boxplots for the centre, doors and far configurations demonstrate the improved
performance of RoomI compared to maxRSSI case, and the further improvement of
RoomE against both RoomI and maxRSSI. The RoomE-RT section demonstrates the
performance of RoomE in real-time. Note that the axes start at 0.4 instead of 0, as all
methods exceeded this performance.
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Figure 4.5: Estimated vs ground truth locations for recID 19 : centre.

(a) The maxRSSI fails to identify areas where the strongest signal comes from an adjacent
room to the one the user is currently in. This is often the case for the adjacent ensuite
and bedroom rooms of the real-home. For areas where there is no IoT device installed
(e.g., corridors) or when no beacon is heard (e.g., in some parts of the kitchen/living room),
the maxRSSI is unable to provide a location estimate. (b) RoomI effectively smooths
out the previously unknown areas and improves the noise from adjacent rooms but is still
prone to interferences. (c) RoomE further improves on the noise from adjacent rooms.

4.5.3.3 Semantic map estimation

With the learnt model, we can exploit the learnt state transition matrix to extract

information about room connectivity, yielding a connectivity graph that resembles

a semantic map of the house.

Each node in the connectivity graph represents a room within the house, while

each edge denotes a transition between two rooms. The thickness of an edge
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is proportional to the probability of transitioning between the respective rooms.

If behavioural patterns are embedded within the connectivity graph, as will be

discussed below, this allows for directed edges; in that case, each pair of rooms in

the graph should be connected by two directed edges, representing movement

in both directions.

We propose two approaches for generating the connectivity graph from the

state transition matrix: “a behavioural-based approach”, which preserves statistics

regarding room occupancy and mobility patterns, and a “privacy-based approach”,

which removes behavioural information and simplifies the graph to reflect only

room connectivity.

The initial steps of the process are common to both approaches.

From state-transition matrix to room-transition matrix Recall that the

Hidden Markov Model (HMM) produces a learned state-transition matrix, where

each state encodes a room transition. This state-transition matrix is normalised

in the standard manner, ensuring that each row sums to 1.

To derive the room-transition matrix from the state-transition matrix, we must

determine the likelihood of being in a state that represents a particular room

transition. Consider an illustrative example of a house with two rooms, rA and rB.

The output state-transition matrix of the HMM is structured as shown in Table 4.1.

Table 4.1: Example of a state-transition matrix for a house with two rooms, rA and rB

(rA → rA) (rA → rB) (rB → rA) (rB → rB)
(rA → rA) a b 0 0
(rA → rB) 0 0 c d
(rB → rA) e f 0 0
(rB → rB) 0 0 g h

where a, b, c, d, e, f, g, h are probabilities such that a + b = 1, c + d = 1,

e + f = 1 and g + h = 1. Zero values indicate impossible transitions, as a

valid transition requires the final room in the starting state to match the initial

room in the arriving state.
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To construct the room-transition matrix, we consider the number of valid ways

to arrive at each state. For instance, the state (rA → rA) can be reached from

both (rA → rA) and (rA → rB). Since all states are defined symmetrically, the

number of valid transitions remains the same for all states. Consequently, summing

each column provides a representative score for each room transition, as shown in

Table 4.2. These scores are not probabilities but are comparable, as they result

from the same number of valid transitions.

Table 4.2: Example of scores for each state, generated from the state-transition matrix
for a house with two rooms, rA and rB

room transition (rA → rA) (rA → rB) (rB → rA) (rB → rB)
score a + e b + f c + g d + h

By reshaping the calculated score vector, we obtain the unnormalised room-

transition matrix, as shown in Table 4.3. Standard row-wise normalisation of this

matrix ensures that each row sums to 1, thereby producing the room-adjacency

matrix, which serves as the foundation for constructing the graph-based semantic

map of the house.

Table 4.3: Example of the generated unnormalised room-transition matrix for a house
with two rooms, rA and rB

rA rB

rA a + e b + f
rB c + g d + h

Behavioural-based normalisation This “behavioural-based normalisation” of

the room-adjacency matrix retains information beyond room connectivity, incor-

porating: i) room occupancy patterns (i.e., the probability of remaining in the

same room), ii) movement habits (e.g., frequency of transitions between specific

rooms). Such behavioural insights are particularly valuable in applications such as

remote monitoring of older adults, where deviations from usual mobility patterns

may indicate potential health concerns or the need for intervention.
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Privacy-based normalisation In some cases, preserving behavioural patterns

may pose privacy concerns, necessitating their removal from the generated map. To

achieve this, we propose a privacy-based normalisation, which involves two key steps:

1. Eliminating directional movement biases: The probability of transitioning

between two rooms is made symmetric, removing information about habitual

room-visit sequences. This is done by averaging the scores for transitions in

both directions: score(rA→rB) = score(rB→rA) = b+f+c+g
2 .

2. Removing room occupancy information: The probability of staying within a

room is set to a uniform value across all rooms: score(rA→rA) = score(rB→rB) =
a+e+d+h

2

Following this, the score vector is reshaped into a matrix and normalised row-

wise, as described in the behavioural-based normalisation approach. The resulting

graph-based semantic map now reveals only room connectivity without behavioural

details. In this case, the graph does not require directed edges, as a single undirected

edge suffices to indicate connectivity between two rooms.

Comparison with ground truth adjacency matrix Once the room-adjacency

matrix is established, it must be compared with the ground truth adjacency matrix

of the environment. The ground truth matrix is typically a binary adjacency matrix,

which is not directly comparable to the real-valued room-transition matrix. To

facilitate comparison, both matrices must be renormalised as follows:

• Ground truth matrix scaling:

1. A probability p is assigned to room occupancy (i.e., remaining in the

same room); this is the same for all rooms.

2. The remaining probability 1 − p is evenly distributed among all valid

room transitions from each room. This ensures each row sums to 1.

Table 4.4 illustrates this for our two-room example.
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• Room-transition matrix scaling:

1. Probabilities of staying within a room are set to p, as above.

2. Remaining transition probabilities in each row are scaled to sum to 1 − p,

ensuring each row sums to 1.

For evaluation, we use p = 50% but the exact choice of p does not affect

relative comparisons between the matrices. The key metric remains the difference

between the rescaled ground truth matrix and the room-transition matrix, rather

than their absolute values.

rA rB

rA p 1-p
rB 1-p p

Table 4.4: Example of the generated unnormalised room-transition matrix for a house
with two rooms, rA and rB

The average accuracy of the generated semantic maps is 97.85%, denoting the

effectiveness our proposed methodology to generate an adjacency matrix that is

representative of the environment dynamics. An original and estimated “behavioural-

based” map of the demo-home environment are shown in Fig. 4.6; We observe that

with our proposed approach, the generated graph-like semantic map correctly

identifies transitions across rooms; with some edges being thicker, it captures higher-

frequency transitions over less common ones. It also captures further behavioural

patterns; for example, we observe transitions from and to the same room to occur

at difference frequencies, which is true for the “demo-home” environment that

corresponds to an office-space with large corridors interconnecting all rooms.

4.6 Related work

Human positioning has been a prominent research area for decades, with estimates

ranging from accurate spatial coordinates (geographic localisation) to semantic

location (semantic localisation) or even orientation of the pose of the individual (pose

estimation). While GPS provides accurate outdoor tracking, indoor positioning
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Figure 4.6: Semantic maps.

The ground truth connectivity graph of the demo-home environment is compared to an
estimated connectivity graph generated with our method. The estimated map resembles
the original map regarding connectivity and transition probabilities between rooms. Some
information regarding the frequency of visiting each room (i.e., the room occupancy
statistics for the user) is still encoded in the estimated connectivity graph, leading to some
missing edges, e.g., from bathroom to big office. These correspond to low-probability
transitions in the original graph and do not cause a significant error in our estimation.
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presents challenges due to signal attenuation, infrastructure costs, and privacy

concerns. This section focuses on research relevant to our proposed approach,

RoomE, highlighting methods that are lightweight, cost-effective, and privacy-

preserving. For a broader discussion on camera-, sound-, and light-based positioning,

as well as further RF-based techniques such as UWB localisation, which, despite

their accuracy, are unsuitable for private indoor environments like the ones we

examine in this chapter, we refer the reader to Section 2.4.3.

RF-based localisation In the area of RF-based localisation, Wi-Fi and BLE

have been the most commonly employed sensor modalities that ensure lightweight

infrastructure and user privacy. Wi-Fi positioning typically uses trilateration or

fingerprinting, with the latter being influenced by signal propagation models that are

difficult to maintain in indoor environments. Device dependence and computational

complexity in large spaces are also challenges. Solutions include local propagation

models and device-independent fingerprint maps using statistical analysis and

weighted k-NN. With high energy consumption, Wi-Fi is increasingly being replaced

by Bluetooth Low Energy (BLE) beacons in indoor localisation applications due

to BLE’s power efficiency [89, 124, 135, 136, 139, 140]. RoomE also follows this

approach, employing BLE as a key sensor modality for positioning.

Compared to Wi-Fi, BLE offers a stronger correlation between Received Signal

Strength Indicator (RSSI) and distance, leading to improved localisation accu-

racy [139, 140]. Consequently, various Wi-Fi and BLE-based indoor positioning

approaches have emerged, with fingerprinting being a widely adopted method [29,

137, 138, 141, 142]. While numerous techniques aim to address challenges such as

fingerprint map size and device dependency, most still require an environmental

map [143] and a well-defined path-loss model [144]. However, obtaining such data

can be particularly challenging in private indoor spaces, such as residential settings.

RoomE overcomes the need for fingerprinting and environment maps, by effectively

fusing proximity information to BLE beacons with simple mobility estimates.
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Inertial navigation systems The integration of MEMS sensors into smartphones,

tablets, and smartwatches, has given access to the collection of mobility data

via accelerometers, gyroscopes, and magnetometers, enabling Pedestrian Dead

Reckoning (PDR) [138, 152]. While inertial data can be noisy, due to how devices

are held and used, leading to sensor, walking, and alignment errors, IMU-based

positioning remains central to indoor positioning research due to the widespread

availability of wearable devices. PDR methods include strapdown navigation and

step-and-heading estimation.

Strapdown navigation affixes an IMU to a tracked body, estimating position

via double integration of acceleration and angular velocity [154–156]. However,

integration errors cause drift, commonly mitigated by Zero-Velocity Updates

(ZUPT), where foot-mounted IMUs reset velocity during the stance phase of

human gait [155, 158].

Step-and-heading estimation reduces error propagation to two dimensions by

detecting steps and heading changes but is affected by stride length variations [157].

RF-based localisation is often integrated, using smartphone Wi-Fi and inertial signals

for pedestrian tracking [160]. BLE beacons dynamically switch between triangulation

and fingerprinting, achieving 1–1.5 m accuracy [161]. Alternative approaches

incorporate ultrasound time-of-arrival calculations with a maximum a posteriori

(MAP) algorithm to refine positioning [162]. However, the step and heading

technique also faces issues with varying stride lengths, which introduce further errors

in location estimation. These factors complicate the accuracy and reliability of INS.

Hybrid and semantic localisation The fusion of ambient RF signals and inertial

data has been effective in indoor public spaces equipped with extensive wireless

sensor networks, typically using Wi-Fi APs or BLE beacons alongside smartphone

IMU sensors to achieve positioning accuracy within 2–10 metres [29, 30]. However,

these methods struggle in private indoor spaces, where large positioning errors may

place a user in an entirely different room. Moreover, they often rely on extensive

fingerprinting or crowdsourcing [175], which is impractical in home settings. While



4. Room-level localisation in privacy-preserving environments 121

smartphones enable positioning in public environments, they are not consistently

carried indoors, limiting continuous and accurate tracking.

While the aforementioned methods predominantly focus on geographical lo-

calisation, semantic localisation is often more relevant for home environments,

as it preserves privacy by eliminating the need for personal attributes such as

human height (to estimate step size) or detailed floorplans (for map matching

and fingerprinting-based approaches). In this context, [171] introduce a method

leveraging human-robot coexistence and smartphone-based HAR to estimate room-

level location. Rather than externally recording locations, BLE beacons were

deployed, and ground truth was assigned based on the beacon emitting the strongest

RSSI signal at any given time. However, the use of robots limits real-world

applicability of this method. A notable human-centric and infrastructure-light

approach is S-Smart [172], which integrates HAR with PDR to dynamically infer

household locations such as windows and doors. However, it requires an extensive

on-body sensor setup, including a pocketed smartphone, a wrist-worn IMU, and a

foot-mounted sensor, making it impractical for daily use. Similarly, AtLAS [173]

combines HAR and PDR from smartphone IMU data with Wi-Fi RSSIs to determine

user location and identify landmarks, though it relies on Wi-Fi fingerprinting. In

contrast, [174], following [366], base their approach solely on HAR from smartwatch

IMU data and BLE RSSIs from room-installed devices, using supervised learning

to establish a relationship between RSSI values and room-level locations. While

this is the most similar approach to RoomE, it remains very sensitive to the

fusion mechanisms.

RoomE Our proposed approach utilises a single wearable smartwatch sensor and

ambient BLE signals, restricting required infrastructure to everyday devices. It

eliminates the need for fingerprinting or environment mapping by integrating both

sensor modalities and employs Hidden Markov Models for sensor fusion, effectively

capturing the temporal dependencies of events detected by each modality.
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4.7 Conclusions

In this chapter, we introduced RoomE, a sensor fusion method acting on ambient

BLE and inertial data to achieve privacy-preserving indoor localisation. We

evaluated the method on the WatchBLoc dataset, a comprehensive dataset of

ambient BLE and smartwatch IMU data for seamless room-level localisation that

we introduced in Chapter 3.4. We discussed the challenges in such positioning

scenarios and demonstrated behaviours across different users, environments and

device placements. Our method is less variable to device configuration compared

to the state-of-the-art methods and achieves accurate semantic localisation and

mapping for the user at home.

This work has focused on gaining insights into a user’s behaviour by examining

their interaction with their environment, delving into the semantic understanding

of that environment, and analysing how they utilize different spaces by moving

between rooms and determining the duration of their presence in each semantic

location. However, understanding daily behavioural patterns entails unravelling

not only the intricacies of the user’s surroundings but also the user’s dynamic

interactions within various contexts. In the following chapter, we will further

investigate human behaviour analysis, specifically focusing on the identification

of distinct human activities.

Different semantic locations often trigger a diverse range of activities, each with

its own significance in the given semantic context. For instance, spending time in

the bedroom typically signifies relaxation or sleep, while frequent movement within

the bedroom implies a distinct set of activities, such as preparing to depart or

tidying up, among others. As such, recognising the user’s current activity serves as

a valuable means to distinguish between semantic locations that may have a similar

likelihood of occurrence. Given our imperative for precise and real-time monitoring,

acquiring activity information at the requisite level of granularity becomes pivotal.

For instance, while identifying an energetic activity can provide insights that reduce

ambiguity regarding whether the user is in the bedroom or at a different location,

capturing finer details such as whether the user is brushing their teeth or washing
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dishes (both considered energetic activities but providing more specific context) can

offer the critical distinction between the bathroom and the kitchen, respectively.

To this end, the following chapter introduces a hierarchical approach to activity

recognition that aims to capture activities at multiple granularity levels and provide

informed decisions across diverse semantic contexts.
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Chapter 5

Hierarchical activity recognition
for activities of daily living

5.1 Introduction

In the previous chapter, we explored infrastructure-free, privacy preserving solutions

to estimating a user’s semantic location within a private indoor space. To further

enhance our understanding of human behaviour, we will investigate in this chapter

how to efficiently and concurrently provide activity information to relevant mobile

applications, that may require knowledge of a user’s activity patterns for their

operation, further exploring the area of human behavioural understanding.

5.1.1 Motivation and challenges in human activity recog-
nition

Human activity recognition (HAR) is an active area of research in ubiquitous

computing. Providing appropriate and concise information about the activities

people perform in their everyday lives, commonly known as activities of daily

living (ADL), is helpful in various application domains, such as remote healthcare,

localisation, smart homes and workout monitoring [367, 368].

125
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In the last few years, various studies have focused on the problem of identification

of human activities using a plethora of sensors, ranging from wearable devices

capturing motion to cameras, ambient sensors (e.g., WiFi) and even acoustic

sensors [39, 369]. Given the advances in computer vision, camera-based approaches,

in particular, have been prevalent in solving the HAR problem. However, image

retrieval poses significant privacy concerns for the users involved, making camera

usage, and thus also the corresponding techniques, prohibitive for many scenarios,

e.g., remote monitoring of older adults.

On the other hand, wearable motion-capturing sensors are free from such

constraints. The increasing smartphone usage and their increasing sensing and

computing capabilities have shifted the focus of HAR research to methods that

use a smartphone as the primary sensing device [37–39]. Some approaches rely

solely on smartphone-based inertial data (acceleration, gyroscope, magnetometer).

Others employ a fusion of inertial data with other sensor modalities that phones

capture, e.g., WiFi [370–372].

Smartphones, however, can also pose significant constraints in HAR in free-living

conditions. Most HAR algorithms are developed and evaluated in a controlled

environment. However, experiments in controlled environments often ignore the

intermittent use of smartphones, particularly in indoor environments. Even though

most people will hold their phone or place it in a bag or pocket while outdoors,

it is not common to carry the device constantly when, e.g., moving around the

house or the office. Instead, the device will most commonly lie on a nearby surface

while the person goes ahead with everyday indoor activities. As such, smartphone-

based HAR methods are often unable to operate as an assistive tool for, e.g.,

remote monitoring of the elderly, as smartphones cannot provide the uninterrupted

sensing required in such scenarios.

At the same time, even when their intermittent use is not an issue, smartphone-

based approaches are often constrained by the placement of the mobile device.

Smartphones have effectively been used to tackle a range of interesting activities

(walking, running, sitting, lying, etc.), and the effect of different phone placements
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has been well-studied [31, 37]. However, it is not straightforward to identify

activities of primarily manual dexterity (e.g., a handshake or teeth-brushing) using

smartphone recordings solely [373].

A separate challenge of the HAR task arises from the varying demands of the

ever-increasing mobile applications that could benefit from an accurate estimate

of the user’s ADL. Each such application has been developed to assist or monitor

a different aspect of everyday life and thus may require 1) information about a

different set of activities, 2) different levels of detail in the activities of interest,

or 3) information about a specific activity only intermittently, compared to other

applications that also run on the device. Furthermore, most mobile applications

require accurate information fetching and processing in real-time, which can be

challenging under the limited computational resources of mobile devices.

Based on the above, it becomes evident that a HAR system that can support

simultaneously a multitude of mobile applications and improve situation awareness

in each application’s scope should have the following properties: 1) be able to

provide each application with the exact information it requires and at the level of

detail requested, and 2) minimise the computational energy in the mobile device.

5.1.2 Proposed approach and key contributions

In this work, we will focus on using smartwatches to solve the problem of HAR for

ADL while overcoming the difficulties that arise from using smartphones. Smart-

watches are wrist-attached and thus carried by the bearer of the device wherever

they go. The wrist placement also enables the identification of more complex

activities, such as washing or cooking, that involve vigorous hand movements that

may be missed by a smartphone placed in, e.g., the person’s pocket [373]. We

propose CHiHAR, a centralised, hierarchical approach to HAR that estimates ADL

from smartphone IMU data, setting the basis for a framework that can robustly

and efficiently support the demands of a variety of different applications.

Our proposed approach stems from the observation that the HAR problem for

the ADL scenario involves a plethora of complex tasks, e.g., “washing”, “eating”,
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“walking”, etc., which are, however, at the same time highly granular: each task

can be broken down into more detailed individual activities or can be itself part of

a higher-level, more generic activity. For example, reaching for a knife and fork,

cutting a piece of steak, directing the fork to the mouth, and placing the cutlery

down may all provide essential information for applications that monitor, e.g.,

fine motor skills for rehabilitation after a stroke. For other applications, though,

e.g., a healthy lifestyle calendar, the higher-level activity “eating” composed of the

above-detailed activities will be informative enough.

Our hierarchical framework identifies activities initially at a high level (e.g.,

“walking on stairs”) and then, if necessary by the use case, refines these high-level

classes into more granular ones (e.g., “walking upstairs", “walking downstairs”).

It employs a combination of feature engineering, primarily based on the wavelet

transform, and latent feature extraction through a CNN-LSTM-based architecture

effectively fused to learn the characteristics of the tasks involved at each granularity

level. We build and evaluate our proposed approach on watchHAR, the dataset of

smartwatch-based sensor data and associated granular ADL information, introduced

in Chapter 3.4.

In summary, we make the following contributions:

• We identify the modular property of ADL that allows them to be naturally

grouped based on their logical or context-based similarities or be broken down

into more detailed components, as and when required by the demands of each

mobile application installed on the user’s mobile device.

• We propose CHiHAR, a centralised hierarchical framework that achieves

robust classification performance for various ADLs at a low computational

cost over a hierarchy of decision levels. Our method is easily deployed as

it only requires a wrist-attached smartwatch without any requirements for

calibration or user constraints.

• We evaluate a prototype of our proposed system on the watchHAR dataset,

introduced in Chapter 3.4. We also inspect its inference-time capabilities on
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three devices of varying computing power: a workstation server and two mobile

devices (a tablet and a phone). Our proposed approach consistently improved

the average F1 score performance across classes with Leave-One-Subject-Out

evaluation from 73.16% to 76.67% on average and reduced up to 4× the

computational cost, compared to the non-hierarchical HAR benchmark.

The remainder of this chapter is organised as follows. Section 5.2 presents the

architecture of our proposed method and illustrates how the different modules

work together. Section 5.3.2.2 introduces the algorithmic details for each of the

system’s components and explains how this aids HAR both during training and

real-time inference. Section 5.4 prepares the data we will use in this work, and

Section 5.5.2.2 then evaluates the performance of our proposed method. Finally,

Section 5.7 discusses limitations and future directions.

5.2 System architecture

This section provides a high-level description of our system architecture and its

main algorithmic components.

Our algorithm aims to accurately identify both simple and complex ADL and

provide fast response times regarding the activity performed without any initial

calibration of the smartwatch or any constraints to the user’s movements. This is

achieved through two main components, depicted in Fig. 5.1 and outlined below:

1. hierarchical HAR learning to analyse HAR tasks across multiple scales

and provide a fast and informative estimate on the activity performed across

N hierarchical levels of learning.

2. feature engineering, consisting of:

(a) wavelet feature extraction from the raw data using an appropriately

selected mother wavelet to extract informative time-frequency features

from the signal,
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(b) further hand-engineered feature extraction for each level in the

hierarchy of learning to assist robust learning of individual recognition

tasks.

Class N

Smartwatch
6-DoFs 
Inertial

 Measurement
Unit

Feature Engineering for (HT, GL)

Feature
Selection

Hand-engineered
Feature Extraction

Determine C(HT, GL) Classifier Taxonomy

Hierarchical HAR Training

Selected Wavelet

# Classes N Class Labels
HAR tasks (HT) Granularity Levels (GL)

Granular Activity Tree (GAT) ...
Class 1

Determine Framework Scope

F
o

r 
ea

ch
 (

H
T,

 G
L

)
in

 G
A

T

Wavelet Feature
Extraction

Learn the C(HT, GL) 
Classifier

Build
Classifier

C(HT, GL)
Classifier

Performance
Satisfactory?

No?

Yes?

(a) Training.

(HT, GL)
Hand-engineered

Feature Extraction

Hierarchical HAR Inference

Smartwatch
6-DoFs 
Inertial

 Measurement
Unit

(HT, GL)
Selected Wavelet

Wavelet Feature
Extraction

C(HT, GL)
Classifier

HAR 
Estimate

Final HAR
Decision

Mobile App
Request Sastified?

Init GL = 1

HT = GAT(GL) GL = GL + 1

No?

Yes?

(b) Inference.

Figure 5.1: System Architecture for CHiHAR.

Our framework comprises of separate training and inference modes. During training,
the details of the hierarchical framework need to be established. Following a feature
engineering module for each level of chosen semantic abstraction, we train the classifiers
and inspect their performance. At inference level, the trained hierarchical models are
sequentially accessed (from more abstracted to more detailed) until estimates at the
required level of semantic detail are acquired.

The hierarchical HAR learning module is the backbone of our proposed approach,

assisted by the remaining two feature-based components that operate under its

modular scope. It enables the synthesis and breakdown of activities from low- to

high-level task descriptions and effectively learns to distinguish them at various

granularity levels.

The two feature engineering submodules are designed to perform a semi-

automated feature extraction. In particular, we estimate selected features from the

IMU data to transform the information in the raw data into two representative

sets of features.

• The first contains pattern-based features in the form of informative 2D

scalogram images captured by the wavelet feature extraction module. These

visualise the energy patterns of the signals across time, enabling the use of

existing deep architectures, e.g., CNN-based models for image recognition,
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while maintaining the sequential nature of the IMU data. An example

scalogram can be seen in Fig. 5.2, in comparison with the raw triaxial

accelerometer data.

• The second set of features is strongly coupled with the hierarchy of HAR

learning; at each level in the hierarchy, it selects and extracts the features that

best strengthen the identification of the task under investigation. This allows

us to build robust classifiers with more targeted scopes that can operate as a

swarm in any combination required by the task of interest.

In summary, our hierarchical framework operates as follows. Several specific-

to-task classifiers are built and trained to encode different levels of detail for each

activity in each subclassifier. Then, at inference time, the IMU input recordings

travel along the hierarchy of trained classifiers to estimate the activity performed

by the user at the scale of detail requested at any given time.

5.3 Algorithms

In this section, we will discuss the details of our proposed approach. We will

begin by introducing the hierarchical learning framework, followed by the feature

engineering method under the hierarchical framework.

5.3.1 Hierarchical learning framework

In our proposed hierarchical framework, we encode multiple levels for various

activities to achieve high granularity and low computational cost. We design

a swarm of classifiers; we train each classifier to recognise a high-level activity

group, a subgroup within the high-level group, and the detailed activities inside the

subgroup. For example, we build three classifiers to identify a detailed activity, such

as “wash hands”, which belongs to the “manual tasks” group and the “personal

hygiene” subgroup.

In the remainder of this section, we will first define the hierarchical framework’s

scope and present the details of training the swarm of classifiers. Then, we will
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Figure 5.2: Example of scalograms generated from raw accelerometer data.

Visual representation of scalograms for each axis of a sample accelerometer data recording.
The scalograms retain the signal patterns by depicting its energy over time, providing a
visual representation that informatively captures changes in the data both over time and
in terms of the signal’s energy content.
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explain how these collaboratively work at inference time to provide a final informed

decision on the activity performed.

5.3.1.1 Hierarchical HAR training

Determine the framework scope To train our swarm of modular classifiers,

we first need insight into the types of mobile applications that require activity

information at some level of granularity. There are three key directives that we need

from each application: i) the application context, i.e., what is the main goal of each

application; ii) the list of activities that are relevant in each application to achieve

that goal; and, iii) the application focus, meaning whether detailed information

regarding how the activity is performed is necessary, or whether information on

the occurence or not of the activity suffices.

Let us demonstrate these key components through an illustrative example.

Assume five mobile applications that are taken into account to build the hierarchical

HAR system, with the following contexts: “physical activity monitoring”, “eating

habits”, “personal care goals”, “work habits”. The relevant activities for these

applications are as follows:

• “physical activity monitoring”: “walk”, “relax”, “exercise”

• “eating habits”: “eat”, “drink”, “prepare snack”, “prepare meal”

• “personal care goals”: “wash face”, “brush teeth”, “brush hair”, “shower”,

“exercise”, “cook”

• “work habits”: “write”, “type”

For each of these, it is necessary to identify the application’s goal; for example,

regarding the “brush teeth” activity, does the application require information about

how well the activity the user is brushing their teeth (e.g., to ensure good dental

hygiene), or does the information whether the teeth are brushed or not suffice

(e.g., to monitor the mental health status of people suffering from depression by

measuring their adherence to key acts of personal care). For activities where the
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way of execution is required, a precise list of subactions should be obtained, defining

the underlying rules that define the different styles of execution is required (e.g.,

poor/good teeth brushing could be based on optimal number of brushing strokes

or brushing directions to be completed).

As can be seen, activities requested by different applications may overlap either

directly, e.g., as is the case for the activity “exercise” above, or in a broader context,

e.g., “prepare snack” and “prepare meal” are all acts of cooking.

Identifying such contextual similarities among the activities is key to building

the hierarchical system. However, there is a lot of flexibility on how activities can be

linked together to form different contexts; in some cases, for instance, considering

the example of quality of teeth brushing, there is a direct linkage of activities; in

this example, the set of movements that define the quality of teeth brushing are

more granular activities of the higher-level activity class “brush teeth”. In other

cases, however, merging activities under a common coarser class label is not as

obvious; in this case, how concepts are linked together, e.g., manual grouping,

using ontology mechanisms or language models to automatically identify connecting

concepts among activities, is key to the generated hierarchy. Despite their differences,

the output of any of these approaches is dependent on the focus the hierarchical

framework is called to support, as this is decided by the framework’s designer.

For example, valid approaches could include: separating activities as indoor and

outdoor, grouping activities together when they commonly occur in a specific room

of the house, or by their movement-type similarity (e.g., locomotive activities and

activities involving manual dexterity). In this work, we utilise manual hierarchy

generation, grouping activities based on their movement-type similarities.

Once these choices have been made, and the conceptual similarities of activities

have been established based on the framework designer’s selected method, a tree-

like hierarchy is constructed to convey coarse-to-detailed information about the

activities involved in a top-down way. We define this hierarchy of labels as the

Granular Activity Tree (GAT). This is the basis of our hierarchical framework.

Fig. 5.3 provides an illustrative example of a simple GAT.
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Figure 5.3: Example of hierarchy generation in a small branch of a Granular Activity
Tree (GAT).

This is an illustrative example of hierarchy generation, demonstrating the selection of
activity labels at each level of granularity. The example focuses on a small branch of a
Generalised Activity Tree (GAT) to clarify the hierarchical classification process, which
can be generalised for constructing the full tree. We examine the following scenario: i) The
hierarchical framework is designed to support multiple applications, two of which focus on
monitoring work habits and pre-bedtime hygiene routines. Consequently, distinguishing
between these two categories is essential in the GAT design, hence a granularity level
should include the categories “personal hygiene” and “work”, which must be differentiable
by the classifier corresponding to this GL. ii) The work-focused application examines
the user’s preference between writing and typing. As more specific than “work”, these
belong to a deeper granularity level and should be identifiable by the subclassifier that is
activated when a “work” task occurs. iii) The hygiene-focused application monitors young
children’s bedtime routines to ensure they develop consistent habits, such as washing
their hands and brushing their teeth before bed. Similar to the “work” subclassifier, a
“personal hygiene” subclassifier should distinguish between these two activities, which, as
more detailed actions, also reside at a deeper GL. iv) The applications do not require
information about how these activities are performed (e.g., distinguishing between proper
and insufficient hand-washing techniques). Consequently, there is no need for a further
detailed granularity level beyond the ones identified. v) Further applications supported
by the framework do not require specific details about activities that exclusively involve
hand movements (which is the case for the work and hygiend activities). Therefore, all
these activities can be grouped under a higher-level category, “manual tasks”, allowing
the classification system to focus only on activities relevant to hand-executed tasks. As
the most generic, this should lie at the most coarse granularity level. Note that this
example assumes the existence of additional classes (e.g., “idle”) at the first granularity
level (GL1). However, to maintain simplicity in the visual representation, these additional
classes are not depicted in the sample.
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Determine the classifiers’ taxonomy We then build separate classifiers for

each granularity level (GL) in the GAT. Activities that lie in the same GL in the

GAT (except for the most detailed GL, the GLmax) form a “HAR task” (HT); this

means that we need to build a tailored classifier to distinguish between the activities

in the HT. We will denote this classifier as C(HT,GL). For GLmax, a HT is formed

by each group of activities in GLmax that also share a common parent. We define

the C(HT,GL) classifier’s scope, i.e., its output classes, as the activities in HT.

Let us illustrate the above through an example, based on the breakdown to

GL depicted in Fig. 5.3. GL1 corresponds to the most abstract activity label and

thus sets the nature of the types of activities the classifier in GL2 should expect

to decide upon. Then, a binary classifier for GL2 will aim to solve the HT for the

classes “personal hygiene” and “work”. GL3 corresponds to GLmax; thus we build a

subclassifier for each group of leaves in GLmax that share a parent in GL2, namely:

the subclassifier C(personal hygiene,GL3) with output classes “wash hands” vs

“brush teeth”, and the subclassifier C(work,GL3) with scope “type” vs “write”.

Having defined the scope of our framework and the details of the hierarchy

of classifiers, we are now able to discuss the classifiers’ input features, followed

by the HAR learning details.

Feature engineering for classifiers The feature engineering accounts for two

sets of features: time-frequency features, based on the discrete wavelet transform

(DWT) in the form of a 2D scalogram image, and other hand-engineered features,

selected appropriately for each C(HT,GL).

Wavelet transforms have proved their effectiveness in HAR from inertial data [209–

212]. As a time-frequency representation, the wavelet transform preserves the

sequential nature of inertial data, by also highlighting the changes in energy

content over time within a recording. It also ensures higher resolution than other

frequency representations, e.g., STFT [374]. At the same time, the use of scalograms

transforms inertial data into images, allowing for the use of convolutional-based
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deep architectures for the IMU-based HAR task, which have proved highly effective

in image classification problems.

Pivotal in this work, is that the hierarchical framework enables the choice

of different mother wavelets for each classifier, tayloring the wavelet choice to

optimally match the key discriminative patterns in the time-frequency domain

within each classification task, which is not possible for the flat classification

approach, where a single wavelet has to be utilised. We investigate the effect

of wavelet choice in Section 5.5.2.2.

The choice of hand-engineered features is also flexible in the proposed hierarchical

approach, allowing each C(HT,GL) to be built upon modules that best assist in

solving the HT in question.

A number of approaches can be utilised to define and select the hand-crafted

features. Statistical features that disregard domain knowledge, such as signal

mean and standard deviations, distribution-based features for compact signal

representations or learned features directly from raw data, commonly utlising deep

models, can be utilised based on what information and computational resources

are available to the framework’s designer [39, 65, 375, 376]. While manual feature

engineering is often prone to error and may lack generalisability across domains [375],

it has been shown to be valuable when integrated in the feature engineering and

selection process [377], to accurately capture the key aspects of the problem at

hand, leading to better model performance in that domain [65].

To this end, as we will discuss in Section 5.5.2.2, a feature that aids classification

in one problem may not necessarily support another similar problem. For example,

in this thesis, we utilise a gravity feature as a proof of concept of hierarchical

feature engineering. Gravity is selected as an appropriate feature based on domain

expertise: as it can be used as a loose device orientation estimate, it can support

pose identification, which is relevant for the Cwalk subclassifier we define as part

of the experimental evaluation of this work. Indeed, the addition of gravity as a

supporting feature improves classification accuracy for this task.
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However, as demonstrated in Section 5.5.2.2, introducing the same gravity

feature in C(coarseHAR, GLmin) does not aid the classifier’s performance, as pose

is not a key discriminative factor for that classification problem.

Training the classifiers With the scope of each C(HT,GL) defined and the two

sets of features selected and extracted, we can build all the C(HT,GL) classifiers

based on the following simple principles:

• All classifiers are formed around a basic 2-layer ConvLSTM architecture

that expects 2D scalograms as inputs; these are in the form of images with 6

channels, one for each channel of IMU sensor data (namely, 3-axial acceleration

and 3-axial gyroscope).

• Each additional hand-crafted feature in f(HT,GL) is concurrently passed

to a separate CNN module that operates in parallel with the primary CNN

module processing the wavelet features.

• The latent feature representations from all CNN modules are fused to a single

latent vector before going through two sequential LSTM modules.

• A final Fully-Connected layer, followed by a SoftMax layer, provides the final

C(HT,GL) model’s output.

Fig. 5.4 provides a sample visualisation of the classifiers. After training each

classifier independently based on the framework’s scope and taxonomy, our system

is ready to provide HAR estimates at the GLs defined in the GAT.

5.3.1.2 Hierarchical HAR inference

In this section, we will discuss the inference process of our proposed hierarchical

framework for two different query types: first, we will show how the system

operates for tasks of the type “which activity is currently performed in GL?”,

GL ∈ [GLmin, GLmax]. We will call these exploratory tasks. Then, we will discuss

the inference process for the query type “is activity X currently performed?”,

X ∈ GAT , which we will call awareness tasks.
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Figure 5.4: Prototype architectures for all classifiers.

All classifiers are based on a 2-layer ConvLSTM architecture, with 2D wavelet scalograms
as inputs. In the hierarchical framework, each subclassifier is tailored with additional
optional hand-engineered features, processed by CNN modules parallel to the main
Conv2D module. A flat classifier equivalent to the hierarchical framework should contain
all optional features utilised in the various subclassifiers.

To solve an exploratory task, we first extract from the logged IMU data the

features required by the highest-level classifier and input the extracted features to

the high-level classification model C(HT,GLmin). If a more detailed GL is required

from the exploratory task, we extract any further features needed by the 2nd level

classifier C(HT2, GL2), and obtain the HAR estimate for GL2. We repeat the

process until the required GL is reached and report on our final informed decision

about which activity is performed at the requested granularity level. Note that

only one activity can be selected at each level of the hierarchy.

The process is similar for awareness tasks; in this case, the inference process

begins as described above but stops at the first GL in which the current HAR

estimate is no longer a superset of the requested activity. E.g., revisiting Fig. 5.3,

suppose an application wants to know whether the user is currently “typing”; the

IMU recordings are processed and passed to the “personal hygiene” vs. “work”

classifier, and the estimated HAR is “personal hygiene”. However, this is not a

predecessor of “type” in the labels hierarchy; thus, we do not need to further

explore in deeper GL.
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In this section, we have presented the end-to-end learning and inference process

for our proposed hierarchical learning framework. Next, we will introduce the

theoretical and implementation details of the feature engineering module and

further discuss how it operates under our hierarchical framework for HAR.

5.3.2 Feature engineering under hierarchical framework

With the hierarchical HAR framework fully defined, we are now in a position to

present the algorithmic details for the feature engineering module and highlight

how the standard hand-engineering of features is adapted as part of the hierarchical

scope of our proposed system.

The feature engineering module includes two main components: wavelet feature

extraction and extraction of other hand-crafted features from smartwatch IMU data.

The first submodule targets a pattern-based feature extraction, while the final one

is tailored to best enhance the HT in each subclassifier C(HT,GL).

5.3.2.1 Wavelet feature extraction

With an appropriate choice of wavelet for the task of interest, we apply the wavelet

transform on all channels of the raw data, namely triaxial acceleration and triaxial

gyroscope. The output of the wavelet transform is a set of coefficients for each

wavelet decomposition level applied. We then represent the calculated coefficients

as a 2D scalogram with 6 channels (one for each channel of IMU data), i.e., a visual

representation of the coefficient energies at different levels across time, which we

will use as input to each subclassifier C(HT,GL).

5.3.2.2 Hand-engineered feature extraction

The above-described wavelet feature extraction is a necessary component of our

proposed hierarchical learning framework. Here, we will discuss how a separate set of

optional features, selected appropriately for each HT, further supports hierarchical

learning during the training process and at inference times.

For each classifier C(HT,GL) assigned to a specific classification problem, we

assume two modules to be in place: first, a module that suggests features that
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could assist the learning of the current classification task. Second, a module

that selects a subset of the proposed features that best improve the performance

for the C(HT,GL) classifier.

In principle, the fusion of many hand-engineered and latent features is often

advised in classification tasks to assist the learning process in deep architectures [74,

75]. This method fits and is realised in our framework; however, our proposed

approach of selective feature engineering per level of the hierarchy further ensures

that features are extracted from the raw data only when considered necessary by the

current HT. We thus build each classifier C(HT,GL) only from components that

will assist its task of interest. Instead of creating a complex classifier that will have

to balance the information from possibly a multitude of hand-engineered features,

we build a set of simpler classifiers, each tailored to solve a smaller classification task.

This “lazy” approach to feature engineering also reduces the computational energy

during inference time; a feature that is selected in the highest level of abstraction,

i.e., for C(HT,GLmin), and then needed again further down the hierarchy, can be

computed once at the beginning of the inference process and reused when necessary.

In contrast, a feature at an intermediate GL that is only required to solve a single

HT will only be calculated if the inference process has to reach the corresponding

C(HT,GL) to answer upon an exploratory or awareness task.

Our proposed feature-engineering approach effectively supports the introduced

hierarchical learning framework by simplifying learning for all intermediate tasks.

It can also reduce the computational energy at inference time compared to non-

hierarchical classification approaches, as we will demonstrate in Section 5.5.2.2.

5.4 Data preparation

In this work, we evaluate on the watchHAR and the WISDM datasets.

A basic preprocessing is considered necessary to prepare the data for our

hierarchical framework. Similarly to the IMU recordings of the WatchBLoc

dataset, discussed in Section 4.4.2, we first account for any missing data with linear

interpolation. We then proceed to denoise the signal with a moving median filter.
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Next, we separate the gravity component using a high-pass Butterworth filter with a

cut-off frequency of 0.3 Hz. As the frequencies of human activities are limited to 20Hz,

we then use a low-pass Butterworth filter with a cut-off frequency of 20 Hz to remove

any high-frequency noise. The data are then bounded, normalised to zero mean

and unit standard deviation, and windowed to 5.12sec windows with 75% overlap.

5.5 Evaluation

In this section, we will discuss the experimental details of our proposed approach.

We will evaluate a prototype of the hierarchical framework over its classification

accuracy performance and inference capabilities compared to the standard non-

hierarchical approach to HAR.

Methodology We employ the newly introduced dataset watchHAR and the

WISDM dataset to train and evaluate the prototype model and benchmarks in

terms of classification accuracy and inference times.

For both datasets, the hierarchy design is determined manually, according to

motion-based similarities of the recorded activities. In both scenarios, we identify

a subset of walking activities, that lead to the user changing their location; a

subset of idle activities, where the user remains static and in calmness; and a

subset of manual activities, where the user is static but engages in activities

that demand manual dexterity.

We perform leave-one-subject-out evaluation for all subjects in each dataset,

utilising the left-out subject as the test set. From the remaining users, 80% of

each user’s data are utilised for training, and the remaining 20% for validation.

The watchHAR dataset contains 21 subjects, and WISDM 51 subjects. For the

watchHAR dataset, we utilise both the accelerometer and gyroscope recordings.

For the WISDM dataset, we utilise only the smartwatch accelerometer recordings.

All data are preprocessed as discussed in Section 5.4.
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Precision, recall and f1-score, calculated per class and as average values are

utilised to inspect classification accuracy. Time elapsed in milliseconds is utilised

to measure the inference time capabilities of the model.

5.5.1 Hierarchical HAR learning
5.5.1.1 The prototype framework

To demonstrate our proposed hierarchy of learning ADL, we build a prototype

swarm of classifiers. For both the watchHAR and WISDM datasets, we define

a hierarchy over two levels.

For both datasets, the hierarchy design is determined manually, according to

motion-based similarities of the recorded activities. In both scenarios, we identify a

subset of walking activities, that lead to the user changing their location; a subset

of idle activities, where the user remains static and in calmness; and a subset of

manual activities, where the user is static but engages in activities that demand

manual dexterity. Note that for the WISDM dataset, we consider only a subset

of activities, excluding samples labelled as “Kicking”, “Catch”, and “Dribbling”.

This decision ensures greater alignment between the two datasets by prioritising

at-home activity patterns and reflects the fact that these predominantly foot-based

activities are unlikely to be meaningfully captured by smartwatch inertial data.

Also, the activities “Standing” as “Sitting are jointly considered as the activity

“idle”. The GAT for the two datasets, depicted in Fig. 5.5a, 5.5b, respectively, thus

determine the scope of the hierarchical training in each domain.

The watchHAR classifiers Based on the GAT in Fig. 5.5a, our prototype

consists of the following four classifiers: a coarseHAR classifier C(coarseHAR, GL1)

at GL1 to categorise among the high-level descriptions of the activities in our

dataset. Then, three subclassifiers, one for each group of activities in GL2 that

share a parent, namely: C(walk,GL2) with six output classes in its taxonomy,

C(change floor,GL2) with two output classes and C(manual tasks,GL2) with
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seven output classes. Note that the high-level activity “relax” does not have any

children in the GAT; thus, no subclassifier for that activity is required.

The WISDM classifiers Similarly for the WISDM dataset, based on the GAT

in Fig. 5.5b, our prototype consists of the following four classifiers: a coarseHAR

classifier C(coarseHAR, GL1) at GL1 to categorise among the high-level descriptions

of the activities in our dataset. Then, two subclassifiers, one for each group of

activities in GL2 that share a parent, namely: C(walk,GL2) with three output

classes in its taxonomy, and C(manual tasks,GL2) with ten output classes. Note

that the high-level activity “idle” does not have any children in the GAT; thus,

no subclassifier for that activity is required.

For the remainder of this chapter, we will denote the hierarchical framework

consisting of the above-defined classifiers as Chier.
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We select the bior2.2 mother wavelet across all levels of the hierarchy, as it has

successfully been used in prior work [213]. In terms of additional hand-engineered

features, a gravity feature is considered, loosely hinting at the smartwatch’s

orientation during the activity.

Gravity, also often known as acceleration bias, is always embedded in the

accelerometer signal, which comprises of three key components: gravitational

influence, movement-induced acceleration, and noise [378]. The gravity force
−→gF corresponds to the acceleration occurring due to gravity; assuming a static

accelerometer, and a level frame with its z-axis in the same direction as gravity,

the gravitational acceleration would be:

−→gF = [0, 0, g],

where g = 9.81m/s2. To identify its effect on triaxial acceleration data, let us

express the accelerometer vector −→a = [ax, ay, az] in a frame tilted at roll (ϕ), pitch

(θ) and yaw (ψ) angles. This is a common representation for the accelerometer

data, as tilt can be captured by inertial measurement units.ax

ay

az

 =

 cosϕ 0 −sinθ
sinθsinϕ cosϕ cosθsinϕ
sinθcosϕ −sinϕ cosθcosϕ


 0

0
−g

 ⇒

⇒


ax = gsinθ

ay = −gsinϕcosθ
az = −gcosϕcosθ

As can be seen by the equations above, gravity affects the values of triaxial

acceleration. As a wrist-worn accelerometer moves along with the user’s movements,

the accelerometer frame is rotated with respect to the level gravity frame. As such,

identifying the direction of gravity can provide regarding device orientation. This

can be valuable information for activity recognition, particularly for tasks that

aim to identify different poses of the same activity [379], e.g., standard walking

and walking while talking on the phone.

To identify gravity, we filter the accelerometer signal using a high-pass Butter-

worth filter with a cut-off frequency of 0.3 Hz [379, 380].



146 5.5. Evaluation

While not the only way to estimate device orientation [31, 381, 382], estimation

of the gravity vector can be achieved using simple methods, such as signal filtering,

and can be accessed directly through accelerometer data. Hence, we prefer it for

its simplicity and ease of estimation.

As we will discuss in more detail in Section 5.5.2, the gravity feature was

selected only for the C(walk,GL2) classifier, which focuses on identifying different

poses of walking, as the user may be carrying different objects held at angles that

yield different smartwatch orientation; the rest operate solely with their extracted

wavelet features. The remaining classifiers could also be augmented with further

domain-appropriate features for each; here, we only focus on the effect of feature

utilisation as a proof-of-concept, hence constrain our evaluation to a single feature

(gravity) and a single classifier, namely C(walk,GL2).

In summary, we build and train the following classifiers:

• Each of the C(coarseHAR, GL1), C(change floor,GL2) and C(manual tasks,GL2)

classifiers for the watchHAR dataset are composed by:

– a 2D convolutional layer, followed by a 2D max-pooling layer, then

– a 2-layer LSTM cell and

– a fully connected layer (FC) (followed by a SoftMax layer) as the output

layer.

• The C(walk,GL2) classifier in watchHAR and all the WISDM classifiers are

built with:

– a 2D convolutional layer (followed by 2D max-pooling), to process the

wavelet features,

– a 1D convolutional layer (followed by 1D max-pooling), parallel to the

2D convolutional layer above, to process the gravity features,

– a latent feature fusion layer to fuse the outputs of the above convolutional

modules, followed by
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– a 2-layer LSTM cell and

– a FC and SoftMax layer, as above.

Finally, to demonstrate the benefits of our hierarchical approach, we also build

and train the corresponding non-hierarchical classifier for the above tasks; for the

remaining of this work, we will denote the non-hierarchical classification as flat

classification and the corresponding classifier as Cflat. Cflat should contain all the

individual components identified in the swarm of hierarchical classifiers, namely

the wavelet features and the full set of additional hand-engineered features that

have been selected across the various levels of hierarchy in our proposed approach,

i.e., the gravity feature in our prototype.

As such, the Cflat classifier for our investigated hierarchical prototype consists of:

• a 2D convolutional layer (followed by 2D max-pooling), to process the wavelet

features,

• a 1D convolutional layer (followed by 1D max-pooling), parallel to the 2D

convolutional layer above, to process the gravity features,

• a latent feature fusion layer to fuse the outputs of the above convolutional

modules, followed by

• a 2-layer LSTM cell and

• a FC and SoftMax layer, as above.

The hyperparameters for each model were chosen individually through extensive

hyperparameter search and are summarised in Table 5.1.

5.5.1.2 Classification accuracy

To effectively evaluate the classification performance of our proposed Chier compared

to the non-hierarchical Cflat, we need to consider the performance of the two models

under the same scope. In our framework, this is equivalent to identifying each

activity at its most refined granularity level, GLmax, i.e., the set of 16 detailed
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activities described in Table 3.2 of Chapter 3.4. We evaluate the two methods on

our collected dataset, using Leave-One-Subject-Out evaluation, to best investigate

the ability of the models to generalise in the lack of calibration procedures. Fig. 5.6

reports the average precision, recall and F1-score across the 21 subjects of the

watchHAR dataset for each of the 16 activities of interest.
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Figure 5.6: Classification accuracy comparisons between Cflat and Chier.

Our proposed Chier consistently improves the average F1-scores for 12 out of

the 16 activities and ameliorates the overall average HAR performance measured

by three accuracy metrics, summarised in Table 5.2 for both datasets.

Table 5.2: Average HAR accuracy.

watchHAR WISDM

Accuracy metric Cflat Chier Cflat Chier

average precision 72.21% 76.12% 57.03% 57.39%
average recall 74.14% 77.22% 61.37% 60.92%

average F1-score 73.16% 76.67% 61.38% 64.65%

Although the WISDM dataset exhibits lower overall performance, the hierar-

chical approach still enhances classification accuracy, albeit with a smaller margin

compared to the watchHAR dataset. This discrepancy may stem from the decision

to use only accelerometer data for WISDM, whereas the watchHAR dataset benefits

from the fusion of accelerometer and gyroscope data, which is known to improve

recognition accuracy.

A key advantage of the hierarchical approach is its ability to achieve accurate

classification at the highest level of the hierarchy by effectively distinguishing
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between groups of samples that exhibit substantial differences. At finer granularity

levels, the approach refines classification by identifying more subtle variations

among data points that share key similarities, having already been grouped under

the same coarse category.

To illustrate these benefits, in Table 5.3 we present the performance of individual

classifiers for the WISDM dataset, alongside the confusion matrices for flat and

hierarchical classification, shown in Fig. 5.7. The results at the higher levels

of classification reinforce our previous discussion. As observed in the confusion

matrices, the flat classifier frequently misclassifies the activity “clapping” as “stairs”,

assigning the incorrect label to the majority of its samples. While the hierarchical

approach still struggles to correctly classify “clapping” data, it achieves a more

meaningful distinction by categorising the majority of samples under “manual”

activities, specifically “teeth brushing”. The tendency to confuse clapping with

teeth brushing, rather than other manual activities, is particularly noteworthy, as

both involve high-energy, repetitive hand movements.

Table 5.3: Average accuracy for the WISDM subclassifiers.

Accuracy metric Ccoarse Cwalk Cmanual

average precision 82.01% 96.66% 47.01%
average recall 86.83% 95.85% 54.12%

average F1-score 83.92% 96.32% 57.99%

In this section, we have demonstrated that the proposed Chier approach to HAR

for ADL achieves tangible improvement in the classification accuracy across all three

accuracy metrics. In the following section, we will evaluate the model’s capabilities

in terms of computational efficiency through its estimated inference times.

5.5.1.3 Inference times

Measuring inference times is a key feature to examine, particularly for models

expected to operate in-the-wild or run in devices of limited computing power.

To respond to both exploratory and awareness tasks, Cflat needs to run the

inference process continually, thus yielding a constant computational cost irrespective
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(a) Confusion matrix for Cflat, WISDM. (b) Confusion matrix for Chier, WISDM

Figure 5.7: Comparison of flat vs hierarchical classification for the WISDM dataset.

of the activity performed by the user. In contrast, our proposed Chier framework

can benefit from its modular nature to only enable the subset of subclassifiers in the

hierarchy that are required to estimate the task performed at each point in time.

The only layer that must continually run the inference process is the highest level

in the hierarchy, i.e., C(coarseHAR, GL1). Any lower-level classifier is activated

only when the query has not been effectively responded to by the current HAR

estimate, as described in Section 5.2 and depicted in Fig. 5.1.

Intuitively, it can be expected that Chier has longer inference times compared

to Cflat; it involves the activation of multiple classifiers sequentially, in contrast

to the single inference incurred at flat classification. However, there are two key

elements that affect the inference time capabilities of the flat and hierarchical

frameworks: i) the frequency of subclassifier activations and ii) our definition of

Cflat as the classification model that includes all optional features encountered

in the various subclassifiers.

Inspecting the frequency of subclassifier activations Let NR be the number

of activity information requests generated by exploratory and awareness tasks. To

effectively respond to these requests, the flat classifier Cflat needs to be activated
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NR times, yielding a total time:

TTflat = NRTflat,

where TTflat is the total time Cflat is active and Tflat is its average inference time.

In the hierarchical framework, the high-level classifier will also have to be

activated NR times, yielding a total time:

TTcoarse = NRTcoarse,

where TTcoarse is the total time Ccoarse is active and Tcoarse is its average inference

time. However, a subclassifier at lower granularity levels is activated only when its

scope is necessary to fulfil an exploratory or awareness task. Let A be the set of all

possible detailed activities across the various granularity levels of the hierarchical

framework and NR(a) ≤ NR be the number of requests a subclassifier receives. Then,

each detailed subclassifier C(a), a ∈ A will be activated only NR(a) times, giving a

probability of activation p(a) ∈ [0, 1], with p(a) = NR(a)
NR

. Consequently, we derive

that for each subclassifier, the total inference time is:

TTa = NRTcoarse +NR(a)TCa = NRTcoarse + paNRTCa , a ∈ A,

hence, the total inference time for the hierarchical framework to execute NR

activity requests is:

TThier = NRTcoarse +
∑

a

paNRTC(a), a ∈ A,

which for our prototype framework, introduced in Section 5.5.1.1, becomes:

TThier = NR(Tcoarse + pwalkTC(walk) + pstairsTC(stairs) + pmanualTC(manual))

= NRTcoarse +
∑

a

paNRTC(a), a ∈ A ≡ {walk, stairs, manual}.

As the number of requests NR is common across both the flat and the hierarchical

classifiers, for simplicity, we only study the average times:

Tflat = TTflat

NR

and

Thier = TThier

NR

= Tcoarse +
∑

a

paNRTC(a), a ∈ A ≡ {walk, stairs, manual}.
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Inspecting the time complexities of each classifier Recall our definitions

of Cflat, Ccoarse and C(a), a ∈ A ≡ {walk, stairs,manual}, as first introduced in

Section 5.5.1.1. All models have the same backbone of a 2D ConvLSTM module,

with additional parallel 1D convolutional modules to process each hand-engineered

feature that has been selected, as illustrated in Fig. 5.4. Cflat, in particular, must

contain all the components necessary across all subclassifiers to be considered

equivalent to the hierarchical framework. Hence, the inference time TC for a

classifier C ∈ {Cflat, Ccoarse, C(a), a ∈ A ≡ {walk, stairs,manual}} will be:

TC = max(TCNN(f)) + TLST M + TF C ,

f ∈ {wavelet, optional feature i, i ∈ {1, . . . , F}},

where F is the number of optional features used across all subclassifiers in the

hierarchical framework and CNN(f) the convolutional module processing feature f .

The inference times of the CNN, LSTM, and fully connected modules are affected

by the input and output size of the data passing through each module. Let us

investigate the computations in each module individually.

For the CNN module, let I = (H,W,Cin) be an input image with size H ×W

pixels and Cin channels, and K = (h,w) be the convolutional kernel of a CNN

module with Cout channels. The kernel K is applied to each patch of the input

map I, for each of the Cin input channels, for a total of HW patches. This leads

to a total of HW (Cinhw − 1) operations, and is repeated for each of the Cout

channels, yielding a total time complexity of:

CoutHW (Cinhw − 1) ⇒ O(CoutHWCinhw).

Given the assumption that all optional features will be 1D, it becomes apparent that:

TCNN(wavelet) ∼ O(CoutHWCinhw) > O(CoutWCinw) ∼ TCNN(f1D),

as all optional convolutions are performed in parallel with the primary 2D convo-

lution of the wavelet input features. Hence, we conclude that:

max(TCNN(f)) = TCNN(wavelet),



154 5.5. Evaluation

which is common among all classifiers C ∈ {Cflat, Ccoarse, C(a), a ∈ A ≡ {walk, stairs,manual}}.

As such, we may only detect differences in the inference times of the classifiers

C ∈ {Cflat, Ccoarse, C(a), a ∈ A ≡ {walk, stairs,manual}} by the remaining two

modules, the LSTM cell and fully connected layer:

TC ∼ (TLST M , TF C).

Let us now inspect the LSTM module’s inference time. The time complexity

of an LSTM module depends on the computations involved in its gates and the

hidden state updates, given by the following set of equations at each timestep t:

it = σ (Wiixt + bii +Whiht−1 + bhi) ,

ft = σ (Wifxt + bif +Whfht−1 + bhf ) ,

gt = tanh (Wigxt + big +Whght−1 + bhg) ,

ot = σ (Wioxt + bio +Whoht−1 + bho) ,

ct = ft ⊙ ct−1 + it ⊙ gt,

ht = ot ⊙ tanh (ct) ,

where xt ∈ Rd is the input to the LSTM module, Wim ∈ Rh×d and bim ∈ Rh, m ∈

{i, f, g, o}, are the matrices and bias vectors representing the forward connections

of the input, forget, cell and output gate, respectively, Whm ∈ Rh×d and bhm ∈

Rh, m ∈ {i, f, g, o} are the matrices and bias vectors representing the recurrent

connections of the above gates, and ht−1 ∈ Rh is the hidden state of the LSTM

module. The computations for it, ft, gt and ot are the same, so it is sufficient to

investigate the time complexity of one of them, say the input gate it.

Inside the non-linearity, we have the following operations: Wiixt matrix-vector

multiplication requiring hd operations, Whiht−1 matrix-vector multiplication with

h2 operations, and two vector additions, with h operations each. Assuming ReLU

as the activation function, σ is applied element-wise, which therefore leads to an

additional h operations, giving a total time complexity of O(hd+ h+ h2 + h+ h) =

O(h(d + h + 3). Repeating for the forget, cell and output gates, we get a total

time complexity of O(4h(d + h + 3)).
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The LSTM cell state ct and hidden state ht involve dot product operations,

which translate to element-wise multiplications, hence leading to h operations each.

Consequently, we have a time complexity of O(2h) for ct, as it involves two dot

product operations, and also a time complexity of O(2h) for ht, with h operations

arising from the dot product and another h operations from applying elementwise

the tanh activation function. Hence, in total, we get a time complexity of:

TLST M ∼ O(4h(d+ h+ 3) + 2h+ 2h) = O(4h(d+ h+ 4)),

which is dependent on the dimensionality d of the input to the LSTM cell, xt,

and the number of hidden cells h.

To analyse the inference time of the LSTM cell within the contexts of Cflat

and Chier, recall that Cflat is defined to include all optional features present across

the various subclassifiers of the hierarchical framework. Consequently, the LSTM

cell in Cflat must process a significantly larger input space, as it incorporates the

fusion of all optional features along with the output of the CNN(wavelet) module.

This expanded input space results in considerably longer inference times for Cflat

compared to each of the subclassifiers in Chier, where the input dimensionality is

effectively reduced due to the modular handling of features. As a result, we expect:

TLST Mflat
≥ max(TLST Mcoarse , TLST MC(a)), a ∈ A ≡ {walk, stairs,manual}.

Finally, let us inspect the effect of the final fully connected layer on the

models’ inference times. Each subclassifier in Chier operates on a smaller set

of activity classes compared to Cflat. Let N be the number of output classes;

the scope Na of each Ccoarse, C(a), a ∈ A ≡ {walk, stairs,manual} is either i)

a direct subset of the detailed activities in Cflat, or ii) a set of higher-level

activities representing groups of activities from Cflat, i.e., it always holds that

Na < Nflat, a ∈ A ≡ {walk, stairs,manual}. As a result, the different scopes

of activity classes in C(a), a ∈ A ≡ {walk, stairs,manual} lead to smaller

matrices in the tensor multiplications of the final fully connected layers of the
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subclassifiers of our hierarchical framework. With the mathematical formula of

a fully connected layer being:

y = xW T + b,

where xR1×M is the input to the fully connected layer, WRN×M is the weight tensor,

and bR
1×N is the bias vector of the fully connected layer, it holds that the time

complexity of this operation TF C depends on the shape of tensors W and x, requiring

NM operations, i.e., TF C = O(NM). Hence, as Nflat > Na for any a ∈ A ≡

{walk, stairs,manual}, we conclude that:

TF Cflat
> TF Ccoarse and

TF Cflat
> TF CC(a) ∀ a ∈ A ≡ {walk, stairs,manual}.

Conclusions on inference times To summarise, we have established that:

• The inference time Thier of the hierarchical framework is primarily affected by

the inference time required to process the high-level activity information, i.e.,

Tcoarse and only in part by lower-level subclassifiers, based on their frequency

of activation:

Thier = Tcoarse +
∑

a

paNRTC(a), a ∈ A ≡ {walk, stairs, manual}.

• The inference times for all classifiers Cflat, Ccoarse and C(a), a ∈ A ≡

{walk, stairs,manual} are affected by the time required to parse the LSTM

and fully connected modules, for which it holds:

TLST Mflat
≥ max(TLST Mcoarse , TLST MC(a)), a ∈ A ≡ {walk, stairs,manual},

TF Cflat
> TF Ccoarse ,

TF Cflat
> TF CC(a) ∀ a ∈ A ≡ {walk, stairs,manual}.

Combining the above insights, we conclude that by designing the hierarchical

framework such that the high-level classifier Ccoarse relies minimally on optional

hand-engineered features, it is possible to achieve reduced inference times compared
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to the flat classification approach. This reduction depends on the frequency with

which lower-level classifiers are activated; as not all activities require classification at

the highest level of granularity at all times, the hierarchical framework enables more

efficient inference by selectively engaging detailed classifiers only when necessary.

This selective activation allows the inference time within the hierarchical framework

to remain more contained than the flat classification approach.

In the remainder of this section, we will experimentally show the inference time

capabilities of our proposed hierarchical framework.

Inference time evaluation on server, tablet, phone To examine the com-

putational efficiency of our hierarchical framework, we deploy Cflat and Chier in

three devices of varying computing power: a workstation server and two mobile

devices (a Windows surface tablet and an Android phone). Table 5.4 summarises

the hardware configuration for these devices.

Table 5.4: Hardware configuration for devices testing inference times for Cflat and Chier.

Device Model Specifications

workstationserver Linuxserver

OS: Ubuntu 16.04.7 LTS

CPU: 56-Core
{ Intel® Xeon® Gold

5120 2.20GHz
GPU: GeForce RTX 3070

tablet Microsoft
Surface Pro 8

OS: Windows 11 Home edition

CPU: Quad-core
{ 11th Gen Intel® Core™

i5-1135G7 Processor
GPU: Intel® Iris® Xe

android
phone OnePlus 7T

OS: Android 10, OxygenOS 12.1

CPU: Octa-core
{ 1 x 2.96 GHz Kryo 485

3 x 2.42 GHz Kryo 485
4 x 1.78 GHz Kryo 485

GPU: Adreno 640 (700 MHz)

Fig. 5.8 summarises the average inference times for the two models Cflat and

Chier in the three examined devices. More specifically, we calculate the average

time required for each model to effectively respond to queries regarding which

activity is performed (exploration) or whether a particular activity is performed
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(awareness). As discussed in Section 5.5.1.3, Cflat and Ccoarse need to be activated

for all exploratory and awareness requests, denoted NR. However, each detailed

subclassifier C(a), a ∈ A ≡ {walk, stairs,manual} in the hierarchical framework

will only be activated for the subset of requests NR(a) that require information about

an activity at a finer granularity, i.e., with a probability p(a) = NR(a)
NR

∈ [0, 1]. In

this experiment, we measure the inference times of Cflat and Chier by varying the

probability of activation of each subclassifier for an exhaustive set of probabilities,

where p(0) denotes the detailed information is never required, and p(1) denoting

the detailed information is required at all times.
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Figure 5.8: Average inference times of Cflat, Chier for each HT relative to the percentage
of time the HT is performed.

Our proposed approach reduces the inference times to identify activities in all

three testing devices for probabilities of activity occurrences as high as 0.85 for

the worst-case scenario. In practice, however, it is unlikely an activity (or set of

activities) will be performed at such a high frequency during the day.

The experiment described above illustrates the ability of Chier to effectively

(and often significantly) reduce the computational resources required to identify

each activity individually, compared to Cflat. However, it cannot demonstrate

Chier’s inference times capabilities in the real world, where the user interchanges

a multitude of activities during the day at different frequencies.

To illustrate the effectiveness of Chier in this realistic set-up, we conduct two

practical case studies: 1) an assisted living scenario for elderly people [383] and 2) a

development monitoring application for children with ADHD [384, 385]. In each

scenario, we evaluate the computational efficiency of our framework based on the
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average CPU processing time required for model inferences if we run the mobile

application continuously for one day.

As smartwatch inertial data for these scenarios are unavailable, we rely on

behavioural studies presented in [383, 385], which detail common activity patterns

among older adults and children with ADHD. These patterns are mapped onto

the activities defined in our hierarchical framework. For instance, the activities

“read” and “watch TV”, categorised under “Leisure” in the referenced studies, are

assigned to our “relax” class. For activities that could be assigned to multiple

classes in our hierarchy, we assume that the time spent on each activity is evenly

distributed across the relevant classes. For example, 114 minutes spent on the

activity “play games” are divided equally, with 57 minutes allocated to the “relax”

class and 57 minutes to the “walk” class.

Following this mapping process, we normalise the time allocated to each class

of our framework over the course of a day, yielding the probability of occurrence

for each class and, consequently, the likelihood of activating the corresponding

subclassifier. Using these probabilities of activation, along with the experimentally

established average inference times for each subclassifier in our framework, as

depicted in Fig. 5.8, we report the expected inference times under the real-world

scenarios that reflect the activity patterns typical of older adults and children with

ADHD, should each subclassifier be activated with the estimated frequency.

It is important to note that this study is purely numerical and relies on a few

key assumptions. Due to the unavailability of relevant data for these case studies,

we hypothesise the following scenario: older adults and children with ADHD engage

in the activities reported in the referenced studies while wearing a smartwatch

capable of recording inertial data. The simulated scenario assumes that the collected

data could be processed by Cflat and Chier, leading to: i) continuous activation

of Cflat, ii) continuous activation of Ccoarse within the hierarchical framework,

and iii) activation of each subclassifier within Chier with a probability equal to the

frequency of the corresponding activity, as reported in the studies and mapped to

our Granular Activity Tree. Note that this analysis further assumes that Ccoarse



160 5.5. Evaluation

operates with near-perfect accuracy in identifying activities at a high level. While

this assumption is idealised, Ccoarse has demonstrated strong performance with an

F1-score of 92.41% (as shown in Table 5.11). Therefore, we consider this assumption

unlikely to significantly impact the observed outcomes, as the investigation focuses

on inference times rather than classification accuracy.

We consider two modes in each scenario: First, we account for the time spent

sleeping during the night as part of the daily activities performed. This mode is

supported by the advancements in the battery life of many modern smartwatches

(e.g., Empatica’s Embrace2, Fitbit’s Sense, etc.), which allows for consecutive use

of the smartwatch for an estimated 2-6 days before charging is required, as reported

in their corresponding sites. The increase in battery life could significantly aid

the monitoring of fatal events, particularly for the elderly [386–388], and is thus

of utmost importance to consider. Second, we will look into the more realistic

scenario, where the smartwatch will regularly need to be charged, a task most

likely performed while the user is asleep.

Assisted living for elderly people In recent years, the advances in medicine

and the increase in life expectancy have formed the phenomenon of the ageing

population; people typically live until old age but are often faced with age-related

diseases (e.g., dementia, Parkinson’s) that, as progress, require regular monitoring

to ensure the patient’s well-being; other times, they may develop walking difficulties

and instability, often making them prone to falls [388].

Based on the above, it becomes evident that older adults could benefit from

constant monitoring to be assisted appropriately when required. Under the scope

of our work on HAR for ADL in this work, we investigate how our hierarchical

framework can better help remote monitoring of the elderly by inferring their

regular ADL in reduced time compared to Cflat.

To calculate the probability distribution of the activities typically performed

by older adults under the scope of Chier, we cast their daily patterns [383] to

our corresponding HT. The breakdown and mapping between the two sets of
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activities and the calculated probability distribution are depicted in Table 5.5

and Table 5.6, respectively.

Table 5.5: Estimating probabilities of activities for elderly people’s assistive living.

Category Time Detailed High-level Time
(min/day) Activities Activities (min/day)

Leisure 457

exercise walk 114

play games relax 57
manual task 57

read relax 114
watch TV relax 115

Work 41 type manual task 21
write manual task 20

Domestic
Work

211

shop walk 42

home/car
maintenance

walk 21
manual task 21

childcare
walk 14
relax 14

manual task 14

clean walk 21
manual task 21

cook manual task 43
Sleep 570 sleep/nap relax 570

Table 5.6: Mapping probabilities of daily activities to high-level watchHAR labels for
assistive living of older adults.

High-level Probability of activity Probability of activity
Activities (excl. sleep) (incl. sleep)

walk 26.53% 16.58%
relax 48.82% 68.02%

manual tasks 24.65% 15.40%

The results are summarised in Table 5.7. Inference times are significantly

improved with Chier both for including and excluding the sleep mode.



162 5.5. Evaluation

Table 5.7: Inference times in ms for elderly people monitoring case study of ADL
distribution.

Device Cflat Chier,excl.sleep Chier,incl.sleep

workstation 73.53 ± 5.73 34.69 ± 4.41 27.36 ± 3.81
tablet 88.56 ± 12.40 38.24 ± 8.59 30.19 ± 8.00
phone 333.60 ± 109.65 139.14 ± 20.27 117.68 ± 20.59

Development monitoring for children with ADHD In younger ages, exces-

sive usage of digital devices (video games, social media, etc.) has been linked to the

increase of diseases such as diabetes, obesity, etc. [384]. At the same time, many

movement disorders, such as ADHD, often become visible from a young age [385].

Under this spectrum, monitoring typical everyday patterns for children becomes a

valuable tool for identifying symptoms or tracking the progress of those conditions.

Children with ADHD, in particular, have significantly benefited from a well-defined

daily routine [385], which our approach to ADL can assist in monitoring.

Similarly to the elderly case described above, we infer the probability dis-

tributions of the activities performed based on the proposed daily routine for

children with ADHD [385]. The breakdown and mapping between the two sets

of activities and the calculated probability distribution are depicted in Table 5.8

and Table 5.9, respectively.

The results are summarised in Table 5.10. Inference times are significantly

improved with Chier for the including-sleep mode. For the no-sleep mode, we still

identify considerable speedup in the inference process, despite the probability

distribution for the leaning towards the “manual” activities, which are more

computationally demanding, as shown in Fig. 5.8.

5.5.2 Feature engineering under hierarchical framework

In the previous section, we demonstrated how our modular classification algorithm

and operates during training and inference. In this section, we will present

in detail how our suggested feature engineering module fits under the overall

hierarchical framework.
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Table 5.8: Estimating probabilities of activities for ADHD development monitoring.

Category Time Detailed High-level Time
(min/day) Activities Activities (min/day)

Morning
Routine

60

go to bathroom walk 2
wash face manual task 8
comb hair manual task 5
get dressed manual task 5

eat breakfast manual task 25
brush teeth manual task 10
leave house manual task 5

School 420

type manual task 105
write manual task 105

read book relax 53
manual task 52

exercise walk 105

After-school
routine

30 snack manual task 15
unwind relax 15

Homework 60

type manual task 17
write manual task 19
read manual task 19

stretch,
bathroom

break

walk 1
relax 2

manual task 2

Leisure 90 play walk 22
manual task 23

relax manual task 45

Dinner 105

prepare table walk 25
manual task 5

wait for food relax 15
eat, drink manual task 30

clean table walk 25
manual task 5

Bedtime
routine

60 bath, teeth manual task 30
read, chat relax 30

Sleep 600 sleep relax 600
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Table 5.9: Mapping probabilities of daily activities to high-level watchHAR labels for
children with ADHD.

High-level Probability of activity Probability of activity
Activities (excl. sleep) (incl. sleep)

walk 21.82% 12.63%
relax 13.94% 50.18%

manual tasks 64.24% 37.19%

Table 5.10: Inference times in ms for real-life case studies of ADL distribution.

Device Cflat Chier,excl.sleep Chier,incl.sleep

workstation 73.53 ± 5.73 55.34 ± 7.17 38.41 ± 5.34
tablet 88.56 ± 12.40 59.60 ± 10.08 41.57 ± 39.92
phone 333.60 ± 109.65 191.73 ± 18.52 145.49 ± 19.62

5.5.2.1 Hand-engineered feature extraction

To evaluate our proposed modular approach to hand-engineering features, we will

compare the classification accuracy of the C(coarseHAR, GL1) and C(walk,GL2)

classifiers with and without the use of input gravity features. As summarised in

Table 5.11, the gravity features do not assist the high-level classification task but

are essential for accurate identification in the lower-level C(walk,GL2). As such,

we demonstrate that we can effectively extract hand-engineered features on demand,

only when required by the inference task.

Table 5.11: HAR accuracy in modular feature engineering.

Accuracy Metric CcoarseHAR,GL1 Cwalk,GL2

with grav w/o grav with grav w/o grav
Precision 91.78% 93.36% 87.22% 78.47%

Recall 93.05% 91.58% 89.39% 76.88%
F1-score 92.41% 92.46% 88.29% 77.67%

5.5.2.2 Wavelet feature extraction

For the prototype 2-layer hierarchical model defined above, we used the Biorthogonal

family of wavelets (Bior2.2) [213] to calculate the 2D scalograms across both levels
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of the hierarchy. The varying effect of the gravity feature across the two granularity

levels, however, hints at the possibility of also tailoring the selection of mother

wavelet to each level of the hierarchy. Here, we will evaluate the average f1-score

performance across five candidate mother wavelets, for all the classifiers involved in

the hierarchical framework. As depicted in Table 5.12, the choice of mother wavelet

can significantly affect the classification performance. There is also no unique wavelet

for the HAR task, rather a separate wavelet is optimal for each classifier in the

hierarchical framework. Thus, the mother wavelet is an important hyperparameter

to be tuned. Table 5.13 summarises the effect of the mother wavelet choice on the

performance of Chier for the choice of the overall best-performing wavelet sym5 and

the optimal combination of wavelets across the classifiers that constitute Chier.

Table 5.12: Effect of wavelet choice on average F1-score performance.

Mother
Wavelet

average f1-score
CcoarseHAR,GL1 Cwalk,GL2 Cstairs,GL2 Cmanual,GL2 Chier

db3 92.86% 88.52% 84.68% 71.35% 80.95%
sym5 92.55% 87.77% 79.04% 73.36% 80.98%
coif6 90.62% 77.14% 73.11% 69.27% 72.53%

rbio2.4 93.09% 88.19% 80.42% 71.39% 80.19%
bior2.2 93.10% 87.31% 79.43% 72.44% 76.67%
optimal

- - - - 81.97%wavelet
combination

Table 5.13: Effect of wavelet choice on average HAR accuracy.

Accuracy metric Chier,bior2.2 Chier,sym5 Chier,comb∗

average precision 76.12% 80.65% 81.45%
average recall 77.22% 81.31% 82.50%

average F1-score 76.67% 80.98% 81.97%

5.6 Related work

HAR based on IMU data has been an active area of research for almost two

decades [74, 75, 201–204, 214, 215, 219]. While various sensor modalities, such as
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cameras, object and ambient sensors, inertial sensors and physiological sensors [32–34,

177, 179, 180, 182], and approaches varying from traditional machine learning

to deep models exist, CHiHAR focuses on leveraging privacy-preserving, light-

weight solutions that are accurate and computationally efficient. This section

examines prior research, highlighting their contributions to the field and identifying

persisting challenges.

Non privacy-preserving approaches A variety of different sensors have been

used to recognise human activities. Computer vision systems utilise various camera

setups, including single cameras, multi-camera systems, stereo vision, infrared,

and thermal imaging [39, 183, 184], as well as depth cameras [185–188]. Depth

cameras in particular allow for approaches involving depth silhouettes and skeleton

generation, however, challenges persist in ensuring data accuracy and real-time

responsiveness, particularly in terms of self-occlusion issues and degraded silhouette

quality [186–188]. In [189], a home activity summary system addressed unbalanced

datasets and interactions involving multiple individuals. Similarly, [190] proposed

a probabilistic framework for scene-description-based activity inference, validated

on real-world videos, yet faced challenges related to dynamic, cluttered scenes.

CHiHAR navigates the challenges of human privacy and cluttered spaces by

utilising a single smartwatch as the sensing modality, carried by the user to be

monitored without interferences from other occupants of the space.

Privacy-preserving approaches Privacy concerns with camera data have further

driven interest in point-cloud sensors. For instance, RadHAR [35] and mActivity [36]

explore mmWave radar as a privacy-preserving solution, though such systems often

struggle with reduced spatial resolution compared to cameras.

Interaction-based HAR utilises ambient sensors to monitor and automate smart

home environments. Early projects like GatorTech [191] and AwareHome [192]

created proof-of-concept smart homes to study user interaction. However, these

systems often require significant infrastructure, limiting scalability.
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RFID technology has been widely employed [193–195], but its use introduces

additional burdens such as electromagnetic exposure and high maintenance, prompt-

ing a transition to low-power, wireless systems. Wireless sensor networks (WSNs)

have shown promise, with one study deploying 14 sensors to classify seven activities

using HMM, CRF, and Naive Bayes classifiers [196–198]. While effective, these

setups face challenges in energy consumption, placement optimisation, and latency.

Recent studies integrate hybrid models for enhanced performance. For exam-

ple, [199] combines artificial neural networks (ANNs), support vector machines

(SVMs), and HMMs, achieving notable improvements. Similarly, [200] demonstrates

a 13.82% accuracy boost by incorporating SVM-based kernel fusion for action

prediction. However, achieving real-time adaptability and robustness in diverse

environments remains challenging.

IMU-based systems IMU-based HAR has evolved over two decades as the

primary privacy-preserving approach, initially employing traditional machine learn-

ing models like SVMs and random forests [201–203]. Advances in deep learning

have shifted focus to automatic feature extraction using convolutional (CNN) and

recurrent neural networks (RNNs/LSTMs) [74, 75, 204]. Despite this progress,

ensuring model generalisability and robustness across diverse users and activities

remains a key issue.

Sensor fusion has also been explored extensively. Approaches range from early

fusion, where input data from multiple sensors are combined, to shared-filter fusion,

which models individual axes separately [214–216]. For instance, [219] achieved

high performance with a convolutional network trained on foot-attached IMU data,

generalising across users through adversarial augmentation. Most of these works,

however, focus on a combination of sensors attached/carried at various body parts,

some of which are unnatural for everyday use. While smartphone-based HAR has

been extensively studied, smartwatches, despite their ergonomic placement, remain

underexplored [66, 67]. Research focusing on wrist-attached sensors is promising
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for recognising dexterous activities, though handling complex tasks and minimising

hardware constraints are ongoing challenges.

Feature engineering in HAR systems More recently, deep approaches have

seen a surge in research activity to bypass the need to design features manually:

notably, [204] used deep neural networks for feature extraction before training on

standard classification models. Similarly, [74, 75] built on this idea, suggesting a

combined approach between hand-engineered feature extraction and deep models.

In particular, they encoded the information from raw data in a visual representation,

e.g., a spectrogram, which was then used in a deep convolutional neural network

to perform activity recognition, similarly to our scalogram use on CNN-LSTM-

based architectures.

Wavelet transforms have also shown their effectiveness in recognising human

activity patterns from various input signals. Examples of input signals include

video [205–208] and inertial measurement data [209–212]. In particular, discrete,

complex, and continuous wavelet transform with the Symlet (Symlet 4) [205],

Daubechies [206, 207], and Gabor [208] wavelets are employed to identify human

activity from video frames accurately. Similarly, Biorthogonal (Bior2.2) [213],

Haar [209], Mexican hat [212] and Daubechies (db10) [210] wavelets are used to

recognise activities from inertial signals. However, the choice of wavelet and its

effect on classification performance remains an open problem in these works.

Hierarchical HAR systems Hierarchical models in activity recognition offer

an alternative to traditional flat classification models by leveraging the inherent

similarities between activities. Rather than treating HAR as a single-stage multi-

class classification problem, hierarchical approaches decompose it into a series of

subclassifications, refining decision boundaries at each level. Prior research has

explored both bottom-up and top-down hierarchical structures, each presenting

unique advantages and limitations.

Bottom-up approaches typically focus on recognising finer-grained activity

components before inferring higher-level activities. For instance, [67] proposed
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a model in which human gestures were initially classified at individual sensor

nodes, followed by a centralised inference step that combined these outputs with

additional sensor readings to determine the specific activity. Similarly, methods

such as hierarchical hidden Markov models (HHMMs) have been explored for

HAR, where latent variables, representing subactions, are automatically detected

and optimised within the model, leading to improved recognition performance

compared to standard hidden Markov models [221]. In [223], the authors proposed

a hierarchical method for the more complex problem of trajectory-based HAR based

on hierarchical dirichlet process hidden markov models. Hierarchical breakdown

and feature selection approaches for various walking activities were also proposed

in [40, 41, 66, 67], focusing, however, only on the active/static separation or

targeting the feature extraction to traditional machine learning classification, with,

e.g., SVM or Naive Bayes classifiers.

On the other hand, top-down hierarchical approaches infer abstract activity

categories first before classifying specific actions. This strategy enhances dis-

crimination between similar activities without making explicit assumptions about

temporal dependencies. For example, [228] proposed a two-stage classification

system that initially categorises activities into broad states (static, dynamic, or

transitional) before refining the classification using linear discriminant analysis and

artificial neural networks. Camera-based hierarchical HAR solutions were proposed

in [389, 390] to break down visual streams of activities to lower-level spatiotemporal

components. These are promising directions; however, they assume the activity

is known (or can be identified in the video frame) at each level of the hierarchy.

They then decide on the sequence of activities that constitute a complex task.

Other studies have leveraged deep learning models within hierarchical frameworks.

In [229], the authors developed a two-stage convolutional neural network (CNN)

that first optimised a CNN to classify abstract activity groups, followed by two

separate CNNs to recognise specific activities. Our proposed approach CHiHAR

also follows this directive, utilising a series of “nested” classifiers over the hierarchy.



170 5.7. Conclusions

Defining the hierarchy of activities In the aforementioned methodologies, the

class hierarchy has been manually designed, which is also the case for our proposed

approach CHiHAR. However, automated hierarchy generation is an active area

of research, usually coupled with hierarchical activity modelling. Recently, a deep

encoder-decoder approach was proposed to automatically learn low-level activities

from high-level ones across two levels of hierarchy [224], which is a promising

approach to assist automation of the GATs considered in this chapter. Ontological

approaches also exist, particularly concerning bottom-up hierarchies that define

higher-level activities based on the occurrences of simpler tasks (e.g., “preparing tea”

is built over “reach cup”, “use teabag”, “boil water”) [222, 231, 232, 234]. While some

works also exist in the field of ontology regarding more contextual hierarchies [237–

239], as is the case for the semantic grouping of activities over the granularity levels

in CHiHAR, automated hierarchy generation is beyond the scope of this chapter.

CHiHAR Our framework inherits the qualities of hierarchy and wavelet transform

that have proved effective for deep architectures [40, 74, 75, 212] and further

extends the hierarchical properties to the feature engineering module. It operates

effectively with IMU data from a single smartwatch, which has rarely been used

as the sole sensor modality for HAR. Yet, it accurately identifies ADL at a much

reduced time compared to flat classification, without augmenting the number of

sensors to be worn by the user.

5.7 Conclusions

In this chapter, we proposed a hierarchical approach to learning ADL from a single

smartwatch’s IMU recordings based on time-frequency analysis using the wavelet

transform. We demonstrated the model’s inference time capabilities for the daily

distribution of activities across two realistic scenarios; remote assistance for the

elderly and children monitoring. We have also highlighted that feature engineering

is an integral part of the hierarchical approach, significantly improving the model’s

performance when incorporated into the hierarchical scope. This paves the way for
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the investigation of methods that optimise and automate feature extraction in each

level of the hierarchy to maximise the end-to-end performance of the model.

Overall, our proposed framework effectively recognises activities at various

granularity levels and minimises the computational resources required compared to

standard non-hierarchical classification. We have demonstrated that structuring

activities hierarchically opens up interesting directions for comprehending semantic

concepts and establishing logical links within well-defined sets of activities.

However, the freestyle nature of human activities means that uncovering semantic

similarities among groups of activities within a dataset may not suffice to capture

the underlying structural intricacies in the semantics of activities within a new

dataset. For example, while one person might define “walking” as the well-defined

activity of continuously moving at an average pace, others may also account as

walking the act of “taking a walk”, which may include stopping to browse, engaging

with other people, or grabbing a snack along the way. Nevertheless, shedding light

on the variability in human conceptual understanding is essential for designing

models that are generalisable and explainable in the real-world.

In this direction, we explore in the following chapter how to leverage a learned

hierarchy to reveal structural patterns of incoming activities by mapping them to

known concepts embedded in the hierarchy. This is a valuable approach towards

understanding human perception of notions under different scopes and opens up

intriguing avenues towards robust generalisation of models in their deployment

in the real-world.
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Chapter 6

Revealing semantic mappings
across HAR datasets

6.1 Introduction

In the previous chapter, we proposed a centralised, hierarchical solution to human

activity recognition that is capable of supporting the realistic concurrent demands

of various mobile applications that co-exist in smart devices, such as smartwatches.

In this chapter, we will explore the challenges in real-world HAR model deployment

that may arise from key differences between its training set and incoming data. We

propose a simple yet effective solution based on an inverse-hierarchy, to identify

explainable mappings across independently collected datasets of similar semantic

content and provide valuable information regarding the perception of activities

across different users or datasets.

6.1.1 Motivation

The substantial growth and widespread availability of smart and wearable devices in

the last few years, such as smartwatches, ear wearables, etc., has revealed a unique

opportunity to collect extensive and continuous amounts of activity data [391].

Historically, datasets have been primarily collected and annotated in laboratory
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conditions over carefully designed and controlled experiments. Meticulously curated,

well-annotated datasets are essential for training models that can capture precise

patterns; however, training deep learning models, in particular, requires large

amounts of labelled data that are laborious to acquire [392]. Nowadays, wearables

allow for the in-the-wild collection of data reflecting varying, naturalistic and often

unexpected behaviours of the bearer of the devices. While gaining insight into

the realistic behaviour of users can prove beneficial in many application domains,

e.g., personalising workouts, smart homes and healthcare [367, 368], crowdsourced

data can often be challenging to handle due to unscripted user behaviours, missing

data and incomplete, noisy or incorrect annotations [393]. Given that deep neural

networks are trained to be robust under the closed-world assumption, i.e., the

incoming data at testing time are expected to be of the same distribution as

the dataset used to train the model [246], the vast amount of varying activity

data pushes the boundaries of building accurate new models and challenges the

generalisation capabilities of existing models.

While significant research exists on out-of-distribution detection and active

learning to identify and manage novel data at inference time, to our knowledge, no

methodologies currently conceptualise the differences between training and inference

data in a descriptive and explainable manner accessible to non-experts.

This thesis explores the explainability of incoming data by leveraging information

embedded within a trained model. For the scope of this chapter, explainability

refers to the ability to provide a semantic understanding of new data based on

their conceptual similarities to known data from a source domain. This has

two key benefits:

• From the perspective of a HAR system designer, it is not only useful to

identify and handle entirely novel or significantly different activities, an area

extensively studied in out-of-distribution detection and active learning, but

also to recognise activities that are similar yet not identical to the training

data. While some work towards this direction exists in the subfield of near-

distribution detection, conceptually understanding how such activities deviate



6. Revealing semantic mappings across HAR datasets 175

from the model’s existing knowledge can inform strategies for adapting and

improving recognition models.

• From a user’s perspective, such as an individual interacting with an activity

recognition system via a wearable device, it is valuable to examine how

the system’s predictions compare with their own perception of performed

activities. As discussed later in this chapter, such information can support

both learning new skills correctly and monitoring changes in established

behavioural patterns.

Hence, it is necessary to investigate ways that can mitigate such challenges

and reveal the variability of incoming data characteristics with respect to the

training dataset.

6.1.2 Challenges in real-world model deployment

In this work, we identify four key challenges arising from differences between a

model’s training set (represented as a “controlled/source dataset”) and incoming data

(represented as a “crowdsourced/target dataset”) that may inhibit the deployment of

a model in the real-world. These are summarised below and illustrated in Fig. 6.1:

1. label content mismatch, i.e., the set of classes between the two datasets may

not be identical. While a subset of common semantics may exist across the

two datasets, they are not guaranteed to contain the same set of semantics.

2. timescale mismatch, i.e., the labels may be assigned over different lengths of

recordings across the two datasets. For example, samples in one dataset may

be annotated over 3-sec windows, while in another, over 30-sec windows.

3. label definition mismatch, i.e., the annotators may perceive samples with

identical labels across the two datasets differently. For instance, a user may

consider themselves to be “walking” if they are continuously performing this

activity over a fixed period, while another user may consider the same even if

their walking was interrupted by intermittent resting periods
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Figure 6.1: Challenges in semantic alignment of controlled and crowdsourced datasets.

(A) The set of class labels in the controlled and crowdsourced dataset may be semantically
similar (e.g., watch TV / sit) but not identical. (B) Annotations may be assigned over
windows of different sizes in the two datasets. For example, while in one dataset, we
might have annotations every T sec, the frequency of annotations in the other dataset
may be different, e.g., every T ′ = 2T sec. (C) The underlying rules governing a class
label may differ across the two datasets. For example, as demonstrated in the highlighted
samples, the same recording may be assigned to a different class in each dataset, as
the minimum threshold of the activity being performed may vary. (D) Particularly in
real-world datasets, it is possible to have annotation errors or inconsistencies due to
different user perceptions of each class label. For example, observing the highlighted
samples: a sample with a significantly low percentage of walking patterns is assigned
the label “walk”, while a more active sample is annotated as “relax”, i.e., no consistent
underlying rule for label assignment within the crowdsourced dataset exists; at the same
time, a static sample is erroneously annotated as “walk”.
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4. label reliability mismatch, i.e., we may not have insight into how accurate the

labels of a target dataset are since they were collected without supervision.

Such disparity may exist for different users within the target dataset, as each

user interprets how each activity may be performed independently or because

of erroneous label assignment during real-time annotation.

The label content mismatch is not a typical generalisation problem, where

incoming data from a different distribution (e.g., different users or environments)

need to be successfully identified by the model, or previously unseen data should

be identified as such; however, it is related to the “out-of-distribution” detection

problem, which is a component of generalisation mechanisms. While standard OOD

detection has seen effective solutions when incoming samples belong to unidentified

classes [240], it has not been studied in depth for cases when incoming samples may

include new concepts, that however exhibit logical similarities to known classes,

as is the case for label content mismatch.

More recently, a subset of OOD research has notably delved into the concept

of near-distribution (nearD) detection [264, 268]. While this space focuses on

distinguishing samples that resemble the model’s training dataset from completely

unrelated data, it has not explored, to our knowledge, mechanisms to identify

the shared patterns between ID and nearD data that may be valuable for better

adaptability of a trained model in new domains. Such information could also

improve user experience, by showcasing to the user how their performed activities

differ from the characteristics embedded in a train model.

The area of transfer learning offers solutions for a model to adapt in such new

domains, where classes may be defined differently, resulting in label content mismatch.

While knowledge transfer from the source model is enabled, these techniques also

lack explainability mechanisms of the new domain. At the same time, existing

approaches have explored model adaptations in diverse environments [394, 395],

accommodating variations in users, devices, or device placements [42]; nonetheless,

there is, to our knowledge, a notable absence of work directly supporting predictions

at different input sizes (e.g., due to timescale mismatch).



178 6.1. Introduction

Acknowledging the potential noise in incoming data annotations during real-

world model deployment, leading to label reliability mismatch, recent efforts in

learning from noisy labels have emerged [300, 302, 314, 327, 392, 396]. Yet again,

however, the estimation of noise type typically adopts a numerical perspective

rather than providing a semantic, explainable understanding of incoming data

through the model’s lens, a viewpoint we consider valuable to assist in the usability

of the vast amounts of crowdsourced data.

By investigating these directions, it becomes evident that while many of the

aforementioned real-world challenges have attracted significant research interest,

there is a consistent lack of explainable solutions to the problems of model gen-

eralisation and knowledge transfer to achieve further learning. At the same time,

to our knowledge, not all levels of semantic challenges we have highlighted have

been addressed simultaneously in existing research.

6.1.3 Proposed approach and key contributions

In this work, we approach a different generalisation problem that aims to resolve

the above challenges to not only enhance a model’s generalisation and knowledge

transfer capabilities under potentially noisy input but also to provide semantic

explanations on incoming data of a similar nature to the training dataset.

In this direction, we introduce SeMEDA, a Semantic Mismatch Estimation and

Dataset Alignment approach. SeMEDA aims to better understand crowdsourced

data by establishing a mapping between the incoming data and our model’s

viewpoint of the world (i.e., the ID training labels) and using that mapping to

capture inconsistencies and similarities in data annotations across the datasets.

The significance of such information is multifold. Understanding the underlying

structure of data that leads to unreliable labels can offer valuable insights into the

characteristics of the target domain, thereby assisting designers of HAR models in

developing more robust and generalisable frameworks capable of capturing these

patterns. Simultaneously, providing users with feedback on how their performed

activities deviate from expected patterns can be beneficial across various application
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domains. For instance, this can aid in fostering personal hygiene habits in young

children or monitoring motor skills in older adults.

In the first scenario, consider a young child who believes they have successfully

brushed their teeth. However, their wearable device may detect prolonged periods

of idleness during the activity, perhaps due to the child holding the toothbrush

in their mouth while distracted rather than engaging in the necessary vigorous,

repetitive motion of teeth-brushing. Such insights could help both the child and

their parents in establishing a proper dental hygiene routine.

In the second scenario, an older adult in the early stages of Parkinson’s disease

may perceive themselves as being idle, yet their wearable might start detecting

extended periods of manual activity due to increased tremor levels. This deviation

from the user’s expected behaviour, as defined by the classifier embedded in their

device, could provide valuable information for both the individual and their medical

team, facilitating further investigation into the progression of their condition, and

new patterns that should be taken into account, directing how the user’s wearable

should adapt to correctly identify activities in the user’s new way of living with

their disease. Utilising these learned concepts, models can better adapt to the

crowdsourced dataset domain, cautioning the user when incoming data labels

should not be trusted and, simultaneously, revealing the underlying structure of

the data that causes their given labels not to be trusted.

In summary, we make the following contributions in this work:

• We identify the variability between controlled and crowdsourced datasets even

when these contain similar semantic classes. We highlight the necessity to

find a mapping across such datasets to semantically understand a real-world

dataset that may be different to the dataset used to train a model in terms of

its label content, timescale, label definition and label reliability.

• We introduce SeMEDA, a Semantic Mismatch Estimation and Dataset

Alignment approach that sequentially resolves the identified dataset mis-

matches, by introducing label-based and timescale-based mappings that reveal
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underlying data dynamics and annotation inconsistencies in the new dataset.

Our proposed approach allows for improved generalisation capabilities in

trained models, increased learning capacity of new models in label and time

domain, and for trustworthy curation of datasets from incoming noisy data.

• We demonstrate SeMEDA using two datasets: the watchHAR dataset that

we introduced in Chapter 3.4, which was collected in a laboratory environment

under careful instructions to the participants of the experiment, and the

ExtraSensory [393] dataset, which was collected in-the-wild and was self-

annotated by the users during data collection without any input or supervision

from the researchers creating the dataset.

The remainder of this chapter is organised as follows: Section 6.2 presents the

architecture of our proposed method and illustrates how the different modules work

together. Section 6.3.4 introduces the algorithmic details for each of the system’s

components and explains how this achieves better semantic alignment of the datasets

in each step. Section 6.4.4.2 summarises important implementation details for the

framework’s evaluation, and Section 6.5.4.2 then concludes the evaluation. Finally,

Section 6.7 discusses limitations and future directions.

6.2 System Architecture

This section provides a high-level description of our system architecture and its

main algorithmic components.

Our proposed approach aims to identify a semantic alignment between a

controlled (source) and a crowdsourced (target) dataset by identifying and mitigating

the challenges that may occur due to differences in various levels of their semantic

understanding while at the same time providing explainable representations of

incoming crowdsourced data. Estimating and resolving such challenges is vital for

a model trained on a controlled dataset to effectively generalise on a (or the subset

of a) crowdsourced dataset with a semantically similar set of classes. It also aids

knowledge transfer from the source domain to assist the training of models using
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the crowdsourced dataset, particularly when the dataset’s given annotations are

inconsistent or unreliable. In our proposed framework, mitigating these challenges

is achieved through four main components, depicted in Fig. 6.2 and outlined below:

1. Estimation and mitigation of label content mismatch, to identify the

subset of semantically similar classes across the two datasets and define a

mapping between them. This module borrows from the hierarchical approach

to learning we defined in Chapter 5.7 to establish a label mapping to a shared

semantic space that encompasses all classes represented in the two datasets.

2. Estimation and mitigation of timescale mismatch, to investigate

and resolve how annotating samples at different window sizes affects the

generalisation capabilities of models trained on the controlled dataset and the

learning capacity of models trained on the crowdsourced dataset. A timescale

mapping ensures predictions can effectively be made in the incoming target

data timescale.

3. Estimation and mitigation of label definition mismatch, to identify

and reveal the different underlying rules governing the annotations of the two

datasets. Unveiling these distinct rules establishes a cross-domain mapping

across the datasets.

4. Estimation and mitigation of label reliability mismatch, to identify

and resolve the lack of consistent underlying rules governing the annotations

and highlight misannotated instances in the crowdsourced dataset. A target-

domain mapping, similar to the above-mentioned cross-domain mapping, is

employed to reveal the full spectrum of activity task perceptions within the

target dataset and highlight any annotation errors that may exist.

In summary, our framework operates as follows. First, we identify the set of

dataset mismatches that are observable through the datasets’ descriptions and

initial investigation, for example, the set of classes in each dataset, the frequency of

annotation, any specified rules regarding how the activities should be performed
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Figure 6.2: System Architecture.

Source & target datasets: Assume a source and a target dataset defined over a
set of semantically similar but not identical activity classes (label content mismatch).
The datasets may also be annotated at different frequencies (timescale mismatch),
may be defined with different underlying rules to govern each activity class (label
definition mismatch) and have different levels of annotation noise, observed as annotation
inconsistencies or errors (label reliability mismatch).
Dataset alignment: If there exists a semantic space where the source model can
generalise to the target dataset and a new target model can utilise knowledge from
the source domain to distinguish among the target dataset’s samples, the datasets are
semantically alignable.
Estimation and mitigation of label content mismatch: If there exists a label content
mismatch, estimate the shared semantic space as a level of semantic abstraction that
encompasses all classes from both datasets. We denote this step as hierarchy generation
and label mapping.
Estimation and mitigation of timescale mismatch: If datasets are not aligned,
and there exists a timescale mismatch, establish a timescale mapping that allows for
predictions of both source and target models in the target timescale.
Estimation and mitigation of label definition mismatch: If datasets are still not
aligned, there might also exist a label definition mismatch. To resolve, attempt to identify
the target dataset’s underlying activity class patterns through a cross-domain mapping.
Estimation and mitigation of label reliability mismatch: If datasets remain non-
aligned, there may further exist a label reliability mismatch. To resolve this, establish a
target-domain mapping, to provide explainable representations of incoming data that may
reveal inconsistencies or erroneous annotations within the target dataset.
Output: If dataset alignment is accomplished, the datasets are alignable in the shared
semantic space under the employed mappings. Otherwise, the datasets are considered
non-alignable.
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and any known annotation noise levels. We then sequentially attempt to resolve the

mismatches in the aforementioned order by establishing label-based and time-based

mappings that aim to identify a shared semantic space where dataset alignment

can be achieved. A mismatch is considered resolved under the selected mitigation

mechanism if its corresponding alignment test is passed; instead, a failed alignment

hints at the existence of additional mismatches to those originally identified. These

tests inspect the models’ generalisation and learning capabilities in the common

mapped semantic space.

If a mitigation mechanism is employed to resolve a mismatch at a certain level,

it is then also used by all further mitigation approaches in subsequent mismatches

to be resolved. Once all mismatches are resolved, indicated by a positive alignment

test, the semantic alignment of the two datasets has been achieved. This allows

for both datasets to be used with trustworthiness for further downstream tasks

in their shared semantic space.

Having presented an outline of our framework, in the following section, we will

delve into the algorithmic details of our proposed methodology.

6.3 Algorithms

In the previous section, we provided a high-level description of our framework. In

this section, we will discuss the details of our proposed approach. We will intro-

duce the mismatch identification mechanisms and their corresponding mitigation

methodologies for each module in our framework.

Our proposed methodology assumes a controlled (source) and a crowdsourced

(target) dataset, each defined over a set of single-activity (i.e., non-composite)

classes. In reality, the classes in the two datasets may be identical (semantically

ID), logically similar (semantically nearD) or purely distinct (semantically OOD);

in this work, however, we only consider the special case where a subset of class

labels are identical across the two datasets (ID classes), and the remaining labels

are semantically similar, albeit non-identical to the ID class labels (nearD classes),
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as the ID and OOD have been explored in the research areas of transfer learning

and out-of-distribution detection.

In this context, we aim to identify three key subsets of samples within the

nearD crowdsourced dataset:

• a trustable (“pure”) subset, that presents the behaviour indicated by the

target sample’s annotation throughout the largest part of the recording,

• an ambiguous (“polluted”) subset, where the annotated activity labels presents

in the recording, albeit interchanged with other activity concepts,

• an untrustable (“mislabelled”) subset, for which the annotated activity does

not appear (at all or significantly) within the sample; instead, other activities

are predominantly identified throughout the recording’s duration.

Our goal is to estimate and mitigate the variations in the semantic definitions

of the two datasets by revealing a shared semantic space, and the trustworthy

behaviours within it where: (i) a source model, trained on the controlled dataset, can

be adapted to generalise on incoming samples from the target dataset; and, (ii) new

models can be robustly trained on the target dataset, either directly or by utilising

the knowledge encoded in the source model. The datasets are considered alignable

if both properties hold. To verify these conditions, we employ dataset alignment

tests, which measure the models’ performances through their predictive accuracy.

We define the following key concepts, that are utilised in the remainder of this sec-

tion:

• a source recording is a sample from the source (controlled) dataset,

• the source-timescale is the window size corresponding to the annotation

frequency in the source (controlled) dataset,

• a target recording is a sample from the target dataset,

• the target-timescale is the window size corresponding to the annotation

frequency in the target dataset.
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6.3.1 Estimation and mitigation of label content mismatch

To identify the label content mismatch between a source and a target dataset, we

need to compare their respective class labels. As discussed above, we study the

special case where only identical and semantically similar class labels exist in the

two datasets. While achieving a 1-1 mapping between the source and target labels

is not possible due to the existence of nearD classes, such a semantic mapping

may exist at a coarser level of semantic abstraction.

To establish this mapping at training time, we first inspect all the class labels that

appear in the source and target dataset and identify distinct groups of classes across

the two datasets that share logical semantic similarities and can be described by a

coarser activity label. Then, we introduce an inverse hierarchy approach, inspired by

our hierarchical HAR framework in Chapter 5.7. For each dataset, we generate an

inverse-hierarchy that groups its relevant corresponding activities to the identified

coarser activity labels. This results in two parallel hierarchies, for which a 1-1 label

mapping can be established across the identified high-level activity representations.

Similarly to the design of Granular Activity Trees (GAT) in Section 5.3.2.2, the

design of the inverse-hierarchical structure offers considerable flexibility, particularly

in the selection of coarser activity labels. This design can be informed by the model

designer’s expertise or tailored to the specific application context. However, to

ensure effective alignment, it is crucial that a one-to-one correspondence exists at

some level of granularity between the source and target datasets, as the method

aims to capture the contextual similarities among the two datasets. To design the

inverse-hierarchy, we follow the same process as detailed for the hierarchy design

in Section 5.3.2.2, with the only difference that at training time, we account for

the detailed labels from both datasets to design the hierarchy. At inference time,

the selected hierarchy is utilised to project concepts from the source dataset to

the target dataset, based on the selected mapping.

If certain target classes cannot be mapped to conceptually similar classes in

the source dataset, they should be highlighted during the hierarchy design as

significantly different, for example by categorising them under an “other” class.
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However, since this study specifically focuses on near-distribution samples, we do

not anticipate such occurrences. Consequently, we proceed without incorporating an

“other” class, though the methodology could be readily extended to accommodate

this by integrating OOD detection mechanisms in the source models, that can

capture such data that vary significantly in their semantic concepts from the

training set, such as, for example, the work in [268].

For illustrative purposes, let us consider the sample datasets in Fig. 6.3. In

this example, only the class walk is identical across the two datasets. However,

the classes across the two datasets can easily be summarised under two coarser

activity labels: walk and relax. We then build two parallel hierarchies: the
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read book
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sit
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Figure 6.3: Estimation and mitigation of label content mismatch - an illustrative example.

Sample controlled and crowdsourced datasets suffering from label content mismatch, as
only one class label is identical across the two datasets. However, the remaining class
labels are semantically similar ; hence, it is possible to group the activities in each dataset
at a coarser level of semantic abstraction (namely, the tasks walk and relax). This
shared semantic space encompasses all class labels across the two datasets, allowing for a
1-1 mapping between the source and target labels in this higher abstraction level in the
semantic activity descriptions hierarchy.

classes walk and walk holding tray in the controlled dataset can be jointly seen

as the more generic class walkcontrolled, and the classes watch TV and read book

can be accounted as relaxation time under the relaxcontrolled label. Similarly,

the classes walk and ascend/descend stairs can be summarised under the label

walkcrowdsourced, and the classes sit and stand under the label relaxcrowdsourced

in the target dataset. At this higher level of semantic abstraction, creating a 1-1
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mapping across the corresponding grouped labels of the two datasets is possible,

paving the way for seamless predictions on incoming samples from any of the two

datasets in this shared semantic space.

We perform a dataset alignment test to identify whether resolving the label con-

tent mismatch suffices for dataset alignment. Suppose the source model generalises

on the target dataset, and a target model learns robustly from the target dataset in

the identified shared semantic space. Then, we consider the mapping effective, and

source and target domains are aligned under the generated mapping. This includes

cases where the datasets are defined at different timescales, but generalisation of

the source model at the target-timescale may not be considered necessary. If this is

not the case, or if there is a further requirement for the source model also to learn

to generalise at the target-timescale, there is a timescale mismatch to be addressed.

In the following section, we will inspect how to establish predictions at a target-

timescale, to resolve the timescale mismatch.

6.3.2 Estimation and mitigation of timescale mismatch

A timescale mismatch is identified when labels across a source and a target dataset

are assigned over windows of different lengths. If the source model is required to

learn to generalise on the target timescale, we need to establish a timescale mapping,

to ensure that class predictions can be made at the target-timescale.

Assuming a semantic hierarchy and a label mapping are in place to resolve any

existing label content mismatch, we employ the following process to address the

timescale mismatch. We create windows of size source-timescale for each recording

in the target dataset. We then evaluate each of these windows sequentially on

the source model at the source-timescale, generating a sequence of predictions for

each target recording. We enable a memory mechanism to hold the generated

relevant information for the set of N consecutive windows that constitute a target

recording. With this information at hand, we introduce two alternative approaches

to generalising at the target domain, also summarised in Fig. 6.4 through an

illustrative example:
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1. an inference-based mapping, by employing majority voting over the set of

estimated labels for the windows that constitute each target recording, or,

2. a data-driven mapping, by utilising latent features generated by the source

model on consecutive windows of a target recording to learn new models at

the target-timescale directly.
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Figure 6.4: Estimation and mitigation of timescale mismatch - an illustrative example.

Example of timescale mismatch, where the frequency of annotations for the source dataset
is 4× higher than in the target dataset. We can establish a timescale mapping utilising
the sequence of latent representations (data-driven mapping) or the sequence of predicted
labels (inference-based mapping) generated by a source model for consecutive windows of
size source-timescale of a target recording.

Inspecting the dataset alignment test: if the source model learns to generalise

on the target timescale and the target model learns robustly from the target
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dataset, we consider the mapping effective, and source and target domains are

aligned under the generated mapping. However, suppose the source model can still

not learn to generalise on the target timescale despite the target model learning

robustly from the target dataset. In that case, the two datasets may have a

label definition mismatch that hinders model performance due to the differences

in underlying activity definitions.

With a hierarchy, a label mapping, and a timescale mapping in place, we

will explore in the following section how to address a label definition mismatch

across two datasets.

6.3.3 Estimation and mitigation of label definition mis-
match

Dataset annotation is highly dependent on how each class is defined. Different

definitions of the same class label across datasets lead to label definition mismatch.

In datasets collected in controlled environments, strict rules define each class’s

characteristics, which may vary among controlled datasets of the same type. For

example, a sample in a HAR dataset may be considered “walking” if there is a

continuous walking pattern across the recording. In contrast, samples may be

annotated in another dataset as “walking” when the user performs said activity for

at least 80% of a recording. In real-world data, such rules are more challenging to

establish, as the participating users may have different understandings of the meaning

of a label; in some cases, however, users may exhibit a shared understanding of a class

even within a crowdsourced dataset, e.g., all participants may agree that they are

“walking” when they perform the activity for at least 50% of the recording’s length.

With label mapping and timescale mapping approaches in place to mitigate

the label content mismatch and timescale mismatch across the two datasets, we

introduce the notion of purity score to resolve such label definition mismatches

between a source and a target dataset. We follow a similar process to mitigating

the timescale mapping, introduced in Section 6.3.2. We create windows of size

source-timescale for each recording in the target dataset. We then evaluate each of
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these windows sequentially on the source model at the source-timescale, generating

a sequence of predictions for each target recording. Finally, we calculate the number

of predicted labels in the resulting sequence that agree with the target recording’s

given annotation (or its assigned higher-level annotation in the two datasets’ shared

semantic space after label mapping, if this was necessary), i.e., the number of

source-timescale windows for which the predicted label is identical to their given

annotation in the target dataset; this measurement is the purity score, p, for this

target recording, p ∈ {0, N}, where N is the number of source-timescale-length

windows that are needed to represent a target recording.

Fig. 6.5 presents an illustrative example. Having calculated the purity scores
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Figure 6.5: Estimation and mitigation of definition mismatch - an illustrative example.

Example label definition mismatch mitigation mechanism. After windowing target dataset
recordings to windows of size source-timescale, we sequentially evaluate the windows
that constitute each recording using the trained source model and obtain a sequence of
estimated labels for each recording. The purity score is then calculated as the number of
estimated labels in the sequence of source-timescale windows of a target recording that
agree with the recording’s given annotation at the target-timescale. By inspecting the
distribution of purity scores for each class in the target dataset, we identify two cases: in
the first case (top right bar plot), there exists a minimum purity score pmin = 6 which all
the class samples satisfy. In the second case (bottom right bar plot), the class samples
exhibit a uniform distribution of purity scores, meaning a consistent rule that governs all
samples in the class does not exist.

for all samples in each target class c ∈ classLabels at training time, we inspect

their distribution: if the distribution is skewed in such away such that there exists
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a minimum purity score pmin,c such that, for all the target recordings within class

c, it holds that p ≥ pmin,c, then there exists a cross-domain mapping across the

source and target datasets indicating the target class label requires samples to be

at least pmin,c pure with respect to the source label definition.

To determine pmin,c for each class c ∈ classLabels, the modelwdesigner must

establish sensitivity thresholds defining the proportion of an activity’s occurrence

within a recording that qualifies it as correctly or erroneously annotated, denoted

as Tca and Tea, respectively.

These thresholds function as system hyperparameters and, akin to the mapping

process discussed in Section 6.3.1, can be flexibly chosen based on the designer’s

perspective or the specific application requirements of the HAR system. Ideally,

they should reflect evidence from the source domain (e.g., if walking typically occurs

for at least 80% of a recording’s duration in the source dataset, then Tca = 0.8)

or be guided by logical reasoning.

However, as the goal of the cross-domain mapping is to reveal consistent patterns

in the target domain that may slightly differ from the source domain, rigidly

transferring source domain thresholds to the target domain may obscure underlying

yet consistent patterns within the latter (e.g., walking samples consistently occupying

at least 70% of a recording’s duration). Therefore, a more adaptable approach to

defining the minimum valid pmin,c for each class is preferable. In this work, we

assume an activity recording is well-annotated (i.e., not mislabelled) if the activity

occurs for at least half of its duration, leading to the selection of Tca = Tea = 0.5

and, consequently, pmin,c > 0.5 for all c ∈ classLabels.

Once these thresholds are set, pmin,c is identified within the purity score

distribution of each class c. The existence of pmin,c requires the distribution to

exhibit a bell-like shape, indicative of a normal distribution rather than a uniform

onw, and to be skewed above the selected threshold Tca.

The identification of pmin,c for each class can be achieved using various techniques,

including visual inspection of purity score distributions, detecting abrupt changes



192 6.3. Algorithms

in the distribution’s slope (which signal the presence of the “bell”), or employing

statistical measures such as skewness.

Regardless of the method used, should such pmin,c values (determined during

training) exist, they should be embedded in the decision layer of the target model

to assess whether incoming samples at inference time are sufficiently pure to be

assigned to a specific class. While purity scores are unavailable at inference time

due to the absence of annotations, an alternative approach is to evaluate class

votes across consecutive windows of incoming data forming a target recording. If

the percentage of votes for a class c exceeds its purity threshold pmin,c, the target

recording is assigned to that class as its nearest match. Conversely, if no class

meets this criterion, the sample is deemed “ambiguous” and flagged for further

inspection by the system designer.

The existence of pmin,c reflects the classifier’s sensitivity in accurately classifying

data that may contain some noise while still predominantly aligning with the

assigned annotation. Moreover, it facilitates the identification of subsets within

class c in the target dataset, distinguishing between “trustable”, “polluted”, or

“mislabelled” samples.

In this case, the dataset alignment test is primarily guided by whether an

underlying rule for each class in the incoming target data can be established based

on the purity score distributions, i.e., whether we can identify a pmin,c for each

class c such that pmin,c adheres to the constraints discussed above. Incorporating

pmin,c at the decision layer of the source model as discussed above, alongside the

timescale mapping rule can allow source-model generalisation on the target dataset

at inference time, and allows for the semantic understanding of incoming data,

supporting the notion of explainability.

If such a rule cannot be established, we require further insight into the dataset,

focusing on inspecting the “ambiguous” and “mislabelled” samples. To achieve

this, we further inspect the label reliability mismatch across the two datasets to

identify potential variabilities within the target dataset itself.
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6.3.4 Estimation and mitigation of label reliability mis-
match

Suppose none of the above mitigation mechanisms enables the source model to

generalise to the target dataset or a target model to learn on the target dataset

robustly. In that case, the target dataset may not be as reliably annotated as the

source dataset, leading to label reliability mismatch. This may result from variability

over label definition across the users, i.e., no rule is consistently obeyed by all users

in the dataset, or human-error misannotations may exist.

To address this challenge, we propose a purity-based target-domain mapping

approach to dataset understanding. Using the purity definition introduced to resolve

the label definition mismatch, we identify the subset of the target dataset that

is consistent in its label definition with the source dataset. To achieve this, we

systematically eliminate the samples with the lowest purity within each class,

training a classifier using each refined subset. This process will be iterated,

commencing from purity level 0 and advancing up to purity level N . If, during this

process, we identify a pmin that defines an underlying rule for part of the dataset, we

can iterate through the label definition mismatch module to refine the cross-domain

mapping. With this process, we achieve data cleaning through a conditional trust

dataset curation, which identifies the subset of the target dataset that is explainable

and can be trusted through the scope of the source dataset.

While this method effectively distinguishes between reliable and noisy samples,

whether due to “polluted” recordings, where the activity denoted in the recording’s

annotation is not performed consistently enough to be labelled by the classifier in the

same way, or due to erroneous annotations, it also reduces the overall dataset size.

This reduction may introduce challenges such as overfitting and limit opportunities

for techniques such as domain adaptation or active learning.

Rather than discarding unreliable data, an alternative approach would be to

leverage the extracted semantic information regarding activity patterns within

polluted subsets (which is one of the key contributions of this work) to improve

data quality. This could involve relabelling misclassified samples with the most
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appropriate class label or employing active-class learning to identify patterns within

noisy samples as potential novel activities or distinct variations of existing activities.

Having resolved all levels of mismatches, the two datasets are now alignable.

This means that class predictions can be achieved at source and target timescales,

and the datasets can be joined for data augmentation or continual learning.

In the following section, we will present the implementation details supporting

our proposed methodology’s experimental evaluation.

6.4 Implementation details

In this section, we present details regarding our experimental setup, that allow

for the evaluation of our proposed approach.

6.4.1 Dataset selection

Our proposed framework aims to identify label-based and time-based mappings

across two datasets of similar semantic content in order to enable their semantic

alignment in a shared semantic space, where generalisation on and learning from in-

coming data can be effectively implemented. In this work, we utilise the watchHAR

dataset, introduced in Chapter 3.4, as the controlled (source) dataset, a dataset

of 17 activities carefully annotated at 5.12-sec windows, and the ExtraSensory

dataset as the crowdsourced (target) dataset, a dataset collected in-the-wild and

self-annotated by the data collection participants at 20-sec recordings.

As in this thesis, we focus our analysis on wrist-attached smartwatches, and to

further ensure no noise arises across the two datasets from differences in sensor type

or device placement, we only select the subset of each dataset that corresponds

to smartwatch accelerometer data, recorded at 100 Hz at the watchHAR and

25 Hz at the ExtraSensory dataset. As such, the data in the source and target

domains are recorded using the same sensor modality.

This chapter is concerned with the identification of semantic mappings across

datasets that contain semantically similar class labels. As the selected watchHAR

and ExtraSensory datasets do not strictly contain such classes, we will only use a
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curated subset of 15 activity labels released with the ExtraSensory dataset, along

with the classes defined in the watchHAR dataset. The 15 selected activities are

summarised in Fig. 6.6, with the semantic similarities of each group of activities

colour-coded and represented by a higher-level activity label.
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Figure 6.6: Selected subset of semantically similar activities in the watchHAR and
ExtraSensory datasets, summarised in a two-level semantic inverse-hierarchy.

There are 17 activities in the source watchHAR dataset. We have identified 15 activities
in the target ExtraSensory dataset that are identical or semantically similar to the
activities in the source dataset. Class labels across the two datasets that exhibit semantic
similarities are colour-coded with the same colour and are structured in an inverse-
hierarchy under a representative class label at a higher level of semantic abstraction.

6.4.2 Feature selection

While the watchHAR dataset is released as raw accelerometer recordings, the

ExtraSensory dataset is released both in the form of raw recordings and in a

featurised form with a total of 255 handcrafted features, 46 of which have been

extracted from the smartwatch accelerometer sensor. To our knowledge, existing

literature has only used the featurised ExtraSensory dataset; as such, we consider
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it necessary to use the featurised version of the data to establish baseline model

performances for the ExtraSensory dataset. However, we also investigate model

performance on the raw data recordings, in line with the watchHAR dataset. For

the remainder of this work, we will denote the two versions of the ExtraSensory

dataset as rawWatch-ExtraSensory and featWatch-ExtraSensory for the raw

and featurised form of the smartwatch accelerometer data, respectively.

6.4.3 Data preparation

The watchHAR dataset and the rawWatch-ExtraSensory dataset are prepro-

cessed in a similar way. The data are linearly interpolated to account for missing

timestamps. The data in rawWatch-ExtraSensory are then upsampled from 25

Hz to 100 Hz to match the sampling frequency of the watchHAR data. Then,

a moving median filter is utilised for signal denoising in both datasets, followed

by a high-pass Butterworth filter with a cut-off frequency of 0.3 Hz to remove the

gravity component. We then filter the data with a low-pass Butterworth filter with

a cut-off frequency of 20 Hz, the band of frequencies of human activities, to remove

any high-frequency noise. The data are then bounded, normalised to zero mean

and unit standard deviation, and windowed to 5.12-sec windows with 75% overlap.

For the rawWatch-ExtraSensory dataset, the original 20-sec length recordings

correspond to twelve consecutive 5.12-sec windows due to the 75% overlap.

The data in featWatch-ExtraSensory are normalised by subtracting the mean

and dividing by the standard deviation for each feature.

To ensure meaningful comparison of the two versions of the ExtraSensory

dataset, we need to ensure that the two datasets correspond to raw and featurised

forms of the same samples: we discard any samples that have missing (NaN)

features, as well as samples that have invalid raw datafiles, arising from missing

data, inconsistent timestamps, or undocumented recording duration. At the end

of this process, rawWatch-ExtraSensory and featWatch-ExtraSensory will

contain precisely the same samples in raw and featurised form, respectively.
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6.4.4 Model selection

In this work, we utilise a combination of deep and shallow classification models.

6.4.4.1 Source-model learning and generalisation on target data

To train a source-model on the watchHAR dataset, we employ the wavelet

transform to transform the raw watchHAR data to a representative 2D scalogram,

similar to our approach in Chapter 5.7. Having previously used a CNN-LSTM

architecture, we will now use the ResNet9 model [397], a well-known architecture

which can help to avoid issues such as overfitting due to its relatively small size.

We denote the ResNet9 model trained with wavelet 2D scalograms as inputs as

wavResNet9. Having preprocessed the watchHAR data as described in Section 6.4.3,

we compute the DWT over the 5.12-sec length windows across seven scales, resulting

in features of shape 3 × 7 × 512, i.e., a 7 × 512 scalogram for each of the three

accelerometer channels, as 512 wavelet coefficients are calculated for each of the

7 scales utilised to calculate the DWT; for DWT, each scale corresponds to a

frequency band within the signal. Then, as the typical ResNet9 model expects

inputs of shape 256 × 256, we downsample the resulting scalograms from 512

to 256 across the time dimension and upsample from 7 to 256 across the scale

dimension. Downsampling in the coefficient dimension is performed by selecting

every second sample of the original 512-dimensional features, while the nearest-

neighbour mechanism for missing is chosen for upsampling in the scale dimension.

Finally, we normalise the training data to zero mean and unit standard deviation.

This results to 57353 recordings for the ExtraSensory dataset, each yielding 12

windows of 5.12-sec duration. With 1 user left out as the testing set (with 11462

recordings), the recordings of the remaining users are split among the training test

and validation set. 80% of the recordings of each user is selected for training, with

the remaining 20% used for validation. This results in 40142 recordings (481704

5.12-sec windows) in the ExtraSensory training test, 5749 recordings (68988 5.12-

sec windows) in the ExtraSensory validation test and 11462 recordings (137544

5.12-sec windows) in the validation set.
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To evaluate the ExtraSensory data on the trained source model and inspect

its generalisation capabilities to the new target domain, we also preprocess the

rawWatch-ExtraSensory subset in the same way, utilising the wavelet transform.

6.4.4.2 Target-model learning

Inspecting the generalisation capabilities of a source model on the target dataset is

only one component indicating dataset alignment; the second one is the learning

capacity and robustness of models trained on the target dataset itself.

For this task, we follow the recommended classification approach by the curators

of the dataset [393]; each label is modelled individually using binary logistic

regression (BLR). This is a valuable baseline, as it demonstrates the separability

of each activity from all others. Then, we generalise to the direct multiclass

classification approach using a multiclass logistic regressor (with the one-vs-rest

criterion). We use several other shallow classifiers, namely, decision trees (DT ),

random forests (RF ), support vector machines with both linear (SVMlin) and

radial basis function (SVMrbf) kernels, gradient boosting classifier (GBC) and

Gaussian Naive Bayes (GNB), as recommended in [40].

With the exception of the binary logistic regressor, which is only used to train

a baseline model on the featWatch-ExtraSensory dataset, all other classifiers

are used to train target models by utilising latent encodings of the rawWatch-

ExtraSensory dataset, generated by the above-defined source model. We examine

the following latent features:

• Latent: the latent representations of the wavResnet9 model, that are the

input vectors to its final fully-connected layer, concatenated sequentially for

the twelve source-timescale sized windows that constitute a target recording.

• Logits: the output vectors of the final fully-connected layer of the wavResnet9

model, concatenated sequentially for the twelve source-timescale sized windows

that constitute a target recording.
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• Probs: the softmax probabilities of Logits, concatenated sequentially for the

twelve source-timescale sized windows that constitute a target recording.

• labelsSeq: the generated sequence of estimated labels for the twelve source-

timescale-sized windows that constitute a target recording.

• labelsFreq: the frequency of each class in labelsSeq.

Having decided on the source and target datasets to inspect and all the basic

data preprocessing and model definitions in place, we are now in a position to

evaluate our proposed approach, SeMEDA.

6.5 Evaluation

In this section, we will discuss the experimental details of our proposed approach.

We will evaluate each component of our framework on a source-target dataset pair,

the controlled watchHAR dataset and the crowdsourced ExtraSensory dataset,

respectively, preprocessed as indicated in Section 6.4.4.2.

Let us inspect the two datasets. As demonstrated in Fig. 6.6, the class labels

are not identical across the datasets; hence there exists label content mismatch.

Furthermore, the watchHAR dataset is annotated over 5.12-sec windows, while

the ExtraSensory dataset is annotated at 20-sec windows, leading to timescale

mismatch. As the datasets were collected independently, the underlying rules that

govern each activity class are likely different across the datasets, thus causing

label definition mismatch. Finally, as the ExtraSensory dataset was collected

in real-world conditions from various independent users, the task perception

across the participants likely varies for the same activity label, as well as that

there is an increased possibility for annotation errors, highlighting potential label

reliability mismatch.

Based on the above, we expect it will be necessary to estimate and mitigate all

four levels of semantic mismatch between the watchHAR and ExtraSensory data
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to achieve dataset alignment. In the remainder of this section, we will sequentially

evaluate the identified mismatches.

We perform one-subject-out evaluation, utilising one left-out subject as the test

set. From the remaining users, 80% of each user’s data are utilised for training,

and the remaining 20% for validation. The watchHAR dataset contains 21 subjects,

and the ExtraSensory dataset 60 subjects. We only utilise the accelerometer data,

as no gyroscope data are available in the ExtraSensory dataset. All data are

preprocessed as discussed in Section 6.4.3.

We compare our proposed approach with the DeepCoral [287] method for feature

alignment between source and target domains, in terms of handling label content

mismatch. We also inspect our proposed approach’s performance by utilising

sample-relabelling, as this is indicated by the calculated purity scores, to train

models directly in the target domain.

6.5.1 Estimation and mitigation of label content mismatch

In this section, we will evaluate the hierarchy generation and label mapping approach

we introduced in Section 6.3.1 to resolve the label content mismatch.

6.5.1.1 Hierarchy generation and label mapping

Let us revisit Fig. 6.6, which summarised the class labels of the source and target

datasets. We identify three abstracted class labels that can encompass all the

semantic similarities among the classes in the two datasets: walk3D, incorporating

walk events within or across floors (normal walking and going up/down stairs,

respectively); relax, for all static, low-energy activities; and manual, for all activities

that require active usage of the user’s hands, without walking events. As such, we

must establish models to classify samples into these three categories.

6.5.1.2 Dataset alignment test #1

To examine whether the generated hierarchy and label mapping suffice for dataset

alignment, we perform the following alignment test: (1) can a source model trained on

the watchHAR dataset, mapped in the shared high-level semantic space, generalise
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on source-timescale-sized windows of incoming samples from the ExtraSensory

dataset, and (2) is it possible for a new target model to be trained robustly on

the ExtraSensory dataset? To perform this test, we must establish a robust

source domain baseline.

Baseline: learning a source-model from the watchHAR dataset As

discussed in Section 6.4.4, we employ a wavResNet9 classifier with three output

classes to train the source model from the raw watchHAR data over source-

timescale windows of 5.12-sec. We denote the learned source model as Cw. The

results are summarised in Table 6.1. The model is robust when evaluated on the

watchHAR test set, yielding a balanced accuracy of over 90% for all classes.

Table 6.1: Performance evaluation of the source model Cw on the watchHAR test set.

The source model Cw, trained on the watchHAR dataset, is robust when evaluated on
a withheld test set, yielding a robust baseline.

label
Cw

per class balanced accuracy balanced accuracy

walk3D 99.26%
94.09%relax 90.12%

manual 95.01%

We also examine the separability capabilities of the trained model at four

representations for the data: at the input level (wavelet features), at a latent repre-

sentation (intermediate representation before the final fully-connected layer), at the

logits level (output of fully-connected layer) and the output level (estimated softmax

probabilities). Fig. 6.7 demonstrates how the model improves class separability

from the input to the output level for all classes in the shared semantic space.

With this baseline and observations in place, let us inspect the two components

of the dataset alignment test: source-model generalisation and target-model learning.
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(a) wavelet features (b) latent features

(c) logits features (d) softmax probabilities features

Figure 6.7: TSNE visualisation for training samples in watchHAR.

TSNE visualisation for the watchHAR dataset, using as features (a) the input-level
wavelet features, (b) a latent representation from the wavResNet9 model, ahead of its final
fully-connected layer, (c) the model’s logits, i.e., the output of its final fully-connected
layer and (d) the output softmax probabilities. We observe that classes form dense
clusters that become notably more separable as we utilise deeper feature representations.
Notation: XY := (true X, estimated Y), where X,Y in {W3 - walk3D; R - relax; M -
manual}.



6. Revealing semantic mappings across HAR datasets 203

Generalisation test: source-model generalisation on the ExtraSensory

dataset at source-timescale Having trained a robust source model Cw, we

inspect its generalisation capabilities on incoming real-world data, simulated by

the rawWatch-ExtraSensory dataset, preprocessed as described in Section 6.4.3.

Windowed at 5.12-sec windows with 75% overlap, each 20-sec recording in the

dataset is evaluated in the form of twelve 5.12-sec independent window segments.

To measure the model’s generalisation performance, we assume that the given

annotations in the target dataset are uniformly applied over the recording length.

Hence, all 5.12-sec windows also have the same annotations as the original 20-sec

recording. The results are summarised in Table 6.2 under the notation Cw,evalW in.

Evidently, the source model, effectively trained on watchHAR struggles to identify

Table 6.2: Performance evaluation of Cw,evalW in model on the rawWatch-
ExtraSensory test set.

The source model Cw, trained on the watchHAR dataset, is unable to generalise to the
ExtraSensory dataset at source-timescale (Cw,evalW in mode) following a hierarchical
label mapping to resolve label content mismatch. This is particularly prevalent for the
walk3D and manual classes; hence, we expect more semantic mismatches among those
classes. Instead, the relax class is robust in its predictions.

label
Cw,evalW in

per class balanced accuracy balanced accuracy

walk3D 34.93%
43.57%relax 82.57%

manual 15.52%

the rawWatch-ExtraSensory samples with respect to their intuitively mapped

annotations. In particular, the more “active” classes walk3D and manual are

prone to misclassification, while on the contrary, the relax class is robust in

its predictive accuracy.

Let us visually examine the predictions of the Cw model at source-timescale.

Fig. 6.8 revisits the TSNE visualisations for the watchHAR dataset at the soft-

max probabilities representation level, overlaying the rawWatch-ExtraSensory

samples on its TSNE embedding in 2D space. As can be seen in the visualisations,
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Figure 6.8: TSNE visualisation for training samples in rawWatch-ExtraSensory at
softmax probabilities representation.

TSNE visulisation for the rawWatch-Extrasensory dataset at using as features the
source model’s output softmax probabilities, overlayed over the TSNE cluster visualisations
of the watchHAR dataset in Fig. 6.7d. Each 20-sec recording in the dataset is evaluated
in 12 5.12-sec window segments (i.e., each dot on the TSNE visualisation represents a
window of a rawWatch-Extrasensory sample). We observe that many samples seem
misclassified; however, they are always placed on the embedding of their estimated cluster
in the TSNE visualisation. Notation: XY := (true X, estimated Y), where X, Y in {W3 -
walk3D; R - relax; M - manual}.
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the 2D representation of the 5.12-sec windows is well-aligned with the TSNE cluster

corresponding to their estimated labels without disrupting the decision margins,

which signifies high similarity of the evaluated windows with the samples of their

estimated class in the watchHAR dataset. This suggests that the incoming

activities may be composite, contrary to their assigned label, hence leading to label

definition mismatch. We will investigate this in Section 6.5.3.

To determine whether the poor performance of the source model in the target

domain is solely attributable to user and device heterogeneity, we compare our

proposed approach with Deep Coral, an unsupervised domain adaptation method.

For a direct comparison, we train and evaluate the source model both with and

without Coral loss, ensuring that all other parameters remain unchanged.

To achieve robust training in both conditions, we adjusted certain parameter

values from those used in the results reported earlier and later in this section (such

as learning rate and number of epochs for training). As a result, the findings

presented in Table 6.3 are directly comparable only with one another and should

not be contrasted with the results elsewhere in this section.

Although Deep Coral operates in an unsupervised manner, aligning source and

target feature spaces without leveraging target labels, it proves insufficient for

effectively adapting models to the target domain.

Our SeMEDA analysis reveals that the dataset suffers from poor annotation,

including both ambiguous and mislabelled samples. Consequently, even if feature

spaces are aligned, misclassification persists when evaluating against target labels.

The limited generalisability of Deep Coral underscores the necessity of not only

transferring knowledge across domains but also identifying which data subsets

are truly alignable.

For the remainder of this section, we proceed our evaluation without Deep Coral,

as it does not assist to handle the issues at hand.
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Table 6.3: Performance evaluation of Cw (on a watchHAR withheld test set) and
Cw,evalW in model on the rawWatch-ExtraSensory test set with and without Coral loss
for domain adaptation.

The source model Cw, while generalising well on the watchHAR dataset, is unable
to generalise to the ExtraSensory dataset at source-timescale (Cw,evalW in mode) even
when applying Deep CORAL for domain adaptation. This is particularly prevalent for
the walk3D and manual classes; hence, we expect more semantic mismatches among those
classes. Instead, the relax class is robust in its predictions.

label
Cw

per class balanced accuracy balanced accuracy
w/o coral w. coral w/o coral w. coral

walk3D 93.30% 95.71%
89.03% 90.66%relax 86.96% 81.43%

manual 91.08% 91.10%

label
Cw,evalW in

per class balanced accuracy balanced accuracy
w/o coral w. coral w/o coral w. coral

walk3D 30.29% 34.67%
41.29% 39.69%relax 92.03% 92.13%

manual 9.05% 9.10%

Learning test: target-model learning on the ExtraSensory dataset at

target-timescale After inspecting the generalisation capabilities of the source

model to the target dataset, here we will investigate the capacity and robustness

of models trained on the ExtraSensory dataset. As the primary release of the

ExtraSensory dataset is in its featurised form, we will begin by comparing

several baselines on the featWatch-ExtraSensory dataset. We investigate the

performance of several classifiers recommended in literature [40, 393]. We denote

these as Ce,m where m ∈ {BLR,MLR,DT,RF, SVMlin, SVMrbf , GBC,GNB}

denoting the binary linear regressor, multiclass linear regression, Decision Tree,

random forest, SVM (linear kernel), SVM (radial basis function kernel), gradient

boosting and gaussian naive bayes models, respectively. The results are summarised

in Table 6.4. A few interesting observations are in order. First, as in the

generalisation test conducted above, the more active classes walk3D and manual



6. Revealing semantic mappings across HAR datasets 207

Table 6.4: Performance evaluation of Ce,m models

The target models Ce,m, m ∈ {BLR, MLR, DT, RF, SV Mlin, SV Mrbf , GBC, GNB}
denoting the binary linear regressor, multiclass linear regression, Decision Tree, random
forest, SVM (linear kernel), SVM (radial basis function kernel), gradient boosting and
gaussian naive bayes models, respectively, are not capable to train robustly on the
featWatch-ExtraSensory dataset.

model
label

per class balanced accuracy balanced
accuracywalk3D relax manual

Ce,BLRs 79.07% 70.28% 64.11% -
Ce,MLR 50.21% 81.01% 25.42% 55.99%
Ce,DT 42.29% 71.38% 34.93% 55.12%
Ce,RF 47.53% 70.71% 33.20% 54.32%

Ce,SV Mlin
50.70% 78.61% 28.75% 55.03%

Ce,SV Mrbf
46.07% 77.38% 28.72% 55.03%

Ce,GBC 47.83% 75.26% 32.65% 57.04%
Ce,GNB 46.86% 84.73% 17.02% 52.36%

are more prone to reduced performance compared to the relax class. Furthermore,

performance is significantly affected for these classes when moving from binary to

multiclass models. As such, the selected models cannot draw an accurate decision

boundary across the classes for the multiclass case.

To investigate this further, we inspect the features released in featWatch-

ExtraSensory. Fig. 6.9 illustrates the 2D TSNE visualisation of the training

samples from featWatch-ExtraSensory. The samples from the different classes

are not separable in the released smartwatch feature space, impeding the learning

process of the various models. As a result, it is essential to investigate different

feature representations for the ExtraSensory dataset, generating new features

from the rawWatch-ExtraSensory dataset directly.

In summary, the featWatch-ExtraSensory dataset is challenging to establish

robust classification models. We have demonstrated this holds partly due to the

separability of the released features; in the following section, we will attempt to

train the target models from rawWatch-ExtraSensory dataset. As the source

model Cw is already capable of identifying patterns from raw data, we will attempt
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Figure 6.9: TSNE visualisation for training samples in featWatch-ExtraSensory.

TSNE visulisation for the featWatch-ExtraSensory dataset. We observe that classes
are not separable in this representation.

to investigate the ExtraSensory data through the lens of the source model that

was trained on watchHAR, which was very carefully and accurately labelled

under controlled lab conditions. To achieve this, we will attempt to transfer the

knowledge embedded in Cw to the target models. However, as Cw makes predictions

at source-timescale, a mitigation mechanism for timescale-mismatch is required.

We will investigate this in the following section.

Overall, we observe that, as expected, mitigating the label definition mismatch

by projecting the classes from both datasets in a shared semantic space is not

sufficient for the alignment of the watchHAR and ExtraSensory datasets. In

the following section, we will investigate how addressing the timescale mismatch

can assist towards accomplishing the dataset alignment goal.
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6.5.2 Estimation and mitigation of timescale mismatch

In the previous section, we established a label mapping from the watchHAR and

ExtraSensory dataset to a shared, abstracted semantic space, aiming to overcome

their label content mismatch. In this space, it is possible for a source model trained

on watchHAR to be used to provide activity labels over windows of incoming

ExtraSensory data; recall that the watchHAR dataset is annotated over 5.12-sec

windows (source-timescale), while the ExtraSensory labels are assigned over 20-sec

recordings (target-timescale). In this section, we will investigate mechanisms to

mitigate the timescale mismatch across the two datasets and allow for a unique

class prediction for the entire length of the recordings in the target dataset.

6.5.2.1 Timescale mapping

As the source model has been trained on the watchHAR dataset over 5.12-

sec windows, it cannot provide activity estimates for incoming samples from

the ExtraSensory dataset at a 20-sec window directly. At the same time,

we demonstrated in Section 6.5.1 that the featurised featWatch-ExtraSensory

dataset could not distinguish classes effectively to robustly train models at target-

timescale directly.

To enable our proposed timescale-mapping approaches, we enable a memory

buffer of twelve capable of withholding latent or output representations for the

twelve consecutive 5.12-sec windows constituting a 20-sec recording of the target

dataset. An inference-based mapping then utilises a majority voting mechanism over

the sequence of predicted labels in the memory buffer. Alternatively, a data-driven

mapping utilises the sequence of latent feature representations in the memory buffer

to learn new target models directly. Both approaches borrow from transfer learning

techniques to utilise the class separability knowledge embedded in the source model

to enable predictions in the target-timescale.
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6.5.2.2 Dataset alignment test #2

To examine whether the proposed timescale mapping suffices for dataset alignment,

we perform the following alignment test: (1) can a source model trained on the

watchHAR dataset, mapped in the shared high-level semantic space, be modified

to generalise on incoming samples from the ExtraSensory dataset at their original

target-timescale, and (2) is it possible for a new target model to be trained robustly

on the ExtraSensory dataset? This test’s generalisation and learning components

correspond to inspecting the model performances of the inference-based and data-

driven proposed approaches, respectively.

Generalisation test: source-model generalisation on the ExtraSensory

dataset at source-timescale with inference-based mapping With a memory

buffer of twelve enabled over the trained source model, we obtain a sequence

of twelve estimated labels by sequentially evaluating the twelve windows that

constitute a target recording on the source model. We define the most frequently

appearing label in the sequence (majority voting) as the estimated label for the

target recording at the target-timescale. The results are summarised in Table 6.5,

denoted Cw,evalRec. Examining these results alongside Table 6.2, we observe that

Table 6.5: Performance evaluation of Cw,evalRec model on the rawWatch-ExtraSensory
test set.

The source model Cw, trained on the watchHAR dataset, is unable to generalise to the
ExtraSensory dataset at target-timescale (Cw,evalRec mode) following as inference-based
timescale mapping to resolve timescale mismatch. This is particularly prevalent for the
walk3D and manual classes; hence, we expect more semantic mismatches among those
classes. Instead, the relax class is robust in its predictions.

label
Cw,evalRec

per class balanced accuracy balanced accuracy

walk3D 47.53%
45.32%relax 91.10%

manual 11.80%
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the overall model performance is improved as we move from evaluating at source-

timescale to evaluating at target-timescale with majority voting. However, the

source model Cw still struggles to identify the rawWatch-ExtraSensory samples

at target-timescale, hinting there exist further mismatches in the datasets that

need to be resolved to achieve dataset alignment.

The above inference-based mapping attempts to resolve the timescale mismatch

by postprocessing the source models’ outputs, thus not requiring further training. In

the data-driven mapping, we will attempt to learn models that predict directly at the

target-timescale by utilising various latent features generated by the source models.

Learning test: target-model learning on the ExtraSensory dataset at

target-timescale with data-driven mapping In the data-driven approach

to resolving the timescale mismatch, we attempt to utilise latent representations

of the target dataset generated by the source model to encode the target sam-

ples at the target-timescale directly. For each of the generated feature repre-

sentations, we revisit the classifiers we examined in Table 6.4 for each gener-

ated feature representation. We denote the trained models Ce,mf where m ∈

{MLR,DT,RF, SVMlin, SVMrbf , GBC,GNB} denoting the multiclass linear re-

gression, decision tree, Random Forest, SVM (linear kernel), SVM (radial basis

function kernel), gradient boosting and gaussian naive bayes models, respectively,

and f ∈ {Latent, Logits, Probs, labelsSeq, labelsFreq}, denoting the latent rep-

resentations we defined in Section 6.4.4.2. The results are summarised in Fig. 6.10.

Similar to inference-based mapping, the data-driven approach establishes a way

to make predictions at the target-timescale. While there is a marginal improvement

in the predictive accuracy of the learned models, depending on the choice of

model and feature representation, performance is not improved significantly, hinting

further factors are affecting the semantic alignment of the two datasets. In the next

section, we will attempt to identify and resolve the label definition mismatch

across the two datasets.
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Figure 6.10: Performance analysis on the effect of data-driven timescale mappings at
learning from various latent representations of the rawWatch-ExtraSensory dataset.

While there is a marginal improvement in the predictive accuracy of the learned
models compared to the inference-based timescale mapping, summarised in Table 6.5,
the target models Ce,mf , m ∈ {MLR, DT, RF, SV Mlin, SV Mrbf , GBC, GNB} denoting
the multiclass linear regression, decision tree, Random Forest, SVM (linear kernel),
SVM (radial basis function kernel), gradient boosting and gaussian naive bayes models,
respectively, and f ∈ {Latent, Logits, Probs, labelsSeq, labelsFreq}, denoting the
latent representations, still struggle to learn robustly on the ExtraSensory following
a data-driven timescale mapping to resolve timescale mismatch. This is particularly
prevalent for the walk3D and manual classes; hence, we expect more semantic mismatches
among those classes. Instead, the relax class is robust in its predictions.
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6.5.3 Estimation and mitigation of label definition mis-
match

In the previous sections, we demonstrated that resolving the label content and

timescale mismatches is not sufficient to align the watchHAR and ExtraSensory

datasets semantically. This section will examine the label definition mismatch

across the two datasets.

6.5.3.1 Cross-domain mapping

To address this challenge, we define the purity score p, p ∈ {0, . . . , 12} between a

target sample’s given annotation at target-timescale and the sequence of estimated

labels at source-timescale over its corresponding twelve 5.12-sec windows; the

purity score is defined as the number of 5.12-sec windows in the recordings for

which the inferred label at source-timescale agrees with their given annotation at

target-timescale. Then, we inspect the distributions of samples over the purity

scores for each possible outcome of the classifier, i.e., the set of true VS estimated

label pairs. This can shed light on the composition of each class and how this

affects the classification performance.

6.5.3.2 Dataset alignment test # 3

In this case, the dataset alignment test is guided by the existence of a consistent

underlying rule governing each class, revealed by the inspection of the purity

distribution: if there exists a purity score pmin such that for all samples within a

class it holds that p ≥ pmin, then we can consider the datasets alignable. Fig. 6.11

summarises the analysis for the samples of the ExtraSensory across the three

classes of the shared semantic space.

A few intriguing observations merit discussion; while the relax class has high

purity scores, only a small percentage of the walk3D and manual classes score

similarly. For example, let us examine the purity scores for the walk3D class.

While only marginally more than 10% of the samples in the walk3D class samples

are estimated as entirely pure (purity = 12), more than 35% of the samples
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Figure 6.11: Distribution of predicted labels at real-scale based on purity score for each
class in the shared semantic space.

Barplot visualisation depicting the model’s inferences over the purity score for each class in
the shared semantic space. Purity ∈ [0, 12] is the number of windows in an extrasensory
recording for which the inferred label is the same as its given annotation. Notation: XY
:= (true X, estimated Y), where X, Y in {W3 - walk3D; R - relax; M - manual}.

annotated as walk3D at target-timescale are estimated as relax or manual, with

zero similarity to the walk3D class (purity = 0). The manual class also has a

similar behaviour, with only approximately 1% of the class scoring purity = 12,

and 20% of the class scoring purity = 0.

Finally, let us visually inspect a few randomly selected samples for each true-VS-

estimated pair of labels. We utilise the inference-based majority voting mapping

to obtain predictions at the target-timescale. As an illustrative example, we will

examine the true-VS-estimated pairs of labels at GL2. Fig. 6.12 visualises five

random samples for each true-VS-estimated pair of labels.

As is demonstrated in the raw signal visualisations, the samples that are

“misclassified” by our classifier (with majority voting) are largely similar to the
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Figure 6.12: Sample visualisation of rawWatch-ExtraSensory samples for each true
VS estimated label pair in the shared semantic space.

Notation: XY := (true X, estimated Y), where X, Y in {W3 - walk3D; R - relax; M -
manual}. For each XY label pair, we visualise 5 random samples from the ExtraSensory
dataset, including their original label, estimated purity score and frequencies of each
label in the output sequence of estimated labels. Interestingly, misclassified samples have
low purity scores and exhibit similarities with the samples from their corresponding true
positive class (observe, for example, the sample in W3R and RR). This reveals annotation
inconsistencies and errors, leading to label reliability mismatch.
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samples of the class they’re classified into or have large segments similar to that

class. For example, let us compare samples from the walk3D class that are classified

as relax (W3R) and true positive relax samples (RR), respectively. Evidently, the

majority of W3R samples are entirely static, much like the true positive RR samples,

and are estimated as such with low purity scores. This points to the direction of

label reliability mismatch due to erroneous label assignments during the dataset’s

annotation. The remaining W3R samples also have large segments of stationarity,

which could be attributed either to erroneous annotations or different perceptions

of the same activity by different users. In the following section, we will utilise the

newly-defined purity score to resolve the label reliability mismatch.

6.5.4 Estimation and mitigation of label reliability mis-
match

In the previous section, we established that ExtraSensory dataset suffers from all

four levels of mismatch (label content, timescale, label definiton and label reliability)

with respect to the watchHAR dataset. Here, we will aim to identify the subset of

the dataset that can be trusted to learn robust models for the ExtraSensory data.

6.5.4.1 Target-Domain Mapping

In pursuit of this objective, let us revisit Fig. 6.11 that summarises the purity score

distributions for each class of the ExtraSensory dataset. We will systematically

eliminate the samples with the lowest purity within each class and then train

classifiers in each granularity level using the refined subset. This process will be

iterated, commencing from purity level 0 and advancing up to purity level 12.

We will examine the following representations for the ExtraSensory dataset:

the original features released, i.e., the featWatch-ExtraSensory dataset, and

the learned representations derived from the rawWatch-ExtraSensory dataset when

evaluated using the CGLN,w
models, namely Latent, Logits, Scores, labelsSeq and

labelsFreq, as these where defined in Section 6.5.2. Using majority voting, we will

also report the source model’s generalisation performance at the target-timescale.
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6.5.4.2 Dataset alignment test #4

In this final mismatch mitigation step, dataset alignment is established by inspecting

the source model’s generalisation capabilities and target models’ learning capacity,

as the ExtraSensory dataset is gradually cleaned based on its samples’ estimated

purity scores. Fig. 6.13 summarises the performance of the learned models when

varying the purity scores for the featWatch-ExtraSensory and all the latent

representations of the rawWatch-ExtraSensory generated by the source models.

The last row summarises the generalisation performance of the source models using

the majority voting rule we introduced in 6.5.2.

Figure 6.13: Dataset cleaning performance based on purity score for GL2
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Our observations reveal distinct trends: the handcrafted released featWatch-

ExtraSensory features exhibit challenges in effectively differentiating between

classes, even when opting for high-purity samples. In contrast, the acquired

latent representations of rawWatch-ExtraSensory demonstrate a progressive

improvement in constructing more precise models as the selected subset’s purity

increases, evident in both individual class performance (per class balanced accuracy)

and overall model performance (balanced accuracy). While improvement is observed

across all latent representations, the labelsFreq features are the most robust across

all classes and regarding overall performance. Similarly, while most models seem to

stabilise towards higher accuracies as the purity of the dataset increases (particularly

for pmin ≥ 7, which is the identified purity score establishing robust cross-domain

mapping across the two datasets), the SVMs (both with linear and rbf kernels)

and the multiclass linear regressors seem to be the most robust of models. Finally,

the source models effectively generalise on progressively cleaner subsets of the target

datasets using the inference-based majority vote approach. The proposed approach

of removing data serves as a means of mitigating noise within the dataset. While this

method effectively distinguishes between reliable and noisy samples, whether due

to “polluted” recordings, where the activity denoted in the recording’s annotation

is not performed consistently enough to be labelled by the classifier in the same

way, or due to erroneous annotations, it also reduces the overallwdataset size. This

reduction may introduce challenges such as overfitting and limit opportunities for

techniques such as domain adaptation or active learning. In this case, however,

we only observe a 25% reduction in training dataset file (30297 target recordings

remaining after cleaning, with an original 40241) and 21.5% in testing dataset size

(8980 recordings remaining, with an original 11462).

Based on the above, we establish that the purity score is a robust mechanism

for dataset cleaning when we have another semantically similar dataset to extract

semantic information from. It helps resolve the label reliability mismatch across

datasets, allowing for a trust-based curation of a cleaner, well-defined subset from

a real-world, crowdsourced dataset.
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Overall, the proposed dataset alignment technique offers the following key contri-

butions:

• It identifies subsets of target data samples that closely resemble those the

trained model has learned to recognise (referred to as “good samples” in this

comment).

• It provides semantic descriptions of the target data, which highlight the

sensitivity of the classifier to “polluted” samples (i.e., samples that do not

exhibit the pattern of their given annotation 100% throughout). The calculated

purity score for each activity denotes the sensitivity of the classifier for that

activity.

• It identifies subsets of the target data that are challenging to classify accurately,

even when part of the recording aligns with the given annotation. Additionally,

it offers semantic descriptions on what are the other activities occurring within

the recording that contribute to classification difficulty.

• It identifies subsets of the erroneously labelled data in the targetand provides

semantic descriptions of the actual events taking place during these recordings,

which can support the process of re-labelling to enhance data utility.

It is important to note that the purity score is a learnable parameter, computed

only during training to capture the patterns associated with each activity in the

target domain. At inference time, this score is embedded within the original

classifier as a mechanism to inform classification decisions.

Having identified and resolved the label content, timescale, label definiton and

label reliability mismatch between the watchHAR and ExtraSensory datasets,

we have established label and time alignment between the two datasets. Aligning

datasets with semantic similarities in their label and time domains proves valuable,

yielding substantial downstream contributions in data augmentation, robust model

training and continual learning.
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6.6 Related work

Human Activity Recognition models have been extensively studied over the past few

decades, achieving high accuracy in recognising a wide range of activities, including

indoor, outdoor, and daily living tasks [74, 75, 201–204, 214, 215, 219]. However,

like most machine learning models, HAR models are typically trained under the

closed-world assumption, which presumes that data at inference time originate

from the same distribution as the training data [246]. In real-world settings, this

assumption is often violated due to variability in user behaviour, differences in

device placement, and sensor heterogeneity [42, 393]. Handling such variations in

data distributions is key to real-world model deployment.

Furthermore, with the growing prevalence of mobile and wearable devices,

the ability to analyse and interpret crowdsourced data, which are frequently

subject to annotation inconsistencies due to their in-the-wild collection [393], has

become increasingly important for such datasets to be usable in model training and

generalisation. This section examines how various machine learning research domains

have addressed these challenges, focusing on generalisation [241, 245, 246, 250, 261,

264, 265, 267, 269, 270, 272, 274, 275], transfer learning [284–287, 290–295, 297],

and the impact of noisy annotations [300–304, 306, 307, 313–316, 326, 327] in HAR.

Generalisation The issue of label content mismatch, as was defined in this thesis,

has found effective solutions in conventional “out-of-distribution (OOD) detection”

scenarios, dealing with unidentified classes in incoming samples [240]. Various

approaches have been explored, varying from inspecting a classifier’s predictions

such as ODIN [245], OpenMax [250] and GradNorm [253], to modeling the density

of in-distribution (ID) samples with a probabilistic model [262, 264], and measuring

the distance of incoming samples from the centroids of known classes [265, 268]

or the quality of reconstruction [270, 274]. However, this problem hasn’t been

extensively explored when incoming samples introduce new concepts but share

logical similarities with known classes. Recent research has delved into near-

distribution (nearD) detection, focusing on distinguishing samples resembling the
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model’s training dataset from entirely unrelated data [264, 268]. Yet, this space has

not explored mechanisms to identify shared patterns between ID and nearD data;

recognising semantic similarities among samples from different but related datasets

is crucial for capturing naturalistic human behaviours within HAR models.

Our proposed approach, SeMEDA, builds upon this concept. While not a

conventional generalisation method, it addresses a distinct generalisation challenge

by providing semantic explanations for incoming data that are semantically coherent

with (i.e., have the same annotation space) or lie in the near-distribution space

of the training dataset.

Transfer Learning The area of transfer learning offers solutions for a model

to adapt in new domains, where classes may be defined differently, resulting

in label content mismatch [277], by leveraging knowledge from one task (the

source domain) to improve learning efficiency and performance in a different but

related task (the target domain). Popular methods include TrAdaBoost [278]

and GapBoost [282], that re-weight or re-sample (a subset of) instances from the

source domain, identifying instances with low scores as coming from a different

distribution. In a different direction, parts of a model trained in the source

domain may be used in the target domain, such as in notable works DAM [292],

MMKD [294] and TransEMDT [295]. Feature-based approaches are also notable,

such as CORAL [286], Deep Coral [287], CoCC [290] or the GAN-based DANN [289],

transferring or transforming features to a new space, which can be either a new,

domain-invariant space or a combination of the source and target domains. However,

all these techniques lack explainability in the new domain. At the same time,

while adaptations to diverse environments exist, accommodating variations in

users, devices, or placements [42, 394, 395], there’s a notable absence, to our

knowledge, of direct support for predictions at different input sizes (e.g., due

to timescale mismatch).

While incorporating elements of both feature-based and parameter-based transfer

learning, such as leveraging source models as feature extractors for target models,
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SeMEDA is not purely a transfer learning problem. Traditional transfer learning

aims to adapt trained models for new domains but often lacks insight into why

models struggle in these environments. SeMEDA builds upon transfer learning

principles to uncover underlying patterns, enhancing interpretability and facilitating

more informed mechanisms for improved model adaptability.

Noisy data Mislabelled instances in datasets can disrupt the training process

of HAR models, causing them to overfit to the noisy samples and, as a result,

impairing both performance and robust generalisation. Research regarding noisy

data handling can be categorised as architecture-based, regularisation-based, loss-

function-based and sample-selection-based.

Acknowledging potential noise in real-world model deployment annotations

leading to label reliability mismatch, recent efforts in learning from noisy labels

have emerged [392, 396]. These include alterations in model architecture [302],

incorporating regularisation mechanisms [300] or appropriate loss functions [314]

and dataset cleaning to improve trustworthy dataset curation [327]. However, the

estimation of noise type tends to be numerical, lacking a semantic, explainable

understanding of incoming data.

SeMEDA is not a classic problem of “learning from noisy data”; while significant

efforts in the field have been focused on tackling the uncertainty due to label

noise, we believe a tangible interpretation of noise in terms of semantic concepts

and behaviours is crucial for practical deployment in real-world scenarios. This

is a prominent focus of SeMEDA, which borrows from the field of noisy data

handling, primarily employing sample-selection mechanisms to identify trustworthy

parts of new datasets.

SeMEDA Our proposed approach, SeMEDA, operates at the intersection of the

aforementioned research fields, focusing, however, on data understanding from a

layperson’s perspective, rather than a strictly machine learning-centric viewpoint.

It aims to identify both well-documented challenges in crowdsourced datasets, such

as noisy or mislabelled samples, and a semantic understanding of incoming activity
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data based on user perception. For example, if a user is walking but a mobility app

fails to recognise it, it is important to understand how their interpretation differs

from what the trained model classifies as walking. While such discrepancies may

stem from well-documented challenges in the fields of generalisation and domain

adaptation, such as sensor differences or data distribution shifts, they can also arise

from subjective annotation inconsistencies across users.

Understanding these semantic variations is key to improving model generali-

sation and gaining insights into how different users perceive activities. SeMEDA

integrates: i) generalisation, by examining the notion of in-distribution and near-

distribution semantics across different users and datasets; ii) transfer learning,

through techniques such as model/parameter sharing and feature extraction from

source models to enhance learning in the target space; and, iii) noisy data handling,

incorporating strategies such as dataset cleaning to improve data reliability. By

detecting trustworthy dataset segments, flagging mislabelled data, and identifying

semantic divergences due to differing user perceptions, SeMEDA enhances model

robustness, interpretability and adaptability for real-world deployment.

6.7 Conclusions

In this chapter, we proposed a Semantic Mismatch Estimation and Dataset Align-

ment approach to identify and resolve the semantic differences between two datasets

to ensure the generalisation of existing models and accurate new model training

on the new dataset. We considered the specifics of one dataset to be known

(source controlled dataset) and the other to be unknown or imprecise (target

crowdsourced dataset).

We identified four primary levels of semantic mismatch across such datasets:

label content mismatch, involving semantically similar but not identical classes;

timescale mismatch, arising from annotations over different window lengths; label

definition mismatch, where the same class label is defined with different rules across

datasets; and label reliability mismatch, stemming from significant variability in

label definitions within the target dataset or a notable presence of erroneous labels.
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We established a different version of semantic mapping to address each of the

above challenges. A hierarhical label mapping was introduced to map semantically

similar classes across the two datasets over a higher level of semantic abstraction.

Then, two approaches to timescale mapping were proposed to allow for predictions

at different timescales. A cross-domain mapping based on the introduced notion

of purity score enabled the understanding of variabilities in the definition of

corresponding abstracted classes across the two datasets. Finally, a systematic

target-domain mapping approach allowed for the curation of cleaner datasets

with trustworthy annotations without the need for laborious data analysis and

expert annotation.

We showcased our proposed approach through two datasets: the watchHAR

dataset, which was collected in controlled laboratory conditions, and the ExtraSen-

sory dataset, which was collected in-the-wild. The two selected datasets suffer

from all types of mismatches; hence, it is required that all semantic mismatches are

resolved for the datasets to be aligned effectively. Through extensive experimental

analysis, we revealed the underlying patterns of the ExtraSensory dataset through

the scope of the watchHAR dataset. We demonstrated the potency of learned

models in generating robust latent representations by examining the learning

capacity of new models using various latent representations generated by the

source models. Notably, these models outperformed conventional hand-engineered

features, displaying a higher proficiency in capturing and differentiating nuances

within the data.

This emphasises the significance of leveraging learned models for real-world

applications, particularly in scenarios where datasets present varying semantic

nuances. The ability of learned models to discern and reveal semantic complexities

in new data showcases their potential in practical deployment, both in terms of

real-time inference and in establishing semantic mappings between the incoming

data, and the scope of the deployed model.

Such a semantic alignment allows for significant downstream contributions. As

we have demonstrated, cleaning the target dataset allows for a higher learning
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capacity of models trained on this dataset. At the same time, ensuring consistent

annotations across two datasets paves the way for data augmentation by joining the

trusted components of the datasets, enabling more accurate training of potentially

deeper models. Finally, it is a valuable step towards continual learning by allowing

the identification of composite activities as expressions of combinations of known

classes (for example, “sitting while ironing”) can be identified as a “relaxed-manual

task” in our abstracted universe).
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Chapter 7

Conclusions

7.1 Concluding remarks

This thesis has investigated seamless, non-invasive, and lightweight solutions to

analysing human daily patterns through three key components of human behavioural

understanding: location estimation, activity recognition, and task perception.

The widespread availability and social acceptability of smart devices that offer

numerous mobile applications to support everyday life have revealed the necessity

to implement solutions that satisfy two main characteristics: are non-disruptive

to the user’s naturalistic behaviour and can support the user in their own private

spaces, for example, their home or workplace. As such, they need to be cost-

efficient, avoid heavy infrastructure, and ensure the privacy of the user and of

others sharing the environment.

To support these requirements, we have proposed in this thesis to address the

above problems by utilising only smartwatch inertial sensors, which are lightweight

and popular in modern societies, and ambient sensor signals that can be detected

in the environment. We have also focused on a semantic interpretation of these

tasks, as we believe semantic information is informative enough for behavioural

understanding. It also allows for more privacy-preserving solutions for the user,
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lifting the requirements for environment floorplans to infer the user’s location or for

identification of the user’s exact pose when performing an activity.

While smartwatch solutions have received limited exploration in the area of

ubiquitous computing, in this thesis we demonstrate that the unique properties of

smartwatch inertial sensors not only allow for continuous user tracking but also

motivate solutions that are friendly to their limited battery power and computing

resources compared to other mobile devices, such as smartphones.

Chapter 3.4 introduced two new smartwatch-based datasets, WatchBLoc and

watchHAR, that were collected to support the research conducted in this thesis and

contribute to benchmarks in the research community. WatchBLoc, in particular,

comprises, to our knowledge, the first dataset that offers extensive recordings

from ambient anchor nodes and the first to couple ambient sensor information

with smartwatch inertial data. watchHAR contributes an informative variety of

activities of daily living, ensuring the recorded activities are pure and well-annotated.

Chapter 4.7 focused on the indoor positioning problem in privacy-preserving

environments. We introduced the complexities and constraints of private indoor

spaces and highlighted the suitability of mobile devices, and in particular smart-

watches, to support localisation solutions in areas with these unique characteristics.

We proposed RoomE, a lightweight framework that fuses mobility information from

inertial smartwatch data with room occupancy information from ambient sensor

nodes, to accurately and continuously track users in private indoor spaces. We

systematically evaluated the proposed approach across different users, environments

and device placements using the WatchBLoc dataset.

Chapter 5.7 explored the problem of Human Activity Recognition for multiple

mobile applications concurrently. We established that smart wearable devices, albeit

lightweight and capable of continuous monitoring, display limited computational

resources and battery power yet are required to support multiple mobile applications

at the same time. Based on the observation that many such applications require

similar activity information, we proposed a centralised framework that is capable

of providing activity information over a hierarchy of decision levels based on
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the demands of the mobile applications in action at each point in time. We

evaluated the proposed approach on the watchHAR dataset, and systematically

inspected its inference-time capabilities across three devices of different computing

power, highlighting the improvement in computational time compared to standard

flat classification.

Chapter 6.7 investigated the inconsistencies in activity data annotations across

samples belonging to corresponding semantic classes in different datasets, which

may hinder the generalisation capabilities of learned models and inhibit effective

knowledge transfer across the two datasets. We systematically identified four

levels of such inconsistencies relating to the datasets’ semantic content, annotation

frequency, task perception, and annotation consistency. To address these challenges,

we proposed SeMEDA, an inverse-hierarchy approach that borrows from the

model generalisation and transfer learning domains to reveal abstracted semantic

mappings across HAR datasets and address their identified inconsistencies. We

demonstrated our proposed approach on the watchHAR and ExtraSensory

datasets, that contain overlapping and semantically similar classes yet differ in their

data collection and annotation mechanisms, being controlled and crowdsourced,

respectively. Our experiments highlighted the importance of leveraging learned

models to not only transfer knowledge to new datasets but also to understand

incoming data from the closed-world perspective of a trained model, paving the

way for a variety of downstream tasks, such as dataset cleaning, data augmentation

and continual learning.

Overall, our work in this thesis has revealed the potential of smartwatch sensors in

providing robust solutions for practical, real-world problems, preserving naturalistic

behaviour and without the need for bespoke infrastructure. In the following section,

we will explore how our contributed methodologies can further aid related research

in ubiquitous computing.
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7.2 Future directions

Although in this dissertation we have provided novel directions in human behavioural

understanding, there are still underlying limitations and areas for future investigation.

In this section, we will discuss the potential research directions enabled by the

proposed systems.

7.2.1 Infrastructure-free indoor positioning

In our proposed approach towards semantic localisation of users in private indoor

spaces, we have made the assumption that every room in the environment will

contain an IoT device that can be sensed by the smartwatch’s sensors.

In reality, there might be rooms in the environment where no such device

exists, as we do not yet truly live or work in fully smart spaces where all devices

are interconnected. In this direction, investigating how a minimal number of

IoT devices can provide reliable localisation of the user both for rooms that are

equipped with a device and for adjacent rooms that are not, is key to mirroring

more realistic living scenarios.

Unsupervised approaches towards continual learning are particularly promising

to effectuate such scenarios; by allowing for ambient signals from known room-level

anchor points, coupled with mobility information from the smartwatch, to cluster,

we should be able to identify ambient signal patterns that signify occupancy of

known rooms, or room-changes to new locations of unknown semantics.

Further enhancing the motion estimates to provide not only mobility information

but exact activities, can also enable the assignment of semantic labels for newly

identified locations; for example, if there exists no ambient sensor in the kitchen,

but the system identifies a new location where cooking and washing dishes take

place, the model could be extended to identify this new location to correspond

to “kitchen” with high probability.
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7.2.2 Distributed systems for human activity recognition

Our proposed hierarchical approach to activity recognition was motivated by the

concurrent needs of various mobile applications for activity information of a similar

nature that may be required at different levels of detail or different timings.

Techniques from the groundbreaking area of natural language processing could

be explored in order to group activities based on their conceptual annotation

similarities, automating the hierarchy generation and hence removing subjectivity

from the system design. Alternatively, employing unsupervised approaches to detect

similarities in feature representations of activities could inform the hierarchy design

from a signal pattern similarity rather than a semantic perspective.

The set of activities to include in the hierarchy is also an important detail to

consider. While in our analysis we have included a combination of “core” and

composite activities in the hierarchy, identifying the set of all possible composite

tasks at each level of the hierarchy could take a toll on the system’s scalability

as the number of activities increases. Instead, it would be advisable for our

framework to be defined only over a set of simple activities and combine them as

and when appropriate. This would require the framework to identify multiple tasks

simultaneously in order to identify composite tasks. Research directions towards

multi-task and concurrent-task learning are key in this direction.

Another valuable direction is transferring the framework to a distributed setting,

where the user is equipped with a multitude of wearable IMU devices, e.g., a

smartphone in the pocket, a smartwatch on the wrist, a smart ring on the finger,

an in-ear wearable, etc. In this more complicated scenario, we could consider each

sensor’s computing capabilities and design the framework to optimise resources,

by assigning the more computationally demanding branches of the hierarchy to

devices with more processing power and longer battery life. Body placement of

each device can also affect the hierarchy design. For instance, the existence of a

smart ring could further extend the hierarchy to tactile activities, while an in-ear

sensor could help identify head movements, e.g., for attention-based tasks.
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Finally, a classification model’s success stems not only from its predictive

accuracy in known tasks but also from its ability to quantify uncertainty when faced

with unseen input. Our proposed method operates effectively without calibration,

as demonstrated by the Leave-One-Subject-Out evaluation; it is, however, unable

to quantify uncertainty, particularly for IMU data from activities it has not been

trained to recognise. Such an approach can allow the model to query the user on

their current activities when it is highly uncertain of its predictions, allowing

both for mini-calibration when required and opening up the way for lifelong

learning, extending the classifier’s capabilities to new activities as they appear

in the user’s behavioural patterns.

7.2.3 Predictive uncertainty and continual learning

In our work pertaining to the semantic understanding of new datasets, we have

explored a structured approach to handling inconsistencies across semantic classes

of two independent datasets when the classes are semantically identical or similar.

While in this work we considered datasets where the classes were strictly of this

nature, i.e., there existed no classes in the new dataset that were completely unrelated

to the known dataset, in the real-world, incoming activities may vary from identical

to the ones the model has been trained on (in-distribution), to semantically similar

(near-distribution), or completely unrelated (out-of-distribution).

In this direction, ensuring a trained model has uncertainty estimation mech-

anisms in place is key to identifying not only how activities may be similar to

the ones known by the model but also how they might differ. While works in-

distribution and out-of-distribution detection have demonstrated significant results

in the last few years, the area of near-distribution detection, which is critical for

our proposed approach, has received limited consideration. As such, developing

methods that can effectively capture the nuances of incoming data that would

categorise them as semantically similar to the known classes is key to incorporating

our proposed methodology in a real-world context of infinitely many incoming

activities. In a supervised setting, when incoming data labels are available, language



7. Conclusions 233

models provide a promising direction into identifying data with semantic similarities,

automating the identification of similar classes across datasets, as well as informing

the inverse-hierarchy structure, as we also suggested for the hierarchical learning

framework in the previous section.

7.2.4 Long-term vision

While each of our proposed methods and future directions provides important

information towards human behavioural understanding, leveraging the above direc-

tions is necessary to provide systems that are informative and reliable in detecting

real-world human behaviours.

In this direction, combining positioning and activity estimates can significantly

improve robustness; constraining the set of possible activities to the ones that are

likely in a particular location and vice-versa can significantly enhance a model’s

predictive capabilities.

Robust generalisation mechanisms that are capable of identifying whether

incoming data are known to, similar to, or completely unrelated from the data

a model has been trained on are critical to seamlessly handling the streams

of naturalistic human behaviour. Having such measures in place enables the

explainability of incoming data from a well-trained model, and opens up important

directions to continual learning, allowing for a model to expand its predictive scope

when new behavioural patterns become available.
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