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Abstract

Assistive living technologies have advanced significantly, utilising wearable sen-
sors and other smart devices. While wearables are effective in monitoring human
activity, they may become impractical when the elderly are resistant to them.
In contrast, audio sensing can passively monitor daily routines without the bur-
den of managing wearable devices. This research is divided into three parts: the
first focuses on an unsupervised application of acoustic sensing, the second distin-
guishes data collection and application challenges in an acoustic environment, and
the third presents a proposed pipeline that can solve privacy concerns regarding
speech in an acoustic environment. Audio as a modality is rich with contextual
information and can be very useful in sensing activities in a home environment.
Because of the nature of an audio-sensing environment, there are some restrictions
we have to keep in mind in terms of data collection and privacy. Firstly, having a
large amount of labelled data is not possible. Therefore, this thesis’s first part fo-
cuses on an unsupervised approach to detect changes in daily routine in an acoustic
environment with a 14% improvement in the F1 score compared to the previous
baseline. The second part of our research sets the challenges of any acoustic home
environment regarding data collection and speech privacy, showcasing the solution
deployed in the industry. Finalising this thesis with the creation of a three-stage
methodology on developing a privacy pervasive system, which is a system that
ensures privacy is maintained at all stages of data processing, regarding speech
audio data and the possibility of having a passive audio sensing system that dis-
cards all speech data and then having the possibility to apply any audio sensing
techniques without compromising privacy. The proposed methodology achieved
this by eliminating all private conversations from the acoustic signal, resulting in
a minor reduction of 2-13% in the F1 score for acoustic activity detection across

various datasets.
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Chapter 1

Introduction

1.1 Background

The current state-of-the-art in assistive living is based on a blend of smart de-
vices, including wearable sensing technologies (smart watches and wristbands),
smart home devices, for example, voice assistant virtual agents, IoT and mobile
technologies [1]. However, real-world deployments with these technologies are lim-
ited. For instance, the elderly do not favour using wearable technologies because
they can be cumbersome or forget to recharge them. Our research aims to ex-
plore a new paradigm in which people’s daily activities are monitored passively
through sensing technologies embedded within the environment without any form
of wearable device or active user intervention. Instead, this research focuses on
using the audio signal as a modality to detect human activity with data collected

in a competent care home.

NHS started Virtual wards, also known as a hospital at home [2], allowing patients
to get hospital-level care while at home. The motivation of virtual wards is to
support patients safely and conveniently while they are home instead of visiting
the hospital. In addition, there has been significant interest in smart healthcare
homes in recent years [3|. For example, Smartphone-based devices and wearables

have been successfully used to monitor and manage blood pressure, weight, body
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analysis, pulse rate, electrocardiograph, blood glucose, blood glucose saturation,
sleeping, and physical activity. Additionally, with the use of cloud computing
and Bluetooth technology, smartphone-based devices and applications can provide

real-time analysis of user health [4].

Recently, there has been an increasing interest in voice assistants, such as Amazon
Echo and Google Home, which millions of people have adopted [5]. These de-
vices offer helpful services like conversational assistants, media players, and home
automation with a caveat of the user’s audio data. The smart home device can
not only support the general population but also can be specified to support the
elderly. MiiCare [6] is an example of a deployment of voice assistant devices in
single-occupancy elderly homes. Meanwhile, real-world deployments of wearable
technologies for the elderly have had limited success. A noninvasive approach
would be more appropriate, using microphones and multi-modal sensors for pas-
sive audio sensing. MiiCare is in the process of understanding and setting up the

mechanisms for receiving anonymous data from them.

Our research aims to build systems for tracking acoustic activity changes in elderly
people in a privacy-preserving way. According to previous work, acoustic sensing
can be achieved by passive always-on audio recording, which can pose privacy
concerns, or by using short audio clips when the voice assistant is recording [7].
In a real world setting, such as a home environment, it is not always possible to
collect curated data without the presence of cameras or human intervention. For
this reason, a combination of public datasets and experimental data from a real
deployment is being used. Additionally, two data collections will be conducted,
utilising a data collection app that has been created to support the evaluation of

our methodologies.

1.2 Motivation

As the number of elderly people continues to rise yearly (8], the need for practi-

cal solutions to assistive living becomes increasingly important. While wearable



technologies have been implemented in the past, these solutions have yet to see
widespread success due to the burden of daily management and charging. However,
a passive approach to this problem offers a promising alternative for improving el-

der care and enhancing the quality of life for our ageing population.

How is it possible to apply a passive sensing approach in assisted living? A wear-
able has various embedded sensors, such as an accelerometer, which can detect
movement. A smart device with a microphone sensor integrated into the room
can also detect some activities using audio, which is an example of passive sens-
ing. The home occupant can go through their day without the need to remove,
charge or interact with the sensing device. Also, sound from the environment can
be conceptually rich of information, which can be used in various sensing aspects.
By expanding our understanding of this modality and its potential benefits, a more

supportive environment for the elderly can be created.

1.2.1 Application Domain

The research in passive activity sensing focuses on the application domain of smart
homes. Smart homes are equipped with various sensors and devices that enable
residents to be assisted with automation and monitoring. By integrating passive
sensing technologies within the smart home environment, this research aims to
leverage existing infrastructure to monitor and track the activities of the habitats.
Smart homes provide an ideal setting for this research as they offer a controlled
environment where sensor data can be collected and analysed to better understand

daily activities and health status.

The ideal home environment would be one where smart devices equipped with
microphones are installed in every room. These devices could continuously record
audio when a person is in the room and upload it to the server for further analysis.
For people with dementia, one example of further analysis is to understand changes
in their routine, which can lead to identifying a change in the severity of their

health issue.



1.2.1.1 Challenges

Passive activity sensing in smart homes presents several challenges. Firstly, the
need for labelled data poses a significant challenge for supervised acoustic sens-
ing. Labelling audio files with ground truth information is often impractical and
sometimes impossible, especially in real-world deployments requiring continuous
monitoring. This challenge makes the development of unsupervised techniques
and algorithms that can analyse and interpret audio data without the need for

explicit labels.

Furthermore, privacy concerns are a significant challenge in deploying passive
sensing technologies. Always-on audio recordings can capture private conversa-
tions and sensitive information, raising concerns among individuals, caregivers,
and family members. Striking a balance between monitoring activities for health
and well-being while preserving privacy becomes crucial in designing and imple-

menting passive activity sensing systems.
Unlabelled Data

The availability of unlabelled data is a significant challenge in passive activity
sensing for smart care homes. Different from controlled experimental setups or
datasets generated from videos, collecting labelled data in real-world smart care
home environments is often impractical or unfeasible. However, unlabelled data
can still provide valuable insights into the acoustic activity patterns of residents.
Therefore, this research strongly focuses on leveraging unsupervised learning tech-
niques that can detect changes and patterns in activity using unlabelled audio
data. By exploring approaches such as clustering, Dynamic Time Warping and
Support Vector Machines with Transfer Learning, this research aims to extract
meaningful information from unlabelled data and develop robust pattern recogni-

tion models for smart care homes.



Lack of labelling

More accurate and comprehensive labelling in smart home scenarios presents a
significant challenge for supervised learning techniques. The nature of daily activ-
ities and the complex interactions within a smart home environment make manual
annotation of audio files with ground truth labels difficult, if not impossible. This
challenge poses a barrier to the application domain of traditional supervised ma-
chine learning algorithms that heavily rely on labelled data. However, even with
a small amount of labelled data, transfer learning can be leveraged to address this
limitation. Transfer learning allows us to retrain a pre-existing model, previously
trained on a large dataset, with the limited labelled data available in the smart
home scenario. The parameters of a larger, more general model can be fine-tuned,
allowing knowledge learned from the larger dataset to be effectively transferred
to the specific activity recognition task in the smart home environment. This ap-
proach enables the model to learn and generalise from the limited labelled data,
capturing important patterns and features specific to the smart home context. By
leveraging transfer learning and training a shallow model, this research aims to
improve the performance and adaptability of activity recognition models in smart

home scenarios with limited labelling resources.

1.2.1.2 Concerns

Audio recording will be essential in a smart home environment where audio is the
main modality. Continuous audio recording could be used for passive acoustic
sensing and audio analysis without the need for human intervention or the use
of wearable devices. Having such a system could bring some privacy concerns.
Based on previous experience in deploying acoustic sensing in care homes, record-
ing private conversations was the main concern. Similar to carers visiting the
smart home environment, they prefer not to be recorded, specifically when they
have a private phone call or a conversation. The idea of constant conversation
monitoring in their homes may make individuals feel uncomfortable or intruded

upon. Addressing these concerns and implementing privacy-preserving measures,
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such as speaker anonymisation, is crucial to ensuring user acceptance and ethical

considerations in assistive living systems.

In the context of smart care homes, where individuals with conditions like de-
mentia reside, there may be concerns from family members and caregivers. It’s
important to be mindful of privacy concerns when family members or caregivers
are present in the home, which may be recorded by passive sensing systems with-
out their knowledge. To build trust and address concerns from caregivers and
family members, it’s crucial to have open communication about data collection

and privacy policies.

1.2.1.3 Technology

Collecting data in smart home environments presents its own set of challenges.
Due to the complexity and diversity of daily activities, obtaining labelled ground
truth data for training and evaluation purposes is not easy or feasible. It is time-
consuming and expensive to manually annotate and label audio files accurately and
consistently. As a result, researchers often rely on alternative approaches, such as
synthetic datasets or controlled data collection setups, to augment real-world data

for training and testing acoustic sensing models.

1.2.1.4 Health Related Motivation

The motivation for passive activity sensing in smart care homes is particularly
relevant for individuals with dementia. People with dementia often struggle with
memory loss, confusion, and disorientation, making it difficult to carry out daily ac-
tivities independently [9]. By monitoring their everyday activity patterns, changes
to their daily routine or missed tasks can be distinguished. It has been observed
that the elderly are resistant to using wearables, and when they are used, they may
be forgotten to be charged. With the use of a passive acoustic sensing system in a
home environment, where the management of any wearable device is not required

by the elderly, activities can be detected, and changes to their sequence can be
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identified. Ultimately, this information could be used to develop personalised care

plans and interventions that enhance quality of life and ensure timely assistance.

1.3 Research Questions

This PhD research aims to investigate novel approaches using privacy-aware acous-
tic sensing in smart care home environments, considering the challenges posed by
the lack of labelled data and the privacy concerns associated with speech capture.

The research questions of this study are as follows:

e Q1: Is it feasible to identify changes in daily routine through un-
supervised acoustic sensing with performance levels sufficient for
detecting significant deviations, such as change of order of activi-
ties or missing activities? It is highly beneficial to have a comprehensive
understanding of the changes in the daily routine of an individual living with
dementia. This knowledge can be instrumental in identifying and addressing
the difficulties they may face in their daily lives. It can also facilitate the cus-
tomisation of the support they receive, significantly improving their quality
of life. Therefore, caregivers, family members, and healthcare professionals
could be proactive in observing and documenting changes in the individual’s

routine to ensure that they receive the necessary support and care.

e Q2: What are the implications of an acoustic system in a home
environment that is designed to protect against misuse of speech
data? Deploying an acoustic system in a home environment with the aim to
support the occupant through passive sensing comes with some cost. Privacy
preservation is a big part of any new system that can record sensitive data

in a home environment, and these need to be addressed.

e Q3: What is the impact on the performance of acoustic activity
recognition while providing speech-related privacy in continuous

acoustic sensing? Passive sensing in an acoustic environment benefits
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from understanding the context of the environment, but when it comes to

privacy, speech is something that needs to be preserved.

e Q4: Is it feasible to apply speech-related privacy in continuous
acoustic sensing while maintaining a drop in acoustic activity recog-
nition accuracy of no more than 10%? Understanding the challenges
of preserving privacy in an environment where audio is the main modality.
Valuable information may be lost while speech is being removed, and meth-
ods can be employed to minimise this. The preservation of speech does not
always involve the destruction and scraping of audio data; rather, the parts

of the audio that are prohibited can be removed.

1.4 Contributions

1.4.1 Major Contributions

e Tracking activity changes through an acoustic environment. As per
the first contribution to our research, the challenge of understanding the
variations of a normal sequence of activities was tackled through acoustic
sensing. In people with dementia, an understanding of a consistent daily
routine is considered crucial. With a health condition involving cognitive
disability or deterioration, the simple tasks that are done on a daily basis
can be easily forgotten. It is recommended that the routine of the person
living with dementia be monitored to ensure that healthy daily habits are

not forgotten.

e Novel dimensionality reduction algorithm that maintains high lev-
els of accuracy for tracking activities through acoustic sensing. A
novel dimensionality reduction algorithm was invented to track changes in
daily routine, utilising features extracted from the audio data and a com-

monly used pre-trained model. The number of dimensions was reduced from
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128 to 3, and high levels of accuracy in detecting changes in audio-recorded

activities occurring in various sequences were successfully achieved.

e Analysing unique challenges that occur in a smart home environ-
ment where acoustic sensing is used as the sole modality for human
sensing. Some acoustic sensing challenges in smart home environments
change based on the material of the building, e.g. carpet or wooden floors,
how many people live together or if it’s in a quiet or loud neighbourhood, but
some specific challenges are the same everywhere. The main challenge that
was looked into is privacy regarding speech in a single occupant household,
where care is provided to the elderly by visiting carers, introducing some

unique challenges.

e Developed a system that removes speech audio content from an
acoustic environment based on limited data while keeping the back-
ground sounds intact. The last part of our research is developing a system
that can detect and remove speech from home environment sounds, where
collecting data is not always possible while keeping the acoustic activity

recogniser accuracy high.

1.4.2 Minor Contributions

e Designed and developed an App for iOS and Android that is used
for remote data collection of labelled acoustic data. Developed a

proposed app for our data collection on both iOS and Android platforms.

e Finding Public Datasets relevant to indoor acoustic sensing. The
acoustic sensing field is popular, but when it comes to a specific task in
single-occupant households, the data is available or limited. Various public

datasets, along with data from a real deployment, could be accessed by us.

e Achieved two data collections remotely during the COVID lock-
down During the COVID lockdown, our plans were changed because every-

one was forced to stay home, and data collections were conducted remotely.
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e Created a methodology of masking chunks of audio containing
speech for privacy preservation of the person recording in an acous-
tic environment. A methodology was created to mask audio chunks con-
taining speech content as the first action on preserving privacy, to understand

its effect on acoustic activity classification.

e Developed an acoustic activity recognition methodology focused on
acoustic environments where collecting labelled data is not possi-
ble. Acoustic activity recognition state of the art has advanced massively
in recent years. The latest methodologies using deep learning need massive
amounts of data, but in our real environment scenario, collecting labelled
data is not always possible. A variation of acoustic activity classification
was created for this reason to be used on a small amount of data from the

home environment.

e Found that masking chunks of audio containing speech is not the
best solution for an acoustic environment that needs to use audio
for further analysis. The baseline acoustic activity recogniser was not

performing well after the speech sections were removed from the audio signal.

e Synthesised our purposed datasets with various speech volumes
using public datasets and data from a real deployment. The synthesis
of the dataset was done to develop our speech removal model and to fulfil

the needs of our methodology.

e Used a voice activity recognition model with the synthesised datasets
to understand the impact of speech before and after it is added to
the background audio signal. Analysed the impact of speech using a
public voice activity detection model on our various datasets before and

after introducing speech data.

1.5 Publications

e Related Publications
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— Chapter 4: Tracking daily routines of elderly users through acoustic

sensing: An unsupervised learning approach [10]
e Preparation of Related Publications

— A combination of Chapters 4: Privacy Challenges for Acoustic Activity
Recognition and Chapter 5: Privacy Preservation with Speech Removal

is prepared for publication as a journal.



Chapter 2

Literature Review

2.1 Elderly Living at Home and Health Context

2.1.1 Introduction

The past few years have witnessed a remarkable rise in life expectancy, largely
attributed to the rapid advancements in medical science. As a result, there has
been a substantial increase in the number of individuals aged 65 and above [11].
Consequently, an increasing proportion of elderly people prefer to remain within
their homes and communities; this phenomenon is commonly called "Aging in
Place" [12|. The NHS has initiated "Virtual Wards", also referred to as hospital
at home [2|, which provide patients with hospital-level care from the comfort of
their own homes. The objective of the "Virtual Wards" is to offer patients safe
and convenient support at home instead of requiring them to go to the hospital.
In addition to home caring, leveraging smart home technologies can play a pivotal
role in significantly enhancing the quality of life for these individuals by promoting
independent living and facilitating regular communication with family members

and caregivers [13].

16
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The integration of software and hardware components in smart homes enables
the collection and analysis of data, allowing for continuous monitoring of vari-
ous aspects such as health status, behaviour patterns, and overall quality of life
among elderly individuals. This capability helps mitigate potential risks and fa-
cilitates communication between elderly, their relatives, caregivers, and medical

professionals [11].

Implementing smart home technologies can bring a range of practical benefits
for addressing the individual needs of ageing populations. These technologies
offer a means of preventing risky situations, for example, fall detection and social
isolation, and they also hold considerable importance for healthcare as a whole |14,
15]. With the potential to enhance overall well-being and improve quality of life,
these technologies represent a promising solution for individuals with disabilities

and those in all age groups.

In the context of ageing populations, smart home technology can significantly sup-
port elderly individuals who choose to live independently [16]. Depending on the
elderly person’s health status, they may require additional assistance and care-
giver support over time. Smart home technologies can aid in the detection and
analysis of health events, ensuring that appropriate medical assistance and care-
giver support are provided to frail elderly individuals and those with disabilities
or health issues who may not be able to live independently for extended periods
of time. Moreover, smart homes can also assist in daily tasks such as medication
reminders, scheduling doctor appointments, and even assisting in household chores
such as turning off the oven or cutting off the water, promoting a safer and more
comfortable living environment for elderly individuals. Aside from ensuring the
health and safety of elderly individuals, smart home technologies also contribute
to their independence and overall well-being. The ageing population and the in-
creasing number of elderly individuals living alone necessitate implementing smart

home technology to meet their specific needs [17].
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2.1.2 Living at Home

Research has shown that most older adults prefer to age in the comfort of their
homes and remain there for as long as possible [18]. This phenomenon, known as

"Ageing in Place," is also called Ageing at Home [19-21], living with autonomy
and independence accurately summarises the key elements of healthy, active, and

successful ageing [22].

Considering this, ageing is not only about living longer but also living better with
a higher quality of life. An example is "More Years, Better Lives", a European
programme promoting research on the Potential and Challenges of Demographic

Change [23].

It is crucial to create solutions that facilitate their lifestyle while prioritising their
safety and overall health. An elderly individual suffering from any health condition

might need a healthcare specialist to stay with or visit them regularly.

2.1.2.1 Healthcare Specialists

Healthcare specialists are crucial in providing medical care and support to the
elderly living at home. Their main job is to assess the health status of the elderly,
create personalised care plans, and monitor their progress. They are also there to
support the elderly with daily tasks, administer medications, and provide medical
treatments as needed. However, due to the physiological and cognitive dysfunction
and reduced physical flexibility of the elderly, those who live alone face many
challenges [24]. Some studies have shown that the incidence of accidental injuries
and fatalities among older adults living alone at home is high [25], highlighting

the importance of ensuring their safety and well-being in their home environment.

There are generally two main types of caregivers for the elderly, those who provide
care within the individual’s home and those who visit periodically as a caregiver.

The caregiver is expected to be able to monitor the health and well-being of the
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elderly individual and respond accordingly when necessary. In addition to pro-
viding care, the caregiver is responsible for monitoring the senior’s medication,
bathroom habits, and overall health status. To ensure a happy co-existence be-
tween the elderly and their caregiver, it is important to establish a healthy and

friendly relationship.

Understandably, if the caregiver visits periodically or a family member may not
be available to be with the elderly all day, every day of the week. This is where
smart systems can be incredibly useful for the caregiver. These systems can help
the caregiver and family members remotely monitor the daily activities, health

status, and overall well-being of the elderly individual.

2.1.3 Daily Routine

Understanding individuals’ daily routines is crucial to providing tailored support
and timely assistance. It is important to acknowledge that the daily routines
of older adults often differ drastically from those of younger people due to vari-
ous factors, such as obligations, needs, cultural practices, and personal interests.
Any part of people’s daily routine might differ drastically based on their age and

obligations.

The routine can also differ on the individual level based on the time of year or
changes in lifestyle. Some daily routines will probably stay consistent throughout
the year, such as brushing teeth in the morning or having a shower before bedtime.
Understanding which parts are consistent and which parts are random during their

routine is key for tracking routines with the aim of health monitoring.

2.1.3.1 Daily Routines of the Elderly

Regarding elderly individuals living independently, constant and random activities
can be observed in their routines. It is acknowledged that certain parts of the daily

routine are very random and are not worth tracking. On the other hand, parts
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of the daily routine can be very consistent [26], such as the morning or evening
routine. These constant routines are usually carried out before or after bedtime
when preparations for the day are made or when going to bed. Taking prescribed
medication, preparing breakfast, and carrying out various personal hygiene tasks

are typically involved in these routines.

2.1.3.2 Tracking Daily Routines for Health Monitoring

By identifying the regular aspects of an elderly person’s daily routine, deviations
from those patterns can be detected through continuous acoustic sensing. Valuable
insights into cognitive decline can be provided by integrating health monitoring
through continuous sensing in a smart home setting [27], making it a helpful asset

for elders who live independently.

2.1.4 Dementia

There are currently 47 million individuals worldwide living with dementia, and it
is projected that by 2050, this number will rise to 131 million [28]. Dementia is
a pathological condition that disrupts the brain’s normal functioning, leading to
a gradual and sustained decline in cognitive abilities [29]. This decline manifests
in various ways, including memory loss, language difficulties, attention deficits,
orientation challenges, impaired judgement, and planning deficits [30]. Dementia
is a complex and progressive neurodegenerative disease that requires specialised

medical attention and care.

Dementia is a degenerative condition of the brain that can result from various
factors, including brain disease, injury, or medical conditions originating from
other body parts [29]. It should be noted that some diseases leading to dementia
begin in the brain itself, such as Alzheimer’s disease, which affects around 5 million
individuals in the United States [28]. Moreover, the risk of developing Alzheimer’s
disease increases with age. Typically, dementia arises when the brain is affected

by two or more common age-related diseases, such as Alzheimer’s and stroke.
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As age is experienced, the possibility of developing dementia becomes more com-
mon, although it may not be the same for everyone. The beginning of dementia
usually commences in the seventh or eighth decade of our life and progressively de-
teriorates over time [28]. The first sign of dementia is often a decline in short-term
memory, which the person affected may notice, as well as their family and friends.
This might result in losing track of where the elderly have put things around the
house or forgetting recent conversations. In dementia, these issues occur often,
maybe multiple times a day, and for many months or years, which can harm our
daily activities. Additional symptoms may include withdrawing from hobbies or
social gatherings, anxiety or depression, difficulty performing routine tasks such
as remembering to take medications, and difficulty with directions, such as when

driving [30].

It’s important to have a system in place to monitor any changes in daily routines
for individuals living with dementia. These changes can indicate a decline in cog-
nitive abilities and help ensure the appropriate care is provided. Since behavioural
changes may occur gradually, consistently tracking and monitoring the condition’s

progression over time is crucial.

2.2 Smart Solutions for the Elderly

2.2.1 Smartphones

Modern smartphones are equipped with a wide range of sensors that enable them
to measure various aspects of health and activity. These sensors include high-
resolution cameras, GPS, accelerometers, gyroscopes, magnetometers, ambient
light sensors, and microphones. Motion sensors such as the accelerometer and
gyroscope can identify daily activities [31] and any falls that may occur [32]. Re-
searchers have developed algorithms and models using smartphone sensors to ac-

curately recognise walking, climbing stairs, sitting, and standing [33]. This allows
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for continuous monitoring and assessment of physical activity levels, which is im-
portant for maintaining overall health and detecting any changes or declines in
mobility [34]. Overall, the various sensors present in smartphones make them
valuable tools for tracking and monitoring different aspects of health and well-

being.

According to reports, elderly individuals aged 65 or above are prone to experiencing
falls within the confines of their own homes. More specifically, it has been observed
that around 65% of women and 44% of men tend to fall within their usual place
of residence, while around 25% of men and 11% of women have experienced falls
in their gardens [35]. Such statistics highlight the importance of ensuring homes
are safe and secure environments for the elderly. The fall detection problem is
addressed by smartphones, as they are equipped with an accelerometer, gyroscope
sensor, and cameras, and communication can be done through WiFi or cellular

network at the moment a fall is detected.

Some studies concentrate on the elderly population, aiming to spot instances of
falls during their daily activities [36]. The researchers used the smartphone ac-
celerometer data and developed two algorithms to detect falls. The first one used a
threshold method, similar to the previous example. The second algorithm utilised

a kNN classifier was used to identify falls.

The features extracted to train the classifier are:

Average Absolute Acceleration Variation (AAMV)

Impact Duration (IDI)

Highest Value of Acceleration (MPI)

Peak Duration (PDI)

Activity Level of a Window that Contains the Impact (ARI)

Average Acceleration of free-fall Stage (FFI)

Number of Steps (SCI)
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e Skewness of acceleration Segment (SKEW)

e Kurtosis of Acceleration Segment (KURT)

e Interquartile Range of Acceleration Segment (IQR)
e Power of the Impact (POWER _IMP)

e Standard Variation of the Impact (STD IMP)

e Square of the highest coefficient of Continuous Wavelet Transform (CWEN-
ERGY)

e Number of Peaks in the Continuous Wavelet Transform (CWPEAKS)

All features listed above are in the time domain except the CWENERGY and
CWPEAKS, which are in the frequency domain. The kNN classifier with k£ = 7 was
trained with 10-fold cross-validation of the MobiFall dataset [37]. The MobiFall
dataset was collected using a smartphone and includes trials from 57 subjects. It
covers four types of falls and nine different ADLs, totalling more than 2500 trials.
After conducting experiments, the authors found that training a kNN classifier

was more effective than using a threshold model.

2.2.2 Wearables

Wearable devices like smartwatches, wristbands and glasses can collect and upload
physiological data throughout the day. Smartwatches can be worn on the wrist
during the day and night, and they can collect continuous sensory data. Wearables
provide opportunities to improve quality of life and present information to the
user, like text notifications and urgent information, more conveniently than a
smartphone [38]. Wearables became popular because of their convenience, health
features, and activity tracking. Some wearables, for example, smartwatches, can
also provide sleep-tracking capabilities because of the possibility of wearing them

overnight [39].
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Another very interesting and important capability of wearables is fall detection.
In this review [40], the authors mentioned as a possible lifesaver. There is a lot
of potential in using technology to prevent falls and protect against their negative
consequences. However, currently, there is no satisfactory solution, even if cost
is not a factor. The survey [40] concluded that the main problem is that it is
difficult to understand the difference between actual falls and activities of daily
living with the data and methodologies available up until now. The authors of the
survey also mentioned that there is a need for further research to develop a large
and comprehensive real-world database of falls that can be used to train advanced

machine-learning algorithms.

2.2.2.1 Smartwatches

Most activity recognition algorithms recommended are adopting inertial sensors
in smartphone devices or other bodily worn sensors [41]. On one hand, smart-
phones are not easily worn or placed on the human body other than a pocket or
customised body-worn mounts. On the other hand, other wearables, like smart-
watches, equipped with sensors can be easily worn on the body during the day
and night, but they don’t have a big screen to interact with as smartphones have.
In the meantime, smartwatches are getting more advanced year by year, with the
particular opportunity to give highly accurate activity recognition with great user

interaction.

Embracing deep learning for activity recognition by smartwatches is an under-
studied problem [42]. The author used one of the most prominent deep learning
methods, Restricted Boltzmann Machines (RBM), that had never been used to
tackle activity recognition problems on smartwatches. They mentioned that com-
mercial smartphone systems from Baidu, Amazon, and Google use deep learning
remotely on the cloud and then send the results back to the device. They also
showed that full RBM-based activity recognition can be used on state-of-the-art

smartwatch hardware.
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In another study [43|, smartphone-based and smartwatch activity recognition was
compared. The author demonstrated that smartwatch-based activity recognition

can identify activities that the smartphone cannot, such as eating.

To achieve fall detection on wearable devices, like a smartwatch, the accelerome-
ter sensor on the device is used alongside a threshold or machine-learning based
algorithm. For the threshold-based approach, a point is set based on the wrist’s
movement, where it is possible to differentiate a daily activity movement under
the threshold from a sudden fall movement above the threshold [44]. The machine
learning approach will need to have some data collected from a daily routine and
label them as non-fall and some fall activities that will be called falls. The tradi-
tional process of training a machine learning model will be needed, and the newly

trained model should be able to identify if a new fall will be positive or negative.

2.2.2.2 Earables

Earables are also part of the wearable family. Earables are wireless earbuds that
can play music and are used for phone calls. They are also equipped with sensors
that detect movements, such as accelerometers and gyroscope sensors. Earables
such as eSense [45] provide an in-ear multi-sensory stereo device that could help our
understanding of a range of human activities in a non-intrusive manner. Earables
work non-intrusively and can bring opportunities for new and effective applications
in providing solutions for physical and mental well-being and cognitive assistance

146].

2.2.2.3 Active Noise Cancelling Headphones

In the earable category, headphones have recently advanced in isolating the audio
signal playing from the headphones from the background sounds. Headphones
come in different sizes and shapes. In-ear headphones usually benefit from the noise
isolation effect because they block any sounds from the environment because of

their shape where they are shaped to fit in the ear canal. Another technique used is
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Active Noise Cancelling (ANC) in headphones [47]. Depending on the environment
in which one uses the headphones, the ANC might be needed, especially in loud
environments where the background sounds overtake the audio signal from the

headphones.

ANC headphones work by having a microphone on the outside of the headphones
to record environmental sounds [48|. In a real-time sound synthesiser, the ANC
headphones can synthesise the audio signal from the audio source with an opposite
signal from the environmental sounds to mute the audio from the environment.
This results in an enhanced favoured audio signal without any background sound
from the environment. The ANC technology has become popular in recent years
in consumer electronics because smartphone users listen to music, podcasts or
audiobooks in usually crowded areas while commuting, like trains or open office

space areas [49].
Applications

According to Choudhury R. [50], the realm of earable computing is an up-and-
coming area that deserves our attention and consideration. An earable platform
already sits well in society, where humans have been using headphones to listen
to music and podcasts or take phone calls for more than a decade now, and the
popularity of wireless earbuds keeps growing [51]. Choudhury R. presented the
challenges of earphones, such as energy, discomfort, privacy, and health, but they
also emphasised in their paper some research problems that earables can solve [50].
Some research problems are motion and activity tracking, such as breathing prob-
lem detection or in-mouth motion detection. Earables hold enormous potential in
applied research where other smart devices like smartphones or smartwatches will

not be suitable for [52].

2.2.3 Smart Homes

Smart Homes were developed when IoT, the Internet of Things, started to gain

popularity. Smart home technology allows for the integration of various electronic
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devices and appliances to create a network ecosystem within a house. All electronic
devices are connected to the internet and equipped with a small computer or
a microcontroller, so they can communicate with each other and be controlled
remotely by the homeowners. In recent years, smart home technology has gained
traction due to its potential benefits in improving convenience, energy efficiency,
and security for homeowners [53|. A growing interest has recently been in utilising

smart home technology for health monitoring purposes [11].

Smart Home systems can collect data using multiple sensors and use them to train
predictive models for various health and comfort reasons. For example, Google
Nest leverages artificial intelligence to dynamically adjust home temperature by
considering occupants’ presence or absence at different times. Using Al technology,
Google Nest aims to optimise energy usage and enhance overall household comfort

levels based on real-time occupancy data [54].

2.2.3.1 Sensors in Smart Home Environments

In smart homes, it is possible to have the space and the energy capacity to ac-
commodate many sensors. There are different sensors for different applications, as
seen in several assistive smart home projects identified in [55]. These smart home
projects are trying to bring comfort and automation for the elder resident, along
with cognitive and physical health checks, in a non-invasive manner. Table 2.1

presents the universally used sensors according to [55].

Smart homes that use home-based approaches are more efficient in using sensing
devices compared to video-based and wearable device-based approaches. Smart
home sensors are noninvasive, meaning they do not disrupt or interfere with peo-

ple’s normal lives while monitoring various aspects effectively.
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TABLE 2.1: Ambient Sensors Used In Smart Environments

Sensor Measurement Data Format

Passive Infrared Motion Motion Categorical

Sensor

Active Infrared Motion/Identification Categorical

Radio Frequency Identi- Object Information Categorical

fication

Pressure Pressure on Mat, Chair, Numeric
etc

Smart Tiles Pressure on Floor Numeric

Magnetic Switches Door or Cabinet, Open- Categorical
ing or Closing

Ultrasonic Motion Numeric

Camera Activity Image

Microphone Activity Sound

Unlike wearable devices that individuals must wear on their bodies/wrists or video
surveillance systems that invade privacy, home-based approaches provide a more
seamless and non-disruptive solution for continuous monitoring within a smart

home environment [56].

2.2.3.2 Activity Recognition

Applying activity recognition within smart homes is very important as it paves
the way for personalised and context-aware smart living. By accurately identifying
different types of activities in a household environment, smart home systems can
understand what is happening inside the home environment and what activities
are taking place. Monitoring human activities can provide valuable insights into

individuals’ health, well-being, and daily routines in smart homes [57.

Activity recognition in smart homes is a vital component of assistive living, as it
allows for the monitoring and analysing of residents’ daily activities. Monitoring
and analysis can provide valuable insights into individuals’ health, well-being, and

daily routines in smart homes [57].

Barger et al. developed a distributed passive infrared sensor system that col-

lects data on a person’s activities within the home environment [56]. This system
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enables the detection of movements and thermal signatures, which can be used
to determine and analyse various activities such as sleeping, eating, and moving
around the house. A novel approach is proposed for home-based activity recogni-
tion, which involves using a radial basis function neural network (RBFNN) in con-
junction with a localised stochastic-sensitive autoencoder (LiSSA) method. The
main aim of this technique is to accurately detect and classify different activities
being performed within a home environment. An autoencoder (AE) was proposed
to extract useful features from the binary sensory data by converting sensory input

data into continuous inputs to extract improved levels of hidden information.

The proposed method was assessed using four binary home-based activity recog-
nition datasets: OrdonezA [58], OrdonezB[58], Ulster [59], and activities of daily
living data from van Kasteren (vanKasterenADL) [60]. The results of this eval-
uation showed that the proposed method achieved the best performance, with
accuracy rates of 98.35%, 86.26%, 96.31%, and 92.31% on the four datasets, re-

spectively.

2.2.3.3 Vital Measurements

In addition to activity recognition, smart homes can collect vital measurements
for the elderly. These measurements include health-related data such as heart
rate, blood pressure, and body temperature. This data can be collected using
sophisticated instruments, as mentioned in [55]. Creating a consistent schedule in
which senior citizens can consistently keep track of their vital signs is essential in

guaranteeing their safety and overall health.

2.2.3.4 Assistive Living

Smartwatches have the ability to detect falls, providing peace of mind in assisted
living scenarios [61]. The biggest issue facing fall detection systems and other
assistive living systems is the need for accurate and reliable detection without

generating false alarms, as these can lead to unnecessary anxiety and distress for



30

both the individual and caregivers. Also, for the elderly population, especially
if they suffer from dementia or other cognitive impairments, it may be difficult
for them to manage their smartwatch, charge it and put it back on when it’s
fully charged. A multi-modal solution in smart care homes incorporating multi-
ple sensors and technologies, such as wearable devices, floor sensors, and video
monitoring, can provide more accurate and reliable human activity detection ca-
pabilities [62]. These sensors can detect sudden changes in movement or pressure

and trigger an alert to caregivers or emergency services.

2.2.3.5 Daily Routine Recognition

Smart home systems have developed rapidly, thanks to advances in current sensor
technologies, and they can help elderly people live safely and independently at
home. Most studies done for routine daily recognition have manually labelled
activities and trained supervised models to identify daily routines. In this study
[63], the authors explored the possibility of using unsupervised learning methods.

For this deployment, the authors used:

Motion Sensor

Humidity / Temperature Sensor

Accelerometer Sensor installed on the bed

e Power sensors are plugged into power outlets

Reed switches attached to doors/windows

Circuit meter sensors installed in the meter box (for monitor energy usage)

Using the Markov chain to model a resident’s motion patterns at different times
of the day and identify clusters of daily routines at a large scale. Afterwards, for
every cluster, the model looks deeper into the room-level discovery of activities
and routines so the author can understand different indicators of functional decline

by the elderly residents and suggest the appropriate mediation.
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2.3 Challenges of Current Methods

2.3.1 'Wearable Challenges

There are many benefits for the elderly to adopt new technologies because these
technologies can help them live more independently in their own homes [64]. These
new technologies can also improve the elders’ health status; for example, the elderly
can track their steps and hit their health goals daily. These wearable technologies
can also track their heart rate history or electrocardiogram (ECG) and share this

information with their doctors or family for heart-related issues.

From the wearable category, smartwatches were the most advanced [65]. The
main reason smartwatches are superior is because they are equipped with an LED
display and an array of sensors, including an accelerometer, gyroscope, proximity
sensor, and GPS. These smartwatches are widely available for purchase and offer
a wealth of capabilities to help users track their activity levels, monitor their heart

rate and use them for navigation.

Eurostat, the statistical office of the European Union, has reported that a stag-
gering 87% of citizens aged 75 years and above in the EU have not yet utilised
the internet. This highlights a significant digital divide in the region that needs to
be addressed to ensure equal access and opportunities for all age groups [66]. For
many elderly individuals, the concept of using wearable technology can be difficult
to accept and adjust to [67]. The idea of having to wear a device on their person
may seem intrusive or unnecessary to some, and it can be a challenge to convince
them otherwise. Additionally, there may be concerns about the practicality or

effectiveness of these gadgets that need to be addressed.

Apple invented the first iPhone in 2007 [68], which greatly contributes to how
people communicate and function daily. The older population lived most of their
lives without a smartphone connected to their smartwatch and smart home gad-
gets. It seems like the people that didn’t grow up around these technologies are

more reluctant to use them because during their whole life, they didn’t have them
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and they didn’t need them [67]. Based on their experiences, their life with no

gadgets was fine.

Recent studies have investigated the adoption of wearable technologies, particu-
larly smart watches represent the most popular type of wearable devices, as their
popularity has grown during the last few years. Chuah et al. explored the fac-
tors influencing adoption, including the role of usefulness and visibility [69]. Users
of smartwatches are divided into two categories: those who buy for fashion and
those who buy for functionality. This creates a new term, 'fashnology’, which is
a combination of fashion and technology. On the negative side, it has been ob-
served that smartwatches are often designed to cater to the general population,

thus neglecting the elderly population [70].

As the elderly need support, either from a carer or technology, there is a gap
between the technology that can be very useful and how the elderly can use or
cannot use the technology. Wearables especially need extra care, in terms of
charging and ensuring it’s up to date and connected with a smartphone or the
internet. All these inconveniences can accumulate and add stress to the elderly
with health and mobility issues rather than providing any health benefits. It’s
important to consider the impact of these inconveniences and find ways to mitigate

them in order to improve the overall well-being of elderly individuals.

One of the primary concerns in assistive living with wearable devices for older
adults is their inconvenience. This issue poses a challenge within the applica-
tion domain, as wearable device usage is not well-received by this demographic
[67]. Thus, a further investigation with alternative methods of assistive living was
needed, with the purpose of being unobtrusive and not relying on wearable devices.
Wearables brought a new dimension to the research and application domain in col-
lecting physiological data that was not possible before. Smartwatches have proven
more effective in gathering data continuously throughout the day and night than
smartphones. The compact size and convenience of the watch allow for continuous
monitoring of various metrics, such as heart rate, steps taken, and sleep patterns,

without the need to constantly hold the device in hand. Meanwhile, smartphones
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may not always be available or easily accessible, making it difficult to track and

collect data consistently.

As per observations, it has been noted that the physical and mental health of the
elderly population is highly diverse. While some individuals seem to be able to
carry out their daily activities with ease and generally feel good, others may be
grappling with debilitating conditions such as dementia that hinder their ability
to lead a normal life. As researchers, caution needs to be exercised regarding
the technology that is being forced on a vulnerable population that struggles to
navigate their daily lives.. The solution can also be individualised technology
based on their technical knowledge, ability to remember to do daily tasks and
mobility function. If they are willing to use a new technology and how they feel
after using it for some time, they can be willing but not interested in using it daily

because they didn’t want or can form a new habit around that technology.

It is important to be cautious when introducing wearable technology to individuals
with varying levels of dementia. Due to forgetfulness or skipping daily activities,
such as brushing their teeth, these individuals may struggle to remember to charge
their smartwatch or other wearable devices. This can prove the device useless and

only serve as a cosmetic accessory rather than a functional tool.

2.3.2 Labelling Challenges

In a home environment of a single occupant, activities could be detected through
multi-sensory data, wearable sensors or microphones. Having a pipeline for activity
detection, where data is collected and the appropriate methodology is prepared
to accurately detect the activities of home occupants, is vital. Depending on
the application domain, different kinds of data will be needed. For example,
continuous accelerometer data from a wearable device with timestamps and labels
indicating whether a fall occurs or not is required in fall detection. This issue is
classified as binary classification, and true or false labels are necessary to train

a specific machine learning model to identify when a fall happens. In a smart
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home environment, an activity classifier is needed to interpret the participant’s
behaviour inside the house. A supervised classifier must be trained based on the
participant’s activities to determine which activities occur within the home. Data
from multiple sensors must be collected and labelled for this application. Great

results can be achieved with multi-modal classification, but labels are essential.

Labelling or annotating is a method to distinguish what is ground truth for a
specific activity or event. Ground truth is the fundamental truth, distinguished
by an observer or the participant doing the action or event. Labelling can be done
during the data collection as the participant or an observer will set the labels and
start and stop times of each activity or event, but it can also be done remotely if
cameras are installed, and an observer can go through the videos and label based
on what is captured on the cameras. In the context of smart care homes, cameras
can be installed as part of the system. These cameras are utilised to gather labelled
data through the process of annotating specific activities that take place within
the home. An annotator will go through the video footage and label it after the

data collection is done |71].

It is acknowledged that manual labelling is expensive and laborious for both the
participant and the observer. This can lead to frustration and discomfort, espe-
cially if a lot of data needs to be collected. On the other hand, while cameras can
be useful for smart home labelling, they can also be obtrusive and invasive. In
some cases, house occupants may prefer alternative smart solutions that are less
noticeable and intrusive. It’s important to consider each occupant’s needs and

preferences when determining the best solution for their home.

With the new advancements in deep learning, deeper and more sophisticated mod-
els are created, but with disadvantages. These deep learning models will be much
more accurate than traditional models in many problems, but more data and com-
puting power are needed. That means more time labelling the data manually and
a lot more expensive computing tasks. This poses a challenge in activity tracking

for assistive living, and new solutions must be invented.
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Using multi-modal methodologies for assistive sensing can be intrusive and com-
putationally expensive. Working with multiple sensors for one task can also be

overly complicated.

2.3.3 Limited Data

Labelled data are needed to train a supervised machine learning model [72]. The
process of labelling data can present challenges or prove to be impossible in certain
scenarios. One such example is in smart home settings where occupants may not
feel comfortable being followed by an observer that notes down their daily activities
or does not accept the installation of cameras due to privacy concerns. This reluc-
tance can make it difficult to collect the necessary data for analysis. Additionally,
elderly individuals may be hesitant to wear devices that track their movements,
and even if they do, there is a chance that they may forget to recharge the device,
leading to gaps in the data. Due to these challenges, alternative solutions must be

explored to ensure accurate data collection.

In order to achieve a fully functional activity recognition smart home, a feasible ap-
proach is to install a network of multi-sensors throughout the house. This enables
us to accurately identify the location of individuals within the home, providing in-
sight into their movements and activity patterns. By utilising a humidity sensor,
for example, it is possible to detect when an individual is taking a shower, while
fobs can be implemented to track visitors’ comings and goings. Additionally, audio
sensors can be utilised to further enhance the understanding of the environment,
distinguishing between activities such as walking, watching television, or talking

on the phone [63, 73-75].

Having access to a large dataset is critical for creating effective machine-learning
models for activity recognition. The better the training of specialised models for
each participant based on their unique activity patterns, the more available data

there is. However, building a system that is capable of collecting and processing
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an extensive amount of data is a time-consuming and expensive endeavour that is

not feasible for the average researcher.

As a result, the focus is on finding a solution that is both cost-effective and efficient,
utilising limited data sources to achieve accurate activity recognition. This will
require careful consideration and planning to ensure that the system is designed
to capture the most relevant data in order to provide accurate insights into an

individual’s daily activity patterns.

Audio sensing has proven to be an effective way of extracting contextual infor-
mation from a home environment. By analysing audio signals, it is possible to
determine whether someone is present in the house, whether they are walking
around, cooking, or watching TV [76]. The value of audio sensing lies in its ability
to serve as a single modality solution for a wide range of applications. Nonetheless,
the challenge with limited data is how to build robust systems without compro-
mising accuracy. A common approach to address the issue of limited data is to
leverage transfer learning to utilise existing general pre-trained models using re-
lated data to train new models, thereby minimising the need for extensive data
collection efforts |77]. Transfer learning holds immense potential for developing ac-
curate and successful audio sensing systems, creating a more efficient and reliable

way of gathering contextual information in a home environment.

Utilising a generalised pre-trained model, such as VGGish, a deep learning model
pre-trained on a large-scale audio dataset for sound recognition, and a small
amount of labelled data specific to the activity tracking in the assistive living do-
main, researchers can use transfer learning methodologies to fine-tune the model

and achieve good performance [78].
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2.4 Audio Sensing

2.4.1 Types of Audio Sensing

It is possible to extract some contextual information from inside the house en-
vironment using audio sensing. Any change in the occupant’s daily routine can
also be understood with audio [10]. It is essential to identify the available audio-
sensing methods and their potential applications in developing better solutions for
elderly people living at home. Acoustic Scene Classification and Acoustic Event
Detection are two types of audio sensing. Acoustic scene classification identifies
the context of a particular environment, while Acoustic Event Detection detects
small temporal events within an audio stream [79]. Combining multiple audio
events, like "cupboards open/close", "kettle", and "washing dishes", can form an

audio scene, which can be called "kitchen" for this example.

2.4.1.1 Acoustic Scene Classification

Recognising various acoustic environments from recorded audio signals is an active
research field that has received significant attention. Acoustic Scene Classification
(ASC) is the task of recognising the acoustic environment based on the recorded
acoustic signal, for example, “office” or “park” [80]. Recent results demonstrate
that the state-of-the-art acoustic scene classification can outperform humans on
the same task [81]. ASC algorithms have matured and are already in real-world
application scenarios. However, one of the main challenges in this domain is the
difficulty of collecting well-curated datasets. One of the most popular methodolo-

gies to apply ASC in new environments is using a pre-trained model [82].

Acoustic Scene Classification can be beneficial in a smart home environment fo-
cused on the elderly, as the system will be able to detect the environmental sounds
of each room and how they change. A great example is when the elderly have visi-
tors, the environmental sounds change. Another example of environmental sounds

can change when people are in a room with a TV playing in the background or
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when people are having dinner and talking to each other. Understanding the en-
vironmental sounds of the smart home where the elderly live is crucial, as it is
possible to extract a lot of information based on their habits or unfortunate inci-
dents. ASC can also be combined with Acoustic Event Classification for a more
detailed understanding of the environment and the specific events that are hap-
pening. The current state-of-the-art of ASC relies on deep learning, transformer
models or a fusion of both [83]. The deep learning models that are commonly
used are Convolutional Neural Networks (CNN), Long Short-Term Memory Net-
works (LSTM), and more recently, attention mechanisms have been applied to
transformer models. Those techniques will be described in the Deep Learning

Applications section.

2.4.1.2 Acoustic Event Detection and Classification

Acoustic Event Classification (AEC) is defined as the recognition of individual
sound events in an audio signal, for example, "walking", "boiling water" or "typing
on keyboard". AEC and detection is an active field, with a majority of work
focusing on improving the overall performance of the models [84-88]. Very popular

solutions of AEC are common in surveillance, including security, healthcare and

wildlife monitoring [79].

According to [89], Acoustic Event Detection (AED) is a harder task than Acoustic
Event Classification (AEC), and there are three popular solutions for the AED
problem. The popular solution will be to do an AED at a continuous long au-
dio signal, and when the AED captures a timestamp of an event of interest, the
AEC will run for classification of that specific window. As stated by [89], the first
popular solution is not suggesting using an AED but running an AEC on a slid-
ing window on the continuous audio signal. The second solution suggests using
the Automatic Speech Recognition (ASR) framework, which is popular in Text
to Speech or other Speech-related problems. ASR uses Gaussian Mixture Models
followed by Hidden Markov Models to model frame-wise features and their dis-

tributions [90-92]. The third solution suggests a Regression approach, where a
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random regression forest needs to be trained on labelled data with specific acous-
tic event categories. The authors from [89], proposed their own solution where
the AED will happen with a verification step before moving to the AEC. The ver-
ification step will be a trained AEC that confirms this activity of interest in the
continuous audio signal before moving to the AEC. This solution seems to have

better overall results than the combined solution of AED and AEC.

An elderly smart home system that detects real-time events can greatly benefit the
habitat. One great example is falling among the elderly, which is a quite common
incident. According to the World Health Organisation, the highest number of fatal
falls occurs in individuals who are 60 years old or older [93]. Detecting falls in
an elderly home environment and getting immediate support can be crucial and a
robust smart home system with AED and AEC can be useful. According to [94],
using audio, the system could detect falls with 98.72% accuracy, resulting in the

carer or a family member being notified in case of a fall.

2.4.2 'Traditional Methods of Machine Learning

2.4.2.1 Introduction

Machine learning (ML) is a problem-solving method by machines that underwent
some training/learning by human programmers [95]. Artificial neural networks
have recently become very popular because of their success in obtaining much
better results on hard problems compared to previous approaches [96, 97|. Machine
learning has been applied to large language models [98], computer vision [99],

speech recognition [100], medicine [101] and many more.

Smart Home technologies, in combination with Machine Learning, have become
popular in recent years. Most applications of Machine Learning in Smart homes
are focused on comfort, convenience, security or enjoyment [102]. In a smart home
for the elderly, Ambient Assisted Living (AAL) could be used, which can help us
understand patterns of the elderly’s daily life and their quality of life could be

improved with health suggestions or prevent injuries from a fall [103].
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The World Health Organisation (WHO) predicts that by 2050, the elderly popu-
lation over 65 years of age will outnumber children under 14 due to an increase in
life expectancy [104]. In addition, approximately 15% of the world’s population
experiences various disabilities. Of these individuals, 110-190 million adults face

significant functional difficulties [105].

Remote health monitoring is becoming a need in elderly care giving. Physiological
signals can be monitored in real-time through remote monitoring without inter-
rupting the daily activities of individuals, making it an unobtrusive and ubiquitous
method. Remote monitoring, especially for the elderly who want to stay in the

comfort of their home, is possible, thanks to the smart home technology [3].

If the focus is only on Acoustic Event Detection and Classification, it is clear
that ML is the most popular method that gives great results compared to other
methodologies [106]. After some advances in Machine learning, deep learning
started to become more and more popular, but with the disadvantage of needing
more data points and bigger and better computer systems. ML is still powerful on
small tasks, but there is a need for some feature extraction and data preparation

for the ML model.

2.4.2.2 Feature extraction

According to [107], feature extraction is one of the most important steps for audio
signal processing. Audio signal has many features which are not all needed for
audio processing. In the field of audio signal processing and pattern recognition,
various methods for audio classification have been proposed based on system per-
formance evaluation. These methods differ regarding the selection of classifiers
and the number of acoustic features involved. Based on the decomposition, the

extracted features are classified into temporal, spectral, and prosodic features.

Acoustic Event Classification plays a major role in audio signal processing and
pattern recognition, enabling AED and classification applications. It involves ac-

curately classifying the selected feature vectors into a suggested class. To tackle
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classification problems different types of classifiers are employed to tackle classifi-
cation problems, including manual labelling, which is time-consuming, and super-

vised, unsupervised, and semi-supervised learning algorithms [108].

One of the most common ways to prepare a training dataset from audio is to
transform the audio dataset into a time-frequency representation, such as Short
Time Fourier Transform (STFT), which gives a richer representation of informa-
tion, based on time, frequency and amplitude of the audio signal. STFT was
developed mainly according to mathematical rules that led to the transition to
linear frequency scales [109]. Because the human perception of frequency is not
linear, mel scale is used. A human ear will identify the difference between 2 low
pitches, 50 Hz and 150 Hz, but when it comes to 800 Hz to 900 Hz, even if the
distance is the same, the human ear will distinguish a much smaller difference in
pitch. Mel scale is a perceptual scale of pitches judged by listeners to be the same

in distance from one another.

Sound analysis tasks often benefit from hand-crafted features, although few have
been developed specifically for sound scene and event analysis. Existing features
are typically adapted from other tasks rather than tailored for this specific prob-
lem. One such example is the use of mel frequency cepstral coefficients (MFCCs)
in the sound scene and event analysis, which has become a well-established ap-
proach [102]. MFCC is a feature extraction technique, usually used in Speech

Recognition and audio processing.
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FIGURE 2.1: Audio activities and their spectrogram representation
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MFCCs are a set of coefficients that capture the shape of the power spectrum of
a sound signal. First, to capture the MFCCs of the sound, the sound needs to
be transformed into the frequency domain using a technique like Discrete Fourier
Transform (DFT) or Short Time Fourier Transform (STFT). Afterwards, the mel-
scale needs to be applied for the sound frequency approximate to the human
auditory perception [110]. Cepstral coefficients are derived from the mel-scaled
spectrum at the end. In figure 2.1, audio from three activities, "Boiling Wa-
ter/Preparing Tea", "Having Tea" and "Watching TV", is shown in both raw

waveform and mel-scale spectrogram.

2.4.2.3 Machine Learning Models

In machine learning, there is a plethora of methods that could be used to train our
model. The two subcategories of machine learning are supervised and unsupervised
learning. For supervised learning, the data need to be labelled so that the model
can name each event or activity through the data and teach the model what

activity is correlated to specific data.

On the other hand, unsupervised learning is characterised by the absence of labels
for specific data used to train the model. With unsupervised learning, a larger
amount of data may be required; however, the identification of recurring patterns
in the data is the primary goal. The exact names of specific events or activities will
not be known, but changes between activities and patterns can be distinguished

using an unsupervised model.

In a smart home environment for the elderly, having a supervised machine-learning
model with a fusion of sensors is more common |73, 111]. These studies equipped
the participant with wearable devices, accelerometer sensors, and various motion
sensors in the house, including acoustic sensors (microphones). Using feature
extraction and feature selection, they distinguished the more significant features
that train Support Vector Machines (SVM) [3, 103]. SVM is a powerful supervised

model that performs well in supervised classification and regression.
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Support Vector Machines (SVM) Overview

The primary objective of an SVM is to find the optimal hyperplane that separates
data points from different classes in a high-dimensional space [112]. The hyper-
plane is a decision boundary that separates different classes. The SVM algorithm
identifies the hyperplane that maximises the margin, which is the distance between
the hyperplane and the nearest data points from each class (these points are called
support vectors). Support vectors are the critical elements of the dataset that lie
closest to the hyperplane. They are essential because if they were removed, the
position of the hyperplane would change. Thus, they have a significant influence

on the model.

SVM can handle non-linearly separable data using a technique known as the kernel
trick. The idea is to transform the data into a higher-dimensional space where
a linear separation is possible [113]. Common kernel functions include linear,
polynomial, and radial basis function (RBF) kernels. The choice of the kernel can

significantly affect the performance of the SVM model.

During the training phase, SVM attempts to solve an optimization problem to find
the hyperplane that offers the best separation while maximising the margin. Once
trained, the SVM model can classify new data points by determining on which
side of the hyperplane they fall. The class corresponding to that region is assigned
to the data point.

Hyperparameter Optimisation is crucial for the performance of an SVM [113].

Here are some key hyperparameters to consider:

e C (Regularisation Parameter): The C parameter controls the trade-off
between achieving a low training error and a low testing error, which helps
to prevent overfitting. A small value of C allows for a wider margin but
may result in more misclassifications. In contrast, a larger value of C tries
to minimise training errors, potentially leading to a narrower margin and

overfitting.
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e Kernel Function: The choice of kernel function determines how the SVM
maps the input features into higher-dimensional spaces. Common kernel

functions include:

Linear Kernel: Suitable for linearly separable data.

Polynomial Kernel: Useful for datasets with polynomial relation-

ships.

Radial Basis Function (RBF) Kernel: Effective for non-linear

problems, it transforms the data into an infinite-dimensional space.

Sigmoid Kernel: Less commonly used, this kernel can mimic the

behaviour of neural networks.

e Gamma: This parameter is specific to the RBF kernel and affects the influ-
ence of individual training examples. A small gamma value means a broader
decision boundary, while a high gamma value results in a more complex

boundary that can lead to overfitting.

e Degree: This parameter is used with the polynomial kernel to control the
degree of the polynomial. It allows you to adjust the complexity of the model,
with higher values enabling the SVM to fit more complex relationships.

Tuning these hyperparameters is essential to optimising the performance of an
SVM model. Techniques such as grid search or randomised search, often combined
with cross-validation, can help identify the optimal hyperparameter values for a

specific dataset.
Random Forests Overview

Another popular supervised methodology is Random Forests [114], which combines
the output of multiple Decision Trees [115], a more traditional machine learning
model, to reach a single result. Since the Random Forest consists of multiple De-
cision Trees, describing the decision tree algorithm will be helpful first. Decision
trees start with a fundamental question, for example "Is anyone home?", after-

wards you can ask a series of questions to get to the decided answer, "Are the
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lights off 7" or "Is the water tap running?". These questions make up for the de-
cision nodes in the tree, splitting the data that are more homogeneous in terms of
their target class/answer. Information gain is the metric of homogeneity, which is
a measure that quantifies how much the entropy of the dataset is reduced because
of this particular split on a feature (water running, lights on/off). Each question
directs us to the final answer or decision, which would be chosen by the leaf node.
A decision tree calculates the information gain for each potential feature it could
split on. The feature that results in the highest information gain is chosen to
create the decision node. The feature with the highest information gain leads to
the greatest reduction in entropy after the split. This means the resulting subset,

after the split of the data, is more homogeneous in their decision/class.

When using a decision tree to analyse data, observations that meet certain criteria
will follow the "Yes" branch, while those that do not will follow an alternate path.
The goal of decision trees is to find the most effective way to divide the data
into smaller subsets, and typically, the Classification and Regression Tree (CART)
algorithm is used to train them. Metrics, like mean square error (MSE), can be

used to evaluate the quality of the division [115]

Decision trees are a frequently utilised supervised learning technique, but they
may encounter issues such as bias and overfitting. Nevertheless, the random forest
algorithm can generate more precise predictions when multiple decision trees form
an ensemble, especially when the trees are uncorrelated with one another. Some
classifiers, such as decision trees, include ensemble learning methods, and their
predictions are combined to determine the most popular result. The two most
popular ensemble methods are bagging (bootstrap aggregation) and boosting. In
1996, Leo Breiman introduced the bagging method, which involves selecting a
random sample of data from a training set, allowing individual data points to
be selected more than once. Several models are then trained independently on
the generated data samples, and depending on the task type (classification or
regression), the predictions’ majority or average provides a more accurate estimate

[116]. This technique is frequently used to decrease variance in a noisy dataset.
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The random forest algorithm is a method that uses both bagging and feature
randomness to create an independent forest of decision trees. Feature randomness
generates a random subset of features, also known as feature bagging or "the
random subspace method" [114], which ensures that the decision trees are not
strongly correlated. This is a crucial difference between decision trees and random
forests. Instead of considering all possible feature splits, random forests only select
a subset of those features. In the "Is anyone home?" example, the questions I ask
to make the prediction may not be as comprehensive as someone else’s questions.
Considering all possible variations in the data could reduce the risk of overfitting,

bias, and overall variability, resulting in more accurate predictions.
K-Nearest Neighbours Overview

Another simple supervised learning classification algorithm is the k-nearest neigh-
bours algorithm, known as KNN or k-NN. KNN is a non-parametric classifier
trained on the class labels assigned based on a majority vote and is frequently rep-
resented around a given data point [117]. In a binary classification, in which K is
equal to two, for example, "Is anyone home?", if the majority voting is more than
50% towards "Yes", that means this data point is "closer", based on the "voting"
to the "Yes" training data. The percentages will vary based on the number of
classes that are had. For example, if five classes are available, which means k is
equal to five, more than 20% will be looked at and so on. Regarding audio clas-
sification, the KNN algorithm was used in combination with a pre-trained deep
learning model to create a more robust model. Embedding features were extracted
using the VGGish model [118] from the audio, and afterwards, those embedded

features were used to train the KNN algorithm.

The aim of the KNN algorithm is to identify the nearest neighbour of a given point
by assigning a class label to that point. To achieve this, a distance metric must
be defined that shows us the nearest neighbour. A distance metric is an objective

score summarising the relative difference between two data points.

The most popular distance matrices are
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Euclidean Distance [119]

Hamming Distance [120]
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Manhattan Distance [121]
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Minkowski Distance [122]
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The most commonly used distance is Euclidean distance. It measures a straight
line between the new unknown point and the class-labelled point to get the dis-
tance. Hamming distance calculates the distance between two binary or string vec-
tors, identifying the points where the vectors or strings do not match. Manhattan
distance, also called taxicab distance, calculates the absolute value between two
points. And lastly, Minkowski Distance is a combination of Euclidean and Man-
hattan distance metrics. Choosing distance metrics can be tricky, and sometimes,

trial and error must be done to get the best for the specific problem.

2.4.3 Datasets

In the domain of smart home care homes, where the focus is audio sensing, there
are a limited number of datasets that could be used. As mentioned before, it is

challenging to collect data on a new smart care home environment because labelling
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is time-consuming and expensive. The alternative solution is to use public datasets
that have been collected and labelled by other researchers for analysis. In a perfect
scenario, data collection will take place have collected data from the selected home
environment using multiple microphones and use those data to train our models
for classification, voice activity detection, speech separation and further analysis.
This scenario is not always plausible, and that’s why the use of public assets is

very popular in this domain.

2.4.3.1 Public Datasets

There are numerous audio datasets collected and utilised by researchers across var-
ious domains. At times, researchers may require a subset of these large datasets,
such as the smart care home environment, to fit the needs of their indoor envi-
ronment domain. AudioSet dataset [123] is based on videos that are uploaded
on the YouTube website. For AudioSet the labelling is done based on the name
and description of the videos without start and stop times, which is called weakly
labelling. Using a dataset that is weakly labelled is not optimal because a video
might have extra sounds that are not correlated to the title or subtitle of the video.
Having a large dataset with weak labels is useful when researchers need to train a
deep-learning model on a large amount of data. For supervised classification, hard
labelled data are preferred but in this previous study [124], this research group
used weakly labelled data to train an attention neural network and they had great

results.

Training with the whole AudioSet dataset is not very practical, can take a lot of
time and it can be computationally expensive. This is how the Freesound Dataset
50K (FSD50K) was created [125], a benchmark dataset based on a smaller number
of classes and audio files as a subset from the AudioSet. The creators of the
FSD50K also created a baseline for audio classification challenges based on their
dataset, hoping that more researchers will use it and develop new methods for

audio classification using FSD50K.
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TUT dataset |79] is also created to be part of an Audio Classification Challenge,
called DCASE, to bring researchers together and test their audio classification
skills [126]. TUT Acoustic Scenes 2017 dataset includes audio recordings from
15 distinct acoustic environments. Each acoustic scene consists of 3-5 minutes of
audio recorded in various locations. The acoustic scenes included in the dataset
are bus, cafe/restaurant, car, city center, forest path, grocery store, home, lakeside
beach, library, metro station, office, residential area, train, tram, and park. This
is not an enormous dataset, compared to AudioSet, which is very useful for re-
searchers to use and train their machine-learning models without needing multiple

expensive graphics cards.

One of the most widely used benchmark datasets is ESC-50 [127]. It contains
2,000 labelled environmental audio recordings suitable for testing environmental
sound classification methods. The dataset is composed of 5-second-long recordings,
categorised into 50 semantically different classes, each containing 40 examples.

These classes are further organised into 5 major categories.

Table 2.2: ESC-50 Classes

Animals | Natural sound- | Human, non- | Interior/ do- | Exterior/
scapes water | speech sounds mestic sounds | urban
sounds noises

Dog Rain Crying baby Door knock Helicopter

Rooster | Sea waves Sneezing Mouse click Chainsaw

Pig Crackling fire Clapping Keyboard Siren

typing

Cow Crickets Breathing Door,  wood | Car horn

creaks

Frog Chirping birds | Coughing Can opening Engine

Cat Water drops Footsteps Washing Train

machine

Continued on next page
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Table 2.2: ESC-50 Classes (Continued)

Hen Wind Laughing Vacuum Church bells
cleaner
Insects Pouring water Brushing teeth | Clock alarm Airplane
(flying)
Sheep Toilet flush Snoring Clock tick Fireworks
Crow Thunderstorm Drinking, Glass breaking | Hand saw
sipping

One of the most important datasets for our project was the speech dataset. In
a domestic environment, conversations are likely to take place where an elderly
person lives alone or with a caregiver, whether on the phone, with neighbours
through the window, or with visitors. Speech is considered a natural part of human
life. However, concerns might be raised regarding continuous audio recording
for a smart home, as discomfort may be felt by those living in the home about
being recorded. This socio-ethical issue requires further discussion. The goal is
to utilise speech, along with background noise from the domestic environment, for
the detection and classification of activities. It is pursued to determine whether
speech can be removed while still allowing for the detection of changes in activities

for further analysis.

After evaluating multiple speech datasets, the LibriSpeech dataset [128] was par-
ticularly useful for our needs. It contains hundreds of audio recordings of books
read by volunteers, spoken clearly and loudly. This dataset provides us with the
opportunity to use speech from multiple speakers, both male and female, which
can be synthesised with background audio for tasks such as speech classification,

removal, and voice activity detection.

By combining this dataset with others, a robust multi-purpose dataset that in-
cludes information on the number of speakers, the number of days of activity, and
the percentage of audio versus speech in terms of loudness (measured in decibels)

can be created.
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In audio recording scenarios, it is common to have foreground and background
sounds. However, in a smart care home setting, where a microphone may be
near a television or a bedside, the distinction between foreground and background
sound may not always be straightforward. For example, the sound of speech may
be considered background noise if it is spoken softly while there is a louder sound

in the foreground.

2.4.3.2 Real Deployments

Using public datasets to research and develop machine learning models is a great
achievement. However, having a real deployment that collects real audio data
alongside other types of data is unmatched. Using these data, any researcher can
develop a model that works in similar or the same environments where the data
were collected. In a perfect scenario, a small data collection would take place at
the same smart home where the machine learning model would be deployed and

collect data from that smart home.

Another option is to collect data in a similar home environment and use that data
to train the model before deploying it in similar home environments. However,
different background sounds and sound reflections will always depend on the walls,

flooring, carpets, hardwood flooring, or marble used in each environment.

Sound INterfacing through the Swarm (SINS) Dataset [103] is a real deployment
that consists of daily activities in a home environment. During a week-long ex-
periment, an individual resided in an environment without simulated predefined
scenarios, and their activities were recorded, including when they were absent, had
visitors, or were working on a computer. The recorded scenarios included being
absent, such as getting groceries and going for a walk. Although there was no
restriction on the activities being performed, the number of labelled activities was

limited, as indicated in Table 2.3.

In total, five different rooms were annotated with 16 different activities. Figure

2.2 shows the floor map of the recording environment and each room and table 2.3
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Toilet
Bedroom Bathroom
Hallway
Living Kitchen
Room

FIGURE 2.2: SINS Dataset Floor Map of the Recording Environment

lists each room’s different activities. "Working" contains recordings of the person
working on a computer, while "Other" represents the presence of a person not
performing any activity listed in Table 2.3. Examples of recordings included in
the "Other" activity are transitions between activities or the time between entering

the room and starting an activity.

The dataset is strongly unbalanced, reflecting the imbalance of various activities
in daily life. For example, activities such as "Absence" and "Watching TV" are 10
to 30 times longer in terms of total duration than the shortest activities, such as
"Vacuum cleaning" and "Other." This ratio is even more significant for the other
rooms. The acoustic sensor network setup consists of thirteen sensor nodes, each
with four low-cost microphones, distributed across five rooms. The living room
has eight nodes, the bathroom has one, the hall has one, the bedroom has two,

and the toilet has one.

The SINS dataset annotation was performed in two phases. First, during data
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collection, the monitored participant used a smartphone application to annotate
the activities while being recorded. The participant could only select activities
listed in Table 2.3. The application was easy to use and did not significantly
influence the transition between activities. Secondly, annotation software refined

each activity’s start and stop timestamps.

TABLE 2.3: Activities recorded in SINS Dataset for each room

Living Bathroom Hallway Toilet Bedroom
Room

Phone call Drying Vacuum Toilet visit | Dressing
Cooking with towel Other Vacuum Sleeping
Dishwashing Shaving Absence Absence Vacuum
Eating Showering Other
Visit Toothbrushing Absence
Watching TV | Vacuum

Working Other

Vacuum Absence

Other

Absence

Privacy-related aspects were taken into consideration during the data post-processing
and sharing, as multiple people visited the home during the experiment, and the
people’s conversations during the "Phone call" activity were partially recorded.
The database and annotation are publicly available [129], and all participants

provided written informed consent.

Each audio channel was sampled sequentially at 16 kHz with a bit depth of 12.
The acquired data was sent to a Raspberry Pi 3 for data storage. The data was
stored in chunks of one minute and timestamped. Timestamps were obtained
based on a Network Time Protocol (NTP) for rough synchronisation between the

sensor nodes, with a sample accuracy of approximately 500 ms.
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2.4.4 Deep Learning Applications
2.4.4.1 Introduction

Deep Learning is an advancement of Machine Learning techniques that aim to
solve more supervised or unsupervised problems. The differentiating part of deep
learning methodologies from machine learning is that they can be more complex in
terms of computation and also the size of the dataset they can accommodate. Deep
learning models can be trained on massive datasets to interpret audio and images,
predict patterns and generate information [130]. This section will discuss various
applications in deep learning related to acoustic sensing in a home environment

and what methodologies were used.

Previously, multi-sensory approaches were used to support healthcare homes, aim-
ing to classify activities in the home environment based on a fusion of sensory data
collected from motion and smart devices [73]. The applications that were discussed
in this section focus on audio as a modality and their ability to be used in a home
environment to support the elderly. Most deep learning methodologies were imple-
mented in Computer Vision and later adapted to work with audio data. The audio
data are usually processed as a raw waveform or transformed into the frequency
domain before applying the appropriate methods. The form of the data that is
utilised by each methodology will be discussed. Convolutional Neural Networks
(CNN) are being explored for automatic speech recognition, with the capability
to predict the context of conversation through acoustic signals [131]. The CNN
model is also employed for human activity recognition [132], allowing for the de-
tection of various human activities, as well as for Acoustic Scene Classification to
identify different environments. Long Short-Term Memory Networks (LSTM) and
Transformers have also been utilised for Acoustic Scene Classification tasks [133].
Finally, the speech separation task will be discussed, which incorporates various

deep learning methods, including AutoEncoders [134].
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2.4.4.2 Speech Recognition

Speech recognition is a complicated task in which a deep learning model tries to

define the context of speech in an audio stream. Previous attempts at solving

this problem were made using a deep neural network. A deep neural network

(DNN) is a feed-forward neural network with more than one hidden layer. Each

hidden layer has a number of neurons, each of which takes all outputs of the lower

layer as input, multiplies them by a weight vector, sums the results and passes
1

it through a non-linear activation function such as sigmoid o(z) = ——, tanh

1+e=%7
tanh(z) = =% or ReLU f(z) = max(0, z).

ef+e T

T

Abdel-Hamid, O. et al. [131]| suggested deploying an alternative deep learning
methodology for speech recognition on the TIMIT dataset [135] and large vo-
cabulary voice search (VS) task [136] with better performance. Their proposed
methodology uses Convolutional Neural Networks (CNN) instead. CNN is a type
of neural network that differs from the standard version. CNN, instead of using
fully connected hidden layers, utilises a unique structure consisting of convolution
and pooling layers that alternate. The feature extraction of the audio signal that
needs to be done for working with CNNs will now be described, along with an
explanation of what the CNN method is. Afterwards, the datasets and their usage

will be revisited.

To use the CNN for pattern recognition, the input data should be arranged as a
set of feature maps that will be the input for the CNN. This method was borrowed
from image processing applications where it is natural to arrange the input as a
two-dimensional (2-D) array, which includes the pixel values at the horizontal x
and vertical y coordinate indices. RGB (red, green, blue) values are three distinct
2-D feature maps for colour images. At both training and evaluation, CNNs run
a small window over the input image, allowing the network’s weights that look
through this window to learn from various features of the input data, regardless

of their absolute position within the input.
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Moving back to speech recognition, To process speech using CNNs, the feature
vectors need to be organised into feature maps. The input image can be considered
a spectrogram without using RGB (red, green, blue). The authors [131] suggest
that a single CNN input window contains a lot of context (9-15 frames) when
it comes to speech. However, frequency’s challenging due to the conventional
use of MFCCs. The discrete cosine transform (DCT) used in MFCCs projects
spectral energies into a new basis that may not retain locality. As shown in figure
2.3, the authors utilised log energy obtained directly from mel-frequency spectral
coefficients (MFSC features) instead of MFCCs to address this issue. They also
included their deltas and delta-deltas to describe each speech frame’s acoustic

energy distribution in different frequency bands.

Input Speech ISTET? Spectrogram
Signal
Mel-scale
filtering
Extracted Loa-
PO com rgssion
features Log-Mel P Mel-frequency
features spectrogram

FIGURE 2.3: Extraction process of mel-frequency spectral coefficients (MFSC)
features

The MFSC features are organised as one-dimensional (1-D) feature maps (along
the frequency band index). For example, if the window contains 15 frames and
40 filter banks are used for each frame, 45 were constructed (i.e., 15 times 3) 1-D
feature maps, each with 40 dimensions. As a result, a one-dimensional convolution

will be applied along the frequency axis.

After the input feature maps are created, the convolution and pooling layers per-

form their respective operations in sequence to produce the activations of the units
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in those layers. The units of the convolution and pooling layers can also be grouped
into maps similar to those of the input layer. In CNN terminology, a single CNN
"layer" usually refers to a successive pair of convolution and pooling layers, as

shown in the figure 2.4.

\
-

Output

Max-pooling

Spectrogram as
Input

Convolution

FIGURE 2.4: An illustration of the CNN applied to MFSC features of the speech
signals.

The two datasets, TIMIT dataset [135] and large vocabulary voice search [136], use
similar analysis methods. The audio signal is analysed using a 25-ms Hamming
window with a fixed 10-ms frame rate. Speech feature vectors were generated
by a Fourier-transform-based filter bank, which includes 40 log energy coefficients
distributed on a mel scale, along with their first and second temporal derivatives.
Each vector dimension of the speech data was standardised to have a mean of zero

and a variance of one.

TIMIT training dataset consists of audio files from 462 speakers and a separate
development set of 50 speakers. The development set was used to train all meta-
parameters, including learning schedules and multiple learning rates. The test set
consisted of 24 speakers and did not overlap with the development set. MFSC
features were used in addition to the log energy feature per frame. The log energy
was normalised to have a maximum value of one and then normalised to have a
zero mean with unit variance over the whole training set. For this experiment,
one convolutional layer, one pooling layer and two fully connected hidden layers

on the top were used. The fully connected layers had 1000 units in each. The
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convolution and pooling parameters were pooling size of 6, shift size of 2, filter size
of 8, and 150 feature maps for full weight sharing. The authors obtained minor
differences in performance from the previous deep neural network methodology
compared to using one convolutional layer. On the other hand, their results showed
that using two convolutional layers tends to have great improvement. The overall
performance of CNN configuration gave an 8% relative reduction in phone error

rate compared to a deep neural network.

The voice search dataset contains 18 hours of speech data for vocabulary speech
recognition. The deep learning model for this dataset utilised by CNN was es-
tablished with two bigger hidden layers, each containing 2000 units. The initial
15 epochs were executed with a learning rate of 0.08, which was followed by 10
additional epochs with a decreased learning rate of 0.002. The CNN layer utilised
limited weight sharing and had 84 feature maps per section. Its filter size was 8,
the pooling size was 6, and the shift size was 2. The method Abdel-Hamid, O.
et al. [131] showed performance improvement at 6% at word error rate from a

standard deep neural network.

The methodology utilising CNNs for speech recognition was highly effective in
accurately transcribing spoken words from audio streams. This success can be
attributed to the use of appropriate feature extraction techniques, which allowed
the system to process and analyse the audio data in a manner that enabled accurate
recognition of speech patterns and phonemes. Overall, this approach proved to be

a reliable and efficient means of converting audio input into text output.

2.4.4.3 Human Activity Recognition

Human Activity Recognition (HAR) was previously conducted with the assistance
of various sensors, such as accelerometers and gyroscopes, which can be found
in smartphones or wearables like smartwatches [137, 138|. In a previous study,
it was observed that researchers utilised accelerometer data [139] collected from
smartphones to build a deep learning model aimed at HAR for the elderly. Their

architecture consists of feature extraction from the accelerometer data and then



99

using a feed-forward neural network with 3 hidden layers for training and predict-

ing human activity.

Using a smartphone or wearable device makes sense because these devices are very
versatile and equipped with multiple sensors. Zerkouk et al. [140] utilised a public
dataset of smartphone accelerometer data. They trained an Autoencoder-CNN-
LSTM model to identify and predict abnormal behaviours of elderly individuals
accurately. As the elderly population continues to grow, so does the need to mon-
itor their health and well-being. While smartphones and wearables have become
popular tools for tracking health data, they may not be the most suitable option
for some adults, particularly those who suffer from cognitive deterioration such as

dementia.

In these cases, alternative options for collecting passive data should be explored.
For instance, the Internet of Things (IoT) is a very popular domain and can be
explored further [141]. In an IoT or smart home environment, sensors are placed
around the home and can provide insight into a person’s daily activities, such as
how much they move around, how often they go to the bathroom, or whether they
eat and drink regularly. These data can then be collected and analysed to identify

any changes or concerns requiring attention.

By using non-intrusive data collection methods, caregivers and healthcare special-
ists can better monitor the health and well-being of the elderly without disrupting
their daily lives [142]|. This can lead to earlier detection of health issues and more
effective interventions, ultimately improving the quality of life for seniors and their

families.

2.4.4.4 Acoustic Scene Classification

Acoustic Scene Classification had a great interest, and research communities, like
the Detection and Classification of Acoustic Scenes and Events (DCASE) Chal-
lenge [143], motivated researchers to get more involved in the complications of this

task. In 2013, the DCASE Community released an acoustic dataset with one or
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more tasks as a challenge and in 2016, DCASE released a yearly challenge with
open-source datasets for everyone to try to solve the task. Researchers worldwide
can download the acoustic dataset and apply various forms of computation to solve

the task.
An example research paper from DCASE 2016 was implementing a CNN model
for acoustic scene classification [144]. This study used the TUT Acoustic Scenes
2016 dataset |79], comprising 15 audio classes. The audio classes are:

e beach

e bus

e cafe/restaurant

e car

e city center

e forest path

e grocery store

e home

e library

e metro station

e office

e park

e residential area

e train and tram

The recordings were gathered from various places, mostly in Finland. They used a

sampling rate of 44.1 kHz and a resolution of 24 bits. Each location was recorded
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for 3-5 minutes and the original recordings were divided into 30-second parts.
For audio pre-processing, the authors utilised Constant-Q-Transform (CQT) [145].
CQT is a time-frequency representation characterised by geometrically spaced fre-
quency bins and equal Q-factors, which are the ratios of the centre frequencies to
bandwidths for all the bins. The CQT is essentially a wavelet transform, which
means that the frequency resolution is better for low frequencies and the time res-
olution is better for high frequencies. Using the TUT dataset, a 30-second input
file results in 31 CQT excerpts of shape 80 bands x 82 frames. The CNN model
was trained using the CQT excerpts of shape 80 x 82. Throughout the training
process, multiple training examples are taken from segment-wise CQT extraction
of all the files present in the training set during each epoch. The CNN layers were
followed by a Max Pooling Layer, which performs sub-sampling of the matrices

that are output after applying the the filter kernels for the CNN model.

Weights are learned in a filter kernel that has a specific shape. To apply these
filter kernels to the input data, the authors used 32 filters. These filters are applied
through convolution, which involves multiplying the filter kernel with an equally
size portion of the input image. After this, the filter kernel window is moved
sequentially over the input data, usually from left to right and top to bottom,
producing an output of either equal size (when padding is used at the borders) or
reduced by the filter length minus one on each axis (when no padding is used, and

the filter kernel is kept inside the borders of the input).

The pipeline’s purpose is to capture relationships between frequencies. To achieve
this, it uses filter kernel sizes of 14x15 and sets the Max Pooling size to 1x17. As
a result, the filtering step produces 32 matrices that are 67x68 in shape. These
matrices are then "pooled" to create 32 matrices that are 67x4 in shape. By pool-
ing the matrices, more information on the frequency axis is preserved compared
to the time axis. The complete network has 4,126,223 parameters, which hints at

the power of Convolutional Layers.

The Gaussian Mixture Model (GMM) classifier was used as the baseline system,

which utilises MFCC audio features. These features are calculated by using frames
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of 40 ms with a Hamming window and 50% overlap. The system extracts 40 Mel
bands, but only retains the first 20 coefficients, along with delta and acceleration
coefficients, amounting to 60 values in total. To classify, the system learns one
acoustic model for each acoustic scene class (GMM with 32 components) and
employs a maximum likelihood classification scheme (expectation maximisation).
The average classification of the authors’ proposed method’s accuracy over 4 folds

is reported to be 72.5%.

Another methodology that was developed because of a DCASE task from 2019 was
proposing to tackle the sound event detection task [146]. The authors chose to use
a combination of CNN and Long Short-Term Memory Networks (LSTM) for this
purpose. For this study, TAU Spatial Sound Events 2019-Microphone Array [147]
Dataset was used. The TAU dataset was recorded with a four-channel directional
microphone. This allows the dataset to gather sound data from all directions. The
dataset consists of development and evaluation sets, containing 400 sound clips.
Each clip has four channels of recording waveforms, along with its corresponding
CSV file containing the recording of sound events that took place during the clip.
The CSV file also includes the starting and ending time of each sound event, as
well as the azimuth and pitch angle of the direction from which the sound source

originated.

For the audio pre-processing, the authors extracted features at a sampling fre-
quency of 32000Hz, used 1024 Mel filters and FF'T points, 64 Mel bins, and divided
each second into 64 units. They obtained the Log-Mel spectrum by calculating
the STFT result.

An 8-hidden-layer ply comprising a CNN layer followed by a Max Pooling layer
was utilised, followed by a dropout layer and an LSTM layer. Because of the
CNN, it can understand spatial features and an LSTM is designed to handle se-
quential features. LSTM discovers time-dependent patterns, learning how features
change from moment to moment. LSTMs achieve this through a gating mecha-

nism consisting of a forget gate, input gate, and output gate. These gates regulate
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information flow within the LSTM cell. The forget gate determines what informa-
tion to discard from the previous cell state, the input gate controls the extent to
which new information is added, and the output gate modulates the information
flow from the current cell state to the network’s output. This architecture allows

LSTMs to learn long-term dependencies in sequential data effectively.

The authors used an Adam optimiser and 50 epochs to observe the change in error
rate. After 15 epochs, the trainer converged to a more stable situation. Their
methodology of combining CNN and LSTM showed a detection accuracy of 85.2%
and an F-1 score of 90.4%.

Deep Learning models, such as CNN and LSTM, showed great potential in the
acoustic space. However, a massive labelled dataset is needed to train those models
without overfitting. The Transfer Learning approach can be utilised for scenarios
where collecting a lot of labelled data is not feasible. One example of a limited data
scenario is a study done with crowd-sourcing sound data for automatic diagnosis of
COVID-19, where users used a smartphone application to collect audio recordings
[77]. The authors used transfer learning for their approach. A pre-trained model
VGGish was used to extract embedding features alongside handcrafted features,
for example, the temporal differential (delta) of the A-MFCC, A2-MFCC: the
differential of the delta of the MFCC (acceleration coefficients). Afterwards, the
authors split participants into 80/20 disjoint train and test set, and they trained
a Support Vector Machine (SVM) classifier with a Radial Basis Function (RBF)
kernel based on the hand-crafted and features extracted from the VGGish pre-
trained model with a Precision 80% and Recall of 72%.

2.4.4.5 Speech Separation

Speech Separation is a long-lasting challenge, where the goal is to identify one
source of audio or speech from multiple sources [148]. This effect is called "the
cocktail party effect", where multiple people speak simultaneously, but we, hu-

mans, can focus on one source and dim down the other audio sources. The speech
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Separation task is a more advanced task nowadays when the complication of multi-
ple speakers, from 2 to 8 speakers, was added in the mix, with multiple background

sounds.

The research paper that got a lot of attention is called Attention is All You Need
[149], where the authors discussed that the attention mechanism can be utilised
for many deep learning tasks, not just Natural Language Processing. Afterwards,
Subakan, C. et al. [150] proposed a new neural network called the SepFormer for
speech separation based on Transformers instead of Recurrent Neural Networks. It
uses a multi-scale approach to learn both short and long-term dependencies. The
model has been trained on standard WSJ0-2/3mix datasets [151] and has achieved
state-of-the-art performance. The SepFormer (Separation Transformer) model is
primarily made up of multi-head attention and feed-forward layers. The dual-
path framework was utilised, as introduced by DPRNN [152], and has substituted
the RNNs with transformers. The proposed pipeline is capable of both short
and long-term dependencies. The dual-path framework helps reduce transformers’

quadratic complexity by allowing them to process smaller chunks of data.

Eliminating previous RNN models’ recurrence and replacing it with a fully attention-
based mechanism enables Transformers to avoid this bottleneck completely. By
accessing the entire sequence simultaneously, Transformers can establish a direct
connection between distant elements, making it easier to learn long-term depen-
dencies [153]. This is why Transformers are becoming increasingly popular in

speech processing.

Subakan, C. et al. [150] proposed the SepFormer model, which utilises a masking
approach and consists of an encoder, a decoder, and a masking network. The
encoder is fully convolutional, and the masking network employs two Transformers
that are embedded within the dual-path processing block, as proposed in [152].
By utilising the masks predicted by the masking network, the decoder is able to
reconstruct the separated signals in the time domain. SepFormer model is available
for other researchers to download and use online through the SpeechBrain toolkit

[154].
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The novelty of the SepFormer from previous Speech Separation models is the
attention mechanism. The benefit of the attention mechanism is understanding
each section of the audio stream based on its surrounding audio sections. An
example of how the attention mechanism works in natural language processing
(NLP). Using the attention mechanism, the model can understand the meaning
of a word based on the rest of the sentence. BERT, a transformer model that
is utilised in NLP [155], uses a process of contextual analysis to understand the
meaning of words in a sentence. In this example, "He got bit by Python," BERT
analyses the relationship between each word in the sentence to grasp its contextual
meaning. To understand the context of the word "Python", BERT examines the
word in relation to all other words in the sentence. As shown in figure 2.5, BERT

understands that "Python" in this sentence refers to something that can bite.

He He

got ot

bit E"

by by
Python Python

F1GURE 2.5: Example one: Relationship of word Python with the rest of the
sentence

Another example, shown in figure 2.6, is "Python is a programming language",
where the word "Python" has a different meaning and can be matched with the

word "programming."

Regarding multi-head attention, the model goes through all the words and checks

their relation with the rest of the sentence. Going back to SepFormer [150], as
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Python Python

s IS

my my
favourite favourite
language language

FIGURE 2.6: Example two: Relationship of word Python with the rest of the
sentence

mentioned earlier, the model consists of an encoder, the masking network and
the decoder. The encoder takes in the time domain audio signal as input, which
contains audio signals from multiple speakers. Then, the model is trained on

STFT-like representations using a single convolutional layer h = ReLU (convld(x).

The second part is the masking network. It uses the encoded representations
from the encoders and estimates a mask for the Ns speakers in the mixture. The
encoded input A is normalised with layer normalisation and processed by a linear
layer with dimensionality F. Then, the authors created overlapping chunks of size
C by chopping h in the time axis with a 50% overlap. Afterwards, the authors
denoted the output of the chunking operation with »’ € RF*¢*Ne ' is the length
of each chunk, and N¢ is the number of chunks. A’ is fed into the SepFormer
block, which is the main component of the masking network. The output of the
SepFormer block is processed by Parametric ReLU (PReLU) activation followed
by a linear layer. Then, the representation goes through two feed-forward layers
and a ReLU (f(z) = max(0, z)) activation at the end to obtain the mask for each

speaker.

The decoder ultimately employs a transposed convolution layer that shares the
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same stride and kernel size as the encoder. To decode, the decoder takes the
element-wise multiplication of the mask of the source k£ and the output of the
encoder h as input. The transformation of the decoder denotes the separate source
k. This now is the pipeline SepFormer uses to separate multiple overlapping

speakers from the audio signal.

SepFormer was trained with WSJO0-2mix dataset [151]. WSJ0-2mix is generated
from the Wall Street Journal (WSJ0) audio set. The dataset consists of 30 hours
of training data, 10 hours of validation data and 5 hours of test data at 8 kHz
sampling rate. Each mixture in the dataset is artificially generated by randomly
selecting different speakers from the corresponding set. The speakers are then
mixed at a random relative signal-to-noise ratio (SNR) between -5 and 5 dB.
The proposed architecture, SepFormer, demonstrates exceptional performance on
the test set with dynamic mixing, achieving an improvement of 22.3 dB in scale-
invariant signal-to-noise ratio (SI-SNR) and 22.4 dB in signal-to-distortion ratio
(SDR) [156]. When utilising dynamic mixing, the SepFormer achieves a state-of-

the-art performance, setting a new benchmark in the field.

Deep learning models, like SepFormer, are made to separate overlapping speakers
into two audio signals that consist of speech data from each speaker. In a home
environment, the most common situation is background noise with speech from the
occupant. The task should focus on separating background domestic noise from
the speech, and models like SepFormer that focus on multiple-speaker separation
will not be the most appropriate. In the past, we've seen various applications, such
as Speech Enhancement, which could be closer to our goal. Facebook Research
group created a deep learning model called Denoiser [157], which eliminates all the

background noises and enhances speech audio data that come from one speaker.

The Denoiser model [157] uses a DEMUCS architecture [158] adapted for speech
enhancement. DEMUCS architecture is an Auto Encoder model that incorporates
U-Net [159] like skip-connections. The model consists of a multi-layer convolu-

tional encoder and decoder. The layers of the encoder and decoder are assigned
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numbers, starting from 1 and going up to L. For the decoder, layers on the same

scale have matching indices with the encoder in reverse order.

Speech Waveform with
Waveform with Enhancement denoised Speech
Background noise and Model

Speech

FIGURE 2.7: DEMUCS Architecture

Denoiser uses an audio signal in the waveform to remove noise from the speech
signal and returns it back to the waveform in a single channel. The latent repre-
sentation E(z) = z is produced by the encoder network E, which takes the raw
waveform as input. Each network layer comprises a convolution layer with a kernel
size of K and stride of S, with 2"'H output channels. This is followed by a ReLU
activation, a "1x1" convolution with 2°H output channels, and finally, a Gated
Linear Unit (GLU) activation [160] that converts the number of channels back to
2i-1H,

A sequence modelling R network takes the latent representation z as input and out-
puts a non-linear transformation of the same size, denoted as z, R(z) = LSTM (z)+
2. The LSTM network comprises two layers and 2X~'H hidden units. A unidirec-
tional LSTM ensures causal prediction, while a bidirectional LSTM is preferred

for non-causal models. Both outputs are merged using a linear layer.

The final component in the system is a decoder network, denoted by D, which takes
a corrupted signal’s estimated latent representation, 2z, as input and produces a
clean signal estimate, §. Each layer of the decoder network takes 2°"'H channels
as input, applies a 1x1 convolution with 2°H channels, then a GLU activation
function that outputs 2-'H channels, and finally a transposed convolution with

a kernel size of 8, stride of 4, and 2"2H output channels with a ReLU function.

The output of the final layer is a single channel with no ReLLU. A skip connection
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links the output of the i-th layer of the encoder to the input of the i-th layer of
the decoder.

The DEMUCS model was trained for 400 epochs on the Valentini dataset [161]
and 250 epochs on the DNS dataset [162] by the authors. The L1 loss between
the predicted and ground truth clean speech waveforms was used. Additionally,
the authors added the STFT loss for the Valentini dataset. The STFT loss was
given a weight of 0.5. The authors used the Adam optimiser with a step size of
3e-4, a momentum of S1 = 0.9, and a denominator momentum 52 = 0.999. For
the Valentini dataset, the original validation set was used, and the best model
was kept. For the DNS dataset, the authors trained the model without using a
validation set and kept the last model. The audio was sampled at 16 kHz.

The input was normalised by its standard deviation before feeding it to the model,
and the output was scaled back using the same factor. The process audio had a
frame size of 37 ms and a stride of 16 ms. Random shift and Remix augmentation
shuffle and SpecAug [163] are used for audio augmentation. Lastly, the DEMUCS
model, a state-of-the-art architecture developed for music source separation in the
waveform domain, could be used for a casual speech enhancer. With state-of-the-
art results on standard Valentini benchmark. By incorporating additional data
augmentation techniques during the training phase, the performance of the speech
enhancement model can be improved. An Automatic Speech Recognition model

performance can be improved using this methodology in noisy conditions.

Various deep learning applications that come close to achieving our goal were
mentioned, but they are not exactly tailored to it. For instance, SepFormer [150]
can separate multiple speech signals that overlap with each other to identify the
context of each speech. On the other hand, the Denoiser model [157] uses an
architecture commonly used in music to separate different audio sources. The
denoiser model’s purpose is to eliminate any background noise from speech audio
data, which improves the accuracy of Automatic Speech Recognition. However,

in our case, our objective is to enhance the background sound and extract speech
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from the audio signal, ensuring that the occupant’s privacy is maintained in an

acoustic environment.

2.5 Conclusion

This literature review delved into the health context of elderly individuals living
independently at home. Additionally, it investigated how dementia can impact
their daily habits and routines. To enhance the quality of life for the elderly, smart
solutions that utilize various digital devices, including smartphones, wearables, and

smart home devices, were presented.

Following this, the challenges faced by current methods when caring for the el-
derly living at home were examined. Issues surrounding wearable devices and the
collection of labelled data were identified. Furthermore, the difficulties associated

with curating large datasets with labels were highlighted.

Lastly, different types of audio sensing techniques, machine learning methodolo-
gies, datasets, and deep learning applications that can be used to address these
challenges were explored. This literature review provided a comprehensive sum-
mary of the existing research on the topic. Areas needing more focus were iden-
tified, such as monitoring changes in activities in an acoustic environment and
investigating privacy concerns related to the acoustic environment. The objective
of this work is to enhance the health and well-being of elderly individuals who live

independently in their homes.



Chapter 3

Datasets

3.1 Introduction

We are currently exploring the curation of datasets specifically for our research on
Tracking Daily Routines and Speech Preservation. To evaluate the effectiveness
of the proposed system, it is essential to collect data that reflects the dynamics of
daily life. Public datasets are required as well as data from real-world deployments
that can accurately replicate the home environment where our system will be
utilised. This will help ensure that the system operates efficiently in real-world

conditions.

For this experiment, two types of audio data were used:

e Background Data

e Speech Data

Background data from indoor environments is required to ensure accurate analysis.
This data can vary significantly from other audio data due to quieter atmospheres
and more distinct sounds, including footsteps on different types of flooring or the
opening and closing of doors and cupboards. Speech data collected from multiple
speakers is also required to investigate privacy preservation regarding speech.

71
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3.2 Public Datasets

For our study, various datasets are being utilised to accurately represent a real-
world deployment where the system will be used. This section provides a detailed
explanation of the data gathered from public datasets. This will offer a better
understanding of the nature of the experiments and the significance of the findings

that will be presented.

e For background sounds:

— Audio Set [123]
— Freesound Audio Tagging 2019 dataset [164]
— ESC-50 [127]

— SINS [129]
e For speech data:

— LibriSpeech [128]

The Audio Set [123] was created following the success of ImageNet [165]. The
Audio Set was created using the audio of videos uploaded on YouTube. It aims
to fill the gap in data availability between image and audio research. The dataset
uses a 6-level hierarchical structure, for example, "Sounds of things" — "Vehicle"
— "Motor vehicle" — "Emergency vehicle" — "Siren" — "Ambulance (siren)".
Audio Set consists of over 2 million audio clips of 632 audio classes. Segments of
10-second audio clips were selected for labelling using searches based on metadata,

context such as links, and content analysis.

The labelling process for Audio Set is carried out by analysing the metadata,
like title and description of videos, without considering the start and stop times.
This type of labelling is known as weak labelling. However, it may not always
be the best approach, as videos can have sounds that are unrelated to their title

or subtitle. Despite this limitation, having a large dataset with weak labels can
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prove helpful for training deep-learning models when a large amount of data is
required. Typically, hard-labelled data is preferred for supervised classification.
However, in a previous study conducted [124], weakly labelled data was used to
train an attention neural network, yielding promising results. Training using the
entire Audio Set dataset can be impractical, time-consuming, and computationally
expensive. Therefore, smaller benchmark datasets like ESC-50 [127] were created
to address this issue. These datasets have fewer classes and audio files, which were

selected as a subset from the Audio Set.

The Environmental Sound Classification (ESC-50) dataset [127] is a collection of
2,000 labelled environmental audio recordings extracted from a human-labelled
dataset called FreeSound 50K [125] and is one of the most widely used benchmark
datasets. FreeSound 50K is a subset of AudioSet, which was mentioned earlier.
The ESC-50 dataset is suitable for testing environmental sound classification meth-
ods and consists of 5-second-long recordings sampled at 16 kHz, categorised into
50 different classes, each containing 40 examples. These classes are further or-
ganised into 5 major categories, which are Animals, Natural Soundscapes, Human
Non-speech Sounds, Interior Sounds, and Exterior Noises. You can refer to Table

3.1 for more information on the different groups of classes in the dataset.
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Table 3.1: ESC-50 Classes

Animals | Natural sound- | Human, non- | Interior/ Exterior/
scapes water | speech sounds domestic urban
sounds sounds noises

Dog Rain Crying baby Door knock Helicopter

Rooster | Sea waves Sneezing Mouse click Chainsaw

Pig Crackling fire Clapping Keyboard Siren

typing

Cow Crickets Breathing Door, wood | Car horn

creaks

Frog Chirping birds | Coughing Can opening | Engine

Cat Water drops Footsteps Washing Train

machine

Hen Wind Laughing Vacuum Church bells

cleaner

Insects Pouring water Brushing teeth Clock alarm Airplane

(flying)

Sheep Toilet flush Snoring Clock tick Fireworks

Crow Thunderstorm | Drinking, Glass Hand saw

sipping breaking

The LibriSpeech Corpus [128| only includes speech audio and contains about 1000

hours of recorded audio, sampled at 16 kHz. Each audio clip represents a book

chapter, but if the chapter is longer than 30 minutes of audio recording, it is split

into multiple files. It is worth mentioning that this dataset is a part of the larger

project called LibriVox, which aims to create a comprehensive digital library of

public domain books. The LibriSpeech corpus was explicitly designed to cater to

the needs of researchers and developers working on speech recognition technologies

and has been used in various applications ranging from speech-to-text transcription

to speaker identification.
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A subset of the LibriSpeech Corpus was needed as part of the research. A dataset
consisting of 20 speakers was explicitly required. Since the full dataset was too
large, one chapter of 20 books was randomly chosen, resulting in speech data from

20 different speakers being collected for 30 minutes.

3.3 Real Deployments

Public datasets consist of audio data that were not collected through real deploy-
ment scenarios. Some data came from a large dataset captured from YouTube,
while others were recordings made by volunteers reading books. However, real
deployments are different. In these scenarios, microphones are installed in par-
ticipants’ homes and data are collected as they go about their daily routines.
Collecting this type of dataset can be time-consuming and burdensome for both

participants and researchers.

Moving forward, two types of deployments will be discussed. The first deployment,
collected by the European project SINS [166], has been granted access for use in
this study. The researchers created the second deployment, which involved two
stages of data collection, with some amendments made between the two stages. It
is assumed that the data received from these deployments will correspond to the

data that will be obtained when the proposed system is deployed in a new home.

3.3.1 Sound INterfacing through the Swarm (SINS) Dataset

In recent years, there has been a growing interest in developing smart environments
that cater to the needs of the elderly population [166]. These environments aim
to enhance the quality of life for the elderly in various aspects, such as safety,
security, comfort, and home care. However, traditional wearable systems or devices
that require carrying have not been found to be practical by elderly users [167].

Therefore, a passive smart system that can monitor and respond to the needs of
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the elderly without requiring any physical interaction should be more suitable for

this task.

In order to obtain a dataset from a passive smart system that is deployed in the
real world, the Sound INterfacing through the Swarm (SINS) Dataset [103] was
created. This dataset is derived from a real-world deployment that captures daily

activities in a household environment.

Throughout a week-long experiment, an individual lived in a home environment
without any predefined activity scenarios. Instead, the person’s actual activities
were recorded, including times when they were absent, had visitors, or were work-
ing on a computer. The recorded scenarios included being absent (e.g. getting
groceries and going for a walk). Although there was no restriction on the activi-
ties being performed, the number of labelled activities was limited, as indicated in
Table 3.2. In total, 16 different activities were annotated in five different rooms.
Table 3.2 lists the different activities for each room. Most of the activities are
self-explanatory, except for "Working" and "Other." "Working" contains record-
ings of the person working on a computer. The activity "Other" represents the
presence of a person when not performing any activity listed in Table 3.2. Exam-
ples of recordings that are included in the "Other" activity are transitions between

activities or the time between entering the room and starting an activity.

The dataset is strongly unbalanced, reflecting the imbalance of various activities in
daily life. For instance, activities like "Absence" and "Watching TV" last 10 to 30
times longer than shorter activities like "Vacuum" and "Other." This imbalance
is even greater for the other rooms. The acoustic sensor network setup consists
of thirteen sensor nodes, each with four low-cost microphones, distributed across
five rooms. The living room has eight nodes, the bathroom has one, the hall has

one, the bedroom has two, and the toilet has one.

The annotation was performed in two phases. First, during data collection, a
smartphone application was used by the monitored participant to annotate the
activities while being recorded. The participant could only select activities listed

in Table 3.2. The application was easy to use and did not significantly influence
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TABLE 3.2: Activities recorded in SINS Dataset for each room

Living Bathroom Hall Toilet Bedroom
Room

Phone call Drying Vacuum Toilet visit | Dressing
Cooking with towel Other Vacuum Sleeping
Dishwashing Shaving Absence Absence Vacuum
Eating Showering Other
Visit Toothbrushing Absence
Watching TV | Vacuum

Working Other

Vacuum Absence

Other

Absence

the transition between activities. Secondly, the start and stop timestamps of each

activity were refined by using annotation software.

Privacy-related aspects were considered during the data post-processing and shar-
ing, as multiple people visited the home during the experiment, and the people’s
conversations during the "Phone call" activity were partially recorded. All par-
ticipants provided written informed consent, and the database and annotation are

publicly available.

The sampling for each audio channel is done sequentially at 16 kHz with a bit
depth of 12. The acquired data is sent to a Raspberry Pi 3 for data storage.
The data is stored in chunks of one minute and timestamped. Timestamps were
obtained based on a Network Time Protocol (NTP) for rough synchronisation

between the sensor nodes, with a sample accuracy of approximately 500 ms.

3.3.2 Data Collection

In addition to the public dataset, our system was evaluated through a small-scale
collection of real-world sounds. For the first phase of this data collection, 10
participants were asked to record their morning routine using their smartphones
over a period of 5 days. The data was collected through the AudioHive App [168], a
purpose-built application developed for this study. The app allows participants to
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label their activities. Activity durations and sequences varied across participants,
with some activities being of short duration (e.g., an average of 2 minutes for
"brushing teeth") and others being much longer (e.g., an average of 10.6 minutes
for "having coffee"). Similar to the public dataset, the labels were only utilised as
part of the system evaluation process. A second phase of data collection is planned

to further enhance our findings.

m +
Morning Activities Morning Activities Morning Activities
@ Preparing Breakfast
@ Having Breakfast
@ Preparing Coffee/Tea

@ Having Coffee/Tea

Preparing Breakfast Preparing Breakfast

© Brushing teeth

© Shower

@ Change Clothes
[

@ WatchTv K t[ N

© Tidy Room \_LJ /

@ Washdishes

@ Sstretching

FIGURE 3.1: AudioHive 2.0: Data Collection App

The AudioHive: Passive activity Sensing Data Collection for Assisted Living was
approved by the Central Research Ethics Advisory Group (CREAG) at the Uni-
versity of Kent.

This study aims to simulate a real-world deployment scenario in which elderly
people are at home, going through their daily lives, and the smart home device
records environmental audio data for analysis. For the data collection, an App was
developed 3.1, which participants can download on their iOS or Android devices to
complete the data collection. The App was purposely created for data collection,

so the user interface was designed to be simple and easy to use.

The App was developed naively on both platforms, with Swift Language being
used for i0S devices and Java Language for Android devices. Participants were

asked to download the App on their smartphone devices and fill out a list of
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TABLE 3.3: Activities recorded using AudioHive App with the average length
of each activity

Activity Length of Activity (minutes)
Having Breakfast 8
Preparing Coffee/Tea 4
Having Coffee/Tea 10
Brushing teeth 2
Showering 10
Watching TV 18
Having lunch 14
Making /preparing dinner 16
Eating dinner 11
Washing dishes 5
Playing board games 10
Hoovering 8
Washing face + creams 6
Getting ready 3

usual activities that are performed during their morning routine at home. Exam-
ples were provided to ensure clarity regarding the expected labels for this data
collection. Some of the examples proposed include "Preparing Breakfast," "Hav-
ing Breakfast," "Preparing Coffee/Tea," "Having Coffee/Tea," "Brushing teeth,"
"Shower," and "Watching TV."

In the second phase of data collection, 12 healthy adults, 6 males and 6 females
participated. The participants were asked to select around four daily activities
that they would like to track and manage on the app. They were given the option
to modify the list of activities on the app. This allowed them to choose their

specific activity when recording their data.

The data collection took place over a period of 7 days, and the app allowed partic-
ipants to label their activities. The activity duration and sequences varied across
participants, with some activities being short (e.g. an average of 2 minutes for
"brushing teeth" or "preparing coffee") and others being much longer (e.g. an
average of 8 minutes for "having coffee"). In table 3.3, there is a complete list
of audio activities recorded by the participants and an average of each recording.
The labels were only used as part of the system evaluation process, similar to the

public dataset.
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During the second data collection phase, participants were asked to speak during
the activities if the activity allowed it. They were advised to discuss non-personal
scenarios, explain their activity, or read from a provided script. The AudioHive on
iOS recorded M4A audio files, and the AudioHive on Android recorded WAV files.
Both platforms were recorded at a 16 kHz sampling rate and stored temporarily
on the participant’s device. The App created a CSV file with the appropriate
timestamp information, and they were uploaded to the server through the App.
After the data were uploaded to the server, any M4A audio files were converted

to WAV files for further analysis.

3.4 Dataset Synthesis

The appropriate datasets for our methodology will be developed starting with
speech data from the LibriSpeech Dataset [128|. The LibriSpeech dataset, con-
sisting of audio-recorded books by volunteers, is massive. Data from 20 speakers
was selected, representing a chapter from 20 books. After an examination of face-
to-face social networks [169, 170], it was found that the average number of people
met in daily lives is about 20, leading to the decision to create a multi-speaker
dataset for this study instead of using just one speaker. A subset of the speech
data was created with a 30-minute audio file from each speaker. The audio files
from the LibriSpeech Corpus are 30 minutes long, each with a sampling rate of 16

kHz.

Some adjustments were made to the speech sound levels in our datasets. The
speech dataset of speakers reading a book in front of a microphone will be used.
As a result, the sound level of these recordings varies from those recorded in an
acoustic environment where the microphone may be placed near a TV or on a side
table away from the speaker. There are also complications in a home environment,
where the occupier speaking might face the other direction while looking outside

the window. These are factors to consider while developing these datasets.
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The decision was made to synthesise speech data with the proposed datasets in
order to incorporate speech data at various speech volume levels. Overall, speech
data will be synthesised with both the ESC-50 and SINS datasets. The speech

volume levels that are being incorporated include:

e 40 % speech volume level
e 60 % speech volume level
e 80 % speech volume level

e 100 % speech volume level

To prepare the audio dataset for this part, PyDub [171] was used, a Python library
that allows us to create a script to load each audio file, an audio file from the
background dataset and an audio file from the speech dataset, alternate them

accordingly and then export the edited audio file into a selected directory.

First, a list of directories was created that needed to be populated with audio
data. Our focus is to keep the quality and length of the background files intact
and alternate accordingly the speech audio files. Here is a list of the directories

that were created that correspond to our 2 suggested datasets:

e SINS

— SINS with Speech (40% sound level)
— SINS with Speech (60% sound level)
— SINS with Speech (80% sound level)

— SINS with Speech (100% sound level)
e ESC-50

— ESC-50 with Speech (40% sound level)
— ESC-50 with Speech (60% sound level)

— ESC-50 with Speech (80% sound level)
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— ESC-50 with Speech (100% sound level)

Our next step involves utilising a Python Script that sequentially loads one file
at a time from the background dataset, as well as a file from the speech dataset.
To ensure variety, the speaker selection for each file is randomised, allowing us to
include all 20 speakers from every audio file in our speech dataset. Using PyDub, a
Python library, it is possible to crop the speech audio file according to the length of
the background file. Additionally, a record of the speech audio files was kept that
have already been used to avoid any duplicate overlaps with other background
sounds. Once the audio files were synthesised, three more synthetic audio files
were created, each with 80%, 60%, and 40% sound levels, respectively, based on
the overall sound level of the specific audio file. Finally, all four alternations were

exported to their appropriate directories.



Chapter 4

Tracking daily routines of elderly
users through acoustic sensing: An

unsupervised learning approach

4.1 Introduction

There is a growing demand for the development of assistive technologies that can
provide support for elderly people living with dementia. As the specific condition
can progressively lead to a significant deterioration of people’s ability to function
without support, there is great value in the design of a system that can monitor
their condition unobtrusively and alert carers when there are signs of significant

cognitive decline.

A vital sign that can indicate deterioration of cognitive abilities for people with
dementia is a progressive difficulty following their typical daily routines, where
specific regular tasks, such as having a meal, can be skipped or repeated in short
intervals. In this work, the design of a system for the passive tracking of daily

activities is explored to detect diversions from regular routines.

83
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The well-documented limitations of deploying wearable technologies to support
people living with dementia [55] are considered in this work. The feasibility of
employing acoustic sensing technologies as the primary modality for monitoring
daily activities is explored. The wide adoption of smart assistant devices like Alexa
[172] and Google Home [54] has motivated the development of similar products
tailored for elderly people (e.g., MiiCube [6]). These digital technologies provide
the opportunity to utilise sound as a rich sensing modality for providing assistive
applications. The feasibility of using acoustic sensing to identify diversions from
the typical daily routines of elderly people with dementia will be examined. The
significant challenge of collecting datasets with appropriate labelling of the activ-
ities performed is acknowledged, and an unsupervised approach to tracking daily

routines through sound is investigated.

This preliminary work presented an architecture for the unsupervised tracking of
daily routines through sound and detecting changes in the regular sequence of ac-
tivities or the “skipping" of particular activities as part of the daily routine. The
general idea behind our approach is to consider a small set of sound sequences as
representative patterns of typical activities. The detection of diversion from these
patterns is performed through the combination of mapping sounds into multi-
dimensional embeddings through the use of a pre-trained model (VGGish [118]),
the reduction of the dimensionality of the produced embeddings through a novel
approach presented in this chapter and the application of Dynamic Time Warping
as a pattern matching technique. This chapter presents preliminary system per-
formance results, evaluated through synthetic data using public datasets of sounds
within domestic environments and data collected through a controlled study with
healthy participants. Using the public dataset, the system achieves 74% precision
and 93% recall and using our collected dataset, the system obtains 99% precision

and 95% recall.
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4.2 Motivation

By 2020, 50 million people were estimated to be affected by dementia worldwide
[173]. Furthermore, the number of cases is rising by about 10 million annually
[174]. In the face of these projections, there is an increasing need to provide
technology that can observe their daily lives and the progress of their condition

while reducing the need for unnecessary involvement of carers.

In this work, the feasibility of using voice assistants within the homes of people with
dementia is considered to detect diversions in their daily routines, which could be
seen as a sign of cognitive decline. Considering example technologies like MiiCube
[6], there is an opportunity to work with large acoustic datasets collected from
the living environments of older users. However, the nature of these deployments
makes it highly challenging to collect any ground truth information about the

specific activities people perform.

The main objective of this work is to develop a system that can “learn” the typi-
cal activity patterns of users in an unsupervised way, using sound. Although the
typical day of any person is not predictable, there are certain times that most peo-
ple follow regular routines, for example, morning routine, mealtime, or bedtime
routine. The proposed system is viewed as a passive sensing tool to detect diver-
sions within those regular routines. The system should identify diversions from
the “typical” pattern by detecting skipped activities not performed in the typical
order. Using only sound signals as input, the main idea is to transform acoustic
signals into a low-dimensional time series indicating when the user switches from

one activity to the next.

The proposed system does not need to identify the exact activities involved and,
therefore, does not rely on training over labelled data. Instead, by transforming
acoustic signals into low-dimension time series, to apply time series pattern match-

ing techniques like Dynamic Time Warping (DTW) [175]. DTW is an algorithm
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FIGURE 4.1: Pipeline: The process aims to analyse a stream of sounds captured
over a long time window where the user performs a typical routine (e.g. morning
routine) and compares the sound patterns with previously captured “normal”
routine for that individual. The process does not rely on identifying the specific
activities and, therefore, does not require labelled data for training.

that compares two temporal sequences that might not match perfectly, for exam-
ple, detecting the walking pattern through accelerometer data at various speeds.

DTW is commonly applied in gesture recognition [176].

4.3 Methodology

The overall architecture of the proposed system can be found in Figure 4.1. The
system operates in two stages: the passive stage aims to collect acoustic data over
a period of time in order to “learn” the sound characteristics of typical routines
for each user; the active stage is where the system analysing acoustic data aims
to detect diversions from the typical routines. The general pipeline involves ex-
tracting features from the acoustic signal, applying a technique for dimensionality

reduction, smoothing, and a final stage of pattern matching using DTW.

The proposed system was developed and evaluated using two different datasets.
The Freesound Audio Tagging 2019 dataset [164] is a large public dataset of a
range of sounds, typically used for Acoustic Scene Classification (ASC) tasks.
The dataset is labelled with ground truth, but the labelling is only used in the
evaluation process. In addition to the public dataset, the system was evaluated

through a small-scale collection of real-world sounds, described in 3.
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4.3.1 Feature Extraction

The approach followed for extracting features from acoustic signals is influenced by
typical methods applied for acoustic scene classification [133]. Traditionally, fea-
tures on sound signals are extracted by transforming the signal into the frequency
domain. However, since the publication of the VGGish model in 2017 [118], the
acoustic sensing community has increasingly explored the application of transfer

learning to extract sound features that can be used for acoustic scene classification.

The VGGish model is a pre-trained CNN network that has been trained over the
AudioSet [123] dataset. The model takes as input frames of 975ms of audio data,
converts them into a spectrogram, applies the Mel-Frequency Filter Banks, and
uses this as input for training for acoustic scene classification. Applying VGGish
for direct activity recognition in new environments can produce poor results, as
the model is trained over a fixed set of labels. Instead, the VGGish model is used
as a feature extraction method [118] by stripping the last layer of the model and
utilising the generated 128-dimensions feature vector produced by the model as a
multi-dimensional embedding representing features that can be used for acoustic

sensing.

In this work, a similar methodology for feature extraction was employed. Our
assumption for the VGGish produced embeddings is that the model is trained to
provide high discrimination between sounds of different activities and closer sim-
ilarity between sounds of the same activity. A preliminary investigation through
the AudioSet dataset has validated that assumption. Indeed using Euclidean dis-
tances over the embedding vectors between audio samples of similar activities (e.g.
cooking) are significantly smaller than the distances across activities (e.g. cooking
vs bathroom). Significant variations with respect to the generated embeddings
were also noticed for certain sound types. Indeed, sounds within the same activity
can vary over short periods. As the VGGish model operates over frames of less
than a second, these variations are manifested as changes in the embedded vectors

produced for the same activity.



88

K-Means Clustering from Feature Embeddings

FIGURE 4.2: Identifying Reference Points (illustration): K-means were applied
over the dataset of domestic sounds. The red dots represent the mid points
between cluster centres. The 3 points with the lowest density were selected.

A smoothing function was incorporated over the generated embeddings to address
the issues with high variability within the sound embeddings before they were
forwarded to the next stage. Specifically, long activities (such as cooking or eat-
ing) are identified by aggregating the produced embeddings over a window of 1
min. Essentially, the pipeline operates over a 1 min sliding window (50% overlap),
where the VGGish embeddings are averaged to produce a single 128-dimension

embedding for each 1 min window.

4.3.2 Dimensionality Reduction

DTW is a common technique for pattern-matching time series. However, it is not
well suited for time series with a high number of dimensions, as the complexity in-
creases exponentially with each additional dimension. DTW is commonly applied

to series with up to three dimensions.

DTW was applied in one or multiple dimensions by other researchers in the past.
When it comes to multi-dimensional spaces, DTW could be computationally ex-
pensive. It is noted in the literature [177] that applying DTW with two dimensions

achieved better results than the conventional methods. Another observation from
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FiGURE 4.3: 3D visual representation of distances between reference points

and activities. Each colour represents one activity. Each data point on the plot

represents the distance in 3D from the reference points and the activity, showing
that each activity can be differentiated from other activities.

the literature was applying DTW in computer vision tasks using the three dimen-
sions of an image (Red, Green and Blue) [178], or three dimensions extracted from
the MFCC coefficients from the audio signal {178, 179]. Three dimensions were
chosen for the dimensionality reduction process in this work based on observations
from the literature, which indicates they would be sufficient for the task without

causing computational difficulties.

As DTW is intended to be applied over a time series of sound signals, the trans-
formation of the 128-dimensional embeddings into a significantly reduced dimen-
sionality vector is deemed essential. Following the observation made regarding
Euclidean distances between embeddings, a small set of fixed reference points
within the 128-dimensional embedding hyperspace is considered for use, with the
distances from these reference points being utilised as a new lower-dimensional
feature vector. In the proposed system, a reduction of the dimensionality of the
embeddings into 3-dimensional feature vectors is aimed. Each value within the
3D vector should be comprised of the distance of each sound sample from three

identified reference points within the embedding space.

Selecting the appropriate reference points is essential to ensure that the calculated
distances will still have a discriminatory effect in separating sounds of different

activities. This is a key part of the “passive stage” of the overall system. Over
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the “passive stage” a range of domestic sounds are collected over multiple days.
As the VGGish model is trained over a larger range of sounds (including a va-
riety of outdoor acoustic scenes), the distribution of domestic sounds within a
specific household was expected to be relatively sparse when embedded into the
128-dimension space. Therefore, the aim was to identify three reference points
within that sparse space to help differentiate activities through their Euclidean

distance.

Our approach for selecting the reference points is based on the following rationale:

e Reference points should not be within dense areas of sound activity in the
embedding space: The rationale is that a dense area can contain representa-
tions of a specific activity, and a reference point within that space can have

a highly discriminatory effect for sound samples of the same activity.

e Reference points should be “near” the areas in the embedding space where do-
mestic sound activity is located: This way, estimated distances from sounds

of different activities can have a more discriminatory effect.

e The three reference points should be far from each other: It is crucial to

minimise any correlations between the three dimensions produced.

The approach that satisfies these requirements is the following: A set of domes-
tic sounds collected during the “passive” stage was utilised. The VGGish model
transforms the dataset into a 128-dim data series of embeddings. A sequence of k-
mean clustering operations was performed over the embeddings of all the domestic
sounds of the household, with k& € {3,4,5,...}. k cluster centres were produced for
each clustering operation, which is assumed to be within dense areas in the embed-
ding space. Using the cluster centres, the midpoint within each pair of them was

calculated: a total of k(k — 1)/2 candidate points for each clustering (Figure 4.2).

These points were considered candidates that can be “near” the areas of activities
but potentially within low-density space. The density for each candidate point

was calculated using the Kernel Density Estimation (KDE) function fitted over
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the dataset of domestic sounds. Finally, the 3 candidate points with the lowest

density were identified as potential reference points.

This process will generate a triplet of points for each clustering operation. The
last step is to select the triplet with the maximum distance between the candidate
reference points. For each triplet, the surface area of the triangle produced between
the three points was calculated as an estimator of the distance between them. The
final selection includes the triplet produced by one of the clusters with the highest

surface area.

The identification of the three reference points allows the application of dimen-
sionality reduction over the 128-dimension embeddings. Specifically, it is possible
to calculate the Euclidean distance of each sound sample from the three identified
reference points. For example, in Figure 4.3, you can see a sample of the distribu-
tion of three domestic activities after dimensionality reduction. Although there is
a significant loss of information from the reduction to a 3D vector, the proposed

approach can still maintain the discriminant characteristics of the specific features.

4.3.3 Pattern Matching with DTW

Dynamic Time Warping (DTW) [180] is an algorithm that calculates the dissimi-
larity or distance between two time series while allowing the warping (compression
or expansion) of the time axis in order to find the best alignment of the two series.
Specifically, DTW calculates the distance between each possible pair of points
within two time series. Through these, the cumulative distance matrix is calcu-
lated, and the ideal warping path is identified that minimises the distance between
the two series. When working with multi-dimensional time series,s the multivari-
ate DTW [176] algorithm has been successfully used for gesture recognition using

3D-activity time series.

In this work, the use of DTW was considered a form of identifying activity se-
quences similar to the typical routine of the specific user, and flag sequences were

considered atypical. After the dimensionality reduction process, a time series of
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sound signals mapped into a sequence of 3D vectors can be used for activity se-
quence pattern matching. Different sequences of daily activities can be used to
identify the “typical” daily pattern of activities. Similarly, new sound sequences
can be classified using DTW based on their similarity with the typical activity

patterns.

When monitoring a particular “routine” of activities (e.g., morning routine, bed-
time routine), a set of sound sequences collected over a few days was considered the
user’s typical pattern and is set as the training set. Calculating DTW between the
sample of sound sequences from the training set allows us to estimate a threshold
0 as the maximum DTW distance between sequences of the training set. When
tracking new sound sequences, the average DTW distance of that sound sequence
was calculated with all sequences of the training set. If the average distance is
lower than 6 the particular sequence is considered “typical”’, and when the distance

is higher it is considered “atypical”.

4.4 Results

The performance of the proposed model is evaluated using two datasets: the public
Freesound Audio Tagging 2019 dataset [164] and datasets collected through the
AudioHive app [168] by 10 users over 5 days. The Freesound Audio Tagging
dataset contains 297,144 samples of audio data, which are accurately labelled
with the activities they represent. For this work, only a subset of the dataset
containing domestic sounds was selected. Similarly, the AudioHive dataset was
manually labelled by the participants, with activities representing their morning

routines.

4.4.1 Synthetic Sequences

In order to evaluate the model, a sufficient dataset of both "typical" and "atypical"

sequences of activities was needed. Such sequences were synthesised by combining
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data from the original datasets and stitching sound samples of different durations

from various activities.

In particular, three new datasets were generated by stitching activities from the
AudioHive dataset and three new datasets from the Freesound Audio Tagging 2019
dataset.

e Typical sequence: A sequence S; = ay, as, ..., a, of n activities selected from
the complete set of activities within the dataset, to represent a typical set
of activities performed in a household, e.g. preparing breakfast, cleaning
dishes, etc. For each activity a; within the sequence, the distribution of
each duration as recorded by our participants was estimated. Based on this
distribution, samples of variable length within the range of two standard

deviations from the mean duration for each activity were generated.

e Reordered sequence: Using the same S;, random re-orderings of the set of
activities were produced. These sequences contain the same activities as

those in the typical sequence but in randomly mixed order.

e Missing activity sequence: Using the S; sequence generated a set of activities

where one of the a; activity is removed from the sequence.

Through this process, 30 acoustic signals of “typical” sequences, 30 re-ordered
sequences representing the "atypical” set, and 30 sequences with a missing activity
were generated using the public dataset. Next, the equivalent was done with
the AudioHive dataset; 30 acoustic signals of “typical” sequences, 30 re-ordered

sequences, and 30 missing activities using the AudioHive dataset were created.

For the training of the DTW algorithm, a random subset of 10 typical activities was
selected to estimate the acceptable range of DTW distances to classify a sequence
as “typical”. The validation set consists of the remaining 20 “typical” sequences

and 60 “atypical” sequences.

The “passive” stage of the system involves identifying appropriate reference points

for dimensionality reduction. These are selected for each environment and the
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set of domestic sounds in each dataset. Table 4.1 illustrates the outputs of that
process over a series of clustering steps. For each of these, the midpoint between
all cluster centres was calculated, selected the three midpoints with the lowest
density, and calculated the surface area between them. In this case, midpoints

from k = 7 cover the largest surface area.

TABLE 4.1: Results of the selection of reference points using clustering. k=7
generates points with the widest distance between them.

Clusters (k) | Avg. Density 3 | Surface area
midpoints
k=3 20.50 1.47
k=4 48.25 1.71
k=5 11.24 2.52
k=6 34.17 1.43
k=7 8.027 2.73
k=38 -11.57 1.10
k=9 -12.78 1.22
k =10 20.50 1.08

During the “active” stage, the system uses these reference points to reduce the
dimensions of any 1min sound sample. Figures 4.4, 4.5 shows samples of the
produced 3-d vectors for different sequences. It can be observed visually that se-
quences of the “typical” pattern demonstrate similarly shaped time series, whereas
those of “atypical” behaviour do not. This indicates that the time series transfor-

mation into a 3D model produces suitable results for DTW pattern matching.

The algorithm using the validation set was evaluated, consisting of 20 correct, and
60 wrong activity sequences for each dataset. The results are shown in Table 4.2.
The results are also compared with the effects of a similar system that relies on
a more traditional dimensionality reduction technique using principal component
analysis (PCA). As shown the proposed algorithm can achieve very high perfor-
mance. It was noted that the performance is particularly high for the real-world
collection through participants. The reason for this high performance is that the
“passive” stage analyses the patterns of the sounds that are generated within each
household. This leads to a transformation that is tailored to the sound patterns
produced by each participant. Instead, the public dataset consists of activity

sounds from a range of different environments grouped together.
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FIGURE 4.4: Visual representation of distances from the three reference points
and audio samples from collected data. The three reference points and centroids
from new data were set from the extracted embedding features and dimension-
ality reduction. For both sequences, the classes are known and labelled. This
could also be done in an unsupervised manner but labels were available at this
point. Both sequences have the same pattern of activities and it is assumed
that with the use of Dynamic Time Warping (DTW) it could be detected as a
“typical” sequence of activities.
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FIGURE 4.5: Visual representation of distances from the three reference points
and audio samples from the collected data. The three reference points and
centroids from new data were set from the extracted embedding features and di-
mensionality reduction. For both sequences, the classes are known and labelled.
This could also be done in an unsupervised manner but labels were available
at this point. In this occasion, the activity sequence is different, the labels are
provided and they are visually dissimilar. The assumption here is with the use
of DTW will distinguish the sequence as “atypical” or heterogeneous.
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TABLE 4.2: Performance of proposed clustering method, and comparison with
baseline (PCA)

Method Precision | Recall
Clustering (AudioHive Dataset) 99% 95%
Clustering (Public Dataset) 74% 93%
PCA (Public Dataset) 59% 80%

4.5 Conclusions

This chapter presents a novel technique for the unsupervised tracking of changes
in daily routines using acoustic sensing. This work aims to develop a system that

can detect significant changes in the daily routines of people with dementia.

The proposed system relies upon the VGGish model to generate embeddings of
sound samples. A novel dimensionality reduction technique transforms the acous-
tic signal into a 3D time series of features. DTW is then used to match different
patterns of activity sequences. The system’s evaluation through synthetic data

achieves a precision of 99% and a recall of 95%.

This research phase will explore the potential privacy challenges associated with
an acoustic activity recognition environment. While a system that can detect
changes in an acoustic environment can be beneficial, specific challenges are also
posed. Privacy, in particular, is considered a crucial issue to be investigated. It is
understood that privacy concerns can be detrimental to the overall acceptability of
the system from the user’s perspective. Therefore, this aspect will be thoroughly

investigated to ensure the system is helpful, fair, and safe for everyone involved.



Chapter 5

Privacy Challenges for Acoustic

Activity Recognition

5.1 Introduction

Acoustic sensing in smart homes offers benefits like monitoring and anomaly detec-
tion, helping to enhance security by detecting unusual sounds, such as glass break-
ing [7]. However, privacy concerns arise with continuous audio recording, particu-
larly regarding private conversations. There is a need for effective anonymisation
techniques and privacy-preserving algorithms to safeguard data while utilising the
benefits of the acoustic context. Anonymisation techniques involve removing or
altering personal data so individuals cannot be identified, while privacy-preserving
algorithms are designed to protect sensitive information. As highlighted by Corti
et al. [181], it is essential to balance data collection with the occupants’ right to

privacy and freedom of speech.
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5.1.1 Case Study

The case study in appendix 8 highlights a company that uses voice-activated de-
vices and multi-sensory data for elderly care. The team encountered both chal-
lenges and opportunities in smart home deployments. Their project, ADAP-
TIVE (Al-based Dementia Assistive & Passive Technology for Non-Invasive El-

derly Care), utilizes audio sensing to monitor changes in occupants’ gait.

5.1.2 Planning Our System

As a first step in exploring the privacy concerns derived from real-world audio
sensing, a baseline privacy-preserving system was aimed to be developed. The
proposed system is designed to detect speech audio signals from an audio recording
and to remove them completely. Based on the case study discussed earlier, it is
noted that labelled data are limited and hard to collect in a real-world deployment;
thus, public datasets and synthetic data will be depended upon for this system.
A small and limited public dataset is to be worked with. The proposed system
will focus on detecting speech segments, muting those segments, and conducting
audio event detection, as shown in figure 5.1, to showcase the audio classifier’s
ability after the data is obfuscated. The ADAPTIVE project eventually adopted
this approach to address the challenges regarding the deployment of conversational

audio data recording.

However, a disadvantage of this system is that it may also remove any background
sounds along with the speech audio signal. The system aims to identify any decline
in the overall Acoustic Activity Sensing after removing chunks of the audio due to
speech privacy concerns. This is assumed to be the basic system that can initially

solve the Privacy Regarding Speech in a smart home environment.
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FIGURE 5.1: Plan of our System

The proposed system will follow these steps:

e Detect of Speech Segment

e Mute the sections that contain speech so there is no detectable speech in our

dataset

e Audio Event Detection

5.2 Challenges and Approach

As previously mentioned, the challenge is posed by the difficulty of collecting data
due to limitations in the environment. Cameras or human observers cannot be
relied upon to label audio data, so Public Datasets must be used to synthesize a

simulation of a smart home device’s environment.

The data synthesis process takes into account the typical setup of a smart home,
where the speaker and microphone are often located far apart. In a home environ-
ment, the speaker may not be close to the microphone or may even be positioned
on the opposite side of the room. Therefore, four datasets have been created that
utilise varying volume levels of speech audio. The data was synthesised to mimic

a real-life smart home setting.

Here is a list of the proposed datasets:

e ESC-50 with added Speech (40% speech volume level)
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e ESC-50 with added Speech (60% speech volume level)
e ESC-50 with added Speech (80% speech volume level)

e ESC-50 with added Speech (no alternations to speech volume levels)

Typically, the audio signal is converted to the frequency domain for audio sensing,
and features are extracted from the frequency representation. The usual approach
to training an audio classifier is to convert the audio waveform of ¢ seconds to a
spectrogram representation. For this task, a log-mel spectrogram was used, which
represents the sound frequency regarding how a human ear perceives sound. The
log-mel spectrogram offers a superior resolution for lower frequencies compared to
the spectrogram. This is due to its use of the mel frequency scale. Mel-Frequency
Cepstral Coefficients (MFCC) is another option using frequency representations
for sound, which is used in speech or voice recognition tasks [182] and other acous-
tic recognition tasks [182]. MFCCs are coefficients which represent the spectral
characteristics of an audio signal. They are obtained from the mel spectrogram

but are processed further to extract significant information.

Using the spectrogram representation, a deep learning approach can achieve great
results in audio classification. Deep learning methodologies were widely utilised
for the acoustic sensing tasks from the annual Detection and Classification of
Acoustic Scenes and Events (DCASE) competition. DCASE [143] is a commu-
nity of researchers which announces yearly, with its first edition in 2013, several
acoustic sensing-related tasks alongside public datasets for researchers to use. In
recent years of this competition, Convolutional Neural Networks (CNNs) have
been utilised for audio classification and have been very successful [133]. CNNs
were combined with Recurrent Neural Networks (RNN), also called CRNNs and
produced state-of-the-art results [183]. The CRNN model was trained with TUT
Sound Events Synthetic 2016 [79] consists of approximately 9 and a half hours of

audio data.

However, the recent literature shows an emphasis on the use of Attention Layer

within their Deep Learning model. After the publication of the paper Attention
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is All You Need [149], more researchers are implementing the proposed new tech-
nique that also works for Audio Classification [184|. The attention mechanism
functions in a similar way to how humans focus their attention on a single sound
or activity amidst many sounds/activities in a room. The attention layer processes
the entire audio sequence at once, and the model computes an attention score for

each element of the input sequence.

Transfer learning is a machine learning technique that involves using knowledge
gained from a pre-trained model to help improve the performance of a model
on a different but related task. This technique has become increasingly popular
in various tasks, especially when only a small amount of domain-specific data
is available and where general data can be used from a public dataset. With
transfer learning, a pre-trained model can be fine-tuned on a new dataset, reducing
the need for large amounts of labelled data and improving the model’s overall
performance. This technique has been successfully applied in various domains,

including computer vision, natural language processing and speech recognition

[185].

A common approach for acoustic scene classification is utilising a pre-trained model
for generating embedding features. For example, VGGish is a commonly used pre-
trained model [118], which can extract a 128-D embedding feature from each 0.96-
second audio signal sampled at 16 kHz. The embedded extracted features could

then be used to build a machine-learning model for acoustic scene classification.

One final challenge was preserving privacy, given the system’s location and con-
tinuous recording within a residential environment where people live and interact.
Concerns regarding the confidentiality of occupants and their family members or
carers were raised. To mitigate this issue, an approach was developed to detect
and eliminate recorded audio sections containing speech. While this method ef-
fectively removes potentially sensitive content, the accuracy of the audio classifier
may also be impacted. This chapter explores the consequences of this approach

and determines its efficiency.
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5.3 Methodology

5.3.1 Overview

The real-life scenario of smart care homes does not allow for a large labelled dataset
to be collected, and the gathering of labelled data is often time-consuming, ex-
pensive, and sometimes infeasible. Public datasets have been created by other
researchers and can be utilised for this study. Additionally, our own datasets
were synthesised using two public datasets, where speech was synthesised with
background audio to illustrate the complications associated with smart home en-
vironments that involve continuous audio recording for audio-sensing purposes.
To demonstrate the impact of this research, a combination of public datasets was
used, followed by testing of the system on data collected using the smartphone
app that was created, as mentioned in Chapter 3. The study aims to detect and
remove conversation or speech sounds in a smart home environment, as shown in

figure 5.2.

The pipeline consists of several steps, including synthesising the dataset, using a
Voice Activity Detection algorithm to detect speech, removing those audio seg-
ments that contain speech, and then analysing the remaining audio signal using

an Acoustic Activity Detection or other audio analysis techniques.

Remove I
Segment . — Random
-¢M with VGGish | o Results
Speech
Background : |
Audio Data —
overlapped L
with Speech Embedded
Feature
Vectors

FIGURE 5.2: Overview of this Methodology
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5.3.2 Voice Activity Detection

Voice Activity Detection (VAD), also known as speech activity detection, is a
technique used in speech processing to detect the presence or absence of human
speech. VAD is one of the main pieces of the pipeline. Silero VAD [186] was used
for this step as it showed impressive results on public datasets compared to other

VAD models, like WebRTC [187] and SpeechBrain [154].

Silero VAD’s architecture is based on convolutional neural networks and transform-
ers. The model was trained on a large collection of audio recordings containing
speech and non-speech segments from open SLR [188]. The authors implemented
this PyTorch neural network with multi-head attention (MHA) and utilised the
Short-time Fourier transform (STFT) as a feature. MHA-based networks can
learn from multiple input representations simultaneously, making them extremely
powerful in tasks that require integrating information from different sources. This
has made them a popular choice for various applications such as natural language
processing and computer vision. The authors believed that combining MHA and
Short-time Fourier transform features would lead to a highly effective neural net-

work, and their results proved promising.

Silero VAD [186] is a PyTorch model that supports audio inputs with sample
rates of 8 kHz and 16 kHz. However, the model can also process audio inputs with
sample rates of 32 kHz and 48 kHz by resampling them to 16 kHz through slicing.
In addition to this, Silero VAD supports three different chunk sizes: 30, 60, and
100 ms. The model has been trained in more than 100 languages and has been
shown to generalise well. Lastly, it’s worth mentioning that each chunk of audio
takes approximately 1 ms to process on a single CPU thread. The model outputs
a probability between 0 and 1 to indicate if speech is present in the audio segment.
The threshold for speech detection is set at 0.5. The threshold was selected by the
creators of Silero because they did not have any reason to be biased in detecting

speech or not, and a cut-off in the middle was a natural selection.
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Audio data that may contain speech can be input using Silero VAD [186], and
based on the output of the model, post-processing can be performed using Python
to determine the timestamps of each section that includes speech. As shown in
Figure 5.3, the total amount of speech detected and the exact moments at which

it was detected will be identified through this process.

Voice Activity
Detector

Overlapped / Mixed
Audio

Voice Activity
Detected

FIGURE 5.3: Voice Activity Detection

5.3.3 Remove Audio that Contains Speech

In the current stage, the output data generated by the Voice Activity Detection
(VAD) model were utilised to eliminate the audio data containing speech without
altering the overall duration of our audio dataset. This process is illustrated in
figure 5.4. The audio signal output will be the same length as the original, but it

will be removed if any audio has speech.

Silero VAD is trained on data with a sampling rate of 16 kHz. Silero VAD uses
a 30 ms non-overlapping sliding window to predict whether there is speech in the
audio. A window of 30 ms was found to be too short to contain any meaningful
speech content. To ensure the accuracy of the pipeline, only audio where speech

was detected by Silero VAD for at least 1 second was removed.

A Python library, the same one used to synthesise the audio data, called Py-
Dub [171], was utilised to split the audio into three parts. The audio clip be-

fore the speech, the section containing the speech, and the remaining audio clip.
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The speech section was silenced using PyDub, and finally, all three sections were

stitched together.

This step is crucial in preparing our audio data for further processing, as it will
remove any unwanted speech audio while preserving the privacy of the dataset

regarding speech.

Remove Audio

h . Memttns ‘
Section that

Contains
Speech

b ——

Speech Segment
Removed

Voice Activity
Detected

FIGURE 5.4: Remove Audio Signal that Contains Speech

5.3.4 Acoustic Event Detection

Based on our requirements for this system, acoustic activity classification tech-
niques were utilised that do not demand a massive amount of labelled data [133].
With the advancements of the VGGish model in 2017 [118], the acoustic sensing
community has been exploring transfer learning as a means of feature extraction

for acoustic scene classification.

The VGGish model, shown in figure 5.5, is a pre-trained CNN network that has
been trained on the AudioSet dataset [123]. AudioSet is a large YouTube dataset,
a preliminary version of what later became YouTube-8M [189] where audio was
extracted from YouTube Videos and was human labelled based on a generic set of
labels. AudioSet Ontology contains 632 audio event categories with approximately
2 million audio files, ranging from less than a second to several minutes per audio

file. The median audio file duration is about 10 seconds.

The VGGish model has a VGG-like architecture and uses stacked Convolutional

layers with pooling layers. This deep model is capable of capturing increasingly
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FIGURE 5.5: VGGish-based audio baseline model’s architecture. The size of
the feature maps (f) of each convolutional and fully connected layer are shown
below each block of operations.

complex features from the input data. Initially designed for image recognition,
VGG can be adapted to other domains like audio. Compared to previous models,
VGG has a significant number of layers and depth. This innovation proved effective
in learning robust features. Despite its depth, VGGish mostly uses small 3x3

Convolutional filters, achieving efficiency without overly complex units.

The VGGish model is adapted to work with spectrograms and is developed in
Python using the Tensorflow framework [190]. It takes a spectrogram patch of
96 frames x 64 mel channels as input. This patch corresponds to 96 consecutive
columns from a spectrogram that is calculated with 10ms frames (based on 25ms
windows), which covers approximately 0.96 seconds of input per patch (0.975s if
you include the whole of the 25 ms window at the end). Additionally, VGGish is

a pre-trained network that was trained on these 96x64 input spectrograms.

Audio features were extracted from our custom datasets by using the appropriate
spectrograms of size 96 x 64, with a sliding window of 25 ms overlap and a 10 ms
step. Then, the output was used as input for the VGGish model, which returned
a feature embedding vector of 128 dimensions per window of 0.975 seconds. The
extracted feature set was used to train a Support Vector Machine (SVM) model.
Other researchers commonly used the SVM model in audio classification, such as

detecting COVID-19 from crowdsourced respiratory sound data [77].
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FIGURE 5.6: Acoustic Activity Classification on the Audio Signal without
Speech

The extracted embedding features from the VGGish model were utilised to train
the SVM model. The available data was divided into Train and Test data, with a
70/30 split, using Stratified Shuffle Split from SciKit Learn [191]. The purpose of
this split is to have an even data size per class, which can be challenging to achieve

with data collected from the wild or from a dataset like AudioSet Ontology.

The data was first normalised using L.2 normalization, resulting in a range from 0 to
1. The Support Vector Machine (SVM) model was then trained using SciKit Learn
and fine-tuned to achieve the best possible results. A parameter range, including
C, gamma, kernel, and degree, was defined for this purpose. The parameters
were tested using Grid Search, which refitted the model with the best parameters.
Finally, the classifier was set up with the optimal parameters obtained from the
grid search, where C' = 10, degree = 5, gamma = 1, and a polynomial kernel was

used.

In conclusion, audio classification with transfer learning techniques like VGGish

and SVM is a promising methodology in the application domain where labelled
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data are scarce; for example, the training dataset was less than 2 hours of audio
data. The accuracy of the models depends on various factors, like the quality of
the data, feature extraction techniques, and the algorithm used for classification.
With the help of modern tools like TensorFlow and SciKit Learn, researchers and
developers can achieve high accuracy in audio classification tasks, which can be
used for tasks like speech recognition, music genre classification, and environmental

sound classification.

5.4 Results

The audio signal was transformed into spectrograms after the speech was removed
for the proposed methodology. The 128-D embedding features were extracted
using the VGGish pre-trained model. An SVM model was subsequently trained,
and results were produced. The methodology, shown in figure 5.6, aims to detect
speech in the audio signal, eliminate sections that contain speech, and apply audio
classification to understand the effect of the methodology that seeks to preserve

speech.

The Acoustic Activity Classification (AAC) and Voice Activity Detection (VAD)
were used as metric tools to understand the benefits of our methodology. The
results are presented in table 5.1 in the first two columns (Precision and Recall)
alongside VAD before our methodology was applied and in the last two columns
(Precision and Recall) after the methodology was applied. After the methodology

was applied, VAD could not detect any conversation.

The acoustic event detection system that is used operates on audio signals that
have undergone a pre-processing stage in which speech has been removed. As a
result, some gaps in the audio signal may be observed, causing the classifier to
label the audio segment as "silence". It is essential to consider this aspect when
the system’s performance is analysed and any potential shortcomings that need to

be addressed are identified.
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TABLE 5.1: Performance of AAD, VAD, and Proposed Methodology’s AAD
Results after the Speech Segments were Removed on ESC-50 Datasets Mixed
with LibriSpeech.

ESC-50 Datasets Precision Recall VAD Precision Recall
(Post- (Post-
Proposed Proposed
Method) Method)

Clean (No Speech) 85% 83% 0.6% 84% 82.1%

Added Speech (40% speech volume level) | 75% 72% 6.80% 50.01% 39.75%
Added Speech (60% speech volume level) | 73% 71% 7.2% 40.97% 41.32%
Added Speech (80% speech volume level) | 70% 68% 17.19% 29.12% 32.56%
Added Speech(100% speech volume level) | 69% 65% 6 7.5% 41.32% 29.58%

Additionally, it should be noted that the speech section in the audio signal is
removed to preserve the privacy of individuals present inside the smart home.
This is an important consideration, as it ensures that sensitive information is not
recorded or transmitted by the system while still allowing for the detection of

relevant acoustic events.

When speech or conversation is present in the background audio signal, it can
negatively impact the performance of the Audio Classifier. This is because the
presence of speech can alter the sound spectrum, making it difficult for the clas-
sifier to identify and classify the audio accurately. However, if the speech sound
levels are lower, there may be an improvement in the performance of the audio
classifier. This is because, at lower sound levels, the background sound can dom-
inate the sound spectrum, which can make it more distinguishable and easier for
the classifier to identify. Additionally, when speech is at lower sound levels, the
Voice Activity Detection (VAD) may not be able to detect the speech, which can
also contribute to an improvement in the audio classifier’s performance. Overall,
the presence of speech in the background audio signal can have varying impacts
on the performance of the audio classifier, depending on the sound levels of the

speech and the ability of the VAD to detect it.

5.4.1 Evaluation with Collected Data

A data collection was conducted to evaluate the performance of our system. The

primary objective was to demonstrate how the performance metrics of our system
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align with the results obtained from synthetic datasets. Data was collected in home
environments where participants performed daily routines to achieve this goal.
Participants were also encouraged to speak when their daily activities allowed,

with the goal that speech would be removed by the proposed methodology.

The audio data collected from the 12 participants was stored anonymously in
individual folders for each participant, along with a CSV file containing all the
information about the activities being conducted and which participant was in-
volved, based on the input data from the App. A Python script was then run to
read the timestamps from the CSV files, checking if the audio files existed and
if the timestamps had not been set by accident, for example, if they showed a
duration longer than 1 second. It was also verified that the audio file type was
WAV; M4A files created by the iOS device were converted to WAV, ensuring that

all files were single-channel rather than stereo or multi-channel.

Afterwards, a new dataset was created using the labelled data; each audio file was
represented as an audio class, e.g., shower, preparing breakfast. Once this process
was completed, a manual check was conducted to identify any duplicate audio
classes that were merged together. Additionally, any audio classes containing less
than 1 second of audio data were discarded. All new audio files pertaining to the
original participant were stored in the same folder. The aim of this pre-processing
section was to establish a structure for the collected data similar to that of the

ESC-50 dataset structure [127].

Once the collected data have been prepared for analysis, the proposed pipeline

will be proceeded with, consisting of the following steps:

Detect speech

Silence the audio segments that contain speech

Extract embedding features from the processed dataset

Split embedding features into train and test datasets

Deploy audio classifier on the embedding features
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The aim of our pipeline is to eliminate any speech in a smart home environment and
preserve the occupant’s privacy regarding speech. Speech segments were detected
using Silero VAD [186], and these segments were silenced using PyDub library
[171]. Afterwards, 128-D embedding features are extracted using the pre-trained
model VGGish [118]. VGGish has been trained on audio data with a sampling rate
of 16 kHz and a duration of 0.975 seconds. Although our dataset also utilises a 16
kHz sampling rate, longer audio durations had to be employed for each embedding
due to the nature of the data. The 0.975-second window is considered too short
to distinguish the differences between some activities, such as washing dishes and
having a shower. An attempt was made to train an SVM with features extracted

from each 0.975 second, but good results were not achieved.

VGGish expects a spectrogram of 96 x 64 as input, which covers approximately
0.96 seconds of audio signal at 16 kHz sampling rate and returns a 128-D embed-
ding feature. Our solution was to use an overlapping sliding window of 5 seconds
of audio with a 1-second step, in which VGGish return five 128-D embedding fea-
tures. The mean of those five embedding features was calculated, resulting in one
128-D embedding feature for a 5-second audio clip. The extracted feature set was
then used to train a Support Vector Machine (SVM) model, and the results were
produced.

TABLE 5.2: Performance for AAD (Precision and Recall) and VAD after remov-
ing the audio sections that contain Speech from the collected data.

Collected Data Precision | Recall | VAD
Collected Data with Speech 81% 87% 15.2%
Processed by the Proposed Methodology | 56% 55% 0%

The dataset collected through a smartphone app was used to evaluate the method-
ology. As shown in Table 5.2, the first row represents the Original dataset, where
acoustic activity recognition was applied using an SVM and Voice Activity De-
tection (VAD) before processing. The second row details the results after the
proposed pipeline was applied. An Audio Classifier achieved a precision of 81%
and recall of 87%, while Voice Activity Detection identified 15.2% of the audio

signal as containing speech from the collected dataset (without speech removal).
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After the proposed methodology was deployed, speech from the collected data was
diminished, indicating that the goal of eliminating any speech audio data that
could raise privacy concerns for the occupants of the smart home was achieved.
However, a disadvantage observed in the results, which were similar to those of the
synthesised dataset, is that the proposed methodology unfortunately deteriorated
the accuracy of the audio classifier. Any additional analysis of the processed data
will likely have limited success because of the impact of the current speech removal

method.

Our methodology aimed to remove speech and highlight the constraints of our ex-
isting pipeline. Silencing audio sections containing speech can protect the privacy
of smart home occupants regarding speech. However, it also limits the system’s

primary objective of audio analysis.

Developing a system to leverage audio-sensing technology has been valuable in un-
derstanding the possibilities and limitations of this approach. However, given that
continuous audio recording in private homes can make some individuals uneasy,
it is clear that a solution that can filter out speech while preserving background

noise will be critical in advancing the audio-sensing field.

5.5 Conclusions

The proposed methodology for removing speech from audio data that is recorded in
a smart home environment found that the system can effectively eliminate speech.
However, the process has significant shortcomings. According to the results, re-
moving speech segments entirely can negatively impact the Audio Classifier’s per-
formance. It is to be emphasised that the objective of collecting data is to use
audio as a modality for sensing, and removing every segment that contains speech

limits our ability to analyse the audio data. This can result in undesirable results.

Therefore, to ensure that the system works efficiently, several considerations need

to be considered. Firstly, the system should be designed in such a way that
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it can work effectively within single-occupant households. Secondly, due to the
limited availability of labelled data, the system should incorporate transfer learning
techniques to improve its accuracy and efficiency. Thirdly, the system must be able
to effectively remove speech from audio data recorded in a smart home environment
without hampering the performance of the audio classifier. Fourthly, the system
should be designed with safety in mind, ensuring that it does not collect or store
any speech audio data. Lastly, the system should be scalable, allowing it to adapt

easily to new environments.
To summarise, our next study should have these requirements:
e The system should be designed to work efficiently with a limited number of
people in a house.

e The system should incorporate transfer learning techniques to improve its

accuracy and efficiency because of limited labelled data.

e The system should be able to effectively remove speech from audio data

recorded in a smart home environment.

e The system should be designed with safety in mind, ensuring that it does

not collect or store any speech audio data.

e The system should be scalable, allowing it to be easily adapted to new envi-

ronments.



Chapter 6

Privacy Preservation with Speech

Removal

6.1 Introduction

This research mainly focuses on passive sensing using audio. This is because audio
is a versatile modality that detects various activities in a smart home scenario.
Instead of installing multiple sensors, a microphone can be used with machine
learning or deep learning algorithms to create a system that can detect activities
or changes of activities [10]. This method can be useful in a home environment,
where voice-assistant devices are installed and microphones are already in place
for audio recording. This might also bring privacy concerns, especially regarding
private conversations. In this chapter, we developed a system that is a step forward
to privacy preservation from chapter 5 with a more sophisticated and data driven

way to eliminate any private concerns regarding speech.

6.1.1 Case Study

The case study 8 highlighted a company using voice-activated devices and multi-

sensory data in smart homes for the elderly. The researchers gained insights into

115



116

the challenges and opportunities from the Al-based Dementia Assistive & Passive
Technology for Non-Invasive Elderly Care (ADAPTIVE) project, which uses audio

sensing to monitor changes in occupants’ gait during real-life deployments.

6.1.2 Challenges

In their case study 8, the researchers found that collecting and labelling data is not
a feasible or sustainable option due to the nature of the environment. However,
they noted that it could be feasible to implement manual data labelling over a

short period, for example, 2 to 4 weeks, for any new deployment.

Another challenge they encountered during the case study was related to data
collection in elderly homes. Specifically, when recording private conversations
between carers or family members and the elderly, visitors felt uncomfortable
being recorded. In each home where the system was installed, a single-occupant
household, the participants’ input indicated a small number of regular visitors,

well below 20 per household, including family and carers.

As mentioned, these are the challenges they have:

e Maintain Acoustic Activity Recognition
e Limited Number of Labelled Data

e Limited Number of People Visiting

6.1.3 Requirements

The case study, a project focused on a different task, allowed the researchers to gain
a better understanding of the challenges associated with deploying a smart home
environment and its limitations. Similar to previous studies [192], they were able
to train an audio classifier using a deep learning model. However, they recognised

that for real-world deployment, labelled data were limited, necessitating reliance
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FIGURE 6.1: Required Plan

on a small amount of data collected from the environment and manually labelled.
A common approach in acoustic sensing, when faced with limited audio data, is
to utilise transfer learning |78, 193]. The authors employed a larger pre-trained
model to extract audio features and subsequently developed a shallow model using

these features, which yielded promising results.

It is important to remember that the number of regular visitors, which includes
family, friends, and carers, is small, typically fewer than 20 people. This is a
crucial factor to consider when assessing the privacy of the occupants and visitors.
Based on previous research on face-to-face social networks [169, 170], the authors
indicate that the number of the most common individuals encountered in daily

environments ranges from 4 to 20.

In order to preserve privacy while using audio as the main modality, it is necessary
to remove speech from the audio signal while maintaining the background sound.
As shown in figure 6.1, a privacy firewall is required to prevent any speech audio
data from being used in any audio analysis from the home environment. Removing
speech data while the background audio stays intact can support the development
of assistive living systems without any privacy concerns, while activity data can

be collected and analysed.

These are the requirements were concluded from the previous chapter:

e The system should be designed to work with a limited number of people in

a house.
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e The system should incorporate transfer learning techniques to improve its

accuracy and efficiency due to the limited labelled data available.

e The system should be able to effectively remove speech from audio data

recorded in a smart home environment while keeping the background intact.

e The system should be designed with safety in mind, ensuring that it does

not collect or store speech audio data.

e The system should be scalable, allowing it to adapt easily to new environ-

ments.

6.2 Methodology

6.2.1 Overview

The objective of our methodology is to create a pipeline that removes speech while
maintaining the background audio in order to be used for acoustic activity classifi-
cation. The overall methodology has to be broken down into several compartments,
and here the bigger picture will be described alongside the steps needed to develop
and achieve this methodology. The methodology is broken down into three steps.
The first step is capturing audio data, which will happen in an audio-sensing envi-
ronment. The second step is applying our proposed methodology which works as
a Privacy Firewall to protect the privacy of the occupants regarding speech. The
third step is a performance analysis of the data. In an audio sensing environment,
where audio is collected, there might be multiple audio sensing analyses, and our
proposed methodology can be integrated into those systems to preserve privacy
for the occupiers. Some examples for further analysis can be footstep analysis or

sleep analysis through audio.

In this study, an Acoustic Activity Classification (AAC) and a Voice Activity
Detection (VAD) method are being applied for the "performance analysis" step.

During this analysis, two aspects are focused on. The first aspect concerns how well
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privacy is preserved by the pipeline (e.g., the removal of speech), and the second
aspect relates to the usability of the output for AAC. AAC is used to understand
the activities occurring in the audio scene, while VAD is used to determine the
extent of speech present in the recorded audio. The choice to utilise AAC and
VAD results as metrics is made in order to demonstrate the improvement of the

proposed methodology.

To complete the proposed methodology, these three tasks need to be achieved:

e Acoustic Activity Classification in real deployment and with the public dataset.

e Assessing the impact of speech on Acoustic Activity Classification from the

real deployment and public dataset.

e Evaluating the feasibility of removing speech while retaining background

activity sounds.

Our proposed system will be integrated into passive acoustic environments and pri-
oritise privacy by removing audio-recorded speech data before undergoing further
analysis. During the evaluation, an audio classification analysis will be applied,
but it is anticipated that any type of audio analysis will be viable once the audio

data has passed through the privacy firewall.

The methodology consists of three tasks, each designed to achieve a specific goal.
In the first step, a thorough understanding of how an audio classifier can work
with real deployment data and its accuracy is aimed for. To accomplish this, data
from a real deployment will be used and fed to the audio classifier. The results
will then be analysed to determine the accuracy of the classifier. This task will
provide the baseline performance of the classifier and help in identifying any areas

where improvements can be made in the next step.

In the second task, speech will be introduced to the data from the real deployment.
This will allow for the analysis of the effect that speech has on the performance of

the baseline audio classifier. The results of this step will be compared with those of
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the first step, and any differences or discrepancies arising due to the introduction

of speech will be identified.

The third and final step of the methodology involves creating, training, and evalu-
ating a deep learning model that can effectively remove any speech data from the
sound signal for privacy preservation while improving the accuracy of the audio
classifier. The data to be used for this deep learning model will be synthesised.
For the previous two steps, data from a real deployment alongside data from a
public dataset was used. The same datasets will be utilised for this step, with the

addition of speech data.

The speech audio data is aimed to be introduced to the background audio at
various sound levels in order to demonstrate the different speech sound levels that
naturally occur in a real acoustic environment. Where the person who talks is not
directly speaking in front of the microphone, but the occupier speaks in multiple
locations in the room, for example, while sitting on the sofa or walking around
the house. For this purpose, four sound levels of speech audio will be synthesised

with background audio from public datasets:

40% Speech Sound Level

60% Speech Sound Level

80% Speech Sound Level

100% Speech Sound Level

In the Speech Removal section, an explanation will be provided about how data are
synthesised. The insights gained from the first two steps will be used to develop
a deep learning model that can remove only speech sounds while keeping the
background sounds intact. This model will be extensively trained and evaluated
to ensure that it meets our requirements and effectively removes unwanted speech

data from the sound signal.

Acoustic Activity Classification (AAC) and Voice Activity Detection (VAD) will

allow us to identify performance improvement or decline in each step. These are
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valuable tools in the application domain of an acoustic environment where data

are not always clean or labelled.

6.2.2 Stage 1: Acoustic Activity Recognition

In this first stage of our methodology, data from a real deployment and a public
dataset will be experimented with, as mentioned in Chapter 3. The data from
the real deployment are labelled and categorised in SINS dataset [103]. The SINS
dataset was collected by researchers at the University in Leuven, Belgium. This
dataset was a home environment replicating a smart care home equipped with cam-
eras and microphones alongside other sensors, further explained in the Datasets
section. The SINS dataset is the closest to a real environment deployment. The
other dataset, ESC-50 was used for comparison, a public dataset with 20 classes
of environmental data. It is popular in the acoustic domain and is commonly used

as a benchmark dataset.

6.2.2.1 Baseline

At this stage, the aim is to establish a performance baseline for Acoustic Activity
Recognition with the suggested datasets. As pointed out in the requirements,
collecting labelled audio data in our target environment is challenging, resulting
in limited annotated data. Deploying cameras with this system is considered
a privacy concern, and having an individual observe the activities of the smart
home occupier while at home is not feasible in this scenario. Therefore, transfer
learning will be employed for our acoustic activity recognition Machine Learning
(ML) model as a typical approach employed when there are limited datasets from

a target environment [133].

Transfer Learning in ML consists of two parts. The first stage is utilising a pre-
trained model that is trained on a large dataset. It is possible to extract embedding
features from our smaller dataset using the pre-trained model. For this example,

the VGGish [118] model was selected, which was trained with Audio Set [123] and
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FIGURE 6.2: Acoustic Activity Classification with VGGish

is a popular model to use in the acoustic classification domain [194]. As mentioned
in the Dataset section, Audio Set is an enormous collection of 10-second audio clips

from videos updated on YouTube, and metadata is used to label those audio clips.

The second stage of transfer learning is to build our ML classifier using the embed-
ding features extracted from the VGGish pre-trained model using the data from
the suggested dataset. On the first occasion, the SINS dataset was used; on the
second, the ESC-50 dataset was used. This methodology, as shown in figure 6.2,
can be very useful as it is possible to adapt the depth of a deep learning model
VGGish and specialise it to a specific domain or environment. For example, in a

home environment, the labelled data is limited and hard to capture.

To get into the technicalities of the proposed pipeline, first it is needed to establish
the pre-trained model that is used. VGGish [118] is the pre-trained model com-
monly used to extract embedding features from audio. VGGish is a Convolutional
Neural Network (CNN), that is based on the VGG architecture. VGG was orig-
inally proposed by the Visual Geometry Group at the University of Oxford [195]
for image recognition tasks. However, VGGish is specifically adapted for audio

signal processing tasks, particularly feature extraction and classification.

While VGG was designed to operate on 2D data (images), VGGish converts the
1D audio waveform into a 2D image (audio spectrogram) where one axis repre-

sents time and the other represents frequency bands. VGGish model consists of
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4 convolutional layers followed by 2 fully connected layers. After each convolu-
tional layer, there is a max pooling layer, which reduces the spatial dimensions of
the feature maps while retaining the most important information. VGGish is a

prevalent model in the audio classification domain used in various applications.

The proposed pipeline utilises the VGGish pre-trained model and follows these
steps:

Transformation of the audio signal to Spectrograms

Use of VGGish to extract embedding features

Aggregation of embedding features

Data preparation for ML classification

ML Classification

First, some pre-processing is taking place on our audio files based on the VGGish
model requirements. The VGGish model takes a spectrogram patch of 96 frames x
64 mel channels as input. This patch corresponds to 96 consecutive columns from a
spectrogram that is calculated with 10ms frames (based on 25ms windows), which
covers nearly one second of input per window (0.975s if you include the whole of
the 25 ms window at the end). The VGGish model was trained on these 96 x 64
input spectrograms, so the data are prepared in a similar manner to our suggested

dataset.

The appropriate spectrograms of size 96 x 64 were utilised to obtain embedding
features from the suggested datasets, with a sliding window of 25 ms overlap and
a 10 ms step using the Librosa library [196]. These spectrograms were then used
as input for the VGGish model, which returned a feature embedding vector of
128 dimensions per window of 0.975 seconds. These extracted embedding features
were used to train a Support Vector Machines (SVM) model. As mentioned in
chapter 5, SVMs were commonly used in addition to VGGish models, as was noted

by other researchers in the audio sensing domain [193].
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Our dataset contains a diverse range of audio file lengths. To process these data,
a sliding window of 0.96 seconds was employed, which equates to 15360 frames for
the 16kHz sampling rate audio file. This sliding window has a step length of 0.48

seconds or 768 frames, which is a 50% step.

After the spectrograms were produced, the spectrograms from each dataset were
fed separately, with the data from the real deployment (SINS) and the data from
the public dataset (ESC-50) being used. A 128-D embedding feature vector was
produced for each 0.96-second audio clip from the data. Due to the nature of the
data and the goals to be achieved, it was determined that a 0.96-second clip is
too short to capture certain activities, such as preparing breakfast. After multiple
experiments, it was decided that every 10 embedding feature vectors coming from
the same audio class would be aggregated. The aggregation was calculated using
a non-overlapping sliding window to find the mean of 10 embedding features from
each audio class. This method was employed to capture embedding features from

approximately 5 consecutive seconds of audio.

The data, embedding features and labels were combined to train the SVM using
the information extracted from the VGGish model. The data were divided into
Train and Test datasets, with a 70/30 split using Stratified Shuffle Split from

SciKit Learn [191] to ensure that the data size per class was equal.

To normalise the data, L2 normalisation was applied, which resulted in the data
ranging from 0 to 1. Then trained the SVM model using SciKit Learn [191] and
fine-tuned it to obtain the best possible results. For hyper-parameter optimisa-
tion, a parameter range was defined, including C', gamma, kernel, and degree, to
achieve this. Grid Search was used to test the parameters, which refit the model
with the best parameters. Finally, the classifier was set with the optimal param-
eters obtained from the grid search, where C' = 10, degree = 5, gamma = 1 and

using a polynomial kernel.

In conclusion, transfer learning techniques like VGGish and SVM offer a promising
methodology for audio classification in domains where labelled data is scarce. The

accuracy of the models depends on various factors, such as the quality of the data,
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feature extraction techniques, and the model used for classification. With modern
tools like TensorFlow [190] and SciKit Learn [191], researchers and developers can
achieve high accuracy in audio classification tasks, which can be used for tasks
such as speech recognition, music genre classification, and environmental sound

classification.

Moving forward, the abilities of an acoustic activity classification model using the
proposed datasets have been understood. The development of this methodology
was guided by the scarcity of labelled data in a home environment. Additionally,
the privacy of the occupant is acknowledged, necessitating an understanding of how
much of the recorded audio contains speech. As shown in figure 6.3, the Silero

Voice Activity Detection model [186] will be used to detect any speech present in

the data.

Voice Activity
Detector

Overlapped / Mixed
Audio

Voice Activity
Detected

FIGURE 6.3: Voice Activity Detection

Silero VAD was trained on a large collection of audio recordings that contained
both speech and non-speech segments from Open SLR [188]. Silero is a neural
network with multi-head attention (MHA). MHA-based networks are popular in
various applications, such as natural language processing and computer vision.
The authors believed that combining MHA and Short-time Fourier Transform as
features would result in a highly effective neural network, and their results proved

to be promising.

Silero [186] is a PyTorch-based model that can handle audio inputs with sample
rates of 8 kHz and 16 kHz, developed by the S Team. However, the model can

also process audio inputs with sample rates of 32 kHz and 48 kHz by resampling
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them to 16 kHz through slicing. Additionally, Silero supports three different chunk
sizes: 30, 60, and 100 ms. The model was trained in more than 100 languages and
has shown good generalisation. Each chunk of audio takes approximately 1 ms to
process on a single CPU thread. The model outputs a probability between 0 and
1 to indicate if speech is present in the audio segment. The creators of Silero set
the speech detection threshold at 0.5. The threshold of 0.5 was selected by the
creators of Silero because the researchers did not have any reason to be biased in

detecting speech or not, and a cut-off in the middle was a natural selection.

Silero can be used to input audio data that may contain speech, and based on
the model’s output, it is possible to perform post-processing using Python to
determine the timestamps of each section that includes speech. The process will
identify the total amount of speech detected, as shown in Figure 6.3. Silero uses
a 30 ms non-overlapping sliding window to predict if there is speech in the audio.
However, a window of 30 ms was found to be too short to contain any meaningful
speech content. To ensure the accuracy of the pipeline, speech was recognised in
the audio, where speech was detected by Silero for at least 1 second. Afterwards,
the total of detected speech was calculated if the speech detected exceeded the
1-second mark, and the results were presented in a table as a percentage of speech

relative to the length of the audio files from the two datasets.

6.2.2.2 Results

Progress has been made in the implementation of the first stage of our methodol-
ogy. As a result, audio activities from the two suggested datasets were classified,
achieving baseline results. The SVM model was trained on the embedding features
extracted from the VGGish model, resulting in an accuracy of 85% for the SINS
dataset and 82% for the ESC-50 dataset, respectively. Additionally, findings from
the Voice Activity Detection model have been included in the same table. The
total audio duration was evaluated alongside the total audio where speech was

detected for both datasets. It was indicated by our analysis that only 0.2% of
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speech was detected in the SINS dataset, while 0.6% of speech was detected in the
ESC-50 dataset.

The acoustic activity classifier was trained on the baseline dataset, with the un-
derstanding that there is a limited number of audio data. For the SINS dataset,
84% precision and 90% recall were achieved, and for the ESC-50 dataset, 84%
precision and 83% recall were achieved. Our approach does not aim to achieve
the best results, as there are other approaches, for example, Audio Spectrogram
Transformer (AST) that achieve state-of-the-art in many acoustic activity classi-
fication tasks [192]. The proposed approach for acoustic activity classification is
to be utilised as the evaluation tool to assess the performance of the privacy wall.
The VAD results are 0.2% of the SINS Baseline contains speech data and 0.6% of
the ESC-50 Baseline contains speech. These results show that the datasets contain

a negligible amount of speech data.

The results have been set as a baseline for the methodology, and the study is
intended to continue to the next stage to understand the impact of speech on
the acoustic environment. Furthermore, the methodology for speech removal and
the performance analysis of a privacy-preserved acoustic environment will be pre-

sented.

6.2.3 Stage 2: The Impact of Speech on Acoustic Activity

Recognition

In the second stage of our methodology, speech data was incorporated into our
datasets. This involves utilising the Audio Acoustic Classification and Voice Activ-
ity Detector tools from the first stage to assess the impact of audio classification
in a speech-rich environment. The objective is to remove speech in an acous-
tic environment; however, first, an understanding must be gained regarding how
adding speech affects the data and audio classification model. These discoveries

may pose unanticipated challenges, which will be addressed through adjustments
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to the methodology. In this stage, synthetic datasets will be created based on pub-
lic datasets and real-world deployment data, followed by applying the previously
developed Acoustic Activity Classification and Voice Activity Detection tools to

examine the effects and implications of added speech.

For this stage of our methodology, this is the procedure:

Dataset Synthesis (Described in 3)

Apply Acoustic Activity Classification

Apply Voice Activity Detection

Compare Results with previous findings

6.2.3.1 Performance Metrics

At stage 1 of our methodology, the goal was to set the baseline for our acoustic
activity classification and voice activity recognition based on our proposed dataset,
SINS and ESC-50. At this stage, after synthesising variants of a synthetic dataset
that includes speech in various sound levels, the acoustic activity classification
and voice activity recognition models will be deployed to understand the impact
of speech in the acoustic environments. The acoustic activity classification model
considers the real environment in which our system will be deployed, where labelled

data are limited and hard to collect.

The eight synthesised datasets will be run using the same model as the base-
line. For Voice Activity Detection, Silero [186] will be used, and for the acoustic
activity classification, a 50% overlap window will be applied to the raw audio
data to extract spectrograms of shape 96 x 64. Embedding features of 128-D will
then be extracted from those spectrograms using the VGGish model [118]. Sub-
sequently, the 10 spectrograms will be aggregated by calculating their mean, and
the extracted data will be prepared for evaluation using the SVM model that was

trained earlier from the baseline.
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6.2.3.2 Results

During this stage of the methodology, synthetic datasets were generated, and
speech data was incorporated into the ESC-50 and SINS datasets. The Acoustic
Activity Classification and Voice Activity Detection tools were then applied to the
datasets, resulting in some findings. Comparing these results with previous find-
ings will help understand how the addition of speech affects the acoustic activity
classification model. In this section, the results of the experiments conducted to
date will be presented. Afterwards, the next stage of the methodology will be
addressed.

As shown in table 6.1, results were produced using the AAD and VAD model.
Beginning with the baseline from the SINS dataset, which was presented at stage
1 of this methodology, achieved 84 % precision and 90% recall from AAD and
0.2 % speech detected from the VAD model. By adding Speech to our data, the
accuracy of the AAD deteriorated. Specifically, in the SINS dataset with the added
Speech at 100% sound level, the AAD dropped to 50% precision and 51% recall
whilst VAD raised to 49% of detected audio that contained speech. By reducing
the sound level of the speech data before adding them to the background audio
data, minor improvements can be found to the acoustic activity classification and

a drop in the percentage of speech detected in the synthetic dataset.

A similar effect was the ESC-50 dataset, with a baseline AAD at 84 % precision
and 83% recall with voice activity detected at 0.6 %. After the insertion of speech
data at 100 % sound level, the AAD dropped to 70% precision and 69% recall, and
voice activity was detected at 67.5 % of the audio data. During the alternations
of speech sound level, the lower the volume level of speech data, the better results
were obtained in acoustic activity classification, where the voice activity detection

percentage was degrading.

Overall, these results provide valuable insights into the effects of speech on acous-
tic activity classification and the importance of the sound level from the speech

audio data. Having achieved those results, stage three of our methodology will
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TABLE 6.1: Precision, Recall and VAD performance from our baseline and
overlapped speech on various sound levels.

Dataset Precision | Recall VAD
SINS (Baseline without Speech) 84% 90% 0.2%
SINS with added Speech (40% sound level) 59% 58% 0.60%
SINS with added Speech (60% sound level) 52% 52% 1%
SINS with added Speech (80% sound level) 48% 56% 9.89%
SINS with added Speech (100% sound level) 50% 51% 49%
ESC-50 (Baseline without Speech) 84% 83% 0.6%
ESC-50 with added Speech (40% sound level) | 81% 75% 6.80%
ESC-50 with added Speech (60% sound level) | 74% 74% 7.2%
ESC-50 with added Speech (80% sound level) | 71% 73% 17.19%
ESC-50 with added Speech (100% sound level) | 70% 69% 67.5%

be entered, where a speech removal model will be applied to the data. The aim
of the final part is to ensure that any speech is removed from the synthetic data
while keeping the background data intact, thus allowing for the improvement of
the acoustic activity classification while the privacy of the occupants regarding

conversational data is preserved.

6.2.4 Stage 3: Speech Removal

The final stage of our methodology consists of removing speech from the synthetic
datasets for the purpose of preserving the privacy of people living in the acoustic
environment regarding speech. The aim is also to improve the acoustic activity
classification results by removing speech from the data. As shown in figure 6.4, the
pipeline involves the removal of speech using a speech removal model. Afterwards,
the proposed Acoustic Activity Classification and Voice Activity Detection models
will be used to analyse the changes in the data concerning the amount of speech
remaining in the audio data and to compare the Acoustic Activity Classification

performance with previous results.

For the Acoustic Activity Classification, spectrograms will be extracted from the
"Speech-Free" Audio Data as input to the VGGish model, from which feature

embedding vectors will be obtained and evaluated using the developed SVM model.
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For Voice Activity Detection, the Silero VAD public model will be applied to the

"Speech-Free" raw audio data.
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FIGURE 6.4: Deploying Speech Removal Model alongside VGGish Model

6.2.4.1 Experimenting with Public Models

Before moving on to the development of a custom model aimed at removing speech
from background audio data, a variety of public models were explored. In the area
of Speech Separation [197, 198], solutions for the Cocktail Party Effect [148] and
Audio Source Separation [199] were published by some authors who developed
their own models. Three models were chosen for testing using the public dataset
ESC-50 and the synthetic version of ESC-50, where speech was synthesised at a
100% sound level.

A major benefit is gained from downloading and using other researchers’ models, as
the outcomes of their research can be obtained and opportunities for improvement
can be explored. The conclusion was reached by experimenting with these public
models:

e Facebook Denoiser [157]

e SepFormer [150]

e ConvTasNet [198]
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These models were downloaded from a dataset library called Hugging Face [200].
Hugging Face is hosting a plethora of public models for researchers to download
and use. These models were developed for various purposes. I will briefly explain

how these models were created by their authors.

ConvTasNet and SepFormer were trained using the WSJ0-2Mix dataset [151],
where their focus was to separate audio sources between 2 or more speakers. Con-
vTasNet consists of an Encoder, a deep convolutional neural network that does the
speech separation followed by a Decoder. Where SepFormer was created after the
publication of Attention is All You Need, [149], and they are utilising an attention

layer.

The Facebook Denoiser model was focused on cleaning up the noise from the
background sound, which is the reverse of what is being aimed to improve the
quality of speech. The Valentine and DNS datasets were used to train the Facebook
Denoiser [161, 201]. A U-Net structure was utilised in the model [159], which was
initially developed for biomedical image segmentation. These experiments were
conducted to understand the capabilities of these public models, and thus, only
the ESC-50 dataset with added speech at 100% was tried. To achieve the results
shown in table 6.2, the same methodology was implemented for acoustic activity
classification and voice activity detection, which were explored in stages 1 and 2,
after the public models were deployed on ESC-50 data with added speech. Baseline
results from stage 1 and ESC-50 with added speech at 100% sound level are also

presented as a comparison to the new findings.

TABLE 6.2: Results from the initial experiments on AAD and VAD before and
after removing speech data using various public models for speech removal or
speech separation.

Dataset Precision Recall VAD

ESC-50 (Baseline without Speech) 84% 83% 0.6%
ESC-50 with added Speech 70% 69% 67.5%
ESC-50 Removed Speech - Denoiser | 67% 66% 6.55%
ESC-50 Removed Speech - SepFormer | 51% 51% 36.34%
ESC-50 Removed Speech - ConvTasNet | 52% 60% 47.21%
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After applying the speech removal models, the results from the AAD have dete-
riorated. However, the VAD model has shown improvement in terms of detecting
the amount of speech. For instance, the Denoiser, by Facebook, has performed the
best in removing speech, with only 6.55 % of audio-containing speech, as compared
to the original dataset, which had 67.5% of speech. Despite this, the AAD results
have worsened by 67% precision and 66% recall, as compared to the ESC-50 with
added speech, which had 70% precision and 60% recall, and the baseline, which
had 82% precision and 83% recall.

6.2.4.2 Creating a purposed Speech Removal Model

The Speech Removal Model is being developed with the goal of removing all speech
data from the environment and improving acoustic activity classification results.
Since the public models that were experimented with are not suitable for this task,
a model based on specific requirements is being created and trained. The model
being developed is also compatible with the VGGish model for performance anal-
ysis. In this research, the work that included Acoustic Activity Classification after
the speech was removed, alongside Voice Activity Detection, will be presented.
Any future work can incorporate the proposed speech removal model with other

audio analysis tasks.

Based on the recent results presented in table 6.2, it has been determined that the
Facebook Denoiser performed the best, leading to the decision to use the structure
of their model. The model was adjusted to fit the spectrogram size of VGGish,
96 x 64. A U-Net structure, specifically a Deep Convolutional Autoencoder with
symmetric skip connections [159], was utilised. The U-Net Model was adapted for

spectrograms to facilitate speech removal.

For the training data, the synthetic dataset was used, created from the real de-
ployment data. The SINS dataset synthesised LibriVox Speech data. The data
were split for training and evaluation at 70/30 for both the SINS dataset and

the SINS dataset with speech data. The pre-processing of the dataset was done
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by extracting spectrograms from our audio datasets using Librosa [196] at four

directories:

Train with Speech

Eval with Speech

Train without Speech

Eval without Speech

The training data are divided into two categories: Train without Speech and
Train with Speech. Train without Speech comes from the SINS dataset and Train
with Speech originates from SINS with added Speech at 100 % sound level. The
other variations of our SINS with added speech synthetic datasets were used for
evaluation purposes. The spectrograms were generated from raw audio files using
a sliding window of 0.96 seconds, which corresponds to 15360 frames for the 16kHz
sampling rate audio file. This sliding window has a step length of 0.48 seconds or

768 frames, which equals a 50% step.
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FIGURE 6.5: Training Speech Removal Model

The proposed model uses Train with Speech as input and Train without Speech
as the output target. The network accepts spectrograms that use a global scaling

factor, which maps them to a distribution of values between -1 and 1.

The model has an encoder and a decoder. The encoder consists of 5 convolutional

layers, each with LeakyReL U, maxpooling, and dropout. The decoder is symmetric
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to the encoder and features skip connections. The final activation layer uses a
hyperbolic tangent function (Tanh), resulting in an output distribution between

-1 and 1.
The encoder:
1. Input Layer: This layer takes an input image (for our purpose a spectro-
gram) of size (96, 64, 1) where 96 x 64 represents the height and width, and

1 represents the number of channels (grayscale image was used for spectro-

gram)
2. Convolution Block 1 (Convl):

(a) Two consecutive 3x3 convolutions with 16 filters.

(b) LeakyReLU Activation.
3. Max Pooling 1: Downsamples by factor of 2 (2x2).
4. Convolution Block 2 (Conv2): Same as Convl, but with 32 filters
5. Max Pooling 2: Downsamples by factor of 2 (2x2).
6. Convolution Block 3 (Conv3): Similar to Conv2, but with 64 filters.
7. Max Pooling 3: Downsamples by factor of 2 (2x2).
8. Convolution Block 4 (Conv4):

(a) Similar to Conv2, but with 128 filters.

(b) Includes Dropout (0.5) for regularisation.
9. Max Pooling 4: Downsamples by factor of 2 (2x2).
10. Convolution Block 5 (Conv5):

(a) Similar to Conv2, but with 256 filters.

(b) Includes Dropout (0.5) for regularisation.
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The decoder:

1. Upconvolution 6 (Up6):

(a) Upsamples by a factor of 2 (2x2).

(b) 3x3 convolution with 128 filters and LeakyReLU activation.
2. Concatenation 6: Combines Upb6 features with Conv4 features.
3. Convolution Block 6 (Conv6): Similar to Conv2, but with 128 filters.

4. Upconvolution 7 (Up7): Similar to Up6, uses Conv6 features and con-

catenates with Conv3.
5. Convolution Block 7 (Conv7): Similar to Conv2, but with 64 filters.

6. Upconvolution 8 (Up8): Similar to Up6, uses Conv7 features and con-

catenates with Conv2.
7. Convolution Block 8 (Conv8): Similar to Conv2, but with 32 filters.

8. Output Layer: 1x1 convolution for segmentation mask (96 x 64, 1 channel).

The input and output of our speech removal model are represented using spectro-
grams, enabling their combination with further audio analysis. In this example,
embedding features are extracted using the VGGish model after the speech has
been removed from the original audio data, and the analysis continues with the

produced spectrograms.
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6.2.4.3 Hyper Parameter Optimisation

In addition to creating the speech removal model and using it in combination with
audio analysis, also a hyper-parameter optimisation was performed to fine-tune

the model’s performance.
Here are the parameters that were explored (The following parameters were tuned
using Keras Tuner library [202]):

e size filter in:

— The number of filters in the first convolutional layer.
— This controls the feature map depth throughout the network.

— Options: 16, 32, 48, 64, 80, 96, 112 and 128
e dropout_rate:

— The dropout rate is applied after specific convolutional layers.
— To prevent overfitting.

— Options: 0.0, 0.1, 0.2, 0.3, 0.4, 0.5.
e activation:

— The activation function used in convolutional layers

— Introduces non-linearity for improved learning.

— Options: ReLU (rectified linear unit), Leaky ReLLU, ELU (Exponential
Linear Unit), Sigmoid.

e batch size:

— The number of samples used for gradient updates during training.
— Affects training speed and memory usage.

— Options: 32, 64 and 128

e learning rate:
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— The learning rate used by the optimiser.
— Controls the step size taken during gradient descent.

— Range: 1e-6 to le-2 in logarithmic scale

Here is the configuration that achieved the best validation loss after 60 epochs:

size filter in: 112 (increased from the default range)

optimiser: SGD (instead of Adam)

dropout rate: 0 (no dropout applied)

activation: leaky relu (confirmed a good choice)

batch size: 32 (default value)

learning rate: 2.9456e-05 (significantly lower than the default range)

Epochs: 20 (early stopping based on validation performance)

Based on the results of Hyperparameter Optimisation, the following conclusions

were drawn:

1. The model’s ability to learn complex features may have been enhanced by
increasing the initial number of filters (size filter in). For this particular
dataset and network architecture, the SGD optimiser may have been more

appropriate than Adam.

2. A dropout rate of 0 (i.e. disabling dropout) may indicate that sufficient
regularisation was achieved through other factors, such as the activation

function.
3. Leaky ReLU remained the optimal activation function for this task.
4. The default batch size (32) proved to be efficient.

5. A significantly lower learning rate (2.9456e-05) was crucial for achieving

convergence and avoiding overfitting.
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6. The model achieved good performance relatively quickly, as evidenced by

early stopping at 20 epochs.

6.2.4.4 Results

Table 6.3 displays the Baseline results for stages 1 and 2 of the SINS and ESC-50
datasets. As noted in stage 2, adding speech in the ESC-50 dataset tends to lower
the accuracy of acoustic activity classification. At 100% speech sound level, the
accuracy drops from 82% (baseline without speech) to 71%. However, as speech

sound level decreases, the impact on accuracy becomes less prominent.

Similarly, adding speech to the SINS dataset also diminishes classification accu-
racy. The accuracy reduction is most noticeable at 100% speech sound level (49%
versus 85% baseline) and gradually improves as the speech sound level decreases.
The expectation of an acoustic environment is that the speech sound level should
not be very high compared to the background sounds because of the nature of
the environment and where the microphones are set up. The person living at
home does not always face the smart device that contains the microphone, and
they might not be located in very close proximity to the microphone. As a solu-
tion, a multi volume level approach was utilised to understand the effectiveness
of our system in filtering out conversational content from the audio signal while

maintaining high accuracy in acoustic activity classification.

In stage 3, our methodologies produced the following results. Removing speech
from the ESC-50 dataset with added speech enhances classification accuracy com-
pared to scenarios where speech was present. For example, eliminating speech
entirely (0% voice activity detected) yields an accuracy of 80%, which is very close
to the baseline (82% accuracy). As for the SINS dataset, similar to ESC-50, re-
moving speech from the SINS dataset with added speech increases classification
accuracy compared to having speech present. In this case, the improvement is even
more significant, where speech removal at all sound levels leads to better results

than having speech in the audio signal.
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TABLE 6.3: Performance metrics for AAD (Precision and Recall) and VAD on
various datasets.

Dataset Precision| Recall | VAD
ESC-50 (Baseline without Speech) 84% 83% 0.6%
ESC-50 with added Speech (40% sound level) 81% 75% 6.80%
ESC-50 with added Speech (60% sound level) 74% 74% 7.2%
ESC-50 with added Speech (80% sound level) 1% 73% 17.19%
ESC-50 with added Speech (100% sound level) 70% 69% 67.5%
ESC-50 after Speech Removed (40% sound level) | 85% 85% 0%
ESC-50 after Speech Removed (60% sound level) | 80% 79% 0%
ESC-50 after Speech Removed (80% sound level) | 74% 4% 0%
ESC-50 after Speech Removed (100% sound level) | 73% 81% 0%
SINS (Baseline without Speech) 84% 90% 0.2%
SINS with added Speech (40% sound level) 59% 58% 0.60%
SINS with added Speech (60% sound level) 52% 52% 1%
SINS with added Speech (80% sound level) 48% 56% 9.89%
SINS with added Speech (100% sound level) 50% 51% 49%
SINS after Speech Removed (40% sound level) 71% 7% 0%
SINS after Speech Removed (60% sound level) 1% 70% 0%
SINS after Speech Removed (80% sound level) 65% 65% 0%
SINS after Speech Removed (100% sound level) 62% 70% 0%

One of the primary advantages of using this particular methodology is that the
capability to eliminate any speech content from the audio signal completely is
provided. This is particularly important as the privacy of the occupants is priori-
tised. The Voice Activity Detection model is utilised to understand if any speech
is included in the dataset being used. According to the Voice Activity Detection
column, the speech removal model developed effectively removes all speech content
in both the ESC-50 and SINS datasets and all the synthetic alternative datasets

created.

Additionally, this approach has been shown to improve AAD from the data with
added speech after the speech was removed, making it a valuable tool for various
applications. By removing speech audio content, this methodology allows for a
more thorough analysis of the acoustic properties of the signal, providing a more

accurate understanding of the audio and the environment in which it was recorded.
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6.3 Results

Finally, an overview of all results from the experiments conducted during this
research was reviewed, and it is pleasing to see that the pipeline performs well in
both public datasets and real deployments, as well as in data collections that were
conducted. The aim of the pipeline was to completely reduce or remove the speech
content from the audio signal gathered from a home environment while improving

the acoustic activity classification.

Since the ESC-50 dataset does not contain speech, synthetic datasets were created
by incorporating speech audio data into ESC-50 audio data at varying sound levels.
An acoustic activity classification model, along with a Voice Activity Detection

public model, was utilised to evaluate the effects of speech on these datasets.

Subsequently, some public models aimed at speech separation or speech enhance-
ment were tried, which were attempting to solve a problem similar to the one being
addressed. Facebook Denoiser [157], a Speech Enhancement model, ConvTasNet
[198], a deep convolutional model built for Speech Separation, and SepFormer
[203], which features an architecture based on Transformers with an Attention
Layer designed for speech separation, were all tested. Unfortunately, the public
models did not successfully remove the speech from the background audio while
keeping the background audio intact, necessitating the construction of a propri-

etary model.

After the speech removal model was created and applied to the synthetic data,
it was observed that the acoustic activity classification outcomes were enhanced
compared to those of the synthetic datasets. Although the objective was to achieve
acoustic classification levels comparable to those of the baseline without speech,
that was not accomplished. It is thrilling to announce that the gap between the
acoustic activity classification outcomes of the baseline and the synthetic dataset
with speech has been successfully narrowed. The performance is significantly bet-

ter than that of the existing generic models that were tested.
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The same structure as that of the SINS Dataset was followed, as the SINS dataset
does not contain speech data. Acoustic Activity Classification and Voice Activity
Detection were applied to establish the baseline. After speech audio data was
introduced to the dataset at various sound levels, a decline in the acoustic activity
classification results was noted. By applying the pipeline to these various syn-
thetic datasets originating from the SINS Dataset, it was confirmed that speech
was completely removed according to the voice activity detection model, and an
improvement in the acoustic activity classification accuracy was achieved to a
certain extent.

TABLE 6.4: AAD (Precision and Recall) and VAD performance metrics on
public datasets, real deployments, and alternative synthetic datasets.

Dataset Precision | Recall | VAD
ESC-50 (Baseline without Speech) 84% 83% 0.6%
ESC-50 with added Speech (40% sound level) 81% 75% 6.80%
ESC-50 with added Speech (60% sound level) 74% 74% 7.2%
ESC-50 with added Speech (80% sound level) 1% 73% 17.19%
ESC-50 with added Speech (100% sound level) 70% 69% 67.5%
ESC-50 after Speech Removed with Denoiser 67% 66% 6.55%
ESC-50 after Speech Removed with SepFormer 51% 51% 36.34%
ESC-50 after Speech Removed with ConvTasNet | 52% 60% 47.21%
ESC-50 after Speech Removed (40% sound level) | 85% 85% 0%
ESC-50 after Speech Removed (60% sound level) | 80% 79% 0%
ESC-50 after Speech Removed (80% sound level) | 74% 74% 0%
ESC-50 after Speech Removed (100% sound level) | 73% 81% 0%
SINS (Baseline without Speech) 84% 90% 0.2%
SINS with added Speech (40% sound level) 59% 58% 0.60%
SINS with added Speech (60% sound level) 52% 52% 1%
SINS with added Speech (80% sound level) 48% 56% 9.89%
SINS with added Speech (100% sound level) 50% 51% 49%
SINS after Speech Removed (40% sound level) 1% 7% 0%
SINS after Speech Removed (60% sound level) 1% 70% 0%
SINS after Speech Removed (80% sound level) 65% 65% 0%
SINS after Speech Removed (100% sound level) 62% 70% 0%
First Data Collection (No Speech) 80% 86% 0%
Second Data Collection (Including Speech) 78% 7% 6.8%
Removed Speech from Second Data Collection 76% 76% 0%

Lastly, the complete pipeline was applied to the Second Data Collection, where
daily activities were recorded by participants using the AudioHive App, a smart-

phone application developed explicitly for data collection purposes. The results
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of the acoustic activity classification and voice activity detection (VAD) for both

data collections are presented in Table 6.4.

The First Data Collection was conducted under controlled conditions where par-
ticipants were not allowed to speak. As expected, the VAD module did not detect
any speech, ensuring that the dataset consisted purely of activity sounds. In con-
trast, the Second Data Collection permitted participants to speak during activities,

resulting in speech being present in 6.8% of the total dataset.

Applying the proposed pipeline to the Second Data Collection demonstrates its
ability to both classify acoustic activities and effectively remove speech content
from the data. While the proportion of speech in the dataset was relatively low
(6.8%), the pipeline successfully mitigated its influence on classification perfor-
mance. This indicates the robustness of the approach even with minor speech

interference.

The evaluation highlights that precision and recall metrics decline with increas-
ing speech interference, as expected. However, post-processing with the proposed
speech removal techniques restores classification performance to levels comparable
to datasets without speech interference, particularly when speech levels are mod-
erate (40%-60%). This aligns with the pipeline’s goal of providing robust acoustic

activity classification while preserving privacy by eliminating conversation content.

6.4 Conclusions

The experimental results demonstrate several key conclusions regarding acous-
tic activity classification and voice activity detection under conditions of various
speech additions to the environmental audio signal.

e The impact of speech

e Identified benefits of speech removal

e Application on real-world data
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e Privacy awareness regarding speech

The proposed methodology consisted of three stages:

1. Set the baseline of acoustic activity recognition
2. Recognise the impact of speech on an audio dataset from background sounds.

3. Application methodology of removing the speech content and improving the

acoustic activity classification.

As part of the methodology, two key metrics were utilised: acoustic activity clas-
sification and voice activity recognition. To begin with, the impact of introducing
speech into an acoustic environment was examined. This was crucial for under-
standing the role of speech in the overall acoustic environment and its effect on the
metrics. Next, the overall transformations in the datasets were measured before
and after the proposed dataset was applied. This enabled the assessment of the
effectiveness of the proposed dataset and the determination of its impact on the
overall accuracy of the metrics. By analysing these metrics, valuable insights into
the performance of the methodology were gained, allowing for further refinement

to achieve more accurate results.

The proposed pipeline for acoustic activity classification is believed to have the
potential to be modified and customised for a wide range of acoustic sensing ap-
plications in future research. The current classification module can be substituted
with other types of classification models or applications, depending on the specific

needs of the acoustic home sensing system.

This pipeline can be particularly beneficial in situations where collecting labelled
data is challenging or not feasible and where ensuring the privacy of individuals
living in the acoustic environment is a top priority. Additionally, this pipeline
can help to eliminate speech from audio data, which can be especially useful in
cases where speech analysis is not required. Overall, this pipeline has significant
potential for advancing the field of acoustic sensing and improving the quality of

life for individuals in various settings.



Chapter 7

Conclusion

7.1 Introduction

During this research, an introduction was provided in chapter 1, presenting a basic
understanding of addressing a research challenge that incorporates acoustic sens-
ing in a home environment. Moving to the background work in chapter 2, the
current work from the research community in acoustic sensing for the elderly in
home environments was presented. In chapter 4, the first task of tracking the daily
routines of the elderly at home through acoustic sensing was tackled; however, the
collection of labelled data was deemed impossible, necessitating an unsupervised
methodology. Furthermore, in chapter 5, unique challenges in acoustic environ-
ments where elderly people live were identified based on real-world deployment
experiences. For instance, privacy regarding speech was recognised as essential
not only for the occupant but also for the carers visiting daily to ensure the
well-being and safety of the elderly. Finally, in the last contribution, chapter 6
outlined a multi-step methodology aimed at providing appropriate insights for
an acoustic environment in a single-occupancy home. This methodology ensures
speech-related privacy while improving the accuracy of acoustic activity recogni-
tion after the speech is removed. The overall research presents a modern solution

to a contemporary environment where audio is utilised as the sole modality.
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7.2 Overall Contribution of this Work

The research questions set at the beginning of this research will be reflected upon,

and an understanding of how each question was answered.

7.2.1 Q1: Is it feasible to identify changes in daily routine
through unsupervised acoustic sensing with perfor-
mance levels sufficient for detecting significant devia-
tions, such as change of order of activities or missing

activities?

Using acoustic sensing, changes in daily routines were identified with relatively
high accuracy [10]. As discussed in chapter 4, the development of a novel di-
mensionality reduction technique supported the implementation of the pattern
matching approach for various activity sequences through acoustic sensing. This

approach could determine if an activity sequence has changed.

7.2.2 Q2: What are the implications of an acoustic system
in a home environment that is designed to protect

against misuse of speech data?

In chapter 5, the implications of an acoustic system were discussed in a home
environment designed to protect against misuse of speech data through an exper-

imental approach. Some of the main requirements for such a system are:

e The number of people occupying the home is limited.

e The amount of labelled data that was able to be collected in a home envi-

ronment is very limited.
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e The speech audio data should be eliminated because of privacy concerns for

residents, carers visiting and family.

e The acoustic system should easily adapt to new environments and homes.

A practical study will be conducted on the impact of these requirements.

7.2.3 Q3: What is the impact on the performance of acous-
tic activity recognition while providing speech-related

privacy in continuous acoustic sensing?

As discussed in chapter 5, masking audio sections containing speech audio neg-
atively affects the audio classification accuracy. Considering a different solution,
in chapter 6, a novel methodology was proposed for preserving privacy regarding

speech while maintaining acoustic activity classification accuracy.

7.2.4 Q4: Is it feasible to apply speech-related privacy in
continuous acoustic sensing while maintaining a drop
in acoustic activity recognition accuracy of no more

than 10%?7?

In Chapter 6, the proposed methodology effectively removes speech from the audio
signal while maintaining a relatively high accuracy in acoustic activity recognition.
Specifically, the methodology was able to keep the drop in acoustic activity recog-
nition accuracy to no more than 10% when tested with both the synthetic dataset
and the data collected for this study. However, when applied to a dataset from a
real deployment, the proposed methodology experienced a more significant drop
of 13% in acoustic activity recognition accuracy. Although the system succeeded
in eliminating conversational audio across all datasets, this came at the cost of

reduced performance in acoustic activity recognition. The dataset from the real
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deployment had the most substantial impact on performance, which warrants fur-

ther investigation to improve these metrics.

7.3 Future Development of This Work

The outcome of this research can be a baseline for other researchers. They can
use our outcomes for their studies and develop further work. In this section, the

ideas and future plans developed based on our work will be discussed.

The future developments that are possible and important after this research consist

of the following:

e Open Access Data Collections: In the area of acoustic activity recog-
nition, many researchers publicise their data collections as a public dataset
to support the research in the area. When it comes to acoustic sensing in
home environment datasets are limited and it is important to pursue a better

future research in this area.

e Speech Obfuscation: Some scenarios of acoustic activity recognition con-
tain speech, such as a meeting or phone call. In these cases, removing speech
completely will negatively affect the recognition of these activities. A possi-
ble approach to preserve privacy while allowing detection of such activities
can rely on obfuscation of speech so no conversational content will be avail-

able in our data while activity audio is clearly preserved.

e Improve accuracy through hybrid model:, where a pre-trained speech
removal model can sit alongside a model that can be retrained with new
data to target a specific environment. An ensemble framework combining
pre-trained with newly trained models can have the potential to achieve

better accuracy.

e Shrink our proposed Deep Learning model to a tiny model to fit
in an embedded device. In doing that, the privacy processes will happen on

the device, and not upload speech data to the cloud.
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The following sections will explain more in-depth what these future methodologies

consist of and what they need to be developed.

7.3.1 Open Access Data Collections

At the beginning of this work, one of the main challenges was understanding and
utilising available public datasets and deciding what kind of data the researcher
should be collecting. A work that is important for future research in acoustic sens-
ing in the home environment is to develop more public datasets available to other
researchers. In Chapter 77, the public datasets and collected data were discussed
for this work. Publicising acoustic sensing data from the home environment is

important to expand the research in this domain.

Collecting data, especially labelled data, is a laborious endeavour, and many re-
searchers will benefit by utilising public datasets in addition to collecting their
data. DCASE challenge [143] was a major contributor in bringing researchers to-
gether to solve problems related to audio sensing by providing tasks and datasets

for researchers worldwide to try and experiment with.

DCASE is a prime example of how research could be improved and developed
because of the availability of public datasets in a specific domain. Producing a
public dataset is not easy for a researcher, but these endeavours will support the

future of research.

7.3.2 Speech Obfuscation

In Chapter 6, it was discussed that removing speech from certain environments
whilst keeping the background sounds intact. This acts like a privacy firewall
for the home occupant, where speech content is removed completely, and further
analysis is performed on the background sounds. On some occasions, the presence
of speech might be important for some activities, like having a meeting or during

a phone call. The proposed system from 6, as shown in figure 7.1, is unsuitable for
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these scenarios because the speech content is completely removed from the audio

signal.
Speech Further
Removal 'W%' | Analysis
Model
Audio Data Speech-free
that contains Audio Data
Speech

FIGURE 7.1: Proposed Speech Removal Methodology

The methodology considered suitable for these scenarios, which represents an im-
provement over the method outlined in chapter 6, incorporates speech separation,
speech obfuscation, and finally, speech reintroduction to the audio signal. In fig-
ure 7.2, a model similar to speech removal is utilised, but the speech-only audio
data is not discarded. It is proposed that these data be recycled using a speech
obfuscation model, where the content of the speech data is discarded and replaced

with a default text that has no real meaning to the occupant.

The home occupant could be recorded while having a private conversation and
the proposed methodology will separate the background sounds from the conver-
sational audio data. Then, the speech obfuscation model will use the speaker’s
sound and a text-to-speech methodology to convert a fabricated text, for example,
"I am going to the park", so the vital conversational information from the home

occupant will not be used for any further analysis.

Afterwards, the obfuscated speech content will be overlapped with the background-
only audio data and used for further analysis. This methodology could be useful
in scenarios when additional analysis is needed to understand activities like phone
calls. Still, the home occupants do not want to share their conversational audio
information. The system also protects visitors, caregivers, and family members
when they visit the home occupant, and their conversations can stay private while

receiving the benefits of having a passive acoustic system.
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FI1GURE 7.2: Speech Obfuscation Methodology

7.3.3 Hybrid Model

The other part of our proposed methodology in chapter 6 that could be improved
is the training part of the speech removal model. The proposed speech removal
model is trained on data synthesised from a real environment and speech data
collected in a controlled environment. For the Hybrid Model, a framework is
proposed that can be deployed with no knowledge of the new environment, and

our model will be trained based on the data from that environment.

As shown in 6.2, generic speech removal models are not performing well, but they
remove some parts of speech. As shown in figure 7.3, the proposed deployment of
two models: the speech removal model as the one suggested in chapter 6 alongside

a generic speech removal model, such as the Facebook Denoiser [157].

These two models will run in parallel initially; both will try to remove speech
content. Afterwards, the two results will be compared based on how much speech
could be detected. Finally, the background audio signal with the less speech
detected will move to further analysis, like acoustic activity recognition. If the
generic speech removal model performs better than the custom speech removal
model, which is expected at the beginning of the experiment in a new environment,
the data from the generic model will be used to retrain the custom model online.
This process will be repeated with all new audio data that contain speech until
the custom speech removal model performs better than the generic speech removal

model.
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FIGURE 7.3: Hybrid Model for Speech Removal Methodology

In the work presented in this thesis, data collection should take place for a certain
period, and the recorded data needs to be manually labelled. The hybrid model
approach could be deployed without the need to manually label the audio data to
build the custom speech removal model. Speech-aware acoustic sensing could be

performed to analyse the audio signal further.

The main goal of the hybrid model methodology is to ease the deployment’s initial
setup. The system will be able to be trained on new data from the current envi-
ronment unsupervised, with no need to do manual labelling and data collection at
the beginning of our acoustic environment setup. Every new home environment

equipped with an acoustic sensing system will start using the system immediately.

7.3.4 Tiny Model

For the last future extension of this research regarding privacy, this research is
focused on removing any conversational data from the audio data, focusing on
private conversations, for a privacy-aware acoustic sensing environment. Privacy
is a huge area that does not only involve speech data [204]. Uploading the data

to a server could be a privacy concern that could be minimised. Having a system
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that does all the pre-processing on-device could be beneficial. There are multiple

ways to tackle this challenge:

e Pre-process data on-device and upload on server speech-free audio data.

e Pre-process data on-device, including further analysis.

Depending on further analysis, the speech removal pipeline and any model used
for further analysis should have a small memory footprint so they can be saved
and run on the device. For this future development, the focus is on the privacy-
preserving data pre-processing part, with our focal point on removing speech data
and uploading the speech-free data on the server for further analysis. This method-
ology will help the system’s acceptability from the home occupant and their family.
By removing the speech data from the background audio signal before it leaves
the always-on recording device, it is possible to significantly enhance the privacy
and acceptance of the system. Potential approaches to achieve this can involve
following a "teacher-student" model [205] or applying model pruning [206] on the
trained model in order to produce models with smaller memory and processing

footprint.

7.3.5 Future of Smart Care Homes with Audio as their Main
Modality

In chapter 5, the challenges of having an acoustic sensing system in domestic
environments were discussed, where the focus is to help them without the burden
of managing and charging wearable devices. The reality is that a passive system
can be beneficial, but further requirements arise because of the nature of the
always-on audio recording devices installed in people’s private homes. There is an
understanding that these problems could be solved, as mentioned in chapter 6, by
developing a suitable pipeline that can satisfy the needs of the home occupants,
family members and carers whilst being able to use audio as a modality for passive

sensing.
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Smart care homes can greatly benefit from utilising a passive system that sup-
ports the elderly living at home. Continuous health monitoring through acoustic
sensing and a voice-enabled Al assistant that provides tailored companionship to
the elderly could relieve stress from the elderly’s family and carers. Identifying
cognitive deterioration, as mentioned in chapter 4, through acoustic sensing is rev-
olutionising caring capabilities. Where previously, the carer needed to be aware of
any changes in the elderly’s daily routine, using an automated system can indicate

how the elderly are doing, and the carer could support them accordingly.

One possible area for further work is using remote monitoring and alerting systems
for caregivers or family members. Such systems could detect anomalies or falls
and indicate the urgency of the alert, allowing swift assistance to be provided.
Additionally, voice analysis tools could be used to detect emotional changes in
elderly individuals’ speech data, which could be useful for virtual visits through a
smart care home system. Overall, smart care systems that rely on audio sensing
have the potential to provide preventive and compassionate solutions for elderly
individuals who want to live at home. These systems can improve their quality of
life, assist caregivers, and create a secure, autonomous, and respectful environment

prioritising privacy.

7.4 Final Reflections

The study has now been completed. It explored the possibility of using acoustic
sensing to track changes in a home environment. Based on existing knowledge
and the work of other researchers, it was concluded that a novel dimensionality
reduction algorithm could be helpful. It was also proven that activity changes

could be detected using pattern matching with dynamic time warping.

In the second part of the study, the focus was shifted to privacy regarding speech,
and a set of requirements was deemed necessary for the continuation of the re-
search. Popular machine learning models were utilised; however, modifications

were made to adapt to the specific requirements of a real-life environment, where
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labelled data are limited. A framework was established to guide the final part
of the study. The speech removal methodology was designed to consider all re-
quirements from the previous section regarding real-life deployment, particularly

prioritising the privacy of those living in such environments.

As smart devices have become commonplace in households, new ethical considera-
tions regarding data collection in home environments are being faced. Researchers
are recognised as responsible for exploring ways to safeguard individual privacy
in the context of advanced smart technology. It is emphasised that no individual
should have to compromise their privacy for the sake of advanced smart home

technology or other smart devices.

The field of acoustic sensing in real-world environments has a potential for further
development and application. I hope that more researchers and research groups
will be interested in this area and that the findings presented in this thesis will
prove helpful to them. Additionally, anyone working in an application domain
related to this field may also benefit from the insights and knowledge gained from

this research.



Chapter 8

Appendix

8.1 Case Study

As part of the research, some involvement in the ADAPTIVE project [207] gave
a better understanding of the practical work in deploying audio sensing systems.
Within this project, audio was experimented with as a modality for detecting foot-
steps by a company. Before this, the company employed a multi-sensory approach
to support the elderly with smart home devices. Although this project was not
directly related to the thesis, valuable insights into the workings of a smart care
home were gained, particularly regarding data collection, privacy concerns, and
deployment. Challenges and considerations arising from the deployment of sensing
technology in a real-world setting were witnessed first-hand, and this experience

has informed the research path.

Al-based Dementia Assistive & Passive Technology for non-Invasive Elderly care
(ADAPTIVE) [207] was a collaborative project between MiiCare [6], Univesity
of Kent, East Kent Hospitals University NHS Foundation Trust and Bristol City
Council. Falling is a common issue in the elderly [208, 209], and if the gait of the
elderly is not stable, that might contribute to a fall. The ADAPTIVE project aims

to use acoustic sensing to detect alternations in the gait of occupants in real-life
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deployments. The smart home devices that contain microphones were installed in

single-occupant households and care homes for data collection and deployment.

8.1.1 Real Life Deployment

Some stages need to be considered before the ADAPTIVE project can take place,
as shown in figure 8.1. After the sensor installation, a 4 week period of data
collection was done for each house deployment. Because of the nature of the de-
ployment, no cameras were installed, nor was human observation, which means
that manual data labelling was needed after the data were collected. The collab-
orators employed external contractors for this purpose, and the contractors were
advised to label when three or more footsteps were taking place. That was a
long and expensive process. Afterwards, the Machine Learning (ML) Model was
trained based on the collected data that were labelled, and then the ML model

was deployed to the single-occupant homes for prediction.

Install Data Manual data ML Model

: : Train the
sensors @ collection  Q labellingby @ " ' 9 deployment for
(4 weeks) contractors prediction

FIGURE 8.1: Deployment stages from the case study

A part of the research project was to deploy the smart home device, miiCube,
shown in figure 8.2, in one hundred single-occupant households. These homes
are primarily inhabited by elderly individuals who receive frequent visits from
their caregivers or family members. It is worth noting that some of these elderly
individuals may be suffering from mild to moderate dementia. The purpose of this
study was to assess the ability to detect footstep and alternation in their footstep

pattern using audio as a modality.

The device deployed in these homes was set to record sound in windows of 10
seconds when the Signal to Noise Ratio was above 0 dB. In other terms, the

device was recording 10 seconds of audio when the device was detecting that there
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FIGURE 8.2: miiCube device by miiCare

was a sound in the room where the device was installed. After the recording, the
audio was uploaded to the company’s servers, where audio analysis was happening.
Because of the nature of these deployments, human observation or the installation
of cameras to set the ground truth was not possible. The company had to receive
support from external contractors, and they relied on manual labelling through
human hearing. Specifically, a cohort of external contractors was employed to
manually hear and annotate audio datasets with relevant walking events, and

timestamps of each footstep.

Manual annotation was labour-intensive and expensive because it took a long time.
From our observation data, collecting labelled data in this kind of real deployment
is very hard or maybe impossible without the help of camera sensors or human
observers who manually note down activities and times that happen. However,
such approaches can be very intrusive and expensive, making them unfeasible for

large scale, and long-term collection of labelled data.

While the data collection was taking place, carers of the elderly who were visiting
the homes of the elderly expressed their privacy concern. The system recorded
people having private conversations during the study because the audio was con-
tinuously recorded. This raised concerns about the privacy and security of the
individuals visiting or living in the house. Therefore, appropriate measures need
to be taken to address this issue and ensure the safety and confidentiality of the

elderly people, their family members and carers.
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Based on our experience, this project is viewed as a case study, providing an
understanding of the benefits and hurdles associated with a smart care home. From
what was observed, the collection of labelled data in a real-world environment is
not considered an easy task. If cameras or human observers are not present,
manual labelling needs to be conducted, which is regarded as time-consuming and
expensive. In addition to ensuring the privacy of the occupants, a system needs to
be created that is capable of removing any speech content from the background,
allowing for the performance variation to be showcased after the speech is removed

in regular acoustic sensing classification.
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