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Abstract

Background: The aging population is growing rapidly worldwide, posing significant
challenges for healthcare systems. This demographic shift demands innovative approaches
to address the unique physical, cognitive, and social needs of older adults.. Traditional
healthcare systems are often ill-equipped to provide continuous monitoring and support,
leading to increased pressure on caregivers and healthcare providers. Active Assisted
Living technologies, combined with Artificial Intelligence, present an opportunity to bridge
this gap by integrating advanced sensors and analytics into everyday living environments.
These technologies can enhance healthcare monitoring, promote independent living, and
improve overall well-being for aging populations. The aim of this thesis is to develop and
evaluate Al-enhanced AAL systems that address key challenges in aging healthcare. This
includes constructing robust data ecosystems for sensor integration, advancing methods for
physical indicator prediction, Activities of Daily Living recognition, and ensuring the
adaptability of these technologies for real-world applications.

Methods: This thesis employed a multi-phase research methodology, integrating
systematic reviews, infrastructure development, and experimental evaluations to advance
Active Assisted Living technologies for aging populations.

The research began with a comprehensive scoping review to systematically map the
landscape of Al applications in AAL technologies. The review followed the PRISMA
methodology, with searches conducted across six databases: PubMed, CINAHL, IEEE
Xplore, Scopus, ACM Digital Library, and Web of Science. Studies published over the past
decade were considered, resulting in 64 eligible papers that were reviewed and analyzed to
identify critical gaps.

Building on these findings, a cloud-native AAL data ecosystem was developed to facilitate
the collection, integration, and management of sensor data from commercially available
AAL devices. This ecosystem was structured across four layers: perception, transportation,
processing, and application. Leveraging cloud computing technologies, the system ensured
scalability, interoperability, and real-time data processing. Advanced data acquisition and
management protocols were implemented to address challenges related to reliability,
security, and compliance with health data standards.

The functionality of the data ecosystem was validated through a heart rate prediction study
using contactless monitoring techniques. Forty participants performed 23 predefined daily
living activities in a smart home environment equipped with Swidget ambient sensors and
Empatica E4 wristbands. Data collected from ambient sensors were analyzed using
machine learning models, such as Random Forests, to predict heart rates accurately.
Further research investigated Activities of Daily Living recognition using the same data
assets. A proof-of-concept study involving younger adults in controlled smart home
environments evaluated the effectiveness of contactless ambient sensors. Machine learning
models, such as Adaptive Boosting, Decision Trees, and Gaussian Naive Bayes, were
employed to classify daily activities, achieving high accuracy.

vii



To address the challenge of generalizability for Activities of Daily Living recognition
among population, a hybrid transfer learning framework was developed. This framework
combined Correlation Alignment and Conditional Adversarial Domain Adaptation
techniques to adapt models trained on younger adults for application in older populations.
Experiments involving 26 healthy older adults were conducted in semi-controlled
environments, focusing on less structured activities to simulate real-world conditions.

Results: The scoping review identified critical gaps in the application of Al within AAL
technologies, particularly the lack of centralized data ecosystem and real-world
experimentation. The developed cloud-native AAL data ecosystem successfully integrated
data from multiple commercially available sensors, facilitating seamless data processing
and real-time analytics. The heart rate prediction study achieved a high prediction
performance with a Mean Absolute Error of 6.023 using the Random Forest model.

The ADLs recognition study, conducted with younger adults in controlled settings,
demonstrated an overall accuracy of 0.964 using the Adaptive Boosting model,
significantly outperforming wearable sensor-based methods and hybrid modes. The hybrid
transfer learning framework further addressed the generalizability challenge by adapting
models trained on younger adults in controlled settings to older adults in semi-controlled
settings. The hybrid adaptive model achieved an accuracy of 0.576 and an F1-score of 0.538,
compared to baseline methods, which achieved only 0.098 in accuracy the most.
Additionally, incorporating a small amount of target population data in training enhanced
the performance, with accuracy increasing by a maximum of 0.344.

Conclusion: This thesis makes significant contributions to the advancement of AAL
technologies on public health monitoring by addressing foundational gaps in data
ecosystem development, health indicators prediction, ADLs recognition, and its
transferability to older adults in real-world. The research demonstrates the feasibility of Al-
enhanced AAL systems to provide reliable, scalable, and inclusive solutions for healthcare
monitoring and activity recognition in aging populations. By developing and validating
methodologies for real-world application, this work also highlights the potential of these
technologies to support public health initiatives. The integration of AAL systems into
public health frameworks could enable proactive monitoring, early detection of health risks,
and personalized interventions, ultimately improving population-level health outcomes.
This thesis lays the groundwork for empowering older adults to live independently, safely,
and with improved quality of life, while also supporting caregivers and healthcare providers
with actionable insights.
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Chapter 1 — Introduction

1.1 Introduction

The world is experiencing a significant demographic shift. By 2030, one in six people
globally will be aged 60 years or older, and this number is expected to double to 2.1 billion
by 2050 [1]. As populations age, all countries face substantial challenges to ensure their
health and social systems can effectively support older adults, especially in the context
where 80% of older adults will be living in low- and middle-income countries by 2050 [2].
Population aging is often accompanied by increased illness, disability, and dependency,
placing additional demands on healthcare systems and creating economic strain. During the
last century, the primary health threats were infectious and parasitic diseases, which mainly
affected children and infants. However, with advancements in medical technologies, the
leading causes of death have shifted to noncommunicable diseases (NCDs), such as cancer,
heart disease, and diabetes, which primarily impact older adults [3]. The rising prevalence
of NCDs globally has driven up healthcare costs substantially. In Canada, it is estimated
that the aging population will result in an 88% increase in medical expenditures by 2040
[4]. In developing countries, the economic burden is also significant, with a reported $83
billion loss between 2006 and 2015 due to NCDs in older populations [3]. Beyond
healthcare expenses, the rising aging population exerts pressure on labor markets, with
declines in productivity and an increasing consumption of healthcare resources [5][6].

In 1955, only 8% of the world population was older than 60 years,
in 2015 this had risen to 12.3%. By 2050 this number will be 21.3%.

H0-14 15-59 60+

100%
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40%
20%
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1950 1960 1970 1980 1990 2000 2010 2020 2030 2040 2050

Sources: UN AL]AIéEKA
Figure 1. Global Demographic Shift [7]

Most older adults prefer to remain in their own homes as they age, a concept known as
“aging in place” [8]. However, many face difficulties with daily activities, especially those
with chronic conditions. The current healthcare model overly relies on informal caregivers,
such as family members, to provide support for older adults, leading to increased caregiver
stress and significant financial and social burdens on healthcare systems [9][10]. This
approach also results in a decline in the quality of life for older adults who do not receive
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adequate care. The shortage of affordable and accessible professional homecare services
further exacerbates the challenges. Recent advances in the Internet of Things (IoT) have
led to the development of smart home technologies aimed at assisting older adults with
daily activities and monitoring, treating, and managing chronic health conditions [11][12].
These technologies, known as Active Assisted Living (AAL), provide older adults with the
resources they need to maintain their independence, safety, and health while remaining in
their communities [13][14][15].

The recognition of Activities of Daily Living (ADLs) is a key component of AAL
technologies. Daily patterns of living are strongly correlated with physical and cognitive
health, and changes in these patterns can serve as early indicators of health issues. For
instance, a change in gait speed or balance can reflect cognitive decline and increased fall
risk [16], while changes in speech patterns may indicate the onset of Alzheimer’s disease
or other forms of cognitive decline [17]. AAL technologies use autonomous tracking and
ADLs recognition to identify changes in daily routines and potential emergencies, such as
falls or sudden health deterioration [18][19]. These technologies enable continuous
monitoring and early intervention, providing opportunities for timely healthcare support
that can improve health outcomes and maintain the quality of life for older adults.

Despite the progress in consumer-level AAL technologies, widespread adoption has been
limited by various challenges [20]. Cost remains a significant barrier, as AAL systems are
often expensive for consumers, even though the potential savings would benefit healthcare
systems. False alarms and data reliability issues further limit the usability and effectiveness
of AAL devices [21]. There is also a lack of incentives for healthcare providers to manage
and act on the vast amounts of data produced by these systems. As a result, there is a need
to develop low-cost, reliable AAL solutions that are both affordable and effective, ensuring
that they can be implemented at scale to support healthy aging worldwide.

The research in this thesis aims to advance the field of healthy aging by presenting the
development of a smart home data ecosystem that supports AAL technologies. Specifically,
this ecosystem focuses on advancing ADLs recognition, providing older adults with
technologies that facilitate independence and improve quality of life. The following
chapters detail the development process of this smart home ecosystem, explaining how
AAL technologies have been implemented to enable effective ADLs recognition for older
adults. This work contributes to the broader public health objective of enhancing the well-
being of aging populations by leveraging technology for proactive and responsive health
support.

1.2 Structure of the thesis

This thesis is structured as a series of publications, each contributing to the overarching
goal of advancing AAL technologies with artificial intelligence (Al) to support healthy
aging. The organization of the chapters reflects the logical progression of the research, from
identifying gaps and opportunities in the field to developing, implementing, and validating
innovative solutions. Each chapter includes a foreword that situates the publication within



the broader context of the thesis, facilitating a seamless transition between studies, and
concludes with a discussion section that reflects on the chapter's contributions and
introduces to next chapter.

Chapter 1 introduces the thesis, providing structure of the thesis, an overview of the
motivation, research context, and significance of leveraging Al and AAL technologies for
aging populations. Chapter 2 outlines the research aims, detailing the central research
question and breaking it into specific aims. This chapter provides a roadmap for the thesis,
connecting the aims to the subsequent studies and explaining how each contributes to
answering the overarching research question. Chapter 3 presents the research questions and
objectives, further breaking down each aim into actionable questions and sub-objectives
that guide the studies presented in the following chapters.

Chapters 4 to 8 present the core research contributions, each corresponding to a peer-
reviewed publication or manuscript.

e Chapter 4 is a scoping review that systematically examines the existing literature
on Al applications in AAL technologies. This review identifies critical gaps, such
as the limited integration of commercial sensors and the lack of frameworks for
real-world deployment, which shape the research directions explored in the
subsequent chapters.

e Chapter 5 focuses on the development and construction of a cloud-native data
ecosystem designed to integrate and process data from commercially available AAL
sensors. This chapter demonstrates how such a system can address the identified
gaps by enabling seamless data collection, management, and analysis.

e Chapter 6 builds on the data ecosystem by presenting a study that uses it for heart
rate prediction. This study highlights the feasibility of leveraging AAL technologies
for contactless health monitoring, emphasizing the practical applications of the
developed ecosystem in physiological monitoring.

e Chapter 7 explores ADLs recognition using AAL technologies based on the data
ecosystem. This proof-of-concept study conducted with younger adults
demonstrates the effectiveness of machine learning models in controlled
environments, laying the groundwork for adapting these models to older
populations.

e Chapter 8 extends the ADLs recognition study to older adults by leveraging transfer
learning techniques. This chapter addresses the challenges of generalizing models
trained on younger populations to older adults in less controlled environments,
providing insights into the adaptability and scalability of AAL systems.

Chapter 9 concludes the thesis with a comprehensive discussion and conclusion. This
chapter integrates the findings from all preceding chapters, reflecting on the contributions,
limitations, and implications of the research. It also provides a vision for future work,
emphasizing the potential for further advancements in AAL technologies to enhance public
health and support aging populations.



1.3 Motivation

The motivation for this thesis comes from the pressing global challenge of an aging
population and the increasing demand for innovative, scalable solutions to support healthy
aging. As the proportion of older adults rises worldwide, healthcare systems are faced with
the dual challenge of addressing the complex medical, social, and psychological needs of
this demographic while managing the financial and logistical constraints of traditional
caregiving models. The development of effective and accessible solutions is essential to
empower older adults to live independently, maintain their dignity, and reduce the burden
on caregivers and healthcare providers.

ADLs are fundamental to assessing the well-being and functional health of older adults.
The ability to perform basic tasks such as bathing, dressing, eating, and moving
independently is not only an indicator of health but also directly tied to an individual’s
quality of life and autonomy. Monitoring these activities in real-time and in a non-intrusive
manner can provide valuable insights into changes in health status, enabling timely
interventions and preventive care. However, existing solutions for ADLs recognition often
rely on wearable devices or self-reported data, which may not be practical or reliable for
all older adults due to compliance challenges and physical limitations.

Simultaneously, advancements in Al and AAL technologies present an unprecedented
opportunity to address these challenges. By leveraging commercial smart sensors and Al-
driven analytics, it is possible to develop contactless, continuous monitoring systems that
are not only user-friendly but also demonstrate high accuracy in recognizing daily activities,
ensuring reliable data capture for health monitoring and early intervention. However,
despite the promise of these technologies, significant gaps remain in their practical
deployment. For instance, the current research landscape lacks robust frameworks for
integrating diverse data sources into a cohesive ecosystem and adapting Al models to
diverse real-world conditions and old populations. Addressing these gaps requires a
comprehensive approach that combines technological innovation with an understanding of
the unique needs and behaviors of older adults.

This thesis is driven by the vision of creating equitable and scalable AAL solutions that
leverage Al to enhance the independence and well-being of older adults. The research aims
to explore how commercial smart sensors, when coupled with advanced machine learning
techniques, can contribute to healthcare monitoring and ADLs recognition for older adults.
This includes addressing key challenges such as the variability in activity patterns among
older populations, the limitations of controlled experimental settings, and the scarcity of
labeled data for model training. By tackling these issues, this thesis seeks to advance the
field of AAL technology, ultimately paving the way for innovative, real-world applications
that support aging in place and improve public health outcomes.

1.4 Active Assisted Living and Ambient Assisted living
Active Assisted Living (AAL) and Ambient Assisted Living (AAL) are two closely related
terms often used interchangeably in the field of aging healthcare technology. While “Active”



emphasizes technologies that actively engage users to perform tasks or enhance their
abilities, “Ambient” focuses on systems seamlessly integrated into the environment,
providing unobtrusive monitoring and support for daily living. These two perspectives are
inherently interconnected, as effective AAL systems often combine both active engagement
and ambient integration to provide comprehensive support. In this thesis, both terms are
used across different chapters to reflect the varied focus of individual studies. To ensure
consistency and clarity, the abbreviation “AAL” is used as a unified term to encompass
both concepts.

AAL represents an innovative approach to supporting the health, independence, and well-
being of older adults by utilizing advanced technologies [22]. AAL aims to create a safe
and supportive environment that allows aging individuals to maintain their quality of life
while continuing to live in their homes, often referred to as “aging in place” [8]. As the
aging population grows, the importance of AAL technologies in facilitating healthy and
independent living becomes increasingly evident.

AAL encompasses a diverse set of technologies, including smart home sensors, loT devices,
and Al systems. These technologies work together to detect health-related issues and
provide real-time interventions [23]. By integrating smart sensors, AAL systems can collect
data on movement, vital signs, environmental conditions, and other factors critical to an
individual's well-being [24]. Motion detectors, pressure sensors, wearable devices, and
environmental monitors are examples of the types of sensors used to track health and
activity patterns [24]. The information collected through these sensors is processed by Al
algorithms that analyze behavioral patterns, detect anomalies, and provide alerts for
potential health risks [25].

AAL technologies enhance the overall quality of life for older adults by supporting both
physical and cognitive health [26]. For example, AAL systems can provide reminders for
medication, suggest activities that promote physical exercise, and offer cognitive training
games to keep the mind active [27][28]. These personalized interventions, guided by data
collected in real-time, help in maintaining a balanced and healthy lifestyle. By providing
older adults with user-friendly interfaces—such as voice commands or mobile
applications—AAL systems empower individuals to manage their health actively and
independently [29].

The benefits of AAL extend to caregivers and healthcare professionals as well [30]. AAL
systems enable caregivers to remotely monitor the well-being of older adults, reducing the
burden of constant physical presence while providing peace of mind [31]. In addition,
healthcare providers can access valuable health data collected by AAL systems to make
informed decisions regarding an individual's care [32]. This data-driven approach
facilitates better coordination between healthcare services and home-based care, ultimately
enhancing the continuity and quality of care.



Despite its promise, the adoption of AAL technologies faces several challenges. The high
cost of devices, concerns regarding privacy and data security, and difficulties in integrating
these systems with traditional healthcare infrastructure [33], and challenges in real-world
implementation and effective integration with Al for healthcare monitoring [34] are among
the barriers to widespread adoption. Addressing these issues is crucial to creating effective
AAL solutions that support the health and well-being of older adults on a larger scale.

1.5 Activities of Daily Living recognition

Activities of Daily Living include basic routine tasks, such as eating, bathing, dressing, and
moving around the home, which people typically perform independently [35]. In the
context of elderly healthcare, accurately recognizing these activities is essential for
assessing and monitoring the health of older adults. ADLs recognition is a specific part of
human activity recognition that plays an important role in understanding the abilities and
limitations of aging populations [36]. This monitoring provides important information for
healthcare providers and caregivers, allowing for sustained independent living and timely
intervention. By understanding the specific needs of older adults, healthcare systems can
offer a more personalized level of care, which can lead to improved overall health outcomes
and a better quality of life for older individuals [37].

ADLs recognition is particularly valuable because it directly reflects the functional status
of an individual. Being able to perform these basic tasks independently is a key indicator
of an older adult's ability to live without continuous assistance, which significantly affects
their quality of life [38]. Therefore, recognizing and understanding changes in these
activities is crucial. Small declines in the ability to perform ADLs can be early signs of
broader health issues, such as mobility problems, cognitive impairment, or the onset of
chronic conditions [39]. By closely monitoring these changes, healthcare providers can take
preventive actions to slow or manage the decline, ensuring that older adults receive the
support they need before problems escalate.

Integrating ADLs recognition with AAL technologies using Al greatly improves the ability
to monitor these activities in a discreet and continuous way. Al algorithms analyze data
collected from various sensors used in smart home environments, including motion
detectors, wearable devices, environmental sensors, and more advanced pressure and door
sensors, to track daily routines accurately [40]. Motion detectors can provide insights into
the physical activity of individuals, while wearable devices often monitor vital signs, such
as heart rate and body temperature, which help in assessing health conditions more
comprehensively [41]. Environmental sensors, such as temperature and humidity sensors,
are crucial for monitoring living conditions, which can affect an older adult's well-being
[42]. Pressure sensors placed on beds or chairs can help in understanding sleep patterns or
time spent resting, which are key indicators of health [43]. Door sensors can be used to
track movement within different areas of the home, helping to identify potential issues like
reduced mobility or social isolation [44].



Such continuous monitoring is crucial for detecting small changes in activity patterns that
may indicate emerging health concerns, such as reduced mobility, increased risk of falls,
or other health-related issues [45]. For example, if pressure sensors detect that an individual
is spending significantly more time in bed, this may be an early indication of fatigue,
depression, or other health problems [46]. Similarly, a gradual decrease in the frequency of
certain activities, such as bathing or dressing, could indicate increasing difficulty with
physical movement or a decline in motivation, which might be linked to depression or
cognitive issues [47]. Early identification of these changes allows caregivers and healthcare
professionals to intervene promptly, thereby preventing potential complications before they
worsen.

In addition, Al-enhanced ADLs recognition plays an important role in advancing
personalized healthcare. By accurately understanding an individual’s daily activity patterns
and specific needs, AAL technologies can adjust environmental conditions—such as
lighting, temperature, and recommended daily activities—to improve the well-being and
comfort of older individuals [48]. This level of personalization is made possible by Al's
learning capabilities, which adapt interventions based on collected data, ensuring that the
responses remain relevant and effective. For example, if a decrease in physical activity is
detected, the system can recommend light exercises or activities that are suitable for the
individual’s health status [49]. This adaptive approach ensures that the interventions
provided are not only timely but also aligned with the evolving needs of the individual,
promoting a higher level of personalized care.

Beyond monitoring individual activities, ADLs recognition extends the capabilities of AAL
systems to provide a comprehensive understanding of behaviors and interactions with the
environment [50]. The detailed insights provided by Al-driven AAL technologies enable
healthcare providers to develop tailored interventions that address specific needs,
significantly improving the quality of care. For instance, monitoring an individual's sleep
patterns and adjusting the environment to improve sleep quality can have a significant
impact on overall health [51]. Additionally, recognizing patterns of social isolation or
reduced engagement in activities can prompt timely interventions to enhance social
interaction and mental well-being, addressing both physical and emotional health [52].

Al-driven ADLs recognition also facilitates improved communication and coordination
between healthcare providers, caregivers, and older adults. By providing detailed and
continuous insights into an individual’s ability to perform daily tasks, all stakeholders can
stay informed about the person’s current status and evolving needs [53]. This enhanced
communication ensures that any decline in health can be addressed collaboratively, with
input from all parties involved. For instance, family members can be informed about
changes in activity patterns, which helps them provide additional support, while healthcare
professionals can adjust treatment plans as needed [54]. This coordinated approach to care
significantly improves the quality of support that older adults receive and reduces the risk
of health emergencies.



Additionally, ADLs recognition using Al empowers older adults by giving them greater
control over their own health. By recognizing specific activities of daily living, Al systems
can provide personalized feedback through user-friendly interfaces [55], encouraging
individuals to engage in healthy behaviors and make informed decisions about their daily
routines [56]. For instance, an Al system can provide reminders for medication or suggest
hydration breaks, all informed by ADLs recognition data that monitors routine activities
[57]. By using insights from ADL recognition to offer targeted suggestions, these systems
not only promote physical health but also enhance a sense of independence and self-
efficacy among older adults.

1.6 Machine Learning and Deep Learning methods

With the increasing availability of complex and diverse datasets generated from smart
home systems and wearable technology, advanced machine learning (ML) techniques have
become crucial for analyzing and deriving valuable insights from such data. ML and deep
learning (DL) leverage computational models that learn from data patterns to solve specific
tasks. In this thesis, both ML and DL techniques are employed to address different aspects
of health monitoring and activity recognition. Recent advancements in data availability,
algorithmic improvements, and computational efficiency have significantly contributed to
the effectiveness of these techniques in health applications [58].

The methods selected for this thesis research are informed by a scoping review presented
in Chapter 4, which highlighted the prevalence and success of these approaches in current
studies. By selecting these commonly used methods, this thesis aims to ensure consistency
with existing best practices in the domain of healthy aging and activity monitoring.

The general ML techniques used in this thesis can be broadly categorized into two main

tasks: classification and regression [59].

o Classification: Classification is a type of supervised learning that involves training a
model to recognize and assign labels to new input data based on patterns observed
during training. In this thesis, classification models are used to recognize ADLs from
sensor data collected in the smart home environment.

e Regression: Regression is another supervised learning task where the goal is to predict
a continuous outcome based on input features. In this thesis, regression is used to
validate the smart home data ecosystem for health monitoring. A pilot study was
conducted using data collected from the AAL environment to predict physical health
indicators, specifically heart rate. This regression task helps demonstrate the
effectiveness of the data ecosystem in monitoring and providing insights into the
physical health of older adults.

The following sections provide an overview of the ML and DL methods employed in this
thesis.



1.6.1 Support Vector Machines and Support Vector Regression

Support Vector Regression (SVR) is a powerful supervised learning algorithm derived
from the foundational principles of Support Vector Machine (SVM) [60], which are
commonly used for classification tasks. SVR adapts these principles to solve regression
problems, where the objective is to predict continuous values rather than discrete classes
[61].

To understand SVR, it is helpful to start with a brief overview of how SVM works. SVM
aims to find an optimal hyperplane that separates data points belonging to different classes.
In two-dimensional space, this hyperplane is a line (Figure 2(a)), whereas in higher
dimensions, it becomes a plane or a hyperplane. The goal of SVM is to identify the
hyperplane that maximizes the margin between different classes, providing the best
possible separation of the data.

SVR, on the other hand, seeks to find a hyperplane that can predict a continuous output
with minimal error. Unlike SVM, which focuses on maximizing the margin between classes,
SVR defines a margin of tolerance (often denoted as epsilon) around the hyperplane (Figure
2(b)). The objective is to ensure that the predicted values lie within this margin of tolerance,
while simultaneously minimizing the model's complexity. The data points that lie outside
this margin are known as support vectors, and these points play a crucial role in determining
the regression function.

One of the key features of SVR is the use of kernel functions, which allow it to model
complex, non-linear relationships effectively. By mapping the input data into a higher-
dimensional feature space, kernel functions—such as linear, polynomial, and radial basis
function kernels—enable SVR to capture intricate patterns in the data. The choice of kernel
function is critical, as it directly impacts the model's ability to generalize and accurately
predict the target variable.
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Figure 2. SVM and SVR [342]



1.6.2 K-Nearest Neighbors

K-Nearest Neighbors (KNN) is a simple, yet effective supervised learning algorithm used
for both classification and regression tasks [62][63]. In this thesis, KNN is utilized for both
classification and regression tasks.

The KNN algorithm works by identifying the ‘k’ nearest data points in the feature space to
make a prediction about a new data point. In classification, KNN assigns a class to the new
data point based on the majority class among its ‘k’ nearest neighbors. In regression, KNN
predicts the value of the new data point by averaging the values of its ‘k’ nearest neighbors.
The distance between data points is typically calculated using metrics such as Euclidean
distance, which helps determine the similarity between data points.

KNN is a non-parametric algorithm, meaning it does not assume any underlying
distribution of the data. This makes KNN particularly useful for sensor data from smart
homes, where the distributions can be complex and difficult to model. The selection of an
appropriate ‘k’ value is crucial for the performance of the KNN algorithm. For example, in
Figure 3 , if the k = 3, the data point is classified into Class B, while if k = 6, the data point
belongs to Class A. In addition, a small value of ‘k’ makes the model sensitive to noise,
leading to overfitting, while a large value of 'k' may result in overly smooth predictions and
potentially underfitting.
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Figure 3. KNN [343]

1.6.3 Decision Tree
Decision Tree (DT) are widely recognized as one of the most interpretable and intuitive
machine learning algorithms [64]. It can be used for both classification and regression tasks.

A Decision Tree consists of nodes and branches that represent decisions or outcomes based
on certain conditions. At each internal node of the tree, a decision is made by evaluating a
specific feature of the input data, with branches representing possible outcomes of that
decision. This process continues until a terminal (leaf) node is reached, which provides the
final prediction. In the case of classification, the leaf node represents the class label, while
in regression, it represents a predicted numerical value.
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Feature selection for splitting nodes is a critical component of DTs. The feature to split on
is determined based on criteria such as impurity or information gain [65]. Impurity
measures the degree of disorder or impurity within a dataset, and the goal is to minimize
this impurity at each split to create more homogeneous branches. Information gain, on the
other hand, measures the reduction in entropy, aiming to maximize the separation between
classes by selecting features that provide the most significant improvement in homogeneity.
By evaluating all available features using these criteria, the DT selects the feature that
results in the most informative split, ensuring that the resulting branches are distinct and
meaningful.

For example, consider a simplified scenario where the task is to classify activities such as
‘walking’ or ‘sitting’ based on features like room temperature or humidity. The DT starts
by evaluating the feature that provides the best split between different activities (e.g.,
temperature level). Depending on the value of this feature, the data is divided into different
branches, and the next feature is evaluated until a final classification is made at the leaf
nodes. This recursive partitioning of the data allows DTs to effectively model non-linear
relationships between input features and output labels.

1.6.4 Random Forest

Random Forest (RF) is an ensemble learning method that builds upon the foundational
concepts of DT by constructing multiple trees and aggregating their predictions to achieve
better accuracy and generalization [66]. RF is used in this thesis for both classification and
regression tasks.

The RF algorithm works by creating a collection of DTs, each trained on a random subset
of the data. This subset is generated using a process known as bootstrap sampling, where
samples are drawn from the original dataset with replacement. Additionally, at each split
in the tree, only a random subset of the features is considered for splitting. This combination
of random sampling of data points and random selection of features helps to reduce the
correlation among individual trees, thereby improving the overall robustness of the model.

In classification tasks, RF predicts the class label by aggregating the majority vote from all
the individual DTs in the ensemble. For regression tasks, the prediction is made by
averaging the numerical values predicted by each DT. This aggregation process helps to
mitigate the risk of overfitting, which is a common issue with individual Decision Trees,
especially when they grow too deep.

The strength of RF lies in its ability to handle high-dimensional datasets with many features
and its resilience to noise [67]. By averaging the predictions of multiple DTs, RF achieves
greater stability and accuracy, as individual errors are likely to be canceled out in the
ensemble. This characteristic makes RF particularly suitable for analyzing complex sensor
data from smart home environments, where noise and variability are common.
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Another key advantage of RF is its ability to provide estimates of feature importance, which
can offer valuable insights into the relationships between input features and the target
variable [68]. Feature importance is determined by evaluating how much each feature
contributes to reducing the impurity across all trees in the forest. In this thesis, feature
importance analysis is used to identify which factors are most influential in predicting
ADLs and physical health indicators, providing further interpretability and guiding the
development of targeted interventions for healthy aging.

1.6.5 Adaptive Boosting

Adaptive Boosting (AdaBoost) is an ensemble learning algorithm that builds upon the
foundational concepts of DT and shares a similar rationale with RF as it aims to improve
the performance of weak classifiers by combining them into a strong classifier [69]. In this
thesis, AdaBoost is used for classification tasks, specifically for recognizing ADLs from
sensor data collected in smart home environment

The AdaBoost algorithm works by training a sequence of weak learners, typically DTs with
a shallow depth (often referred to as decision stumps). During each iteration, the algorithm
assigns weights to the training data points, giving higher weights to those that were
misclassified in previous iterations. This weighting mechanism ensures that subsequent
classifiers focus more on the difficult cases, thus improving the model's ability to accurately
classify the entire dataset.

Once all the weak learners are trained, AdaBoost combines their predictions using a
weighted majority vote for classification. The final model is a weighted sum of all the
individual classifiers, where each classifier's weight is determined based on its performance.
This iterative process of training and weighting results in a model that is highly effective
at reducing bias and variance, leading to improved generalization.

In the context of ADLs recognition, AdaBoost is particularly useful for its ability to handle
complex, non-linear patterns in the sensor data. By focusing on the misclassified instances,
AdaBoost creates a more robust model that can effectively distinguish between different
activities, even when the data contains noise or variability. This characteristic is crucial for
smart home environments, where sensor readings can be influenced by various factors such
as changes in lighting, temperature, or movement artifacts. Similar to RF, AdaBoost
leverages multiple models to create a stronger overall predictor, but unlike Random Forest,
it focuses sequentially on the mistakes made by the previous models, thereby enhancing its
adaptive capacity.

1.6.6 Gaussian Naive Bayes

Gaussian Naive Bayes (GNB) is a probabilistic learning algorithm based on Bayes' theorem,
commonly used for both classification and regression tasks [70]. In this thesis, GNB is
employed for regression and classification task.
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The GNB algorithm assumes that the features are normally distributed and calculates the
probability of an outcome based on the conditional distributions of the features given a
target variable. For classification, GNB calculates the posterior probability of each class
based on the conditional distributions of the features and assigns the class with the highest
posterior probability. In the case of regression, GNB models the relationship between the
predictor variables and the continuous target variable by estimating the posterior
probability, thereby providing predictions in the form of expected values. The assumption
of normality makes GNB particularly suitable for situations where the underlying data
distribution is approximately Gaussian, which simplifies the learning process and makes
the algorithm computationally efficient. In this thesis, when using GNB, it does not assume
any specific network structure or joint probability distribution among the predictors.
Instead, it assumes that each predictor contributes independently to the outcome,
conditioned on the target variable.

One of the main advantages of GNB is its simplicity and computational efficiency. Since
GNB makes strong independence assumptions between features, it is less prone to
overfitting compared to more complex models, particularly when dealing with high-
dimensional data. This is beneficial for the smart home sensor data used in this research,
where computational resources may be limited, and the simplicity of the model allows for
faster predictions.

1.6.7 Multi-Layer Perceptron

Multi-Layer Perceptron (MLP) is a type of artificial neural network that is commonly used
for both classification and regression tasks. In this thesis, MLP is employed for regression
task. The use of MLP allows for capturing complex, non-linear relationships between the
input features and the target variable, making it particularly suitable for health-related
applications [71].

As a part of deep learning neural network, an MLP consists of multiple layers of neurons,
including an input layer, one or more hidden layers, and an output layer. Each neuron in a
layer is connected to every neuron in the subsequent layer through weighted connections,
and each connection is associated with a weight that determines the strength of the influence
of one neuron on another. The learning process involves adjusting these weights to
minimize the difference between the predicted output and the actual target value, typically
using an optimization algorithm such as stochastic gradient descent and a backpropagation
process.

In the context of this thesis, the MLP is used to predict heart rate by modeling the
relationships between various environmental and physiological factors, such as temperature,
humidity, motion, and other relevant features collected from the AAL environment. By
using multiple hidden layers and non-linear activation functions, MLP is able to learn
complex representations of the data, enabling it to accurately predict the target variable
even in the presence of intricate and non-linear relationships between the input features.
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One of the main strengths of MLP is its flexibility and ability to approximate any
continuous function given sufficient data and an appropriate architecture. This makes MLP
a powerful tool for regression tasks in smart home environments, where the relationships
between sensor data and health indicators may be highly non-linear. The deep architecture
of MLP enables it to capture subtle interactions between input features, which is essential
for accurate health monitoring.

In the next chapter, research aims that guide this thesis will be discussed.
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Chapter 2 — Research Aims

The growing global demographic shift towards an aging population presents unique
challenges and opportunities for healthcare monitoring and management. Smart home
technologies, especially those integrated within AAL environments, have emerged as
pivotal tools in supporting healthy aging. This thesis explores the potential of these
technologies to enhance the quality of life and independence of older adults through
advanced data analysis and machine learning techniques.

2.1 Research question
The central question guiding this research is: How can AAL technologies coupled with Al
support healthy aging, particularly in healthcare monitoring?

To address this broad inquiry, the thesis is structured around three major aims that
progressively build upon one another, demonstrating the application of AAL technologies
from foundational data ecosystem construction to practical health monitoring
implementations, particularly in daily activity recognition.

2.2 Research aims

2.2.1 Aim 1: Identify existing integrations of Artificial Intelligence with Active
Assisted Living

The first aim of this research is to thoroughly assess the current landscape of Al applications
within commercially available AAL technologies that support older adults aging at home.
This involves a detailed examination of existing studies to outline how Al is currently being
utilized in AAL settings, identify potential research opportunities that could further
enhance these integrations, and pinpoint significant gaps in the literature. The goal is to
provide a comprehensive overview of how Al-enhanced AAL technologies can better
support the elderly, particularly in home environments, by improving their functionality
and responsiveness to the unique challenges faced by this demographic. This aim sets the
stage for subsequent innovation and development in the field by clarifying the state of the
art and directing attention to areas ripe for further research and application.

2.2.2 Aim 2: Construct and demonstrate a smart home data ecosystem capable of
interpreting Activities of Daily Living

The second aim of this thesis is to construct a robust smart home data ecosystem that serves
as the foundation for collecting, managing, and analyzing data from a wide array of AAL
sensors. This centralized infrastructure ensures reliable, scalable, and secure data collection.
It is essential for the downstream analysis and ensures that the data captured are reliable,
scalable, and secure. By establishing this infrastructure, the research lays the groundwork
for sophisticated data processing and analysis that supports following health monitoring
applications. In addition, to validate its functionality and demonstrate its practical use in
healthcare monitoring, a specific study, such as heart rate prediction through AAL should
be conducted, highlighting its potential in supporting contactless physiological monitoring.
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2.2.3 Aim 3: Recognize Activities of Daily Living based on the data ecosystem
The final aim is subdivided into two critical components:

o 3a. Develop and validate machine learning models for ADLs recognition in
controlled environments
This part of the research develops and tests machine learning models for ADL
recognition using data collected from young adults. Serving as a proof of concept,
it aims to demonstrate the feasibility and effectiveness of these models within a
controlled environment.

o 3b. Optimize ADLs recognition for older adults using domain transfer learning
This aim seeks to optimize the recognition of ADLs for older individuals in less
controlled environments by applying domain transfer learning. By adapting models
initially developed for young adults in controlled settings, we enhance their
performance for older adults, whose living situations are typically more variable.
This method improves model accuracy and adaptability, making it better suited for
real-world applications in elderly care.

To effectively explore the main research question, which is how how AAL solutions,
particularly those enhanced with Al, can support healthy aging, a thorough scoping review
was conducted. This review assessed the integration of Al in commercially available AAL
systems, identifying prevalent applications and significant research gaps. By focusing on
commercially available devices, this review aimed to guide the proposed solutions are
feasible for real-world implementation. Crucially, the insights gained from this review
directed the focus of subsequent research studies and explicitly informed the development
of the research aims, guiding this thesis to conduct studies that can addressed gaps and
needs identified in the literature.

The scoping review revealed a significant gap in the availability of centralized data
ecosystems for collecting, storing, and managing data from AAL environments. Most
existing studies rely on direct data acquisition from devices, which limits the scalability
and depth of data analysis. This discovery led to the formulation of the Aim 2: to develop
a robust smart home data ecosystem that enhances the capability of AAL systems to handle
heterogeneous datasets efficiently.

Additionally, the review noted that a substantial body of research focuses on ADLs
recognition using Al and AAL technologies, emphasizing its importance for the aging
population. This observation shaped the Aim 3, which is twofold. Initially, the aim involves
using young adults in controlled environments to develop and validate machine learning
models that achieve high performance—this phase acts as a proof of concept. Subsequently,
the successful models are adapted and applied to older adults in less controlled
environments, enhancing the applicability and effectiveness of these solutions in real-world
settings typical of our target demographic.

Each of these aims not only addresses a specific component of the overall research question
but also builds upon the previous to create a comprehensive understanding of how AAL
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technology can be optimized for elderly care. The implementation of these aims will
provide a detailed insight into the practical benefits and challenges of deploying smart
home technologies for health monitoring, highlighting the potential for significant public
health impacts.
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Chapter 3 — Research Questions and Objectives

This chapter outlines the specific research questions that guide each objective stemming
from the goals established in Chapter 2. By detailing these questions, this chapter deepens
our understanding of how each aim is systematically explored and addressed throughout
the thesis. This approach ensures that every element of the research is clearly defined,
providing a comprehensive roadmap for the investigations that follow.

3.1 Scoping review on the landscape of Al application with AAL for older people

The initial aim focuses on assessing the application of Al in AAL technologies using

commercially available devices in real-world settings. This comprehensive review sets the

foundation for identifying how Al technologies can enhance healthcare monitoring for

older people.

e RQI1: How are Al methods currently used in the AAL context to assist healthcare
monitoring for older adults?

e RQ2: How are AAL environments constructed using commercially available sensors
in real-world settings?

e RQ3: What type of information are AAL technologies collecting, and how can it help
to generate valuable outcomes?

e RQ4: What are the strengths of existing research, and what gaps need to be addressed
to uncover opportunities for future research?

These questions aim to identify effective strategies and notable gaps in current research,

directing subsequent development and application phases in this thesis. These questions

has been answered in Chapter 4.

3.2 Development of AAL data ecosystem

The second objective revolves around developing a cloud-native data ecosystem for AAL

sensors. This ecosystem aims to optimize the utility of AAL sensors integrated with cloud

technologies, enhancing healthcare monitoring for elderly populations. The development
focuses on constructing a system that not only supports real-time monitoring but also
ensures the security and reliability necessary for handling sensitive health data.

Furthermore, the functionality and utility of the ecosystem are demonstrated through its

application in specific studies, such as heart rate prediction, which exemplify its potential

in practical healthcare scenarios.

e RQ1: How can cloud-native technologies enhance the integration and utility of AAL
sensors in elderly healthcare monitoring?

e RQ2: What are the key challenges and solutions in developing a secure, real-time
remote monitoring system with AAL sensors?

e RQ3: How can the developed cloud-native AAL sensor ecosystem be validated through
specific applications, such as heart rate prediction, to improve healthcare monitoring
for the elderly?

Answers to these questions will contribute to the construction of a high-performing,

scalable, and secure data ecosystem, ensuring that the technologies developed can support

advanced healthcare monitoring applications. These questions have been answered in
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Chapter 5 and 6.

3.3 ADLs recognition
The final aim is divided into two phases: a proof-of-concept study with young adults
(section 7.2.4.3.1 has outlined the rationale for selecting this group), and an application of
transferring model performance to older adults in less controlled environments.

e Phase 1 — proof of concept with young adults:

o RQ1: Can AAL sensors, coupled with Al, effectively recognize ADLs in a
controlled environment?

o RQ2: What recognition performance can machine learning models achieve,
and what features are most important?

o Phase 2 — validation with older adults in less controlled situation:

o RQ1: How does the performance of machine learning models, developed in
controlled environments with young adults, transfer to the situation that with
older adults in less controlled environments?

o RQ2: Can the high performance achieved with young adults be successfully
transferred to older adults using advanced deep learning models, and if so,
how?

These questions guide the exploration of ADLs recognition capabilities within AAL
frameworks, focusing initially on establishing baseline performance with young adults
before adapting these methodologies to address the complexities encountered with older
adults. These questions have been answered in Chapter 7 and 8.
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Chapter 4 — Advantages and Challenges for Integrating AAL

Technology for Public Health Monitoring for Aging Population

Kang Wang, Moojan Ghafurian, Dmytro Chumachenko, Shi Cao, Zahid A. Butt, Shahan
Salim, Shahabeddin Abhari, Plinio P. Morita. (published). “Application of artificial
intelligence in active assisted living for aging population in real-world setting with

commercial devices — A scoping review,” Computers in Biology and Medicine, pp. 108340—
108340, Mar. 2024, doi: https://doi.org/10.1016/j.compbiomed.2024.108340.

4.1 Foreword

The aging population presents significant challenges and opportunities for healthcare
systems globally. As life expectancy increases, so does the need for sustainable, effective
healthcare interventions that support aging individuals in maintaining independence and
quality of life. One of the critical challenges is the effective integration of technology into
daily care routines that can adaptively support the elderly in their preferred living
environments without compromising their autonomy or safety.

AAL technologies, enhanced by Al, have emerged as promising solutions to support the
elderly in their homes. However, the real-world application of these technologies is fraught
with challenges, including the need for technological adaptability, ethical considerations,
and user-friendly designs that accommodate the aging population's diverse needs. Due to
these complexities, there is a pressing need for a comprehensive exploration of how Al can
be effectively implemented within AAL technologies. This scoping review, which forms a
crucial part of this thesis, addresses these issues by exploring the integration of Al in AAL
technologies, focusing particularly on their deployment in real-world settings using
commercially available devices.

This study was motivated by the ongoing need to understand and improve how Al
technologies can be seamlessly integrated into the daily lives of older adults to enhance
their safety, health, and overall well-being. By focusing on Al's role in commercially
available AAL technologies, this review addresses a gap in current research, which often
overlooks the practical implementation challenges and opportunities in real-world settings.

The relevance of this research is underscored by the rapid advancements in Al and its
potential to significantly enhance AAL technologies. This can make these tools more
adaptive, responsive, and user-friendly, thus more effective in real-life applications.
However, integrating these advanced technologies into everyday use involves overcoming
significant technological, ethical, and practical challenges.

The primary aim of this comprehensive scoping review was to map out the current
landscape of Al applications within AAL settings, identify existing gaps in the literature,
and provide a foundation that guides the subsequent studies presented in this thesis. By
systematically analyzing the current state of research, this review not only highlights the
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potential of Al to transform the lives of the aging population—ensuring they live more
independently and with greater dignity—but also reveals key areas where further research
is needed. These gaps form the basis for the research directions pursued in this thesis,
providing clarity on where contributions can be most impactful.

This scoping review serves as the groundwork for the studies presented in this thesis. By
identifying existing gaps and aligning them with the research objectives, the review
provides clear guidance for the subsequent work, ensuring that the research contributes
effectively to advancing AAL technologies.

4.2 Application of Artificial Intelligence in Active Assisted Living for Aging
Population in Real-world Setting with Commercial Devices — A Scoping Review

4.2.1 Overview

Background

The aging population is steadily increasing, posing new challenges and opportunities for
healthcare systems worldwide. Technological advancements, particularly in commercially
available Active Assisted Living devices, offer a promising alternative. These readily
accessible products, ranging from smartwatches to home automation systems, are often
equipped with Artificial Intelligence capabilities that can monitor health metrics, predict
adverse events, and facilitate a safer living environment. However, there is no review
exploring how Artificial Intelligence has been integrated into commercially available
Active Assisted Living technologies, and how these devices monitor health metrics and
provide healthcare solutions in a real-world environment for healthy aging. This review is
essential because it fills a knowledge gap in understanding AI’s integration in Active
Assisted Living technologies in promoting healthy aging in real-world settings, identifying
key issues that require to be addressed in future studies.

Objective

The aim of this overview is to outline current understanding, identify potential research
opportunities, and highlight research gaps from published studies regarding the use of
Artificial Intelligence in commercially available Active Assisted Living technologies that
assists older individuals aging at home.

Methods

A comprehensive search was conducted in six databases—PubMed, CINAHL, IEEE
Xplore, Scopus, ACM Digital Library, and Web of Science—to identify relevant studies
published over the past decade from 2013 to 2024. Our methodology adhered to the
PRISMA extension for scoping reviews to ensure rigor and transparency throughout the
review process. After applying predefined inclusion and exclusion criteria on 825 retrieved
articles, a total of 64 papers were included for analysis and synthesis.

Results
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Several trends emerged from our analysis of the 64 selected papers. A majority of the work
(39/64, 61%) was published after the year 2020. Geographically, most of the studies
originated from East Asia and North America (36/64, 56%). The primary application goal
of Artificial Intelligence in the reviewed literature was focused on activity recognition
(34/64, 53%), followed by daily monitoring (10/64, 16%). Methodologically, tree-based
and neural network-based approaches were the most prevalent Artificial Intelligence
algorithms used in studies (32/64, 50% and 31/64, 48% respectively, ). A notable
proportion of the studies (32/64, 50%) carried out their research using specially designed
smart home testbeds that simulate the conditions in real-world. Moreover, ambient
technology was a common thread (49/64, 77%), with occupancy-related data (such as
motion and electrical appliance usage logs) and environmental sensors (indicators like
temperature and humidity) being the most frequently used.

Conclusion

Our results suggest that Artificial Intelligence has been increasingly deployed in the real-
world Active Assisted Living context over the past decade, offering a variety of
applications aimed at healthy aging and facilitating independent living for the older adults.
A wide range of smart home indicators were leveraged for comprehensive data analysis,
exploring and enhancing the potentials and effectiveness of solutions. However, our review
has identified multiple research gaps that need further investigation. First, most research
has been conducted in controlled testbed environments, leaving a lack of real-world
applications that could validate the technologies' efficacy and scalability. Second, there is
a noticeable absence of research leveraging cloud technology, an essential tool for large-
scale deployment and standardized data collection and management. Future work should
prioritize these areas to maximize the potential benefits of Artificial Intelligence in Active
Assisted Living settings.

Keywords: Active Assisted Living, Ambient Assisted Living, Smart Home, Remote
Healthcare Monitoring, Aging, Older Adults, Real-world Deployment, Artificial
Intelligence, Machine Learning, Internet of Things, Independent Living, Commercial
Sensors

4.2.2 Introduction

4.2.2.1 Background

Globally, we are observing an unprecedented demographic shift characterized by a marked
increase in the aging population [72]. According to World Health Organization projections,
the segment of individuals aged 60 and above is set to surge to over 2 billion by 2050,
marking a double increase from the figures reported in 2015 [1]. The observed upsurge is
not limited to high-income economies but is also pronounced in low and middle-income
countries. This demographic transition presents many challenges, encompassing an
amplified burden on healthcare systems, the imperative for age-suited housing, and the
escalating demand for older people-focused services and supportive care solutions [73].
Interestingly, the majority of the older adults prefers 'aging in place' — a concept
representing the desire of individuals to maintain residence within their current homes or
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communities, regardless of changes in age, financial status, or ability [74]. Nonetheless, in
the absence of sufficient supportive structures, aging in place can prove to be a challenging
endeavor, posing risks including intensified social isolation, health deterioration, and
reduced autonomy [75]. Consequently, there is an increased demand for innovative
solutions designed to support independent living for older individuals, all while ensuring
their health, safety, and overall quality of life are upheld.

An innovative response to this exigency is embodied by the concept of Active Assisted
Living (AAL), which harnesses the power of technological advancements to support
seniors with routine tasks and healthcare needs. Integrating Artificial Intelligence (Al) into
AAL methodologies presents a particularly transformative opportunity, offering the
potential to efficiently and effectively address the complex needs of an increasingly aging
society, such as interaction, activity assistance, activity recognition, health monitoring, and
rehabilitation [76]. The genesis of AAL marks a significant milestone in the domain of
older adults’ care and assistance. AAL emerges from an intersection of healthcare, social
sciences, and information technology disciplines, proposing an inventive approach to
enhancing the quality of life for senior individuals [77]. It underpins the creation of
environments that support aging in place, offering the older adults with a variety of health
conditions a means to uphold their independence and life quality while ensuring their health
and safety needs are robustly addressed. When examining the foundational elements of
AAL, it is evident that multiple critical components contribute to its composition.
Specifically, AAL encompasses a range of assistive technologies, sensor-driven systems,
and service-oriented architectures [78]. All components are synergistically integrated to
offer personalized and context-aware care for the older population. The significance of
these technologies transcends mere functional support, addressing the socio-emotional
dimensions of aging as well [79]. In addition, the utilization of commercially available
devices makes AAL technologies more accessible and often more cost-effective than
traditional healthcare solutions [80], as these products are designed for mass-market appeal
and are, therefore, often less expensive than specialized medical devices. Furthermore,
commercial devices usually undergo rigorous testing and quality assurance to meet
consumer expectations, resulting in an advantage of reliability. Their user-friendly
interfaces and seamless integration with existing devices, such as smartphones and tablets,
encourage higher adoption rates among the older demographic.

The application of Al in the context of AAL can redefine how support is provided to the
aging population [76]. It can facilitate the development of more accurate health monitoring
systems [40], predict potential health risks [81], and provide personalized support to
individual needs [82]. AI can enable AAL systems to evolve with changing user
requirements, ensuring consistent and relevant support. One of the most significant
contributions of Al to AAL lies in its potential to alleviate the pressure on healthcare
systems by using assistive technologies to deliver timely intervention and cognitive activity
support [83]. The global demographic shift towards an aging population has resulted in a
considerable strain on healthcare services. This pressure is evident in increased healthcare
costs, heightened demand for healthcare professionals, and the need for more specialized

23



care facilities. Al deployment within AAL can help counter these challenges by facilitating
more effective health monitoring, predictive analytics for timely interventions, and
automated assistance for daily tasks. As a result, Al-powered AAL systems have potentials
for reducing the need for hospitalizations, lowering healthcare costs, and allowing
healthcare professionals to focus on more critical cases [84]. Simultaneously, Al
applications within AAL have substantial implications for enhancing the quality of life for
seniors [85]. Al can facilitate a more personalized, user-centric approach to older people’s
care by catering to each individual's unique needs and preferences. Through its capabilities
for learning and adapting, Al can understand a user's habits, preferences, and health status,
thereby enabling a personalized approach to care that considers each individual's specific
needs and circumstances. Consequently, seniors can maintain greater independence and
autonomy, leading to a more fulfilling and dignified aging experience. Al's ability to predict
potential health issues before they become severe can enhance the preventive aspect of
healthcare for older adults [86]. By detecting changes in an individual's behavior or health
indicators, Al-powered AAL systems can alert the user and their caregivers about potential
health risks. This proactive approach to healthcare could result in more timely interventions,
thereby improving health outcomes and possibly extending healthy life expectancy.

4.2.2.2 Related work

In the domain of Al-powered AAL systems, a large amount of primary research have
focused on activity recognition and health monitoring through advanced data analysis,
which has led to significant breakthroughs. Innovative approaches in HAR using wearable
sensors have shown promising results. Cheng et al. [87] introduced the Contrastive
Supervision for HAR method, which marks a leap forward by utilizing time series data
augmentations and contrastive learning, thereby enhancing classification accuracy without
additional computational demands. Similarly, the ProtoHAR framework developed by
authors [88] represents a stride in personalized federated learning, addressing the
challenges of non-independent and identically distributed data in HAR tasks, ensuring
privacy while boosting accuracy and convergence speed. Xu et al. [89] proposed an
approach that integrates channel attention with multi-frequency analysis demonstrates
substantial improvements in activity recognition by exploiting the full spectrum of
frequency components. Moreover, in order to decrease the computation cost, Bu et al. [90]
implemented a dynamic inference method focuses on crucial temporal intervals, optimizing
computational efficiency in activity recognition. Furthermore, Channel-Equalization-HAR,
with its channel equalization technique, addresses ‘channel collapse’ happened on
heterogeneous sensor signal, improving recognition performance efficiently [91]. However,
these studies share a common limitation in the activity recognition domain: the reliance on
public datasets rather than primary data, which may impact the generalizability of the
findings. Expanding into the health monitoring domain, the study [92] explored cognitive
impairment detection in older adults through appliance usage patterns, highlighting the
potential of unobtrusive monitoring but noting the challenge of distinguishing individual
behaviors in multi-occupant homes. Meanwhile, the exploration of AAL technology via the
Internet of Medical Things for monitoring Type-2 diabetic patients showcases the use of
glucose oxide sensors and DenseNet-169 model analysis, presenting a novel method for
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real-time monitoring with the caveat of needing further validation for practical application
[93].

In addition, researchers have extensively examined the application of Al, smart home
environments, and AAL technologies for remote healthcare monitoring by conducting
literature  review, particularly in the context of aging populations
[94]1[951[96][971[98]1[99][100][101]. Yeap et al. [94] conducted a review centered on HAR
in AAL environments. This review highlighted the significance of strategically placing
unobtrusive sensors and optimizing sensor combinations to enhance recognition accuracy.
Furthermore, challenges in implementing activity recognition, such as lacking standard
communication methods for diverse IoT sensors, were outlined. Addressing the limitations
of rustic feature extraction in HAR, Ramanujam et al. [102] conducted a comprehensive
review of deep learning techniques for recognition system using smartphone and wearable
sensors. The study discussed Convolutional Neural Networks, Long-Short Term Memory
models, and hybrid models, assessing their performance, efficiency, and capacity to
identify complex activities. It also explored benchmark datasets and the challenges
associated with multi-model fusion. Ethical and privacy considerations are pivotal, as
highlighted by Zhu et al. [103] in their scoping review on smart home technologies tailored
for older adult care. The findings underscored prevalent concerns surrounding privacy,
autonomy, safety, fairness, and the potential reduction of human interaction. A systematic
review from Gochoo et al. [104] emphasized the escalating challenges in data privacy and
security concerning in-home technology adoption. The review identified various technical
approaches to make the environment more comfortable for older people to live. However,
the authors pointed out the special need for a comprehensive system for patient safety and
data privacy in smart homes. Furthermore, Sapci et al. [97] reviewed innovative
technologies in healthcare for older adults, spanning assisted living tools, remote
monitoring technologies, artificial intelligence-driven solutions, and robotic systems.
While these technologies hold potential to enhance independence and healthcare outcomes
among older adults, the review noted a lack of appropriate reference standards and critical
appraisal for these technologies. In a systematic review, Lussier et al. [105] assessed smart
home sensor technologies' effectiveness for early detection of mild cognitive impairment
in older adults. The review includes seventeen studies that focused on monitoring everyday
life activities to assess functional performance. The findings suggested that smart home
technologies can detect changes in daily routines associated with cognitive impairment,
potentially aiding clinicians in older adults' care. However, challenges were found in real-
time ongoing assessments and monitoring more complex activities.

4.2.2.3 Objective

The objective of this scoping review is to map the state-of-knowledge about integration of
Al in AAL context that has been constructed by commercially available devices and used
to support older people aging in place. Based on the research objectives, we generated the
following research questions (Textbox 1), which guided us to conduct this scoping review.

Textbox 1. Research questions
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RQ1: How are Al methods currently used in AAL context to assist healthcare
monitoring for seniors?

RQ2: How are AAL environments constructed using commercially available
sensors in real-world?

RQ3: What type of information are AAL technologies collecting, and how can it
help to generate valuable outcomes?

RQ4: What are the strengths of existing research, what research gaps need to be
addressed to uncover opportunities for future research?

To answer the research questions, a scoping review following the PRISMA methodology
guidelines was conducted. This review focuses on exploring and charting the current corpus
of knowledge about Al applications within AAL. This work will help shape the future path
of care for older people and independent living.

4.2.2.4 Main contribution
Although numerous review papers have explored Al's application in AAL and home care,
our paper sets itself apart by:

Focusing on AAL environments constructed in real-world settings, rather than those
simulated in laboratories or confined to theoretical discussions. This approach provides
critical insights into the practical challenges and implementation guidance that emerge
only in real-world contexts, offering a more comprehensive understanding of the
effectiveness and scalability considerations essential for AAL solutions' success.
Examining commercially available devices used within the AAL platform, including
specific brands, thus offering a tangible guide for stakeholders interested in the
practical deployment of AAL technologies. This level of detail not only facilitates
replication studies and encourages the adoption of effective AAL technologies but also
highlights the current market's technological advancements, providing a unique and
valuable perspective on leveraging market-driven innovations to support the aging
population.

The main contribution of this scoping review include:

This scoping review paper provides a pioneering examination of the integration of Al
technologies within AAL frameworks. It identifies and categorizes Al models that are
optimally suited to address a spectrum of healthcare-related challenges for the aging
population. By detailing the application of Al in activities recognition, behavior pattern
modeling, and personalized healthcare solutions for the old individuals, this review
illuminates the transformative potential of Al in gerontechnology.

We present an in-depth analysis of the technological infrastructure required to
construct effective AAL environments. This includes a focused exploration of
commercially available devices and technologies that form the construction of AAL
solutions, providing a practical and replicable model for both academic and industry
stakeholders. This contribution is pivotal in bridging theoretical research with the
practical application of AAL solutions in real-world settings.
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*  The review methodically dissects the nature of information captured by AAL systems
and the consequential value derived from this data. It highlights how AAL technologies
utilize collected data to support predictive analytics, recognition tasks, and implement
proactive health management strategies. This analysis not only reveals the current
capabilities of AAL systems in managing and leveraging data but also proposes
frameworks for enhancing data utility for aging care.

*  Through a critical evaluation of the current integration of Al within AAL solutions,
this review identifies several critical limitations within the current landscape of AAL
and Al integration. It highlights the need for uncovering participants’ demographic
information in studies, and also the refinement of Al models and the adoption of more
advanced Al learning strategies such as federated learning, continuous learning, and
contrastive learning to address the complexities of AAL solutions. The scarcity of open
datasets emerges as a significant challenge, indicating a pressing need for addressing
data scarcity and advocating for the creation and sharing of open datasets. Furthermore,
the review identifies data heterogeneity, resulting from the diverse types of data
involved in AAL solutions, as a hurdle for consistent and effective analysis.
Additionally, the limited utilization of cloud technologies in existing studies is
pinpointed as a factor that restricts computing resources, suggesting a potential area
for expansion to enhance computational capabilities in AAL research.

4.2.3 Methods

4.2.3.1 Review protocol

This scoping review adheres to the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses Extension for Scoping Reviews (PRISMA-ScR) framework [106], ensuring
transparency and methodological rigor in order to comprehensively explore the research
questions while minimizing bias. By following the PRISMA-ScR framework, we
systematically conducted the search, selection, and analysis of relevant studies. The review
protocol involved six key steps: 1) defining research objectives and requestions; 2)
conducting a comprehensive literature search across multiple academic databases; 3)
screening titles and abstracts to assess study eligibility; 4) conducting full-text screening to
determine final inclusion based on predetermined criteria; 5) extracting relevant
information from selected studies; 6) collecting, summarizing, charting, and reporting the
results. The following sections will present our information sources, search strategy,
eligibility criteria, article selection process, and data extraction and charting procedures.

4.2.3.2 Information sources

The search for relevant literature was conducted across six different databases, including
PubMed, CINAHL, IEEE Xplore, Scopus, ACM Digital Library, and Web of Science
(WOS). These databases were chosen for their comprehensive coverage of various
disciplines, which aligns with the scope of studies included in this review. PubMed and
CINAHL were chosen to encompass articles in healthcare disciplines, while the inclusion
of IEEE Xplore and ACM Digital Library was motivated by their strong emphasis on
engineering, technology, and computer science literature, in which AAL relevant literature
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can be found. Scopus and WOS were included to ensure broad coverage across multiple
disciplines.

4.2.3.3 Search strategy

The search was conducted on February 12" | 2024, using a predefined set of search
keywords and their corresponding synonyms. The primary search keywords included
“smart home”, “elderly”, “artificial intelligence”, and “real-world”. To enhance the search
strategy and capture a broader range of relevant literature, an extensive list of synonyms
for each keyword was also included. The complete list of search keywords and their
corresponding synonyms can be found in Table 1. These keywords were derived from
previous review articles focusing on AAL, Al healthy aging, and real-world

[76][80][101][107][108][109].

To accommodate the search requirements of different databases, search terms were
modified accordingly. All databases were searched using title, abstract, and keywords,
except for PubMed, where title, abstract, and MeSH terms (“internet of things”, “self-help
devices”, “aged”, and “artificial intelligence”) were searched. The search was limited to
studies published within the last 10 years, specifically from January 1st, 2013, to the date
of the search ( February 12, 2024). Search strings were designed by a liaison librarian
from the University of Waterloo, who possesses extensive experience in literature search
methodologies. Detailed search strings for each database are provided in Appendix A. The

search process was also conducted under the guidance of the librarian.

Table 1. Search keywords and synonyms

Keywords Synonyms

Smart home Smarthome; Ambient Intelligence; Active Assisted Living;
Ambient Assist*; Assist* Environment, 10T, Internet of Things

Elder* Older people; senior*, aging; older adult®, geriatric

Artificial Intelligence | Machine Learning; Deep Learning; Neural Network*

Real-world Home; house

4.2.3.4 Eligibility criteria

The inclusion and exclusion criteria were established to ensure the selection of relevant
studies for this scoping review. Articles should primarily concentrate on the integration of
Al methods within the AAL environment. In addition, only peer-reviewed journal articles
or conference papers written in English were included, while book chapters, online articles,
and magazines were excluded. Review articles were also excluded to prioritize studies
presenting original research. Studies were required to collect and analyze primary data
instead of relying on public datasets.

Additionally, our scoping review does not restrict the age of participants in studies,
meaning we included studies that did not exclusively involve older participants. This
decision was driven by our recognition that while some studies might not directly involve
older individuals, the methodologies and interventions they propose can be relevant and
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potentially beneficial for the aging population. Furthermore, our search keywords were
intentionally designed to prioritize papers related to aging, ensuring that the content and
objectives of these studies align with our research goals. Thus, even in the absence of older
participants in some studies, the potential applicability of their proposed methods to the
aging population justified their inclusion in our review.

Given the objective of this scoping review, which focuses on the application of Al on older
people in real-world settings using commercially available AAL technologies, our focus
was on studies that utilized such devices. We excluded studies that solely relied on voice
sensors, robots, smartphones, or cameras. However, if the experimental environment
encompassed a combination of AAL devices and other IoT devices, those studies were
included. Additionally, articles evaluating prototypes developed by the authors themselves
were excluded. Furthermore, the studies had to be conducted in real-world settings. By
“real-world”, we do not strictly refer to individual residences. Our criteria encompass
homes, nursing homes, or long-term care facilities involving participants. We also
considered studies that established a smart home testbed in an experimental home
environment or any space designed to mirror a residential unit. Such settings provide basic
living space and furniture, and they fulfill the context of real-world. However, we excluded
studies based solely on simulations or those conducted in simple lab environment without
replicating a normal living environment. Lastly, the included articles needed to employ Al
methods for conducting quantitative data analysis tasks, as our review aimed to objectively
assess measurable outcomes from Al models and AAL related metrics, which are best
represented through quantitative data. A detailed description of the eligibility criteria can
be found in Table 2.

Table 2. Eligibility criteria for including and excluding articles in the scoping review

Inclusion criteria

Exclusion criteria

Articles focus on using Al methods to
evaluate AAL interventions

Book chapters, online articles, and

magazines

Peer-reviewed and

published conference papers

journal  papers

Articles based on literature reviews

Articles written in English

Article not written in English

Articles published after January 1%, 2013

Studies use secondary or open datasets

Studies using primary data

Studies use prototype sensors

Studies
sensors

using commercially available

Studies construct AAL settings based on
voice sensors, robots, smartphones, or
cameras

Studies using quantitative data analysis
methods

Studies not use participants to evaluate the
AAL interventions

Studies involve participants in real-world
AAL settings (e.g., living-like testbeds,
individual residence, nursing homes,
communities)

Studies conducted in
laboratories

experimental
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4.2.3.5 Selection process

We used Covidence as the screening tool to facilitate the review process. All search results
(n=1420) from the databases were imported into Covidence, allowing for automated
removal of duplicates (n=595). The screening process started with title and abstract
screening, during which ineligible articles (n=825) were identified and excluded based on
the information provided in the titles and abstracts. Subsequently, a full-text screening was
conducted on 228 articles to further exclude articles (n=164) that did not meet the eligibility
criteria. From this process, a final set of articles (n=64) was filtered for subsequent data
extraction. Three researchers were involved in the screening process in all steps, with each
paper being reviewed by two researchers. Decision votes were given from two researchers
independently. An article's outcome was determined only if both researchers provided
identical votes. In the event of a conflict, the final decision was made by the third researcher.

4.2.3.6 Data extraction, charting and analysis

Three researchers independently extracted, organized, and summarized the data on
included articles (n=64) using Microsoft Excel. Each researcher was assigned an equal
number of articles to ensure consistency. Regular meetings and discussions were conducted
throughout the data extraction process to address any questions or uncertainties that arose.
To guide the data extraction, a specific form was developed based on the research questions.
Textbox 2 displays the key data items included in the form, along with their corresponding
descriptions.

The extracted data were then organized and summarized using tables, figures, and narrative
synthesis. The findings and characteristics of the included studies were synthesized and
presented in the Results section, providing a comprehensive overview of the existing
literature.

Textbox 2. Data items textbox

Article Identification

® Title, authors, and DOI number of the articles.

Publish year

® Year of publication.

Study country

® The country where the study was conducted.

Study goal

® The aim or objective of the study, which also highlights the application of Al models.

Study site

® The type of site where the study took place, such as home or long-term care facility.

Study duration

® The duration or time period of the experimental session.

Data acquisition method

® The methods used for data collection, such as direct transmission from devices, API,
MQTT, etc.

Data type

® Numeric or signal data.
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Data size

® The number of sample points or data points collected.

Participant information

® Information about participants, including number of participants, their gender, age,
and any relevant disease or health conditions.

ADLs

® The specific ADLs that were performed during the experimental session.

Technology

® The type of technology used, whether it is ambient, wearable, or a hybrid approach.

Sensor information

® Details about the sensor used, including the type, name, location, number, brand,
and price.

AAL system

® Whether the constructed AAL systems are cloud-based data ecosystems, especially
where the data is stored and processed (i.e. cloud or local).

Al methods

® The Al algorithms or methods used for data analysis.

Findings & limitations

® A summary of the findings from the study and any limitations or constrains
encountered.

4.2.4 Results

4.2.4.1 Overview

In this section, we present the results of our scoping review, including the article screening
and reviewing process, characteristics of selected studies, as well as charts and tables
addressing the proposed research questions. Please note that a study can span multiple
classifications and appear in different groups simultaneously. For example, a study may
involve participants from various age groups. Therefore, in our presentation of the results,
a paper is categorized under each group it is eligible. Consequently, the total count of
articles in a chart or table may exceed the actual number of articles included. However, for
calculating percentages, we consistently use the total number of articles (64) as the
denominator, as we want to illustrate the proportion of total articles corresponding to each
specified group.

Figure 4 depicts flowchart based on PRISMA-ScR framework. The flowchart outlines the
systematic process used to identify, screen, and review eligible articles for inclusion in this
scoping review. Initially, a total of 1420 articles were identified from six databases.
Following the removal of 595 duplicate articles, 825 unique articles remained. The
subsequent step involved screening the titles and abstracts, resulting in the exclusion of 597
articles that were identified as irrelevant to the focus of this scoping review. This left 228
articles for full-text review. Finally, after the full-text review, an additional 164 articles
were excluded for not meeting the predefined criteria, resulting in 64 eligible articles for
inclusion in the data analysis.
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Figure 4. Study selection using PRISMA flowchart

Publication year, country, and participants’ age

The scoping review examined scholarly articles published between January 2013 and
February 2024, ranging in a 11-year timeframe. However, since no eligible articles were
found in 2013 and 2014, Figure 5 only plots the years from 2015 to 2024 (same for all other
results in this paper). Figure 2 illustrates a steady increase in scholarly output over the years.
Notably, more than half of articles (39/64, 61%) were published from 2020 onward. In 2015
and 2016, 4/64 (6%) articles were published each year, while the subsequent year, 2017,
witnessed a rise to 7/64 (11%) articles. However, the year 2018 experienced a decline with
only 4/64 (6%) articles. The following years witnessed a rebound, with 6/64 (9%) articles
published in both 2019 and 2020. Particularly, there was a considerable increase in research
activity in 2021 and 2022, with 9/64 (14%) and 14/59 (22%) articles published respectively.
Despite this surge in 2022, there was a downturn in 2023, with the number of published
articles falling to 8/64 (13%) for the year. Although there were only 2/64 (3%) articles
published up to the date of search in 2024, it is expected that more articles will be published
later in the year. Figure 6 shows the distribution of published articles across different
countries. The United States and Japan exhibited the highest publication rates, with both
country contributing 9/64 (14%) articles. Canada and South Korea followed closely
behind, with publishing 7/64 (11%) and 6/64 (9%) articles, respectively. China, Spain, and
the UK each contributed 5/64 (8%) articles, with India and Italy followed by contributing
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4/64 (6%) and 3/64 (5%) articles, respectively. Australia, Iran, and Sweden each published
2/64 (3%) articles. Additionally, five countries, including Brazil, Germany, France, Czech
Republic, and Belgium, published a single article each (1/64, 2%). Results show that North
America and East Asia are leading in the number of works, followed by European countries.
Other areas show less focus on this field. Participants’ age distribution is also investigated
in this scoping review, shown in Figure 7. Based on the classification provided in [110],
the age range was categorized into four groups: child population (aged 0-14 years), young
population (aged 15-47 years), middle-aged population (aged 48-63 years), and older adult
population (aged over 63 years). Among the included studies, 23/64 (36%) articles
concentrated on participants aged over 63 years old. However, it is notable that more than
one-third studies (25/64, 39%) did not provide specific information regarding the age of
their participants or other demographic information. Studies involving young population
were moderately represented (15/64, 23%), while fewer articles (6/64, 9%) included
middle-aged population. There is 1/59 (2%) study included children as participants, where
the research was conducted in households with both children and young participants.
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Figure 5. Number of publications per year (up to the last search time-February 17th, 2024)
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Figure 6. Number of publications from each country
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Figure 7. Number of publications by participants age

4.2.4.2 RQI1 — Al applications in AAL

Subsections within this section will detail the findings related to Research Question 1: How
are Al methods currently being utilized in the AAL context to support healthcare
monitoring for seniors? We will present the applications of the studies reviewed, the
learning strategies employed in the models, and the specific Al algorithms used in these
studies.

Application of the studies
The included articles have a range of applications, which we have categorized into five
types and organized them by year (Figure 8). Firstly, Demonstration studies aim to
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showcase the relationships between AAL indicators and health indicators. Secondly,
Monitoring studies focus on observing and tracking inhabitants' living or activity routines
to construct behavior patterns. Thirdly, Recognition studies aim to identify or classify
individuals' ADLs using AAL sensors. Fourthly, Prediction studies aim to forecast
indicators such as clinical scores [111] or mood levels [112]. Lastly, Detection studies
revolve around identifying negative events, such as anomaly activities, falls, or dementia.
Among the identified goals (as shown in Table 3), recognition turns out to be the most
prevalent goal, which was pursued in 34/64 (53%) studies. There is a considerable decline
observed in the number of articles focused on monitoring and detection, with each category
comprising only 10/64 (16%) and 9/64(14%) articles, respectively. Following this, 8/64
(13%) articles were identified with the aim of prediction. Demonstration, on the other hand,
appears to be the least common goal, with a limited number of studies (6/64, 9%) focusing
on 1t.

Demonstration

Monitoring 7
Recognition

Prediction 6
Detection

Number of relevant articles

33
34
24
14 1 11
o 0 0ulo
,19"?) ,Loq’b‘
Figure 8. Study applications by year
Table 3. Applications of studies
Goal Studies Number
of
studies
Demonstration | [112][113][114][115][116][117] 6
Monitoring [T18][119][115][120][121][122][123][124][125][126] 10

Recognition | [127][128][129][130][131][132][133][134][135][136][137] | 34
[138][139][140][141][142][143][144][145][146][147][148]
[149][150][151][36][152][153][154][155][156][157]

1 |

[158][159]
Prediction [111][160][161][162][120][163][164][165] 8
Detection [118][166][167][168][169][170][171][172][173] 9
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Artificial Intelligence algorithms

In this section, our exploration is centered around the application of Al algorithms within
the studies under review, particularly in relation to achieving the objectives of these studies.
It has been observed that several studies leverage Al algorithms not only in the data
modeling phase but also during data preprocessing [115][156][157][158][165]. In
presenting our findings, we have focused specifically on the Al algorithms applied in the
data modeling phase. The rationale for this approach is rooted from our aim to highlight
the direct impact of Al on the analytical outcomes, decision-making processes, and insights
derived from the data.

According to learning approach, Artificial Intelligence algorithms can be classified into
four types [76], including supervised learning, semi-supervised learning, unsupervised
learning, and reinforcement learning. We categorized the included studies into these four
types. Notably, we did not identify any studies utilizing semi-supervised or reinforcement
learning; hence, our results only present for supervised learning and unsupervised learning,
as detailed in Table 4. Only 6/64 (9%) studies use unsupervised learning, whereas 58/64
(91%) studies use supervised learning. This disparity is anticipated, as choice of learning
approach depends on the research objective or application. Typically, supervised learning
caters to tasks like regression and classification, serving purposes such as prediction,
recognition, and demonstration. On the other hand, unsupervised learning is more suited
for tasks like dimensionality reduction, clustering and outlier/anomaly detection, with aims
primarily revolving around monitoring and detection. The trend in learning strategies over
the years (Figure 9) indicates that supervised learning has maintained steady and growing
interest. However, this trend also serves as a reminder of the need to incorporate more
innovative and advanced unsupervised learning models into research.
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Figure 9. Al learning strategies by year

Table 4. Artificial Intelligence algorithms used grouped by learning approach

36



Learning Description Studies Number

approach of
studies
Supervised Refers to the process wherea | [36], [111], [112], [113], 58
learning model is trained on a labeled [114],[116], [117],[118],
dataset to make predictions or | [119], [120], [121], [122],
infer mappings, it can be used | [124], [127], [128], [129],
in prediction and regression [130], [131], [132], [133],
tasks; some common models [134], [135], [136], [137],
are linear regression, decision | [138], [139], [140], [141],
trees, and neural networks. [142], [143], [144], [145],
[146], [147], [148], [149],
[150], [151], [152], [153],
[154], [155], [157], [158],
[159],[160], [161], [162],
[163],[164], [165], [166],
[167],[168], [169], [170],

[172], [173]

Unsupervised | Refers to the process wherea | [115], [123], [125],[126], |6
learning model identifies patterns and [156],[171]
structures in unlabeled data, it
can be used in tasks such as
clustering, dimensionality
reduction, and anomaly
detection; some common
models are k-means clustering,
hierarchical clustering, and
principal component analysis.

Table 5 provides details of the Al algorithms employed in the studies reviewed, including
those used for comparative analysis. The analysis revealed several categories of algorithms,
which were summarized from study [76]. The definition of each algorithm type is also
given in Table 5. Among the used Al algorithms, tree-based and neural network-based
approaches being the most prevalent, appearing in 32/64 (50%) and 31/64 (48%) studies,
respectively. The extensive utilization of these approaches demonstrates their effectiveness
in handling complex ADLs related data and extracting meaningful patterns. Linear-based
algorithms were utilized in 24/64 (38%) studies, suggesting their continued relevance for
modeling relationships between factors (e.g., the study by B. Lin et al. [113] explored the
relationship between ADLs and air quality). Bayesian-based algorithms were employed in
13/64 (20%) studies, while distance-based algorithms were utilized in 18/64 (28%) studies.
Finally, 1/64 (2%) studies fell into the “Other” category, as the authors developed a novel
Al approaches of their own for detecting abnormal behavior changes. Figure 10 illustrates
the algorithms used over the years, showing that traditional machine learning methods have
remained steady, while novel neural network approaches are attracting increasing interest.
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In addition, the models employed within studies under each type exhibit considerable
diversity. Within the linear-based category, Support Vector Machine (SVM) emerges as
the most prevalent model, appears in 23/64 (36%) studies, trailed by Linear Regression in
4/64 (6%) studies and Logistic Regression in 3/64 (5%). For the tree-based category, 29/64
(45%) studies use Random Forest model, while 12/64 (19%) studies utilize the Decision
Tree. Other tree-based models include the Classification And Regression Tree (CART)
(2/64, 3%), AdaBoost (4/64, 6%), Gradient Boost (2/64, 3%), J48 (1/64, 2%), and XGBoots
(1/64, 2%). Within Bayesian-based category, the Naive Bayes model leads with 7/64 (11%)
appearances, followed by the Hidden Markov Model (3/64, 5%). Among distance-based
models, K-Nearest Neighbors appears in 14/64 (22%) studies, followed by K-Means
algorithm (4/64, 6%), while Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) appears in just 1/64 (2%) study. Turning to the second popular algorithm type,
which is neural network-based, Convolutional Neural Network (CNN) and Long Short-
Term Memory (LSTM) occupied the first two places, and each was utilized in 10/64 (16%)
and 12/64 (19%) studies, respectively, while Multilayer Perceptron (MLP) appears in 9/64
(14%) studies. Other frequently used neural network-based models include the Recurrent
Neural Network (5/64, 8%), Deep Neural Network (2/64, 3%), Gated Recurrent Unit (2/64,
3%), Artificial Neural Network (2/64, 3%), Fully Connected Neural Network (1/64, 2%),
Residual Neural Network (1/64, 2%), Particle Swarm Optimization Back Propagation
Neural Network (PSO-BP Neural Network)(1/64, 2%), and CNN-Autoencoder (1/64, 2%).
There is one (1/64, 2%) study that categorized in the ‘other’ type, because it is a novel
machine learning algorithm that proposed by Dawadi et al. [115]. Authors not only
introduced a novel concept termed the “activity curve”, designed to depict the daily routines
of individuals, but also proposed a “Permutation-based Change Detection in Activity
Routine (PCAR)” algorithm, which can be used to detect changes in behavioral routines by
comparing activity distributions derived from the activity curve using a two-sample
permutation test.

Linear based

Tree based

Bayesian based
Distance based
Neural network based
Other

Number of relevant articles

Figure 10. Algorithm types by year
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Table 5. Artificial Intelligence algorithm types used for data modeling

Algorithm Definition Models Number | Total number of
types of studies
studies
Linear- Using models to Logistic Regression | 3 24 ([129],
based establish [147], [165], [172] [130], [113],
relationships Linear Regression | 4 [131],[132],
between input and [113], [111], [138], [111],[137],
output variables [168] [138], [168],
through linear SVM [129], [130], |23 [143], [144],
equations or [131],[132], [111], [160], [119],
hyperplanes. [137], [138], [168], [147], [148],
[143], [144], [160], [122], [170],
[119], [147], [148], [172], [164],
[122],[170], [172], [158], [173],
[164], [158], [173], [165], [117],
[165], [117], [159] [159])
Tree-based | Using models to Random Forest 29 32 ([127],
make decisions and | [127], [128], [130], [128], [130],
predict outcomes by | [113], [131], [133], [113], [131],
splitting data into [111],[134], [135], [132], [133],
hierarchical [168], [141], [142], [111],[134],
structures [143], [145], [160], [135], [138],
resembling trees. [146], [162], [147], [168], [141],
[148], [116], [170], [142], [143],
[152], [163], [172], [145], [160],
[157], [164], [173], [146], [162],
[165], [159] [147], [148],
Decision Tree 12 [116],[170],
[130], [131], [132], [152], [124],
[138], [141], [142], [163], [172],
[160], [116], [124], [157], [164],
[172], [164], [173] [173],[165],
CART [128],[116] |2 [159])
AdaBoost [128], 4
[130],[160], [170]
Gradient Boost 2
[147], [157]
J48 [113] 1
XGBoost [165] 1
Bayesian- Using models to Hidden Markov 3 13 ([127],
based predict outcomes Model [127], [169], [130], [131],
based on prior [114] [138], [169],
knowledge and Naive Bayes [130], | 7 [160], [114],

39




observed data,
updating
probabilities through
Bayes' theorem.

[138], [160], [148],

[157], [158], [173]

Bayesian Network
[131], [112]

[148], [112],
[125], [157],
[158], [173])

Gaussian Mixture 1
Model [125]

Distance- Using models to K-Nearest 14 18 ([128],
based classify or cluster Neighbors [128], [132], [136],
data points based on | [132], [136], [138], [138], [143],
their proximity or [143], [160], [147], [160], [147],
distance to one [148], [172], [157], [148], [123],
another in a feature [164], [158], [173], [171], [125],
space. [165] [172],[126],
K-Means [123], 4 [157], [164],
[171],[125], [126] [158], [173],
DBSCAN [125] 1 [165])
Neural Using models to CNN [127], [167], | 10 31 ([127],
network- process and [140], [147], [148], [131],[118],
based transform input data | [121], [149], [150], [166], [167],

[36], [153]
LSTM [127], 12
[118], [139], [144],
[161], [148], [151],
[36], [153], [154],
[157], [159]

Fully Connected 1
Neural Network
[127]

MLP [131],[168], |9
[143], [160], [148],
[170], [172], [164],
[159]

Recurrent Neural 5
Network [166],
[169], [161], [154],
[159]

Artificial Neural 2
Network [142],
[120]

Deep Neural 2
Network [160],
[121]

Residual Neural 1
Network [36]

[139], [140],
[168], [142],
[169], [143],
[144], [160],
[161], [147],
[120], [148],
[121], [149],
[150], [151],
[36], [170],

[153], [154],
[155], [172],
[156], [157],
[164], [159])

through
interconnected layers
of nodes, inspired by
the structure of the
human neural
networks.
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Gated Recurrent 2
Unit [161], [154]
PSO-BP Neural 1
Network [155]
CNN-Autoencoder | 1
[156]
Other Novel Al models PCAR [115] 1 1 ([115))
proposed by authors.

4.2.4.3 RQ2 - Real-world AAL environments

This section presents results relevant to Research Questions 2: How are AAL environments
constructed using commercially available sensors in real-world? It details the integration
with cloud services, the configurations of study settings, the technologies employed, and
the commercial devices utilized.

Integration of cloud

The scoping review explored how the included studies constructed the AAL systems,
particularly focusing on whether they integrated cloud mechanisms into their AAL
structure, thus creating cloud-based data ecosystem. The integration of cloud technology
has the potential to revolutionize healthcare delivery and enhance the practicality of AAL
systems. Cloud-based AAL systems offer several advantages over traditional localized
systems. They can store and process vast amounts of data from numerous sources, enabling
more comprehensive care. Additionally their scalability allows them to accommodate
increasing numbers of devices without significant hardware upgrades. Moreover, cloud
techniques address security and privacy concerns, making AAL systems more confidential
and secure. As shown in Table 6, approximately one-third of the included studies (20/64,
31%) use cloud mechanism in their AAL systems, while 44/64 (69%) studies did not. Those
studies that employed cloud mechanisms demonstrated various ways of integration,
including data storage [168][172], data transmission [146], and cloud computing [136]
[164][172]. Figure 11 displays the yearly trend of cloud integration in studies. Despite
peaking at 7/64 (11%) in 2022, the overall adoption of cloud technology remains relatively
low.
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Figure 11. Cloud technology usage by year
Table 6. Cloud based AAL system
Studies Number of
studies

Yes [118], [132], [136], [137], [138], [139], | 20
[169], [143], [160], [119], [146], [162],
[148], [152], [124], [154], [163], [172],
[164], [165]

No [127], [128], [129], [130], [113], [131], | 44
[133], [111], [134], [166], [167], [135],
[1401, [168], [141], [142], [144], [145],
[161], [114], [147], [115], [120], [121],
[116], [149], [150], [151], [112], [36],
[122], [170], [153], [123], [171], [125],
[155], [156], [126], [157], [158], [173],
[117], [159]

Settings

The scoping review identified studies conducted in various settings that utilized smart
homes and AAL interventions (Table 7). Among the included studies, a significant number
utilized smart home testbeds, with 32/64 (50%) studies specifically conducted in controlled
environments designed to simulate real-world smart home settings. These testbeds were
equipped with basic rooms and equipment for daily living. Additionally, 25/64 (39%)
studies were conducted in common homes with real-world residential settings in an
uncontrolled manner. Only 4/64 (6%) studies were identified in a nursing home setting, and
moreover, 3/64 (5%) study was found in a hospital setting. The results emphasize the
prevalence of research conducted in smart home testbeds, followed by common homes.
The limited representation of nursing homes and hospitals suggests a potential research gap
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in exploring the application of AAL interventions in these settings. Figure 12 illustrates the
evolution of study settings over the years. There has been an increase in studies conducted
in common home environments, peaking at 8/64 (13) in 2022, whereas the use of testbeds

has seen a decline.
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Figure 12. Study settings by year

Table 7. Study settings

B Hospital

Studies

Number
studies

of

Smart home testbed

[127], [128], [129], [118], [133],
[111], [166], [167], [135], [136],
[137], [138], [140], [141], [142],
[169], [144], [145], [161], [146],
[114], [147], [115], [151], [36], [122],
[152], [153], [156], [164], [158], [173]

32

Common home

[130], [113], [131], [132], [134],
[139], [168], [143], [160], [119],
[162], [120], [148], [121], [149],
[112], [170], [123], [171], [125],
[154], [163], [126], [157], [117]

25

Nursing home

[116], [124], [155], [172]

Hospital

[150], [165], [159]

Device technologies

The included articles identified three types of device technologies: ambient, wearable, and
hybrid technology (Table 8). Ambient technology encompasses electronic devices that are
contactless, sensitive, and responsive to the presence of individuals within an environment,
which is getting growing interest (Figure 13). Wearable technology, on the other hand,
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involves electronic accessories designed to be worn on the body, allowing for the tracking
of daily activities and personal health metrics. Hybrid technology represents the integration
of these two distinct technologies. Among the used technologies, ambient technology was
the most commonly used, appearing in a total of 49/64 (77%) studies. This widespread
adoption and extensive exploration of ambient technology in AAL-related research
highlights its prominence in the field. Conversely, wearable technology was only present
in 4/64 (6%) studies, indicating its limited utilization. Additionally, the hybrid technology,
which combines ambient and wearable approaches, was evaluated in 11/64 (17%) articles,
showing its potential for integrated monitoring solutions.
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Figure 13. AAL technologies by year

Table 8. Device technologies

Technologies Studies Number of
studies
Ambient [127], [128], [129], [113], [118],[133], | 49

]
[111], [134], [166], [167], [135], [136],
[137], [139], [140], [168], [141], [142],
]
]

[ B e B e B |

[169], [143], [144],[160], [119], [161],
[146], [114], [162],[147], [115], [120],
[148],[121], [116], [149], [150], [151],
[36], [122], [170], [152], [153], [123],
[124], [171], [125], [156], [158], [173],

[165]
Wearable [138], [157], [117], [159] 4
Hybrid [130], [131], [132], [145], [112],[154], | 11

[163], [155], [172], [126], [164]

Device type, sensors, and brand
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Results in Table 9 present a diverse range of devices and sensors utilized in the included
studies. categorized into five groups: environmental sensors, occupancy sensors, power
sensors, physical sensors, and others. Figure 14 shows a sustained use of environmental,
occupancy, and power sensors, alongside an increasing focus on emerging technologies
like radar and Wi-Fi sensors in AAL research. Among the environmental sensors,
temperature sensors were the most prevalent, featured in 20/64 (31%) studies, followed by
humidity sensors in 13/64 (20%) studies, and air quality sensors in 8/64 (13%) studies.
Occupancy sensors, specifically passive infrared motion sensors, were the most widely
deployed, appearing in 34/64 (53%) studies. Magnetic/latch/contact door sensors were also
frequently used and appeared in 24/64 (38%) studies. Power sensors, notably power meters
and light sensors, were used in 8/64 (13%) and 13/64 (20%) studies, respectively. Physical
sensors, often employed to monitor vital signs or gait information, had limited usage, with
only 3/64 (5%) studies utilized blood pressure meters and oximeters, while 2/64 (3%)
studies made the use of multi-parametric belts, Polysomnography device, weight scales,
and gait sensors. Only 1/64 (2%) study reported the use of glucometer.. Additionally, other
novel technologies, such as UWB radar, Wi-Fi router, ultrasonic sensors, and LiDAR
sensors, were found in 12/64 (19%), 7/64 (11%), 5/64 (8%), and 1/64 (2%) study,
respectively. Smart watch is also commonly used in studies, appearing in 10/64 (16%)
articles.
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B Environmental sensor 11
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10 4 Il Power sensor
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Number of relevant articles

Figure 14. Device type used by year

Table 9. Device information

Type Device/Sensor | Studies Brand of Products Number
of
studies

Environmen | Temperature [111], [113], [130], | SHiB 20

tal sensor sensor [133], [137], [139], | [111][113][119][130],

[140], [141], [119], | AIRMAR  WX200
[161], [162], [120], | [113], KNX [120],
[116], [122], [171], | Aqara [122], Fibaro
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[125], [154], [163], | [125][171], Swidget
[155], [164] [164]
Humidity [133], [139], [140], | Omron 2JCIE-BLOI | 13
sensor [141], [161], [120], | [139], KNX [120],
[116], [171], [125], | Fibaro [125][171],
[154], [163], [155], | Swidget [164]
[164]
Air quality | [113], [132], [135], | LiCOR [113], LGR | 8
sensor [137], [120], [116], | [113], TECO [113],
[155], [164] Teledyne [113],
SNAP [132],
ECHONET Lite
[135], KNX [120],
Swidget [164]
Thermostat [132] Not specified 1
Luminosity [137], [139], [154], | Omron 2JCIE-BLO1 | 4
sensor [163] [139], Xiaomi [154]
Atmospheric [139], [163] Omron 2JCIE-BLO1 | 2
pressure sensor [139]
Gas sensor [112],[122] Xiaomi [122] 2
Noise/sound [139], [161], [120], | Omron 2JCIE-BLOI1 |5
sensor [163], [155] [139], KNX [120]
Occupancy | Passive [130], [113], [118], | SHiB 34
sensor Infrared [132], [133], [111], | [111][113][119][130]
motion sensor | [134], [135], [136], | [170], ECHONET
[137], [139], [140], | Lite [135], Panasonic
[168], [169], [160], | [139], Senba [160],
[119], [161], [146], | Rohm [146], Xiaomi
[114], [162], [115], | [122], FIBARO [123],
[116], [151], [112], | Fibaro [125][171],
[122], [170], [123], | Aqura [154], Lifelog
[171], [125], [154], | [172], Swidget [164]
[163], [172], [126],
[164]
Magnetic/latch | [130], [113], [118], | SHiB 24
/contact door | [133], [111], [134], | [111][113][119][130]
sensors [136], [139], [140], | [170], Rohm [146],
[168], [141], [169], | Xiaomi [122], Fibaro
[119], [161], [146], | [125][171], Aqura
[114], [115], [122], | [154], Swidget [164]
[170], [171], [125],
[163],[126], [164]
Bed/mat [118], [134], [136], | Not specified 8
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presence/press

[137], [140], [168],

ure sensor [122], [126]
Debimeter/fau | [134], [141], [114], | Not specified 4
cet/water flow | [122]
sensor
Power Power meter [129], [132], [141], | PZEM-004T  [122], | 8
sensor [145], [151], [112], | RATOC Systems
[122], [152] [152]
Light sensor [130], [113], [118], | SHiB 13
[132], [111], [135], | [111][113][119][130],
[140], [169], [119], | ECHONET Lite
[162], [122], [171], | [135], IKEA [122],
[125] Fibaro [125][171]
Smart [133], [140], [114], | Xiaomi [122], Fibaro | 7
plug/outlet [122], [171], [154], | [171], Xiaomi [154],
[164] Swidget [164]
Electric sensor | [134] Not specified 1
Smart switch [112], [164] Swidget [164] 2
Physical Multi- [132], [138] Zephyr Biohamess 3.0 | 2
sensor parametric belt [132], Zephyr HXM
[138]
Oscillometric | [132], [155], [126] | Taidoc TD3128B | 3
blood pressure [132]
meter
Oximeter [132],[155],[126] | Onyx Nonin 9560 |3
[132]
Glucometer [132] Taidoc TD4277 [132] | 1
Polysomnogra | [117], [159] Xltek  Trex HD |2
phy device [117], Compumedics
E—64 [159]
Body weight | [132], [126] Taidoc TD2555B | 2
scale [132]
Motion/gait [142], [161] Xsens MVN [142] 2
capture sensor
(IMU)
Other Wireless/Wi-Fi | [127], [131], [166], | Tp-link archer ¢20 |7
router [144], [147], [149], | [127], Asus RT-
[158] AC86U [144],
Optronix RL821GWV
[147], ESP 32 [158]
UWRB radar [128], [167], [143], | Novelda XeThru | 12
[148], [149], [150], | [36][124][128][153][
[36], [153], [124], | 156][167], Sharp
[156], [173], [165] | DC6M4JN3000
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[143][148], Decawave
MDEK1001 [149]

Ultrasonic [129], [132], [141], | TAG [129], Dragon |5
sensor [145], [151] [141][151]

Vibration [130],[133],[154] | SHiB [130], Xiaomi | 3
sensor [154]

Smart watch [131], [145], [121], | Sony smart watch 3 | 10
[112], [154], [163], | [131], LG Watch
[172], [157], [164], | Urbane [145], Apple
[159] Watch series 6 [121],
Xiaomi's Mi Band-3/4
[112][154], Fitbit Alta
[163], Lifelog [172],
Microsoft [157][159],

Empatica [164]
Accelerometer | [117] GENEActiv [117] 1
LiDAR sensor | [133] Not specified
Speaker [118],[126],[169] | Amazon Echo Show |3
[126]

4.2.4.4 RQ3 - Data, indicators, and valuable outcomes

The results presented in this section address the Research Question 3: What type of
information are AAL technologies collecting, and how can it help to generate valuable
outcomes? We outline the indicators used in each study, the Al algorithms employed, the
achievements of the models, and the conditions indicated, as summarized in Table 10.

Table 10 reveals a diverse range of indicators used in AAL environments, spanning indoor
temperature, motion detection, door/window status, electrical power usage, ultrasonic
signals, air quality metrics, and physiological signals such as heart rate and gait. These
indicators serve as inputs to various Al algorithms, ranging from SVM, Random Forest,
and Decision Trees, to more advanced methods like CNN, LSTM networks, and Deep
Neural Networks. The capabilities of these models are extensive, covering areas from
ADLs recognition (24/64, 38%), behavior pattern modeling (8/64, 11%), and cognitive
health assessment (1/64, 2%) to abnormal behavior detection (8/64, 11%), fall detection
(3/64, 5%), sleep quality monitoring (3/64, 5%), indoor position recognition (1/64, 2%).
Over time, the scope of health conditions monitored has expanded significantly, with a
notable emphasis on comprehensive healthcare monitoring for aging population. This
includes monitoring specific conditions such as cognitive impairment (4/64, 6%),
Alzheimer's disease (2/64, 3%), dementia (5/64, 8%), and facilitating stroke rehabilitation
(1/64, 2%), as well as general healthcare monitoring (49/64, 77%).

Table 10. Indicators, Al models, model capabilities

Year | Study | Sensor measurement | Al algorithms Model Health
outputs/ conditions
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capabilities | monitored
2015 | [129] | Electrical power SVM ADLs General
consumption readings; recognition | healthcare
Ultrasonic signal monitoring
on old
individuals
2015 | [130] | Indoor temperature; SVM; Random | ADLs Cognitive
Presence or absence of | Forest; Decision | recognition | impairment;
motion or movement; | Tree; AdaBoost; | & pattern Parkinson
Open or close status Naive Bayes comparison
of door/window;
On/off state of the
light; Vibration level
2015 | [137] | Indoor temperature; SVM Home state | General
Quality indicators of prediction healthcare
air (e.g., AQIL, COy, monitoring
PM, CHa,); on old
Illuminance value; individuals
Presence or absence of
motion or movement;
Presence or absence of
pressure on the sensor
2015 | [141] | Indoor temperature; Random Forest; | ADLs General
Indoor humidity; Decision Tree recognition | healthcare
Open or close status monitoring
of door/window; Flow on old
rate of fluid; Electrical individuals
power consumption;
Ultrasonic signal
2016 | [111] | Indoor temperature; Linear Cognitive Cognitive
Presence or absence of | Regression; health impairment
motion or movement; | SVM; Random | clinical
Open or close status Forest score
of door/window; prediction
On/off state of the
light
2016 | [145] | Electrical power Random Forest | ADLs General
consumption; recognition | healthcare
Ultrasonic signal; 3- monitoring
axis acceleration data on old
individuals
2016 | [146] | Presence or absence of | Random Forest | ADLs General
motion or movement; recognition | healthcare
Open or close status monitoring
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of door/window on old
individuals
2016 | [115] | Presence or absence of | PCAR Behavior General
motion or movement; pattern healthcare
Open or close status modeling & | monitoring
of door/window abnormal on old
behavior individuals
detection
2017 | [113] | Open or close status Linear Relationshi | General
of door/window; Regression; p evaluation | healthcare
On/off state of the Random Forest; | between monitoring
light J48 behavior on old
and air individuals
quality
2017 | [131] | Wi-Fisignal (i.e. SVM; Random | Indoor General
channel state Forest; Decision | position healthcare
information); 3-axis Tree; Bayesian | recognition | monitoring
acceleration data Network; MLP; on old
individuals
2017 | [135] | Quality indicators of | Random Forest | ADLs General
air (e.g., AQIL COy, recognition | healthcare
PM, CHa4); Presence monitoring
or absence of motion on old
or movement; On/off individuals
state of the light;
2017 | [120] | Indoor temperature; Artificial Neural | Room General
Indoor humidity; Network occupancy | healthcare
Quality indicators of detection monitoring
air (e.g., AQIL, COy, on old
PM, CHj); Sound individuals
level
2017 | [152] | Electrical power Random Forest | ADLs General
consumption; recognition | healthcare
monitoring
on old
individuals
2017 | [123] | Presence or absence of | K-Means Behavior Cognitive
motion or movement; pattern impairment
modeling
2017 | [117] | Electroencephalogram | SVM; Sleep Sleep
; heart rate; 3-axis classificatio | quality
acceleration data n monitoring
2018 | [132] | Quality indicators of | SVM; Decision | Health General
air (e.g., AQIL, COy, Tree; K-Nearest | status healthcare
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PM, CH4); Body Neighbors monitoring | monitoring
weight; Indoor on old
temperature and individuals
humidity; Presence or
absence of motion or
movement; Electrical
power consumption;
On/off state of the
light; ECG;
respiration signals;
heart rate; breathing
rate; acceleration,
activity level; posture;
Blood pressure
readings; Blood
oxygen saturation
level; Blood glucose
level; Ultrasonic
signal

2018 | [134] | Presence or absence of | Random Forest | Behavior Mild
motion or movement; pattern cognitive
Open or close status modeling impairment
of door/window; Alzheimer’s
Presence or absence of disease
pressure on the sensor;
Flow rate of fluid;
Electrical signal and
output voltage

2018 | [170] | Presence or absence of | SVM; Random | Symptoms | Alzheimer’s
motion or movement; | Forest; score disease
Open or close status AdaBoost; MLP | prediction
of door/window

2018 | [159] | Electroencephalogram | SVM; Random | Sleep stage | Sleep
, heart rate; 3-axis Forest; LSTM; | classificatio | quality
acceleration data MLP; Recurrent | n monitoring

Neural Network

2019 | [118] | Presence or absence of | LSTM Behavior General
motion or movement; pattern healthcare
Open or close status modeling & | monitoring
of door/window; Abnormal on old
Presence or absence of behavior individuals
pressure on the sensor; detection but
On/off state of the specifically
light for isolated
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older people

2019 | [138] | ECG; respiration Linear ADLs General
signals; heart rate; Regression; recognition | healthcare
breathing rate; 3-axis | SVM; Decision monitoring
acceleration data; Tree; Naive on old
activity level; posture | Bayes; K- individuals

Nearest
Neighbors

2019 | [169] | Presence or absence of | Hidden Markov | Behavior General
motion or movement; | Model; pattern healthcare
Open or close status Recurrent modeling & | monitoring
of door/window; Neural Network | Abnormal on old
On/off state of the behavior individuals
light; detection

2019 | [119] | On/off state of the SVM Behavior General
light pattern healthcare

modeling monitoring
on old
individuals

2019 | [116] | Indoor temperature; Random Forest; | Behavior General
Indoor humidity; Decision Tree; | pattern healthcare
Quality indicators of | CART modeling & | monitoring
air (e.g., AQIL, COy, Abnormal on old
PM, CHa4); Presence behavior individuals
or absence of motion detection
or movement;

2019 | [151] | Presence or absence of | LSTM; ADLs General
motion or movement; occurrence | healthcare
Electrical power time monitoring
consumption; prediction on old
Ultrasonic signal; individuals

2020 | [128] | Radar signal Random Forest; | ADLs General

CART; recognition | healthcare
AdaBoost; K- monitoring
Nearest on old

Neighbors; individuals

2020 | [166] | Wi-Fi signal (i.e. CNN; Recurrent | Fall General
channel state Neural Network | detection healthcare
information) monitoring

on old
individuals

2020 | [139] | Indoor temperature; LSTM ADLs General
Indoor humidity; recognition | healthcare
[lluminance value; monitoring
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Atmospheric pressure on old
value; Sound level; individuals
Presence or absence of
motion or movement;
Open or close status
of door/window;
2020 | [140] | Indoor temperature; CNN ADLs General
Indoor humidity; recognition | healthcare
Presence or absence of monitoring
motion or movement; on old
Open or close status individuals
of door/window;
Presence or absence of
pressure on the sensor;
On/off state of the
light; Power
consumption and
usage log of an outlet
2020 | [168] | Presence or absence of | Linear Abnormal General
motion or movement; | Regression; behavior healthcare
Open or close status SVM; Random | detection monitoring
of door/window; Forest; MLP on old
Presence or absence of individuals
pressure on the sensor
2020 | [162] | Indoor temperature, Random Forest | Users’ well- | General
Presence or absence of being healthcare
motion or movement; prediction monitoring
On/off state of the on old
light; individuals
2021 | [127] | Wi-Fi signal (i.e. Random Forest; | ADLs General
channel state Hidden Markov | recognition | healthcare
information) Model; CNN; monitoring
LSTM; Fully on old
Connected individuals
Neural Network
2021 | [133] | Indoor temperature; Random Forest | Early-stage | Dementia

Indoor humidity;
Presence or absence of
motion or movement;
Open or close status
of door/window;
Power consumption
and usage log of an
outlet; Vibration level;

dementia
classificatio
n
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LiDAR signal

2021 | [167] | Radar signal CNN Fall General
detection healthcare
monitoring
on old
individuals
2021 | [136] | Presence or absence of | K-Nearest ADLs General
motion or movement; | Neighbors recognition | healthcare
Open or close status monitoring
of door/window; on old
Presence or absence of individuals
pressure on the sensor
2021 | [142] | Gait signal Artificial Neural | Gait General
Network identificatio | healthcare
n monitoring
on old
individuals
2021 | [144] | Wi-Fisignal (i.e. SVM; LSTM ADLs General
channel state recognition | healthcare
information) monitoring
on old
individuals
2021 | [121] | 3-axis acceleration CNN; Deep Body Stroke
data Neural Network | skeleton patient
tracking & | rehabilitatio
hand n
keypoints
detection
2021 | [36] Radar signal Residual Neural | ADLs General
Network recognition | healthcare
monitoring
on old
individuals
2021 | [122] | Indoor temperature; SVM Mood General
Presence or absence of classificatio | healthcare
motion or movement; n(i.e., monitoring
Open or close status pleasure, on old
of door/window; sleepiness, | individuals
Presence or absence of contentment
pressure on the sensor; )

Flow rate of fluid;
Electrical power
consumption; On/off
state of the light;
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Power consumption
and usage log of an
outlet

2022 | [143] | Radar signal SVM; Random | ADLs General
Forest; K- recognition | healthcare
Nearest monitoring
Neighbors; MLP on old
individuals
2022 | [160] | Presence or absence of | SVM; Random | Dementia Dementia
motion or movement | Forest; Decision | risk
Tree; AdaBoost; | classificatio
Naive Bayes; K- | n (high and
Nearest low)
Neighbors;
MLP; Deep
Neural Network
2022 | [114] | Presence or absence of | Hidden Markov | ADLs General
motion or movement; | Model recognition | healthcare
Open or close status monitoring
of door/window; Flow on old
rate of fluid; Power individuals
consumption and
usage log of an outlet
2022 | [147] | Wi-Fisignal (i.e. K-Nearest ADLs General
channel state Neighbors; recognition | healthcare
information) CNN monitoring
on old
individuals
2022 | [148] | Radar signal CNN; LSTM; ADLs General
MLP recognition | healthcare
monitoring
on old
individuals
2022 | [149] | Wi-Fisignal (i.e. CNN ADLs General
channel state recognition | healthcare
information); Radar monitoring
signal on old
individuals
2022 | [150] | Radar signal CNN ADLs General
recognition | healthcare
monitoring
on old
individuals
2022 | [112] | Concentration of a Bayesian Probabilisti | General
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specific gas; Presence | Network C healthcare
or absence of motion relationship | monitoring
or movement; evaluation on old
Electrical power between individuals
consumption; On/off ADLs and
state of the switch; 3- mood
axis acceleration data
2022 | [153] | Radar signal CNN; LSTM ADLs General
recognition | healthcare
monitoring
on old
individuals
2022 | [124] | Radar signal Decision Tree Human Elderly
presence & | wandering
posture
detection
2022 | [125] | Indoor temperature; Gaussian Anomaly Parkinson;
Indoor humidity; Mixture Model; | sleep Dementia
Presence or absence of | K-Means; pattern
motion or movement; | DBSCAN detection
Open or close status
of door/window;
On/off state of the
light
2022 | [154] | Power consumption LSTM; ADLs General
and usage log of an Recurrent recognition | healthcare
outlet; Vibration level; | Neural Network; monitoring
3-axis acceleration Gated Recurrent on old
Unit individuals
2022 | [163] | Indoor temperature; Random Forest | Stress level | General
Indoor humidity; classificatio | healthcare
[lluminance value; n monitoring
Atmospheric pressure on old
value; Sound level; individuals
Presence or absence of
motion or movement;
Open or close status
of door/window;
Heart rate
2022 | [165] | Radar signal Logistic COVID-19 | COVID-19
Regression; infection
SVM; Random | classificatio
Forest; n
XGBoost; K-
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Nearest

Neighbors
2023 | [161] | Indoor temperature; LSTM; ADLs General
Indoor humidity; Recurrent recognition | healthcare
Sound level; Presence | Neural Network; | & location | monitoring
or absence of motion | Gated Recurrent | recognition | on old
or movement; Open or | Unit & start time | individuals
close status of prediction
door/window; Gait
signal
2023 | [171] | Indoor temperature; K-Means Outlier General
Indoor humidity; detection healthcare
Presence or absence of monitoring
motion or movement; on old
Open or close status individuals
of door/window;
On/off state of the
light; Power
consumption and
usage log of an outlet
2023 | [155] | Indoor temperature; PSO-BP Neural | Health General
Indoor humidity; Network status score | healthcare
Quality indicators of prediction monitoring
air (e.g., AQIL, COy, on old
PM, CHs); Sound individuals
level; Blood pressure
readings; Blood
oxygen saturation
level
2023 | [172] | Presence or absence of | Logistic Abnormal Dementia
motion or movement; | Regression; behavior
3-axis acceleration SVM; Random | detection
data Forest; Decision
Tree; K-Nearest
Neighbors; MLP
2023 | [156] | Radar signal CNN- ADLs General
Autoencoder recognition | healthcare
monitoring
on old
individuals
2023 | [126] | Presence or absence of | K-Means Behavior Dementia
motion or movement; pattern
Open or close status modeling

of door/window;
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Presence or absence of
pressure on the sensor;
Blood pressure
readings; Blood
oxygen saturation
level; Body weight
2023 | [157] | 3-axis acceleration Random Forest; | ADLs General
data Gradient Boost; | recognition | healthcare
Naive Bayes; K- monitoring
Nearest; LSTM on old
individuals
2023 | [173] | Radar signal SVM; Random | Fall General
Forest; Decision | detection & | healthcare
Tree; Naive post-fall monitoring
Bayes; K- breath rate | on old
Nearest prediction individuals
Neighbors
2024 | [164] | Indoor temperature; SVM; Random | Heart rate General
Indoor humidity; Forest; Decision | prediction healthcare
Quality indicators of | Tree; K-Nearest monitoring
air (e.g., AQIL, COy, Neighbors; MLP on old
PM, CHa4); Presence individuals
or absence of motion
or movement; Open or
close status of
door/window; Power
consumption and
usage log of an outlet;
On/off state of the
switch; Steps, Heart
rate
2024 | [158] | Wi-Fisignal (i.e. SVM; Naive Respiration | General
channel state Bayes; K- classificatio | healthcare
information) Nearest n monitoring
Neighbors on old
individuals

4.2.5 Discussion

This section presents the key findings derived from the scoping review, which aim to
address the four research questions proposed earlier. Furthermore, we conduct a

comparative analysis of these findings with other relevant review articles in the field.
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4.2.5.1 RQ1. How are Al methods currently used in AAL context to assist healthcare
monitoring for seniors?

The sharp increase in AAL research, especially from 2020 onwards, as highlighted in our
results, is evidence of the growing recognition of Al's transformative potential in this
domain. Our review identified that supervised learning is the most popular learning
approach among the included studies, a trend closely aligned with their application
objectives. The prevalent use of supervised learning in these studies can be attributed to its
direct applicability in situations where predictions or classifications are essential, and
where labeled data is available. In the context of supervised learning, ground truth labels
are usually obtained from human experts, manual annotation, or specified sensors capable
of delivering precise measurements. For example, Cook et al. [130] used experimenters to
label activity data, while Rad et al. [112] engaged three psychologists for the annotation
process. Lin et al. [113] utilized instruments to measure accurate air quality metrics. As our
findings also indicate, the predominant adoption of tree-based and neural network-based
Al methodologies showcases the confidence in these techniques to proficiently manage the
complex data associated with Activities of Daily Living (ADLs). This trend is further
demonstrated by studies such as the one by M. Jovanovic et al., which underscores the
increasing reliance on advanced Al models in AAL systems [76]. The review paper by
Zinno et al. [174] approved that machine learning can be used as a powerful and reliable
tool in AAL, especially fuzzy c-means, k-means, ANN, KNN, SVM, decision trees and
random forest. Similarly, Ramanujam et al. [102] discusses the automatic extraction of
features for classification of human activities using CNN, LSTM and ConvLSTM.

Our scoping review underscores the diverse role of Al within AAL. From augmenting the
accuracy of daily activity recognition to proactively forecasting potential health challenges
and devising individualized healthcare monitoring solutions, Al proves pivotal in the
advancement of AAL. Similarly, Lussier et al. [105] and Yeap et al. [94] analyzed Al tools
for activity recognition. Hela et al. [175] reviewed Al approaches for anomaly detection in
smart homes. Yebda et al. [176] looked at risk situation detection in AAL. The adaptability
of Al-powered AAL systems to the ever-evolving needs of users, especially older adults,
is a testament to the technology's versatility and forward-thinking approach.

The potential of Al to proactively detect health concerns marks a transformative approach
in geriatric care. As revealed in our study, Al-integrated AAL systems have the capacity to
provide early detection of health risks to users by monitoring AAL sensos’ data from an
individual's behavior or health signs. Such early detection prioritizes preventative measures
over reactionary treatments, signifying a transformative phase in healthcare. As
emphasized in our findings, this proactive approach has the potential to markedly improve
health outcomes and prolong the healthful lifespan of older people.

4.2.5.2 RQ2. How are AAL environments constructed using commercially available
sensors in real-world?

To answer Research Question 2, we discuss our results in terms of what technologies were
used to construct the AAL environment and what settings were usually used to deploy these
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technologies.

Technologies

In results, we find a discernible trend toward utilizing ambient technology in AAL research.
One primary rationale for this trend lies in the direct health implications of monitoring
environmental parameters such as temperature, humidity, light levels, and air quality. For
instance, fluctuations in these metrics have tangible impacts on individuals with health
conditions like asthma, allergies, or skin disorders. Moreover, ensuring optimal conditions
through ambient sensing can substantially improve sleep quality [177], a fundamental
aspect of holistic health. Additionally, especially in the context of healthcare for older
population, variations in ambient conditions might serve as early indicators of potential
accidents or challenges faced by senior residents. There are several studies that use hybrid
technology which combines ambient and wearable devices. This fusion of technologies
aims to provide a comprehensive assessment of both the environment and the individual.
Wearable devices continuously monitor personal metrics, offering insights into the
individual's physiological responses. When integrated, the data from both sources can
provide a real-time feedback loop, allowing for immediate interventions when necessary.
The synergy of these technologies, as highlighted in studies [132][154], promises not only
improved health outcomes but also paves the way for more personalized and adaptive
health monitoring solutions in smart living environments.

Study Settings

A study by Grant D et al. supports the view that testing in real conditions is vital for the
effective application of AAL solutions [178]. Our results indicate that four main types of
real-world settings were used to implement the AAL environment: mainly smart home
testbeds, then actual homes, nursing homes, and hospitals. The controlled testbed
environments, designed to simulate real-home settings, play a pivotal role in the initial
testing and refinement of AAL solutions. They offer a controlled environment where
variables can be manipulated to improve the efficacy and robustness of AAL systems
before their deployment in uncontrolled settings. A study by Sepasgozar S. et al.
underscores the importance of such testbeds, highlighting their role as a bridge between
theoretical research and real-world application [179]. However, as highlighted in our results,
the limited representation of certain settings, such as nursing homes and hospitals, presents
an area for future exploration, ensuring that the benefits of AAL can reach all areas of
healthcare for older people.

AAL infrastructure development spectrum

To provide a clear view of how the AAL solutions have evolved over the past 11 years, we
have re-organized the results concerning cloud integration, study settings, device
technology, and devices types by year from earliest to the most recent. Our analysis reveals
a spectrum of AAL development over these years. 1) The adoption of cloud computing in
AAL studies has been limited, despite a notable increase in 2022. This observation implies
that while the potential advantages of cloud computing are recognized, its integration into
AAL solutions has yet to become a standard practice. 2) Over time, the settings for AAL
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studies have evolved from controlled smart home testbeds to common home environments.
Although smart home testbeds remain a popular choice, the shift towards common homes
highlights a move to more realistic and generalizable research outcomes. This transition
suggests that AAL technologies are maturing, with researchers increasingly confident in
testing these systems in everyday living scenarios. 3) The trend in device technology used
in studies points to a preference for ambient technology solutions. Ambient devices provide
unobtrusive monitoring, which is crucial for user acceptance and long-term adoption in
AAL systems. 4) The consistent use of environmental, occupancy, and power sensors
shows the crucial role in AAL infrastructures. They are essential for monitoring living
conditions, detecting presence, and managing energy consumption, which contribute to the
ADLs recognition [140], behavior pattern modeling [134], and anomaly detection [118].
The growing interest in ‘other’ novel sensors, such as radar and Wi-Fi, indicates their
growing popular for application like fall detection [173] and indoor localization [131].

4.2.5.3 RQ3. What type of information are AAL technologies collecting, and how can it
help to generate valuable outcomes?

To address Research Question 3, this section leverages the findings presented in Table 10.
Our discussion focuses on the correlation between the indicators used, the Al models
applied, and the outcomes achieved, highlighting their relevance to specific healthcare
monitoring conditions.

The analysis of Al model usage patterns, as revealed in Table 10, indicates a preference for
traditional machine learning models such as Random Forest and SVM when analyzing
numerical data. Conversely, advanced deep learning models (CNN, LSTM, etc.) are
favored for processing signal data. The selection of Al models is also driven by the specific
learning objective: tasks aimed at classification often employ classification models, while
those focused on pattern recognition or anomaly detection typically utilize clustering
models.

The utilization of occupancy and power consumption data in smart homes can offer insights
into residents' health and behaviors. Behavioral patterns, detected from occupancy data,
can be signals of significant disruptions in the daily routines of residents, potentially
highlighting underlying health concerns and detecting anomaly behaviors
[115][123][134][118][169][119][116][126]. For instance, irregularities in power
consumption patterns in bedrooms may suggest sleep disturbances [125], while prolonged
periods of inactivity might signal broader health or psychological challenges [180]. Such
data also lends itself to understanding physical activity levels, with reduced occupancy in
areas like home gyms possibly indicating declining physical engagement. Cognitive health,
especially in older populations, can be assessed by noting frequent and uncharacteristic
occupancy in specific zones of the home [130][111][134][123][181]. Combined with other
health metrics, this data provides a comprehensive view of an individual's well-being,
underscoring the importance of smart homes in health monitoring [132][162].

Furthermore, the utilization of environmental data is underpinned by several reasons,
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especially when considering healthcare monitoring in smart homes. Firstly, the integration
of environmental data with individual health metrics can serve as an early detection
mechanism for potential health issues [133]. For instance, deviations in normal air quality
coupled with alterations in a resident's sleep pattern may be indicative of emerging
respiratory issues [ 132][182]. Additionally, such data can be pivotal in the management of
chronic illnesses. Diseases like asthma or allergies often have environmental triggers, and
continuous monitoring can both alert inhabitants and adjust the internal environment to
mitigate risks [183]. Moreover, the long-term accumulation and analysis of this data can
offer invaluable insights into the broader effects of environmental conditions on health,
proving beneficial not just for individual inhabitants but potentially informing larger public
health strategies.

In addition, physical vital signs like heart rate, body temperature, and blood pressure can
complement environmental, occupancy, and power usage data in smart homes. When
combined, these metrics can link physiological responses to specific environmental or
behavioral events, enhancing our understanding of an individual's health. For instance,
worse cardiovascular events might be observed concurrently with an increase in room
temperature or prolonged kitchen activity, hinting at potential stressors or health-related
events [163][184]. Similarly, a decrease in movement as detected by occupancy sensors,
paired with abnormal vital signs, could raise concerns about a resident's physical or
emotional well-being [122][185]. Such integrative monitoring promotes timely health
interventions and a more proactive approach to well-being.

Last but not least, the integration of innovative sensor technologies, such as radar and Wi-
Fi signals, for ADLs recognition has seen a significant rise. The transition to advanced Al
models, especially deep learning, in the reviewed studies, reflects a strategic move to
harness the capabilities of these models in interpreting complex, high-dimensional data for
the feature extraction and pattern  recognition  [36][124][127][128][131]
[143][144][147][148][149][150][153][156][158][165][166][167][173]. The indicators
from these signals enable the detection and monitoring of movements without contact,
offering efficient delivery of personalized healthcare monitoring for aging population.

4.2.5.4 RQ4. What are the strengths of existing research, what research limitations need to
be addressed to uncover opportunities for future research?

Current main challenges

In the evolving landscape of Al in AAL for the aging population, our review highlights
several persistent challenges. Firstly, data scarcity remains a fundamental hurdle,
undermining efforts to develop robust Al models due to the limited availability of
comprehensive and diverse datasets. Among the studies we reviewed, only 4/64 (6%)
studies [127][149][122][126] provide open access to their data. The scarcity of pertinent
data has led some researchers [87][158] to explore data augmentation methods as a
workaround. While this approach can yield effective models, it still limits researchers'
capacity to test and improve Al algorithms under varied and complex conditions.
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Another significant issue identified is class imbalance, as noted in several papers from our
review [122][143][148][170]. This imbalance occurs when certain activities or health
events are vastly more represented in the data than others, leading AI models to become
biased towards these majority classes. Such biases decrease the models' ability to recognize
rarer, yet crucial, events critical for the old population’s safety and well-being.

Moreover, data heterogeneity presents another layer of complexity (Table 10), arising from
the use of a wide range of devices, each producing data in different formats. Addressing
this challenge is vital for comprehensive healthcare monitoring and has prompted the
adoption of various techniques [88] to manage the diversity of data sources.

Lastly, the constraint of limited computational resources impacts the development and
testing of Al models, particularly as more studies employ complex deep learning methods.
This limitation calls for the design of efficient algorithms and optimization techniques
[90][91] to fully leverage the available computational power, ensuring the most insightful
outcomes from Al applications in AAL.

Current research strengths, limitations, and future opportunities

Our scoping review reveals several research strengths that highlight the utility of Al
technologies in practical AAL applications. Firstly, an increasing trend in research (as
shown in Figure 2) not only indicates growing interest but also underscores the urgency of
leveraging innovative technologies to meet the complex needs of the aging population. The
peak of this research activity was in 2022 with 14 studies published that year. Despite a
recent downward trend, we anticipate a resurgence in interest. Secondly, Al applications
within AAL range from demonstration and monitoring to recognition, prediction, and
detection tasks. Notably, more advanced deep learning models (Figure 7) have been
effectively utilized for ADLs recognition, behavior pattern modeling, cognitive health
assessment, abnormal behavior detection, fall detection, sleep quality assessment, and
indoor positioning. These achievements highlight the models' ability meet diverse
healthcare monitoring requirements for seniors. Thirdly, there is an evident shift towards
the use of contactless and ambient technologies in recent studies (Figure 10). These
technologies, involving devices that do not require direct contact with the individual, offer
unobtrusive monitoring. Lastly, the testing and deployment of more AAL solutions in real-
world domestic settings represent a critical move from laboratory environments to everyday
practical use (Figure 9). This transition to real-world deployments presents the feasibility
and effectiveness of Al-driven AAL solutions in actual living conditions.

Despite these encouraging results, the review also identifies substantial research gaps,
emphasizing the need for further investigation in this area. The existing literature serves as
a foundational basis, but the observed gaps and omissions indicate significant opportunities
for future research aimed at developing more impactful, reliable, and generalizable
solutions in the domain of AAL.

One of the most critical gaps we identified is the omission of demographic information on
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participants, especially their age data, in a great number of studies (25/64, 39%). Given that
age can be a fundamental variable that can greatly influence the interpretation and
generalizability of study results and, not including age data reduces the transparency and
replicability of the research [186]. Age information can significantly influence the
outcomes of studies and their applicability across different population segments [187]. This
oversight not only reduces the overall quality of the research but also limits our
understanding of how AAL solutions may perform across diverse age groups. Thus, it is
crucial for future research in this area to prioritize the inclusion and reporting of age data.
Apart from age, the exclusion of other demographic details in reviewed studies, such as
gender, ethnicity, socioeconomic status, and educational background, hinders our ability to
assess the inclusivity and diversity of the research. This limitation is critical, as the
effectiveness and appropriateness of AAL technologies may vary significantly across
different demographic groups, potentially leading to solutions that do not fully address or
even overlook the specific needs of various subpopulations within the older adult
demographic.

In addition, we also observed the age bias among participants. As shown in Figure 4, while
it is promising that 23/64 (36%) studies in our review included participants over the age of
64, there is a concerning trend: 17/64 (27%) studies utilized a younger participant cohort
aged between 15 and 47 years. This trend toward younger participants in research intended
for AAL solutions, which are specifically designed for aging population, can significantly
undermine the development of technologies that accurately address the unique needs,
preferences, and limitations of older adults. Such practices not only skew the research focus
away from its intended population but also raise questions about the effectiveness and
suitability of proposed AAL solutions for older adults. Furthermore, this bias raises ethical
concerns about equity and inclusivity, contributing to a digital divide within the aging
population by developing technologies that may not be accessible or user-friendly for all
older adults [ 188]. While the solutions proposed in studies aim to benefit older individuals,
the findings still highlight the imperative need for more studies that focus explicitly on
aging participants to fully comprehend the effectiveness and limitations of Al in AAL for
this demographic. Focusing on the intended user group—older adults—will not only make
the research more relevant but will also likely yield insights that are directly beneficial for
improving the quality of life among the aging population [189].

Another key limitation observed in the existing literature is the scarcity of studies providing
open-access datasets that are used in their studies. Only 4/64 (6%) studies
[122][126][127][149] provide their dataset. This absence is particularly concerning given
that open datasets serve as a cornerstone for scientific advancement. It is acknowledgeable
that there are several challenges associated with making datasets publicly available, such
as privacy concern, ethics, and technical challenges [190][191]; however, providing open
access to datasets has multiple benefits that can substantially propel the field of AAL
forward. Firstly, open datasets facilitate replicability, allowing other researchers to validate
and build upon previous findings, thus ensuring the robustness and reliability of scientific
discoveries. Secondly, open data enables broader collaborations and interdisciplinary
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research, accelerating the pace of innovation and enabling more comprehensive analyses
that may yield new insights. Thirdly, open datasets allow for meta-analyses, which can pool
data from multiple studies to provide higher statistical power and more generalized
conclusions.

We also observed a dominant reliance on traditional supervised and unsupervised learning
methodologies in current AAL research. This trend points to a notable gap: the insufficient
explore of advanced machine learning methods such as federated learning, continuous
learning, contrastive learning, and self-supervised learning. Through the recent studies,
federated learning has been showcased in study [88], demonstrating its capability to
enhance privacy and personalization in HAR, particularly addressing the challenge of data
heterogeneity. Another study [192] highlights the importance of continuous learning within
dynamic smart environments, especially when adapting new activities. The application of
contrastive learning, as shown in study [87] highlights its ability in utilizing unlabeled data
for improving classification accuracy, an advantage for real-world practical deployment.
Similarly, study [193] underlines the effectiveness of self-supervised learning in extracting
meaningful features from ambient sensor data, emphasizing its utility in conditions with
limited labeled data. To bridge this gap, future studies should explore these cutting-edge
technologies to overcome current limitations and unlock new potentials in AAL
applications, thereby ensuring more robust, adaptive, and efficient healthcare solutions for
the aging population.

Additionally, in our scoping review, we observed a significant trend: a large portion of the
research, nearly half, was conducted within the confines of smart home testbeds. While
these testbeds attempt to replicate typical home environments, discrepancies may still exist
when comparing them to actual residences. Findings derived from them may not
necessarily be generalizable to the larger population. This is because studies often lack
validation within broader community settings. On the other hand, there's a notable
underrepresentation of studies centered around nursing homes and hospitals, indicating a
potential research gap. Aloulou et al. [194] underscored this discrepancy, emphasizing the
need for studies to bridge the divide and ensure that AAL solutions are both versatile and
universally applicable.

Another common limitation that we found from the studies is the sparse use of cloud
technology. As is shown in Table 6, less than a third of studies (20/64, 31%) involve cloud
technology to operate data collection, management, and computation. This represents a
missed opportunity given the numerous advantages that cloud technology can offer in the
realm of AAL. As is identified in a review by Cicirelli et al. [24], to solve the processing
constraints in AAL systems, a cloud computing framework should be brought in to fulfill
the systems' requirements for collecting data regarding all aspects of daily life. In AAL
contexts, utilizing cloud technology facilitates large-scale deployment, enabling an
expansive reach in data storage and analytics, which is essential for long-term healthcare
monitoring to the well-being of the aging population. Moreover, the automated nature of
cloud technology streamlines operations, providing a timely and efficient decision-making
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process. Additionally, its standardized platform promotes seamless system integration and
uniform data analysis methods, enhancing interoperability and adaptability without
compromising service quality, thereby offering a less intrusive approach for healthcare
monitoring in AAL environments. Current barriers to implementing cloud technology in
AAL systems primarily include concerns regarding data privacy and security [195],
expense consideration [196], and the data management support [197] associated with
migrating to cloud-based solutions. Alternative approaches to mitigate these barriers
include adopting hybrid cloud models that combine the flexibility and scalability of cloud
computing with the control and security of on-premises solutions. This balanced approach
not only addresses privacy and security challenges by allowing sensitive data to be
processed locally but also offers a cost-effective solution by leveraging cloud resources for
broader, less critical computational needs. Additionally, utilizing blockchain technology
can further enhance data management with its secure, decentralized capabilities, ensuring
data integrity and privacy, addressing security concerns.

Another notable concern arising from our scoping review is the predominant tendency to
collect data directly from devices in AAL systems. While direct data collection may offer
the advantage of simplicity, it exposes the system to several significant drawbacks,
particularly in terms of security and data quality, making the data vulnerable to
unauthorized access and tampering. This can be a critical concern, especially when dealing
with sensitive health information of an aging population. Moreover, data quality may also
be compromised through this method, given the absence of built-in validation processes
and data filters that more secure protocols would generally provide. To address these
challenges, future studies should consider employing advanced and reliable data collection
protocols, such as Application Programming Interfaces (APIs) or Message Queuing
Telemetry Transport (MQTT) [198]. These protocols not only offer robust cyber security
measures but also ensure higher data quality through built-in validation mechanisms. APIs
and MQTT protocols are widely regarded as reliable and secure methods for data
transmission, crucial for ensuring the integrity and utility of data in AAL applications.

4.2.6 Limitations

This scoping review has several limitations that should be taken into account when
interpreting the findings. First, the review was confined to six databases, including PubMed,
CINAHL, IEEE, Scopus, ACM, and Web of Science. While these databases are
comprehensive and widely used in academic research, the limitation to these platforms may
result in the omission of relevant studies indexed in other databases, potentially leading to
a less exhaustive overview of the available literature. Second, the language scope of the
review was limited to studies published in English. As a result, studies published in other
languages were not included, which could potentially introduce a language bias and exclude
valuable contributions from non-English speaking researchers, also affecting the numbers
related to published articles from each country. Third, despite our efforts on using
comprehensive and inclusive keywords in the search strategy, it is possible that relevant
studies not containing these specific terms were overlooked, thus limiting the breadth of
studies captured. Lastly, as with any literature review, the process of article selection and
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data extraction was subject to human error and subjective judgment. Despite employing
rigorous methodologies and multiple reviewers to mitigate this limitation, the possibility of
inadvertently missing eligible studies or making interpretative errors cannot be completely
ruled out.

4.2.7 Conclusions

The landscape of Al in AAL is vibrant, showing encouraging prospects for improving the
quality of life among the aging population. This scoping review synthesizes the current
state of Al applications in terms of their models and goals in AAL, particularly focusing on
the integration with commercially available smart home sensors, as gleaned from relevant
studies. Our key findings indicate the following: (1) Al has been employed in a diverse
range of applications, targeting various objectives such as recognition, monitoring, and
detection; (2) a variety of Al methodologies have been utilized to achieve these objectives,
with neural network and tree-based models emerging as the most prevalent; (3) a wide
range of smart home devices, ranging from environmental to physical sensors, have been
incorporated in these studies; and (4) the majority of these studies have been conducted in
smart home testbed environments. Gaps were identified and discussed related to 1) the
absence of participants’ demographic information; 2) the lack of open-access datasets; 3)
an excessive number of testbed trials; 4) the non-utilization of cloud technology; and 5) the
absence of a standardized data collection method. These findings adequately address our
four research questions and illuminate current research gaps, revealing opportunities for
future investigation. Overall, the integration of Al technologies with AAL is
revolutionizing the support framework for older adults aging in place; however, substantial
efforts are required to make these advancements into practical, real-world applications.
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4.3 Discussion

This scoping review has provided a comprehensive examination of the integration of Al in
AAL technologies for the aging population, revealing critical advancements and several
significant research gaps. The review not only highlighted these gaps but also clearly
indicated the research directions necessary for advancing the field. Based on these findings,
the subsequent studies within this thesis have been carefully designed to address these
identified gaps and extend the existing body of knowledge. Each study presented in this
thesis directly responds to these gaps, aiming to demonstrate how advanced Al applications
can enhance AAL technologies, thereby improving the quality of life and care for elderly
populations.
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4.3.1 Thesis studies guided by scoping review
This scoping review highlights key gaps and challenges, which guides the path for the
studies in this thesis. It is outlined as follows:

4.3.1.1 Centralized data ecosystem and cloud technology integration

The review exposed a significant gap in the utilization of centralized data ecosystems,
particularly those based on cloud technologies, revealing a considerable missed opportunity
given the scalability, accessibility, and efficiency benefits of cloud technology in AAL
applications. In response, this thesis includes a study in Chapter 5 on the development of a
cloud native remote monitoring data ecosystem for the aging population, utilizing
commercial AAL sensors. This ecosystem not only enhances data collection, management,
and computational processes but also serves as a foundational element for subsequent
studies within this thesis, offering a robust framework for scalable and effective elderly
care.

4.3.1.2 Pilot study on validating the AAL data ecosystem

Building directly on the infrastructure developed in Chapter 5, a pilot study is conducted to
validate the functionality and effectiveness of the created AAL data ecosystem. Detailed in
Chapter 6, this study focuses on heart rate prediction based on the AAL ecosystem. The
scoping review highlighted the lack of existing studies focused on the prediction of physical
indicators such as heart rate within AAL environments, particularly through entirely
contactless means. This thesis addresses this significant gap by being the first to explore
heart rate prediction using a totally contactless AAL approach. The pilot study not only
validates the system but also pioneers its potential for broader health monitoring
applications, showcasing the practical application and reliability of the system in real-world
settings.

4.3.1.3 Enhancing Activity of Daily Living recognition with contactless solutions
Reflecting the findings from the scoping review, where a majority of studies focused on
ADLs recognition, this area is highlighted as an important research domain. This thesis
acknowledges the significance of ADLs recognition and decides to advance it by
introducing a novel contactless AAL approach. Chapter 7 introduces a novel contactless
AAL approach, marking a distinct shift from traditional methods that often rely on direct
sensor contact. This study involves young adults and is designed as a proof-of-concept to
demonstrate the feasibility and effectiveness of using contactless sensing technologies for
ADLs recognition.

4.3.1.4 Advancing ADLs recognition in older adults

Building on the successful proof-of-concept study involving young adults in previous
chapter, Chapter 8 leverages advanced domain transfer learning methods to extend the
robust recognition performance to older adults in a less controlled activity situation. This
phase of the study significantly progresses towards real-world applicability, employing data
collection in less controlled settings that mirror everyday life for older adults more like in
real-world. The successful application of domain transfer learning allows for significant
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reductions in the need for extensive labeled data from older populations, which is often
challenging and costly to obtain. By leveraging labeled data from younger individuals and
adapting it for older adults, this approach facilitates more efficient deployment of AAL
based health monitoring.

4.3.2 Other gaps addressed in this thesis
In this thesis, the studies also addressed following limitations that identified in the scoping
review of current research.

Real-world application in study sites

Another noted deficiency is the limitation of study sites, with many studies not conducted
in genuine real-world settings. In response, the studies detailed in this thesis are situated in
areal-world environment at a Research Aging Institution in Waterloo. This setting provides
a realistic and practical backdrop for testing and validating the proposed AAL solutions,
ensuring their applicability and effectiveness in actual use scenarios.

Addressing participant age bias

The review identified a participant age bias where some studies targeted at the aging
population predominantly used younger adults, potentially skewing results and
applicability to the intended demographic. To address this discrepancy, our research
incorporates a balanced participant pool that includes both young and older adults. Initially,
a proof-of-concept study was conducted with young adults, which was then extended to
incorporate older adults. This strategy not only validates the applicability of the AAL
systems for the intended aging population but also facilitates the adaptation and
optimization of monitoring performance across different age groups using advanced
methodologies.

Advanced analysis techniques

Furthermore, to enhance the performance and adaptability of AAL systems, this thesis
incorporates advanced deep learning techniques, specifically domain transfer learning. This
approach has been employed to transfer the successful monitoring performance observed
in young adults to older adults, thereby achieving effective and personalized remote
monitoring across different age groups.
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Chapter 5 — Development of a Remote Monitoring Data Ecosystem

for Aging

Kang Wang, Pritthijit Nath, Jasleen Kaur, Shi Cao, and Plinio P. Morita. (published).
“Cloud Native Remote Monitoring Data Ecosystem for Aging Population based on
Commercial AAL Sensors,” 2023 45th Annual International Conference of the IEEE
Engineering in Medicine & Biology Society (EMBC), Jul. 2023, doi:
https://doi.org/10.1109/embc40787.2023.10340481.

5.1 Foreword

Building upon the comprehensive insights gathered from the scoping review in the previous
chapter, which highlighted the transformative potential of Al in AAL contexts, this chapter
shifts the focus to the practical implementation of an Al-driven AAL solution. The study
presented here aims to bridge the gap between theoretical research and real-world
applications by developing a robust, cloud-based ecosystem for monitoring the health and
well-being of older adults.

The scoping review emphasized the need for AAL solutions that can be effectively
deployed in real-world settings, particularly emphasizing the integration of a centralized
data ecosystem and the use of cloud technology. Recognizing this need, the current study
focuses on creating a comprehensive remote monitoring system that leverages
commercially available AAL sensors. By utilizing off-the-shelf devices, this study aims to
demonstrate the feasibility and accessibility of implementing AAL technologies in practical
scenarios, making them more readily adoptable by older adults and their caregivers.

The cloud-based architecture of the proposed ecosystem is a key innovation that addresses
the scalability and data management challenges identified in the scoping review. By
harnessing the power of cloud computing, the researchers have developed a flexible and
extensible platform that can efficiently collect, store, process, and analyze the vast amounts
of heterogeneous data generated by diverse AAL sensors. This cloud-centric approach
enables seamless integration of multiple data sources, facilitating comprehensive
monitoring and personalized insights for each individual user.

The ecosystem incorporates a wide array of sensors, including ambient devices for tracking
indoor environmental conditions, occupancy patterns, and activity levels, as well as
wearable sensors for capturing vital physiological data. This multifaceted approach allows
for a holistic assessment of older adults' health status and daily functioning, providing a
rich context for detecting anomalies, identifying trends, and supporting proactive
interventions.

This chapter also includes a pilot study to validate the effectiveness of the proposed cloud-

based AAL ecosystem. The study examined the relationship between motion sensor data
and physical activity levels, as measured by step counts, in a group of participants
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performing daily living activities. This demonstrates the ecosystem's ability to effectively
capture and analyze activity data in real-world settings.

The development of this cloud-based AAL ecosystem serves as a foundation for subsequent
studies presented in this thesis. By establishing a robust and flexible infrastructure for data
collection, storage, and analysis, this ecosystem enables the exploration of various aspects
of Al-driven eldercare, paving the way for future studies on heart rate prediction and
activity recognition.

5.2 Cloud Native Remote Monitoring Data Ecosystem for Aging Population based
on Commercial AAL Sensors

5.2.1 Overview

In the recent years, Active Assisted Living technologies used for autonomous tracking and
activity recognition have started to play major roles in geriatric care. From fall detection to
remotely monitoring behavioral patterns, vital functions and collection of air quality data,
AAL has become pervasive in the modern era of independent living for the elderly section
of the population. However, even with the current rate of progress, data access and data
reliability has become a major hurdle especially when such data is intended to be used in
new age modelling approaches such as those using machine learning. This paper presents
a comprehensive data ecosystem comprising remote monitoring AAL sensors along with
extensive focus on cloud native system architecture, secured and confidential access to data
with easy data sharing. Results from a validation study illustrate the feasibility of using this
system for remote healthcare surveillance. The proposed system shows great promise in
multiple fields from various AAL studies to development of data driven policies by local
governments in promoting healthy lifestyles for the elderly alongside a common data
repository that can be beneficial to other research communities worldwide.

Clinical relevance - This study creates a cloud-based smart home data ecosystem, which
can achieve the remote healthcare monitoring for aging population, enabling them to live
more independently and decreasing hospital admission rates.

5.2.2 Introduction

Our planet is currently facing a demographic milestone: the aging population worldwide is
increasing at an unprecedented rate and it could reach an extreme higher level in the future.
In 2010, the World Health Organization (WHO) released a report on Global Health and
Aging which stated that around 524 million individuals were over 65 years old, and it was
projected that this number could rise to 1.5 billion by 2050 [199]. Aging presents various
difficulties for individuals, caregivers, healthcare providers, and governments. Population
aging is accompanied by more illness, disability, and dependency, and chronic diseases
such as dementia, depression, and diabetes, showing to be caused by lack of physical
activity [200]. One major reason for fatal injuries among older adults, leading to
hospitalization, is the rise in falls. According to a study presented in [201], it is estimated
that 40% of those admitted will not be able to live independently and around 25% will pass
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away within a year. An analysis of a survey conducted by the UK Disabled Living
Foundation found that more people worry about losing independence (49%) than dying
(29%) as they grow older [202]. Recent studies also indicate that a significant number of
older adults desire to grow old in their homes [203], where they will require the support of
caregivers or medical professionals for monitoring or assistance. Therefore, it is crucial to
create new tools and technologies to aid senior individuals aging in place [204].

Recent improvements made in the Internet of Things (IoT) space have enabled the usage
of smart home monitoring devices to enhance independent living for senior citizens by
providing the resources and support for enabling to feel more independent, secure and
healthy lifestyles in society [13][14][15]. Assisted living, which is normally the go to care
model, has resulted in lower quality of life and higher costs to the Canada’s healthcare
system [9][10], while IoT technology aims to bring a smarter and more supportive way of
helping seniors in their latter years. The rise of Active Assisted Living (AAL) technology,
such as autonomous tracking and activity recognition, have not only been quite beneficial
but have also become an important basis for detecting changes in daily patterns and
identifying emergency situations [205][206]. In geriatric care where falls are an essential
problem, Kumar et al. [207] proposed an unified IoT based general architecture that aids
all different types of sensing devices with intercommunication to provide fall avoidance or
when fall occurs, performs effective fall detection and raises the alarm for immediate
medical assistance. Akhila et al. [208] came up with an IoT enabled health monitoring
system to remotely monitor pulse rate, temperature, electrocardiogram, and air quality for
the healthcare of senior patients and to help them take necessary precautions. Outside the
domain of developing system architectures, Ramachandran et al. [209] proposed a network
channel using V-TDMA technology to assist in providing continuous and reliable data
transmission from wearable systems without compromising mobility.

In behavioral analysis, numerous studies have been performed in the past that analyzed
patterns in living and physical behavior and linked them with cognitive changes. Ozdemir
et al. [16] showed that changes in gait speed or balance can have the ability to represent a
change in cognition that subsequently increase the probability of a fall. Fredericks et al. [17]
showed that speech pattern changes can indicate onset or early stages of degenerative
conditions such as Alzheimer's. Actionable insights from behavioral analysis coupled with
AAL technology [210][211] promises extensive technological developments that can be
presented forward to improve geriatric care technologically. However, even in the midst of
rapid progress, the access to data, especially for those which are suitable as input data for
machine learning algorithms to power various recognition systems, have always been
regarded as important challenges for any practitioner developing low-cost and permanent
AAL solutions capable of large-scale deployments.

As a possible solution to the above challenges, in this paper, a remote monitoring data eco-
system aimed specifically at using AAL sensors to improve independent living for seniors
is presented in this paper, with extensive discussions covering different technical aspects
and major implementation details. The structure of the paper is presented as follows: The
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section on Implementation describes the methodology adopted consisting of the four
system layers along with the important technologies used. The section on Results explicates
the remote monitoring interface and a case study using the data ecosystem and posits
relevant discussions along with any new future system-wide extensions that might enhance
the developed ecosystem.

5.2.3 Implementation

5.2.3.1 System architecture

The proposed cloud (Microsoft Azure) based data ecosystem provides an accessible
platform for real-time sensor data derived from different AAL type sensors deployed in the
monitoring room, specifically made for simulating the everyday activities of elderly
citizens in the community. The current work environment consists of a Ubuntu 20.04 LTS
based Azure Standard Blms virtual machine with 2 GB RAM and 1 vCPU; a MySQL
database in version 5.7 with 2 vCores, 4GB RAM and 100GB storage; a Azure Blob in
version 1.2. Coding languages and libraries used in this project include Python, PHP,
Pandas, and NumPy, etc.
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Figure 15. Smart home data ecosystem structure

The proposed data ecosystem is a four-layer IoT system, which consists of a perception
layer, a transport layer, a processing layer, and an application layer. The scripts comprising
the processing engine in processing layer acquire the data from perception layer, after the
data is uploaded from devices to manufacturers’ servers through a transport layer. The data
flow from the sensor manufacturers’ servers to Ubiquitous Health Technology Lab
(UbiLab)'s data processing engine and subsequent storage in Azure Blob and MySQL
Database. The entire system architecture is depicted schematically in Figure 15.

5.2.3.2 Perception layer
The perception layer, which serves as the information source for the data ecosystem, also
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constitutes the device layer. It comprises of IoT wireless sensors, specifically,
environmental sensors in the case of a smart home ecosystem that continuously monitor
indoor conditions. The perception layer of proposed data ecosystem was deployed in a real-
world environment, which is the Research Institution for Aging in Waterloo. To keep track
of the physical indicators of older individuals, wearable devices are also integrated into the
ecosystem. Our proposed ecosystem encompasses the following sensors, as depicted in
Table 11.

Table 11. Deployed smart home sensors

Layer Devices Data information
P
Smart outlets Usage log owet .
consumption
. P
Smart switch Usage log owet .
Laver 1 consumption
Y AQI Humidity
Swidget . ) )
Air quality sensor Air pressure eCO»
Temperature bVOC
. T t .
Temp+Hum+Motion em‘.’efa Hre Motion occupancy
Humidity
Laver 2 Thermostat Temperature Humidity
Echee Motion sensor Temperature Motion occupancy
Door contactor Door/cabinet usage log
. HRV )
Wearable Empatica e4 BVP Skin temperature
Fitbit sense HR Steps

5.2.3.3 Transport layer

The transportation layer functions as a link between the perception layer and the data server,
with the gateway acting as a terminal to collect temporary data from the sensors and
transmit it back to the data server. In the proposed ecosystem, as commercial devices are
utilized, device manufacturers restrict direct access to the gateway, thereby not allowing
the data to be sent directly to a personal data server. For security purposes, they only permit
the data to be uploaded to their own data server, resulting in additional steps if a third party
wishes to access the data.

The gateway utilized within the ecosystem is equipped with compatibility for the current
widely used wireless communication protocols, including Wi-Fi, Z-Wave, and Zigbee
[212]. As the most commonly used smart home communication technology, these protocols
have advanced features concerning security, interoperability, and connectivity.

The security feature is the primary concern as it preventing sensitive information from
being hacked during the transmission. Each of the protocols has encryption and
authentication mechanisms to ensure that smart home sensors can be securely connected to
the gateway through these communication networks [213].
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Interoperability ensures that devices from various manufacturers can operate in concert in
a dependable manner. Wi-Fi is compatible with all Wi-Fi devices, Z-Wave enables
interconnection between different Z-Wave devices, while the most recent 3.0 version of
Zigbee allows for seamless interoperability between a wider range of devices, regardless
of their functional domains [214].

The connectivity capability determines the number of devices that can be interconnected in
the mesh network. Each protocol has the capability to support a specific number of nodes,
sufficient to support a smart home mesh network. Wi-Fi has the capacity to connect 250
access points, Z-Wave has the capability to support 232 nodes, and Zigbee provides the
most extensive support with a capacity to connect 65,000 devices at one time [212].

5.2.3.4 Processing layer

The processing layer constitutes a central component of the ecosystem. All activities within
the processing layer occur on the cloud server. The processing layer is responsible for tasks
such as data collection, pre-processing of data, and data storage.

Authentication

In the proposed data ecosystem, to minimize the redundant authentication procedures for
smart home devices from different vendors, a unified authentication platform was
developed to enhance the compatibility of the ecosystem when incorporating additional
devices, provided they use the OAuth standard for authentication [215]. The use of a unified
authentication platform can also reduce the risk of privacy breaches. The platform
comprises a front-end and a back-end. The front-end is used to display the necessary PIN
code for the authentication process, while the back-end is responsible for communicating
with API endpoints and requesting the necessary tokens for authentication. The
communication workflow between the platform and API points is depicted in Figure 16.
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Figure 16. Authentication flow between end points

Data fetch

After the successful authentication, the platform can send a data fetch request to the API in
manufacturers’ servers. The data fetch from the manufacturers’ servers occurs in two
phases i.e., Device Data Extraction and Download Data Dump. The UbiLab processing
engine collects the necessary sensor ids, location data, and component information through
a private API request during the Device Information Extraction phase. The location
information and component information provide results about the specific location (for
example, bathroom, kitchen, living room, etc.) and monitored parameters (for example,
humidity, air quality, temperature, pressure, etc.), respectively. The sensor ids correspond
to the identification codes for a specific AAL sensor installed inside the monitoring room.
Based on the device ID, site ID, component ID, start date, and end date, a specified REST
endpoint is requested over HTTP in the Download Data Dump phase, producing rows of
sensor data as a JSON response. Depending on how many components are available for a
particular sensor, JSON data corresponding to each component ID is obtained, aggregated,
and given to the next step of the data flow for additional processing.

Data pre-processing

In the Data pre-processing phase, the retrieved data is processed through several steps. The
dataset is initially searched for rows with missing data, and if any are identified, these rows
are discarded. Secondly, for ease of temporal reference and further analysis, the timestamp
(which was initially in Unix Epoch) has been changed to Universal Coordinated Time
(UTC). Thirdly, for operational flexibility, the data is transformed from a CSV format into
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a suitable Pandas data frame. The data frame is then duplicated into a Raw and a Processed
form, and sent to the next stage for storage purposes. As shown in Figure 17, the processed
copy goes through an additional stage of row merging based on the switch data present.
Data exploration showed that the raw data had rows that might be divided into sets based
on the next occurrence of switch data. The set contained alternate rows with data for several
columns that could be combined into a single row with the timestamp of the first row.

TS deviceld hostid room outlet_1_avg outlet_1_on temp humi aq_iaq aq_tvoc aq_co2 ‘
2022-03-31 5:06:55 24a160749b98 zyilxsqmabyGA77Fk0zy Living Room 0 1

2022-03-31 5:07:07 24a160749b98 zyilxsqmabyGA77Fk0zy Living Room 16.41 26.27

2022-03-31 5:07:08 24a160749b98 zyilxsqmabyGA77Fk0zy Living Room 595.63 1000 5956.29
TS deviceld hostid room outlet_1_avg outlet_1_on temp humi aq_iaq aq_tvoc aq_co2
2022-03-31 5:06:55 24a160749b98 zyilxsqmabyGA77FkOzy Living Room 0 1 16.41 26.27 59563 1000 5956.29

Figure 17. Merge rows in neighboring timestamps

Data storage

For the data storage stage, two different types of cloud storage facilities are availed for
extra redundancy. The “Raw” (unmerged) data frame is saved as a JSON Blob under Azure
Blob Storage as it can store unstructured and semi-structured data, while the “Processed”
(merged) data frame is connected to a Azure managed MySQL database for data analytics
purposes. If in an unplanned scenario, due to data error, the additional merge stage fails, as
a fallback, data can be retrieved from the Blob Storage. Both of the storage schema is secure
and scalable. They provide security measures such as access control lists and shared access
signatures or firewalls for controlling access to data. They also implement encryption for
data both during storage (encryption-at-rest) and transfer (encryption-in-transit) to ensure
the security of the data. Additionally, both Blob and MySQL services in Azure Cloud are
highly scalable and allow users to easily increase or decrease the amount of storage they
need as their data storage requirements change.

5.2.3.4 Application layer

The application layer is the top layer of this data ecosystem. It is tasked with presenting a
user-friendly interface that facilitates interaction with interconnected smart home devices
and healthcare monitoring services. This interface, which is implemented as a web-based
application, enables a wide range of functions such as data visualization, human activity
recognition, behavior pattern analysis, and abnormal behavior detection. The front-end of
this interface is built using the React]S framework, while the back-end is implemented
using JavaScript. The back-end provides the capability to discover and control devices,
receive notifications, and access real-time data and services, which are then reflected on
the front-end. In addition, the application layer also provides extraordinary opportunities to
explore different Al models and novel data fusion techniques to be trained on the cloud
based on collected database to improve the sensitivity of healthcare monitoring services.
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5.2.3.5 Pilot study design

A preliminary investigation was conducted to assess the correlation between motion counts
and steps utilizing the proposed data ecosystem and aimed to verify its viability in
monitoring and tracking individuals' step counts utilizing smart motion sensors.

A total of 40 participants was involved in the study (23 male and 17 female aged between
18 and 34 years old). After obtaining consent, each participant was instructed on how to
wear the Fitbit. During the experiment, participants were asked to perform basic daily living
activities under researchers’ instructions. Such daily living activities include cooking,
eating dinner, going to sleep, and taking showers, etc. Fitbit measured participants’ steps
during the session, while motion devices recorded motion data through passive infrared
sensors at the same time. One whole session for a participant could up to three hours while
the data time interval is 1 minute. After cleaning the data and opting out incompleteness
data, we obtain 36 individual’s data. As the data is not normally distributed, the Spearman
correlation test was chosen as the test tool for evaluating the association. The experimental
procedures in this study were approved by Research Ethical Board of the University of
Waterloo under ORE #43843.

5.2.4 Results

In this section, we present the remote monitoring interface at the application layer,
analyzing its functions from device control, data access, data visualization. In addition, the
results of pilot study was presented to confirm the usability of proposed ecosystem on
healthcare remote monitoring.

5.2.4.1 Remote monitoring interface

Here is a presentation of the developed remote monitoring interface of data ecosystem in
application layer. As is shown in the Figure 18, three major function components are
covered in the dashboard, providing a simple way to discover and manage connected
devices, including the ability to view and control their current state, set preferences, and
configure device settings. Additionally, this interface can collect and manage data from
devices, including real-time data and historical data that can be used to gain insights into
behaviors.
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Figure 18. Remote monitoring interface

5.2.4.2 Pilot study results

The Spearman correlation coefficient is r = 0.76 (range 0.71-0.82; n=36; P<.001), which
suggests that there is a strong association between motion counts and steps. A visual
inspection using one subject’s example data to determine the alignment is shown in Figure
19. A clear trend alignment is illustrated in the Figure 5., and increased number of steps
was accompanied by increased motion. Specifically, when participants performed
movement activities in the room, which was indicated by more steps taken, higher levels
of activation of motion sensors were observed. During periods of inactivity where fewer
steps were recorded, the motion sensors also showed no or minimal activation. If there were
several motion counts but with zero steps, it could attributed to sleep or sedentary behavior.
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5.2.5 Conclusion

The data ecosystem in its current form plays an integral platform to onboard multiple AAL-
based IoT sensors that have the capability to assist in analyzing local conditions as well as
sensing motion of indoor participants. High granular multi-source indoor sensor data fused
using big data approaches [216] can be used as model input in several deep learning-based
methodologies for generating valuable and actionable insights. Coupled with a real-time
dashboard, which readily gives the status of several sensors laid out in a monitored indoor
environment, the ecosystem can function as a control center of several geriatric studies
where motion-related data can be studied and modelled using different machine learning
techniques, which can, among other things, help in anomaly detection, change in behavioral
patterns, and sleep habits, etc. From a research standpoint, the data ecosystem is capable of
empowering studies in multiple fields ranging from effective behavioral monitoring in
AAL supported residential environments to developing data driven policies supporting
local governments in urban infrastructure and health planning that aim to promote healthy
lifestyles in the elderly populations. Being a generalized system that can be customized
based on the nature of the targeted application, the ease of data sharing forms an effective
component that will enable other research communities around the world to perform
directed studies and understand various living and lifestyle patterns.

The limitation of this study is participants’ age group in our pilot study is different from
our target population. However, the primary goal of this pilot study is to validate the
feasibility of this ecosystem. In the further study, we will integrate more AAL sensors into
this ecosystem such as vibration sensor to fulfill different monitoring requirements.

5.3 Discussion

With the successful implementation of the cloud-native remote monitoring data ecosystem,
as detailed in this chapter, a robust platform that can support a wide range of studies has
been developed, focusing on enhancing the quality of life for the aging population. This
data ecosystem not only allows for the continuous monitoring of various health and
environmental parameters but also enables the integration of advanced analytical
techniques to extract meaningful insights from collected data.

The ecosystem serves as a foundational element for subsequent studies presented in this
thesis. By establishing a reliable and adaptable infrastructure for data collection and
analysis, it provides a base from which various aspects of elderly care can be explored. The
studies that follow build upon the data and insights generated by this ecosystem, whether
through improving ADLs recognition techniques or advancing health indicator predictions.
Each of these studies relies on the robust data collection, data processing and management
capabilities established here, showcasing the ecosystem’s critical role in enabling more
targeted and effective research.
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Chapter 6 - Heart Rate Prediction with Contactless Active Assisted

Living Technology: A Smart Home Approach for Older Adults

Kang Wang, Shi Cao, Jasleen Kaur, Moojan Ghafurian, Zahid A. Butt, and Plinio P. Morita.
(published) “Heart rate prediction with contactless active assisted living technology: a

smart home approach for older adults,” Frontiers in artificial intelligence, vol. 6, Jan.
2024, doi: https://doi.org/10.3389/frai.2023.1342427.

6.1 Foreword

Following the successful establishment of a cloud-native remote monitoring data
ecosystem, this chapter progresses our exploration into its practical applications.
Specifically, it focuses on the development and validation of non-invasive, smart home-
based methods for predicting heart rates among older people—a demographic significantly
impacted by cardiovascular diseases.

The need for this study arises from two aspects. First, it serves to validate the capabilities
of the newly developed AAL ecosystem in a practical setting, ensuring that the
infrastructure not only supports but enhances the functionality of health monitoring
technologies. More critically, this research addresses a conspicuous gap identified in our
comprehensive scoping review—the lack of application of AAL technologies in predicting
vital physical health indicators such as heart rate. This absence is notable in the field, where
the potential for AAL to contribute significantly to preventive healthcare has not been fully
explored. By filling this gap, the study aims to pioneer the use of AAL systems in
facilitating real-time, non-intrusive heart rate monitoring, setting a precedent for future
innovations in elder care technology.

Heart rate is a vital health indicator, closely linked to cardiovascular health and overall
wellness. Accurate and timely heart rate monitoring can lead to early detection of potential
health issues, allowing for swift medical intervention and better management of chronic
conditions. Consequently, heart rate prediction plays a crucial role in enhancing the quality
of life and extending the independence of older adults.

This chapter is dedicated to implementing and evaluating several machine learning
techniques to predict heart rates using contactless technologies integrated within our AAL
system. These methods promise to provide a non-intrusive solution for continuous health
monitoring, minimizing the discomfort and compliance issues associated with traditional
monitoring devices.

By exploring these advanced predictive models, this study aims to validate the effectiveness
of the AAL ecosystem in a setting that closely mimics real-life conditions. The outcomes
are expected to offer valuable insights into the utility of non-intrusive monitoring solutions,
emphasizing the practical benefits and scalability of such technologies in real-world AAL
applications.
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6.2 Heart Rate Prediction with Contactless Active Assisted Living Technology: A
Smart Home Approach for Older Adults

6.2.1 Overview

Background

As global demographics shift towards an aging population, monitoring their heart rate
becomes essential, a key physiological metric for cardiovascular health. Traditional
methods of heart rate monitoring are often invasive, while recent advancements in Active
Assisted Living provide non-invasive alternatives. This study aims to evaluate a novel heart
rate prediction method that utilizes contactless smart home technology coupled with
machine learning techniques for older adults.

Methods

The study was conducted in a residential environment equipped with various contactless
smart home sensors. We recruited 40 participants, each of whom was instructed to perform
23 types of predefined daily living activities across five phases. Concurrently, heart rate
data were collected through Empatica E4 wristband as the benchmark. Analysis of data
involved five prominent machine learning models: Support Vector Regression, K-nearest
neighbor, Random Forest, Decision Tree, and Multilayer Perceptron.

Results

All machine learning models achieved commendable prediction performance, with an
average Mean Absolute Error of 7.329. Particularly, Random Forest model outperformed
the other models, achieving a Mean Absolute Error of 6.023 and a Scatter Index value of
9.72%. The Random Forest model also showed robust capabilities in capturing the
relationship between individuals' daily living activities and their corresponding heart rate
responses, with the highest R? value of 0.782 observed during morning exercise activities.
Environmental factors contribute the most to model prediction performance.

Conclusions

The utilization of the proposed non-intrusive approach enabled an innovative method to
observe heart rate fluctuations during different activities. The findings of this research have
significant implications for public health. By predicting heart rate based on contactless
smart home technologies for individuals' daily living activities, healthcare providers and
public health agencies can gain a comprehensive understanding of an individual's
cardiovascular health profile. This valuable information can inform the implementation of
personalized interventions, preventive measures, and lifestyle modifications to mitigate the
risk of cardiovascular diseases and improve overall health outcomes.

Keywords: Active Assisted Living, Smart Home, Heart Rate Monitoring, Healthy Aging,
Non-intrusive Healthcare Monitoring, Aging in Place, Machine Learning
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6.2.2 Introduction

6.2.2.1 The impact of aging population and the need for Active Assisted Living

The world is currently experiencing a significant demographic shift, characterized by a
rapid increase in the aging population. This demographic milestone is projected to reach
unprecedented levels in the coming years [217]. Advancements in healthcare and living
standards have led to an increase in the lifespan of individuals, resulting in a significant rise
in the proportion of the older individuals within the global population [218]. In 2022, the
world wide population of individuals aged 65 years or older is more than 770 million, which
means more than one in ten people are older adults [219]. Eastern and South-Eastern Asia
are home to the largest number of older adults who are 65+ years old, accounting for
approximately 260 million individuals, followed by Europe and Northern America with
over 200 million older individuals, representing the highest percentage of older adults
(more than 17 percent) [217]. These numbers are projected to increase over the next three
decades, with an estimated 1 in 6 people worldwide being aged 65 years or over by 2030,
and this figure is expected to double to 1.5 billion individuals by 2050. Especially in low
and middle-income countries, where 80% of older adults are projected to reside, healthcare
challenges may be significant [1].

Chronic non-communicable diseases, including heart diseases, cancer, and chronic
respiratory diseases, often accompany the process of aging [220]. These conditions require
specialized healthcare services that monitor various health indicators, including physical
activity, heart rate, blood pressure, and sleep quality [221]. Active Assisted Living (AAL)
technology, i.e., technology that aims to maintain older adults’ living independence using
technology advancements, has emerged as a promising solution to address the healthcare
needs of the aging population. By embedding reliable devices and sensors within a house,
AAL creates a “smart home” environment [222]. When coupled with Artificial Intelligence
(AI), Smart Home Technologies (SHTs) has the potential to assist with daily functions in
the home and monitor, treat and manage chronic health conditions [12]. Moreover, smart
homes can allow caregivers to provide better healthcare for older adults and even reduce
their reliance on caregivers [223]. Smart home devices can continuously capture health-
related information in an unobtrusive manner, thereby enabling safer independent living
for the older adults [224]. The integration of SHTs with Al offers the potential to constantly
observe, model, and understand human behavior, as well as identify early warnings for
interventions [225]. Compared to other Internet of Things (IoT) technologies, such as
wearables, SHTs do not require older individuals to carry it all day, which can be
inconvenient or easily forgotten, particularly for those individuals living with dementia
[226].

6.2.2.2 Heart Rate Prediction and its Importance in Cardiovascular Health Monitoring

Cardiovascular diseases (CVDs), also known as heart-related diseases, stand as the leading
cause of death worldwide. In 2019 alone, CVDs accounted for 17.9 million deaths,
representing 32% of all global deaths [227]. These devastating consequences are
particularly prevalent in low- and middle-income countries, where limited access to
healthcare services hinders early detection and treatment [228]. As individuals age, the
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prevalence of CVDs increases, with the aging population being more susceptible to these
diseases compared to younger individuals [229]. A report from Benjamin et al. [230]
indicated that 40% of individuals aged between 40 and 59 have CVDs, while more than 70%
of older adults aged 60 and above were affected by CVDs. Heart Rate (HR) serves as a key
risk factor for CVDs and has been found to have a strong positive association with
cardiovascular morbidity and mortality [231]. Consequently, accurate and timely prediction
of heart rate can greatly contribute to the early detection and prevention of cardiovascular
events, thereby improving overall cardiovascular health outcomes.

6.2.2.3 Current challenges and objectives

Despite the significant potential of SHTs and Al in predicting heart rate and enhancing
cardiovascular health monitoring, there are several challenges that need to be addressed.
Existing literature primarily focuses on wearable devices and IoT technologies for health
monitoring, which often rely on user compliance and can be burdensome for older adults
[232]. Furthermore, the application of SHTs in predicting heart rate has been limited to
specific contexts or necessitates the combination of wearable technologies, rendering it
impractical for daily living scenarios. Therefore, the objective of this research paper is to
investigate the feasibility of utilizing SHTs, coupled with Al for heart rate prediction in an
unobtrusive manner within an active assisted living environment. The paper aims to bridge
the existing gap in research and contribute to the development of a comprehensive and
practical solution for predictive monitoring of heart rate in real-world scenarios, addressing
the limitations of wearable devices and current monitoring approaches. The objectives
assume that smart home indicators, such as motion sensors and power consumption, can
observe activity patterns and their correlation with changes in HR and studies whether such
correlation exists.

6.2.2.4 Overview and paper structure

The increasing prevalence of cardiovascular diseases among the aging population
highlights the urgent need for reliable indoor heart rate monitoring. This study leverages
the potential of smart home technologies to address the need, proposing a contactless,
machine learning-based solution for heart rate prediction. This paper is organized as
follows: Section 1, the Introduction, introduces the topic and outlines the current challenges
in the field. Section 2, Related Work, reviews relevant literature to provide an overview of
the state-of-the-art in using smart home technology for heart rate prediction. Section 3,
Materials and Methods, describes the devices used for the study, along with the deployment
of the smart home environment. This section also details the methodology employed in the
study. Section 4 presents the Results and Findings, where the analyses performed are
reported. Finally, Section 5 discusses the implications of these findings, acknowledging the
limitations of the current study and suggesting potential areas for future research.

6.2.3 Related work

This section presents an overview of previous research conducted in the field of heart rate
prediction using IoT technology, machine learning, and smart home approaches for older
adults. Lin et al. [233] have explored the use of [oT technology to monitor cardiovascular
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events. They provided a comprehensive overview of sensor advancements capable of
monitoring various physiological signals associated with CVDs. However, most of these
sensors require attachment to the body. To address the limitations associated with
inconvenience to carry of traditional health monitoring devices, Xiao et al. [234] developed
an intelligent wearable bracelet that can monitor heart rate during sports and provide real-
time alerts for abnormal records. Similarly, David Chung Hu et al. [235] proposed an
intelligent monitoring system by integrating temperature sensors, pulse sensors, and
accelerometers to measure the vital signs in older adults. The system demonstrated high
accuracies, exceeding 90%, in measuring body temperature, pulse rate, and fall detection.
Through the comparison of pulse rates during various activities, the study revealed
substantial variations in heart rate across different activities. Ali et al. [236] developed a
wearable sensor prototype for heart rate and body temperature monitoring, achieving a low
deviation of 2% compared to commercially available devices. Al Rasyid et al. [237]
integrated body temperature senor and pulse oximeter sensor into a wireless body sensor
network to monitor various vital signs. This study identified a limitation related to the
distance threshold (20 meters) between the body-attached sensors and the server receivers,
and the greater distance, the more data loss. Alnaggar et al. [252] utilized Eulerian Video
Magnification for non-contact heart rate and respiration rate extraction from video signals
using camera. Although the proposed architecture are effective in extracting heart rate
estimation from facial recordings, they face limitations with high-frequency noise, varying
light conditions, motion, and raise privacy concerns, making it less suitable for daily living
monitoring. The integration of Al techniques enables researchers to gain deeper insights
from heart-related data and predict cardiovascular events. Dami & Yahaghizadeh [238]
proposed a deep learning method called LSTM-DBN, combining Long Short-Term
Memory (LSTM) and Deep Belief Network (DBN) to detect arterial events with superior
performance compared to other methods, such as Logistic Regression, Random Forest (RF),
and Recurrent Neural Network. Mohan et al. [239] introduced a hybrid machine learning
model, HRFLM, which combined RF and Linear Model to predict cardiovascular diseases
with a high accuracy of 88.7%. Wang & Gao [240] developed a real-time heart rate
monitoring system for athletes using wearable devices and deep learning techniques,
achieving accurate heart rate prediction and activity classification in volleyball plays.
Additionally, IoT based SHTs have been widely utilized in indoor healthcare and assisting
older adults in aging in place [241]. Adib et al. [242] utilized ubiquitous sensing
technologies to remotely monitor vital signs using a wireless sensing technology called
Vital-Radio, achieving a high accuracy of 99% for breathing and heart rate measurements.
However, the performance of this method is limited by large body movements, as it
primarily relies on detecting chest motion. In studies [253] and [254], the authors utilized
Wi-Fi technology to monitor vital signs by detecting physiological movements that affect
channel state information. However, this technology also has limitations in accurately
detecting high heart rates or breathing rates during periods of excessive movement. Scalise
et al. [243] developed a smart home network with heterogeneous health sensors to monitor
cardiovascular situations in older adults, while Pham et al. [244] presented a cloud based
smart home environment for comprehensive homecare services for older adults.
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Despite the advantages of wearable devices in terms of accuracy and non-invasiveness,
challenges related to their adoption and user compliance exist. Wearable devices heavily
rely on participants' willingness to wear them, and some individuals such as older adults
with dementia may forget to wear them regularly, leading to incomplete data and reduced
healthcare monitoring quality [226]. Additionally, concerns regarding the use of unfamiliar
devices in research studies and the discomfort associated with wearing them for extended
periods can create resistance among users, especially older adults. Sensor burden and user
discomfort have been identified as critical issues that need to be addressed in wearable
sensor monitoring solution [245].

However, current research exhibits a gap in the ability to monitor heart rate information
using smart home technologies alone, without the need for additional wearable devices,
which is more practical for daily living contexts. The primary contribution of this research
is achieving precise heart rate prediction and enabling cardiovascular healthcare monitoring
for different activities within the context of daily living without requiring additional
involvement from individuals.

The scientific novelty of this study is demonstrating the adaptability of machine learning
techniques to heterogeneous smart home indicators for indoor heart rate monitoring.
Furthermore, the application novelty lies in exploring the potential of smart home
technology to unobtrusively monitor heart rate for general surveillance, addressing the
limitations of existing approaches.

6.2.4 Materials and methods

6.2.4.1 Devices

AAL devices

Through the collaboration with smart home manufacturer Swidget, this study can acquire
diverse smart home sensors and have access to their data repository through Application
Programming Interfaces (APIs). The Swidget concept focuses on the adaptability and
integration of smart home technologies. Their smart devices operate based on installing
modular sensors into reconfigured common electrical devices such as outlets, on-off
switches, and dimmers, which makes these devices unobtrusive, ensuring zero-effort from
users. Moreover, these sensors are integrated directly into electrical circuits, meaning they
do not have batteries. This ensures that they can be powered reliably for an extended period
of time, without the concern of depleting battery life, provided there are no power outages.
In this study, we paired smart outlets and smart switches with (1) air quality module sensors,
(2) temperature and humidity sensors, and (3) passive infrared motion module sensors,
which create four configurations in total. In addition, door contact sensors were also
installed in the environment.

Wearable devices

The purpose of using wearable device here was to collect the HR data, serving it as the
benchmark when comparing with the predicted HR values. Consequently, it requires that
the selected wearable device should be reliable and accurate. Empatica E4 wristband was
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selected as the HR measuring tool. Its accuracy has been validated by the study from [246],
which demonstrated that Empatica E4 is a practical and reliable device for collecting HR
data. Empatica E4 can measure the HR value with a sample rate of 1 HZ. In addition to HR,
Empatica E4 is also equipped with an electrode, a photoplethysmography, a skin
temperature, and a 3-axis accelerometer, from which electrodermal activity, blood volume
pulse, and skin temperature can be measured. Through the Empatica Manager application,
Comma-Separated Values (CSV) files containing raw HR data can be downloaded from
the devices.

6.2.4.2 AAL environment

A smart home environment was constructed in an apartment unit in the Research Institution
for Aging in Waterloo (see Figure 20), with each device being assigned an ID. This
apartment unit is composed of a kitchen, a living room, a bedroom, and a bathroom, which
is decorated with necessary furniture to fulfill individuals’ daily living requirements. The
smart home environment was designed to be a sensor-rich space aiming to capture as many
Activities of Daily Living (ADLSs) as possible. According to locations of electrical devices
in the room, we replaced original switches and outlets with Swidget intelligent devices and
paired them with four types of environmental sensors.

* Outlet & Temperature
& Humidity & Motion

A Outlet & Air Quality

Switch & Temperature
& Humidity & Motion

* Switch & Air Quality

@ Door Contact

'O for Outlet
'S' for Switch
'D' for Door Contact

S09 D11 013

Figure 20. AAL environment

When placing motion sensors in the environment, we followed the optimized sensor
placement principles stated in [247], considering the detection range of Swidget motion
sensor is 3 meters, including 1) coverage: making sure the sensor has a wide enough field
of view to detect movement in the area we want to monitor; 2) placement: mounting the
sensor at a height of around 7 feet to ensure it can detect movement across a room; 3) false
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alarms: positioning the sensor away from areas that is covered by furniture, such as behind
sofa or bed, but areas where movement is likely to occur naturally to reduce false alarms.
Door contact sensors were attached on each door, closet, and drawer to capture open/close
events. Similarly, to get more accurate and comprehensive environmental data, we placed
multiple temperature & humidity sensors and air quality sensors in different rooms.
Additionally, we placed more sensors in the areas where these parameters are more likely
to change, such as the kitchen, and the bathroom.

In order to better capture the ADLs happening in the room, we recruited five volunteers
during the design phase to perform potential activities in the room, assisting us to iteratively
test and adjust the locations and numbers of sensors.

6.2.4.3 Study

ADLs scenarios

The ADLs scripts in this study was generated by following the principles in [248]. They
cover basic ADLs and instrumental ADLs as well as single activities, posture-oriented, and
movement-oriented activities, involving all spaces in the room, which can be representative
for an individual’s ADLs that happen within days. Each orientation requires different
efforts from individuals and under each of them, we developed four to five scenarios to
ensure the coverage of comprehensive ADLs.

Textbox 3 indicates that the activities designed for the different scenarios share similarities
but different levels of activities, which can cause changes in heart rate. By repeating similar
activities, a larger and more diverse dataset can be collected, which aids the machine
learning model in distinguishing between various activities and heart rate patterns, thereby
improving the robustness and accuracy of the models.

Textbox 3. ADLs scenarios

1. Phase 1. Single activities
Scenario 1. Arriving home
Scenario 2. Eating dinner
Scenario 3. Sleep
Scenario 4. Cooking
Scenario 5. Going out

2. Phase 2. Posture-oriented

® Scenario 1. Reading on sofa

® Scenario 2. Completing a puzzle
® Scenario 3. Reading on bed

® Scenario 4. Meal time

® Scenario 5. Bathroom job

3. Phase 3. Movement-oriented
Scenario 1. Tidying a room

® Scenario 2. Morning exercise

® Scenario 3. Taking shower

® Scenario 4. Wandering in rooms
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4. Phase 4. Basic ADLs
® Scenario 1. Cleaning rooms
® Scenario 2. Changing footwear
® Scenario 3. Prepare meal
® Scenario 4. Make up
5. Phase 5. Instrumental ADLs
® Scenario 1. Arriving home from groceries

® Scenario 2. Cleaning kitchen

® Scenario 3. Emptying garbage

® Scenario 4. Morning routine

® Scenario 5. Wrap up things
Participants

Recruiting participants for this study posed several challenges unique to the COVID-19
pandemic, especially with respect to our target population of older adults who are more
vulnerable to infection. Consequently, we recruited students from the University of
Waterloo as participants using convenience sampling. A total of 40 participants took part
in the study, comprising 17 males and 23 females. The participants' mean age was 24 years,
ranging from 18 to 39 years. Written informed consent was obtained from all participants
before they took part in the study. To safeguard their privacy and confidentiality, participant
information was de-identified. In order to minimize the bias arising from this age group
difference, we instructed participants to simulate being seniors and engage in activities at
a slower pace than their usual speed. The ethics of the study were reviewed and approved
by the Research Ethics Office of the University of Waterloo under the ORE #43843.

Procedure and data collection

Prior to the experiment, participants were asked to provide their informed consent and
complete a questionnaire that was designed to collect demographic information.
Subsequently, the researchers escorted participants to the smart home environment, where
they were oriented to the locations of labeled sensors, appliances, and furniture.
Additionally, participants were requested to wear Empatica E4 wristbands to generate
benchmark heart rate data.

During the experiment, facilitators observed participants' activity performance through
cameras in the room next to the apartment unit while delivering activity instructions to
participants via a phone. Activity instructions were delivered in sequence by phases and
scenarios to participant and no further instructions were provided unless participants asked
for specific assistance. One minute transition time was allotted between each scenario, in
order to reset all activated sensors. An observer documented activity information, including
start and end timestamps, using an annotation sheet. Sensor readings were collected,
formatted, and stored in the cloud database via our smart home data ecosystem. Only one
participant was tested at a time, and each experiment session lasted approximately three
hours.
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Data pre-processing & summary

After performing data cleaning and excluding datasets from incomplete participants, a total
of 28 participants’ data remained available for further analysis. The data collected from the
participants originated from two distinct sources, each with its own sampling rate. The
smart home data gathered through 41 sensors shown in Figure 1 had a granularity of 30
seconds, while the HR data was recorded by the Empatica wristband at a rate of one
measure per second. There is no missing data in the dataset, thereby eliminating the need
for data imputation.

In the preprocessing stage for smart home data, we integrated data from different smart
home sensors into a unified dataset. This integration involved structuring parameters from
each sensor into individual columns within a single dataset. Consequently, each column in
this dataset corresponds to a specific sensor parameter, facilitating ease of analysis and
interpretation. Moreover, we ensured the synchronization of data across different sensors,
leveraging the uniform timestamps and intervals recorded by each device. The
synchronization process involved aligning data points from different sensors that shared
the same timestamp.

To ensure compatibility between these datasets for HR prediction tasks, a methodical
preprocessing approach was implemented for HR dataset, beginning with the
synchronization of their timestamps. Let #,,,,, represent the starting timestamp of the smart
home dataset, and 7, represent the corresponding starting timestamp in the Empatica
dataset. The alignment process involves matching these starting points such that #,,,,. = tyx.
Following this synchronization, the HR data was resampled to align with the 30-second
granularity of the smart home data. This was achieved by calculating the average HR over
every 30-second intervals, starting from #4z. So for each 30-second interval in the smart
home dataset, the corresponding HR;,, computed, ensuring that the HR data is in sync with
the smart home data.

In this study, each sensor recorded data for various features (see Appendix B) during the
experiment session. To ensure the accuracy and reliability of the data, we incorporated a
one-minute transit time between each experimental scenario. It is essential to clarify that
data from these transition times were not included in our analysis. During these transit
periods, participants were inactive, allowing the sensors to reset to their initial state. This
approach was crucial to mitigate any potential carryover effects from one scenario to the
next. Consequently, it resulted in approximately 270 data instances per parameter for each
participant. These instances represent a time series within each scenario, with each data
point corresponding to a 30-second interval. However, it should be noted that these time
series are not continuous between scenarios because of transition time. When aggregating
data across all subjects, the final dataset comprised over 7500 sample points. Figure 21
illustrates the total number of data instances collected from all subjects for each scenario,
along with the average time duration (seconds) spent by subjects in each scenario.
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Figure 21. Total number of data instances and average time duration for each scenario

Additionally, in the feature extraction process, we utilized parameters from each sensor,
acquired through APIs at 30-second intervals, as individual features. This approach means
that each sensor parameter was treated as a distinct feature. Specifically, for extracting
temperature and humidity feature, we divided the environment into five separate rooms and
extracted these parameters independently for each room. We selected sensors located in
each specific room, and the room's temperature and humidity features were determined by
averaging the readings from these sensors. Consequently, each participant’s dataset
comprised 137 features (Appendix B) related to smart home indicators, and all of these
features were utilized in the data analysis. These features encompassed a wide range of
factors, including but not limited to motion occupancy, temperature, humidity, air quality,
switch log, and energy consumption gather from each of the sensors in the environment.
The inclusion of these smart home indicator-related features added depth and richness to
the dataset, enabling a comprehensive analysis of the participants' living environment and
activity patterns.

Machine Learning models and evaluation metrics

In this study, five classical machine learning models were selected to perform the prediction
task. These models included Support Vector Regression (SVR), K-nearest neighbor (KNN),
RF, Decision Tree (DT), and Multilayer Perceptron (MLP). Furthermore, to evaluate the
performance of prediction models, several commonly-used metrics were used, which are
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), , R-squared (R?), and
Scatter Index (SI). These metrics comprehensively assess different aspects of model
performance. Their equations are as follow:

RMSE =
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Where y. is true value, y. is the mean of true value §. is the predicted value.

Specifically, RMSE calculates the square root of the average squared differences between
predicted values and the actual values, while MAE measures the average absolute
difference between predicted values and true values. R? indicates how well the predicted
values from the model fit the observed data, ranging from 0 to 1. SI provides a normalized
measure of prediction error. A lower value of SI indicates better performance of the model.
If the SI value is less than 10%, it indicates a good model performance [249].

Evaluation setup

The data was process and analyzed on a Linux server (16GB RAM) with Ubuntu v22.04.3
operation system. Python v3.10.12 was used as the programming language to complete the
data analysis task, along with its corresponding libraries such as Pandas v2.0.3, Matplotlib
v3.5.1, and Numpy v1.21.5. Machine learning models were constructed based on the Scikit-
learn v1.2.1 framework.

6.2.5 Results

6.2.5.1 HR data summary visualization

Overall HR data distribution

The distribution of heart rate data for all participants and activities is illustrated in Figure
22.
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Figure 22. Heart rate distribution

The majority of observations are concentrated around 80 beats per minute (bpm), which is
commonly associated with typical resting heart rate. This suggests that a major portion of
the data corresponds to individuals in a relaxed state, aligning with common indoor
activities. A smaller proportion of instances is observed around 50 bpm, likely indicating
periods of low activity intensity. The distribution of heart rate values also includes a
proportion of samples ranging from 120 to 150 bpm, capturing instances of elevated heart
rate during physical exercise scenarios.

This wide range of heart rate values reflects a spectrum of activity intensities within the set
scenarios, from light to moderate and vigorous levels, highlighting the body’s adaptive
physiological responses to different forms of physical exertion. The distribution of the heart
rate data appropriately reflects different activity intensities, providing a solid foundation
for prediction analysis and ensuring the reliability and interpretability of prediction models
[250].

HR data distribution by scenarios

In this section, we analyzed the distribution of heart rate data in various scenarios (Figure
23) using boxplots to gain insights into physiological responses associated with different
daily life scenarios. Each box represents a specific scenario, and the upper (or lower)
whisker extends to the maximum (or minimum) data points within 1.5 times the height of
the box from box top (or bottom). Data points outside of the whisker are considered as
outliers, which have been excluded from the analysis. The thick line within the box
represents the median, while the box itself represents the interquartile range between 25"
and 75" percentiles, capturing the middles 50% of the data. This visualization provides
insights into the spread or dispersion of the dataset.
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Figure 23. Heart rate data distribution on different scenarios (P stands for phase and S stands for
scenario)

The figure illustrates the heart rate data distributions across various scenarios, revealing
some variation among them. However, the differences observed are not excessively
pronounced and align with typical daily living situations. These fluctuations in heart rate
are expected based on the nature of the performed activities. Phase 2, which comprises
posture-oriented activities with minimal movement, exhibits a relatively stable data
distribution across different activities. These activities typically involve low physical
exertion, resulting in heart rates that remain within a relatively narrow range. The majority
of heart rate data in Phase 2 falls between 70-90 bpm, indicating a consistent and moderate
level of cardiovascular demand. Conversely, Phase 3 includes movement-oriented activities
that require individuals to exert energy, resulting in considerable variability in heart rate
data distribution across scenarios. The range of heart rate values for Phase 3 activities seems
to be wider compared to other phases. Notably, the morning exercise scenario (P3S2)
displays the highest heart rate distribution, with values exceeding 120 bpm, which may
indicate the significant cardiovascular demands associated with this activity. Phase 1,
encompassing a range of single activities including sleep, also exhibits noticeable
variations in heart rate data. During sleep (participants only lied down rather than in actual
sleep), heart rates tend to decrease due to the body’s relaxation and decreased metabolic
demands, resulting in the lowest recorded heart rate during this phase approaching
approximately 50 bpm. On the other hand, Phases 4 and 5 show similar and consistent heart
rate distributions. These distributions exhibit a notable right-skewed pattern, indicating that
the majority of activities in these phases result in heart rates higher than the median value.
This suggests increased cardiovascular demands during these activities. In other words,
these activities generally involve more intense physical exertion, causing a higher
cardiovascular response compared to the median level.

6.2.5.2 Heart rate prediction

Different models

The whole dataset was initially shuffled and divided into an 8:2 ratio for training and testing,
respectively. During the training phase, the training dataset was further divided into five
equal subsets to facilitate 5-fold cross-validation. In this process, each of the five subsets,
in turn, served as a validation set while the remaining four subsets were used for training.
This process aided in parameter tuning, identifying the optimal model, and enhancing the
reliability and generalizability of the predictive models. Each model was constructed
through the Scikit-learn framework. The main optimized hyperparameters for each model
were set as follows, which was operated by grid search [251] from different combinations
of parameters: SVR (rbf kernel, c=5); KNN (k=8); RF (n_trees=200, max_depth=12); DT
(max_depth=9); MLP (max_iter=350). The detailed performance is shown in Table 12.

Table 12. Evaluation results for five machine learning models
SVR KNN RF DT MLP
RMSE | 9.217 9.495 8.124 10.469 | 11.327
MAE 6.954 7.227 6.023 7.814 8.588
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R? 0.277 10.281 |0.594 |0.099 |0.237
SI (%) | 13.14 | 11.52 | 9.72 9.98 13.60
The results presented in the table confirm the feasibility of utilizing smart home indicators
for heart rate prediction, as demonstrated by the performance of the five machine learning
models with a mean MAE value of 7.321. Among the evaluated models, RF achieved the
best performance in terms of MAE, with a value of 6.023. This indicates that RF achieved
the lowest average prediction error for the heart rate value compared to the other models.
Additionally, RF also exhibited the lowest RMSE (8.124) and the highest R? value (0.594),
indicating superior accuracy and goodness of fit. KNN and SVR also performed reasonably
well, with RMSE values of 9.495 and 9.217, respectively. Both models showed similar
MAE values, with KNN at 7.227 and SVR at 6.954. suggesting comparable average
prediction errors and accuracy. In contrast, DT and MLP exhibited higher RMSE and MAE
values, indicating greater prediction errors compared to the other models. DT achieved the
lowest R? value of 0.099, indicating a weaker fit between predicted and actual heart rate
values. MLP also had a relatively low R? value of 0.237, suggesting a moderate fit to the
actual data. When considering the SI, which provides an overall measure of model
performance, RF achieved the lowest value of 9.72%, followed by DT (9.98%), KNN
(11.52%), SVR (13.14%), and MLP (13.60%). It is worth noting that a SI below 10% is
considered good for model performance in regression tasks [249]. Based on their
performance, RF outperformed the other models, demonstrating the lowest prediction
deviation, highest accuracy, and the lowest SI, while KNN and SVR also showed
competitive performance. DT and MLP, on the other hand, exhibited relatively weaker
performance compared to the other models. Overall, the evaluation results indicates that
that leveraging smart home indicators with machine learning models can be a promising
approach for heart rate prediction.

Different phases & scenarios

To gain insight into the prediction performance across different phases and scenarios, we
conducted a separate evaluation for each of the 23 predefined activity scenarios (Textbox
3). The results, obtained using the RF model, are presented in Figure 24 and Table 2. Figure
24 combines the SI line chart with the R? bar chart, enabling a comprehensive comparison
of model’s performance across different phases and scenarios, and facilitating an
understanding of the relationship between R? and SI for each scenario. Table 13 provides
detailed results for all evaluation metrics, serving as reference for interpretation. Results
from them demonstrate that the machine learning models, particularly RF model, exhibited
moderate to good prediction accuracy for heart rate values in various orientated phases and
scenarios.
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Figure 24. RF performance for different scenarios

Table 13. Detailed results on phases and scenarios based on RF

Scenariol | Scenario2 | Scenario3 | Scenario4 | Scenario5 | Avg
RMSE | 7.974 5.987 6.583 6.154 9.560 7.252
Phasel MAE | 6.152 4.560 4.447 4.894 6.643 5.339
R? 0.721 0.738 0.694 0.637 0.439 0.646
SI (%) | 9.31 7.48 8.23 7.34 11.08 8.68
RMSE | 9.811 7.414 7.923 8.856 9.473 8.695
Phase? MAE | 7.051 5.214 5.682 6.048 7.352 6.269
R? 0.474 0.630 0.449 0.320 0.649 0.504
SI (%) | 11.90 9.01 9.44 10.55 11.06 10.39
RMSE | 7.369 7.202 7.596 6.413 7.145
MAE | 5.755 5.028 5.740 4.903 5.357
Phase3
R? 0.548 0.782 0.175 0.729 0.559
SI (%) | 9.41 8.03 9.02 8.15 8.65
RMSE | 13.340 6.383 6.058 9.336 8.779
MAE | 8.543 4.530 4.922 7.210 6.301
Phase4
R? 0.433 0.529 0.608 0.262 0.458
SI (%) | 15.54 8.01 7.47 11.32 10.58
RMSE | 6.493 7.506 7.573 11.937 9.561 8.614
Phases MAE | 4.637 5.800 5.813 8.478 7.632 6.472
R? 0.599 0.291 0.425 0.416 0.734 0.493
SI (%) | 7.80 9.19 8.79 13.67 10.47 9.98
Phases
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The analysis of evaluation results provided valuable insights into performance of the RF
model across different phases. The model demonstrated its strong performance in Phase 3,
which includes movement-oriented activities. In this phase, the RF model achieved the
lowest RMSE (7.145) and the second lowest MAE (5.375), indicating higher precision and
accuracy in predicting heart rate values for such activities. In contrast, Phase 4, representing
basic ADLs, had the highest RMSE value of 8.779 among the phases, followed by Phase 2
(8.695). Phase 5 exhibited the highest MAE value of 6.472, followed by Phase 4 (6.301).
Despite this, the RMSE and MAE values across all phases are within a reasonable range,
indicating a generally acceptable level of prediction accuracy.

In terms of the R? scores, three out of five phases (Phase 1, Phase 2, and Phase 3) achieved
R? scores consistently exceeding 0.5, while the other two phases approached 0.5.
Particularly, Phase 1 achieved the highest R? score (0.646), closely followed by Phase 3
with a R? score of 0.559. Similarly, when considering SI values, three out of five phases
(Phase 1, Phase 3, Phase 5) achieved SI values below 10% with the remaining two slightly
exceeding this threshold. The lowest SI is observed in Phase 3 with 8.65%, closely followed
by Phase 1 at 8.68%.

Scenarios

Further analysis of individual scenarios within each phase revealed notable variations
between activities. Among the different scenarios, Phase 1 Scenario 2 (P1S2) involving
eating dinner exhibited the lowest RMSE (5.987), closely followed by P4S3 which pertains
to meal preparation. On the other hand, the highest RMSE was observed on P4SI,
associated with tasks of cleaning rooms. Additionally, the model demonstrated strong
performance in terms of MAE during Phase 3 with minimal variance ranging from 4.903
to 5.755. Notably, P3S2 (morning exercise) and P3S4 (wandering in rooms) achieved low
MAE values 0f 4.903 and 5.028, respectively. Furthermore, P1S3 obtained the lowest MAE
with 4.447 while P4S1 recorded the highest MAE with a value of 8.543.

In terms of R? scores. The highest R? score of 0.78 was observed for the morning exercise
scenario (P3S2). Similarly, the scenario of wandering in rooms (P3S4) exhibited a
relatively high R? score. However, the scenario of taking a shower (P3S3), which lacked
sensor coverage in the shower area, recorded the lowest R? score of 0.17. This disparity
highlights the impact of sensor availability on the predictive accuracy of heart rate during
specific activities. For SI score, which measures the variability of the predicted values
around the true values, the RF model showed good performance with a majority of the
scenarios having an SI score of less than 10%. However, some scenarios had higher SI
scores, with the highest being 15.54% for cleaning rooms (P4S1). Moreover, model
performed moderately well in Phase 1, with the lowest SI score of 7.34% observed for
cooking (P1S4). Even though taking shower had the lowest R? score, its SI score was only
9.02%.

Sensor and feature importance

To determine which sensors and features most significantly influence heart rate prediction,
based on RF model, we utilized the Mean Decrease in Impurity (MDI) metric to quantify

97



the relative importance of each feature. We identified the top 20 features that significantly
impact heart rate prediction, as illustrated in Figure 25.

Top 20 Feature Importances using MDI
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Figure 25. Feature Importance using MDI based on RF model

Figure 25 illustrates that features related to temperature and humidity in all five rooms
prominently dominate the feature importance hierarchy, with the top ten spots occupied by
these variables. Specifically, temperature readings in the bedroom is the most influential
feature, achieving the highest MDI value of 0.76. The humidity level in the bathroom
follows closely, marked as the second most critical feature with an MDI value of 0.65.

Subsequently, air quality-related features, as measured by relevant sensors, including CO:
levels, Air Quality Index, and Total Volatile Organic Compounds, occupy seven of the next
ten spots in feature importance. The sensors monitoring these parameters were strategically
positioned in key home areas such as the living room (sensor O04), bedroom (sensor O09),
and bathroom (sensor S11).

Moreover, the analysis reveals that features associated with the use patterns of switches and
electrical outlets at specific locations also contribute significantly to the model's predictive
performance. For instance, switch sensors SOl in the living room and S09 outside the
bathroom, which were frequently interacted with by participants, proved to be influential.

These findings highlight the critical role of sensors monitoring environmental conditions
like temperature, humidity, and air quality in impacting the model accuracy for heart rate
prediction. This is consistent with the results from Ren et al. [184], which suggest a strong
correlation between these environmental factors and heart rate response, implicating their
impact on cardiovascular health.
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6.2.6 Discussion

6.2.6.1 Principal findings

The principal findings of this study demonstrate the potential and feasibility of using
machine learning methods in predicting HR based on AAL technologies. All machine
learning models employed in the study achieved favorable prediction results, with the RF
model standing out as particularly noteworthy. Its capabilities in capturing the relationship
between daily living activities and heart rate responses can make it a promising tool for
accurate heart rate prediction in the future.

Furthermore, the study suggested that the performance of the RF model varied depending
on the specific daily living activities being performed. A common knowledge we can take
from the results is that activities that involved more indoor movement and triggered
multiple sensors within the smart home environment resulted in higher prediction
performance. On the other hand, activities involving static positions or posture changes
showed comparatively lower prediction performance. These findings emphasize the
importance of constructing an AAL environment with an adequate number of smart home
devices, enhancing higher prediction performance.

6.2.6.2 Public health perspective

The findings of this research have valuable implications for public health. Accurately
predicting heart rate based on contactless smart home technologies during individuals' daily
living activities enables healthcare providers and public health agencies to gain a
comprehensive understanding of an individual's cardiovascular health profile. This
valuable information can inform the implementation of personalized interventions,
preventive measures, and lifestyle modifications to mitigate the risk of cardiovascular
diseases and improve overall health outcomes. By monitoring heart rate fluctuations using
non-intrusive AAL technology, public agencies can detect early signs of cardiovascular
issues, provide timely interventions, and allocate resources more efficiently to address
cardiovascular health challenges at both the individual and population levels, reducing the
burden of chronic diseases and improving the well-being of older adults.

6.2.6.3 Novelty

This study contributes to the existing research by addressing the limitations of previous
studies that primarily focus on wearable devices and IoT technologies, which may be
burden for some older adults. Unlike other studies [234][235][236][237], this research
investigates the feasibility of utilizing contactless smart home technologies alone, without
the need for additional wearable devices, making it more practical for daily living contexts.
Even when compared to studies that also monitor heart rate in a contactless manner
[242][252][253][254], this study demonstrates distinct advantages. Firstly, it is not limited
by large body movements since it does not rely on detecting chest or other physiological
motions. This makes the proposed solution particularly effective in daily living scenarios.
Secondly, there are fewer privacy concerns as it does not require visual monitoring. Lastly,
the proposed solution exhibits environmental robustness, overcoming challenges such as
high-frequency noise and variable lighting conditions that can affect other systems. By
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leveraging Al techniques, this study provides an advanced approach that unobtrusively
monitors heart rate within an AAL environment, thus bridging the existing gap in research.
The integration of contactless smart home technologies and machine learning algorithms
enables heart rate monitoring without relying on user compliance, overcoming the
challenges associated with wearable devices.

6.2.6.4 Limitations and future work

It is crucial to acknowledge the limitation of this study, which is the age range of the sample
population. The participants in our study primarily consisted of young individuals, and it is
important to recognize that physiological responses and behaviors may differ among
different age groups, causing the bias in studies results. Another limitation is the fixed order
for ADLs in the experiment, which may not accurately reflect real-world scenarios and
some previous activities could potentially impact HR response during subsequent
activities. Furthermore, the dataset for our analysis was limited to evaluable data from only
28 subjects, a sample size that is not sufficient for a comprehensive analysis of robustness.
While these data provide useful preliminary insights, this limitation in sample size
constrains the generalizability of our findings.

Despite these limitations, our study still represents a notable advancement in utilizing SHTs
as a valuable tool for healthcare monitoring, demonstrating the feasibility and potential
effectiveness of using contactless smart home technology for heart rate monitoring. To
further strengthen the validity and applicability of our findings, future research will address
these limitations by evaluating with a larger group of participants and including a more
representative sample of older adult participants. In addition, further study will be
conducted in real-world in an uncontrolled settings to evaluate impacts of numbers and
locations of smart home sensors to prediction performance, exploring optimal configuration
of sensors in a AAL environment.

6.2.6.5 Conclusions

The results of this study highlight the promising potential of utilizing contactless SHTs
coupled with machine learning techniques for accurate heart rate prediction during
individuals' daily living activities within AAL environments. Integrating contactless SHTs
into individuals’ living environments facilitates a convenient and unobtrusive method for
tracking variations in heart rate during different activities. This approach not only addresses
common issues such as user compliance and sensor burden found in traditional systems but
also assist individuals to discern the diverse impacts of various activities on their heart rate,
fostering a more engaged and informed approach to personal health monitoring. This
integration of technology into the daily lives of older adults enables unobtrusive monitoring
of their cardiovascular health, providing valuable insights for healthcare providers and
public health officials. The approach can be further integrated into the UbiLab AAL Data
Ecosystem, providing comprehensive indoor healthcare surveillance for older adult
population.
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6.3 Discussion

The implementation and validation of the heart rate prediction models using the data
collected from the data ecosystem not only represent significant advancements in AAL
technologies but also serve as a crucial pilot study. This study has successfully
demonstrated the AAL’s capacity for predicting heart rates using contactless methods. By
addressing a critical gap identified in the scoping review, this pilot study showcases the
potential of AAL technologies to enhance preventive healthcare for older individuals. It
validates that the AAL solution can effectively integrate with Al to deliver reliable and
non-intrusive health monitoring solutions.

Looking ahead, the technologies and methodologies developed and validated in this chapter
lay a robust foundation for subsequent studies within this thesis. The successful application
of these Al-enhanced health monitoring techniques sets a precedent for further exploration
and refinement of AAL technologies in later chapters.
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Chapter 7 — Activities of Daily Living Recognition — A proof-of-

concept Study

Kang Wang , Ashish Saragadam, Jasleen Kaur, Ayan Dogra, Shi Cao, Moojan Ghafurian,
Zahid A. Butt, Shahabeddin Abhari, Dmytro Chumachenko, Plinio P. Morita. (published).
“A Contactless Method for Recognition of Daily Living Activities for Older Adults Based
on Ambient Assisted Living Technology,” Internet of Things, Jan. 2025, doi:
https://doi.org/10.1016/j.i0t.2025.101502.

7.1 Foreword

Building upon the previous chapter's demonstration of heart rate prediction using
contactless AAL technology, this chapter shifts focus to the recognition of ADLs for older
adults. The previous study validated the practical application of the AAL data ecosystem
for physiological monitoring. However, physiological metrics like heart rate provide only
a partial view of an individual's health. To fully support aging populations, it is essential to
expand monitoring capabilities to include daily functional activities. Recognizing ADLs is
a key component of assessing the overall health, independence, and quality of life of older
adults. The study presented in this chapter is also based on the data ecosystem developed
before.

ADLs recognition plays a crucial role in understanding the capabilities and needs of older
individuals, providing direct insights into their ability to perform essential activities
independently. These activities, such as bathing, dressing, eating, and moving around the
home, are fundamental to maintaining autonomy and quality of life. A decline in the ability
to perform these tasks often signals the onset of health issues or functional decline,
necessitating timely intervention. Therefore, accurately recognizing ADLs is critical for
enabling early intervention and support, helping older adults maintain their independence.

This chapter acts as a proof-of-concept study to explore the extension of the AAL system
to include ADLs recognition using non-intrusive, contactless sensors. Leveraging the
cloud-native data infrastructure from the previous chapter, we collect and analyze ambient
data from a smart home environment to infer daily activities. By utilizing Al-driven
techniques, the system aims to recognize and classify various ADLs, providing a more
holistic approach to health monitoring and personalized care for older adults.

A significant aspect of this study is its focus on contactless monitoring, which is particularly
important for older adults who may find wearable devices cumbersome. Contactless AAL
sensors, such as motion detectors and environmental sensors, offer a zero-effort solution
for monitoring daily activities without requiring active participation. This ensures
continuous data collection, which is essential for detecting subtle changes in behavior or
activity patterns that may indicate emerging health issues, thereby supporting proactive and
personalized eldercare.
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7.2 A Contactless Method for Recognition of Daily Living Activities for Older
Adults Based on Ambient Assisted Living Technology

7.2.1 Overview

Background

During demographic shifts towards an older population, healthcare systems face increased
demands, highlighting the need for innovative approaches that facilitate supporting older
adults’ well-being and safety. This study aims to demonstrate the effectiveness of zero-
effort Ambient Assisted Living technology in recognizing daily activities of older adults
via machine learning algorithms by comparing with wearable technology.

Methods

Conducted in a smart home environment equipped with a comprehensive range of non-
intrusive sensors, the study involved 40 participants, during which they were instructed to
perform 23 types of predefined daily living activities, organized in five phases. Data from
these activities were concurrently captured by both ambient and wearable sensors. Analysis
was performed using five machine learning models: K-Nearest Neighbours, Decision Trees,
Random Forest, Adaptive Boosting, and Gaussian Naive Bayes.

Results

Ambient sensors, especially using the AdaBoost model, demonstrated high accuracy (0.964)
in activity recognition, significantly outperforming wearable sensors (best accuracy 0.367

with Random Forest). When fusing data from both sensor types, the accuracy slightly

decreases to 0.909. Despite spatial overlap challenges, ambient sensors accurately

recognize activities across various room settings with accuracies all above 0.950. Feature

importance analysis reveals that climatic, electrical, and motion-related features are crucial

for model classification.

Conclusion

This study showcases the efficacy of Ambient Assisted Living technology in recognizing
daily indoor activities of older adults. These findings have implications for public health,
highlighting Ambient Assisted Living technology's potential to support older adults'
independence and well-being, offering a promising direction for future research and
application in smart living environments.

Keywords: Ambient Assisted Living, Smart Home, Human Activity Recognition,
Contactless Monitoring, Aging Independent Living, Internet of Things, Machine Learning

7.2.2 Background

The phenomenon of population aging represents one of the most significant demographic
shifts of the 21st century, with profound implications for health and social systems
worldwide [1][255][256][257]. Aging is a complex biological process characterized by the
accumulation of molecular and cellular damage over time, leading to a gradual decrease in
physical and mental capacities and an increased risk of disease and death [255][256]. The
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global demographic landscape is shifting towards an older population at an unprecedented
pace [1]. In 2020, the number of individuals aged 60 years and older surpassed the number
of children under five years of age for the first time in history [1]. By 2030, it is projected
that one in six people worldwide will be aged 60 years or over, with the population of older
adults increasing from 1 billion in 2020 to 1.4 billion [1]. This trend is expected to continue,
with the global population of those aged 60 years and older doubling to 2.1 billion by 2050
[1]. Moreover, the number of individuals aged 80 years and older is anticipated to triple
between 2020 and 2050, reaching 426 million [1]. Such demographic shift presents
profound challenges for healthcare systems, demanding transformative approaches to
manage the increasing burden of chronic diseases, long-term care, and geriatric care [258].
The strain on healthcare resources necessitates innovative strategies, including a holistic,
personalized approach to healthcare, emphasizing preventive measures, adaptive care
models, and innovative technologies to meet older adults' diverse and evolving health needs
[258]. Overcoming these challenges demands a paradigm shift in healthcare policies,
infrastructure, and delivery systems to ensure comprehensive, efficient, and sustainable
healthcare for an ageing population [258][259][260][261]. These challenges underscore the
need for innovative healthcare monitoring solutions that facilitate aging in place
[258][259][260][261]. The importance of indoor human activity recognition (HAR) lies at
the intersection of technological innovation and the enhancement of individual well-being
[24][260][261][262]. In an era where intelligent environments are increasingly integrated
into daily life, the ability to accurately and non-intrusively recognize human activities
within indoor spaces holds considerable significance [24][260][261][262]. This capability
offers multifaceted advantages, ranging from optimizing home automation systems to
facilitating  personalized healthcare monitoring for the aging population
[24][260][261][262]. By utilizing advanced sensing technologies and artificial intelligence,
indoor HAR contributes to creating intelligent living spaces that adapt to older adults' needs
and preferences [24][260][261][262]. Additionally, it plays a pivotal role in healthcare,
providing valuable insights into daily routines, detecting anomalies, and offering a non-
intrusive means of assessing overall well-being. As we progress towards a more
interconnected and technologically driven world, indoor HAR becomes paramount in
fostering convenience, safety, and improved quality of life [24][260][261][262].

Traditional indoor healthcare solutions, such as the application of wearable devices for
HAR, have gained prominence for their potential in monitoring individuals' daily activities
[263][264][265][266][267][268]. Wearables, ranging from fitness trackers to smartwatches,
are portable and convenient for collecting valuable data on movement, heart rate, and other
vital signs [263][264][265][266][267][268]. However, these solutions have their
weaknesses. Wearable devices heavily rely on user compliance, and consistent wear
patterns or device removal can result in complete or accurate data collection [263].
Moreover, the discomfort associated with continuous wear may lead to user reluctance and
impact the overall effectiveness of these solutions [263]. These devices also primarily track
data related to the individual's activities and physiological states, often overlooking the
context in which these activities occur [263]. This oversight is critical because the
environment plays a significant role in health and well-being, influencing everything from
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physical activity levels to mental health status. By focusing predominantly on individual
metrics, wearable sensors may not capture the full picture of an individual's health needs
and capacities, especially in the context of their unique living environments [263]. These
weaknesses underscore the need for alternative and more comprehensive approaches to
indoor healthcare solutions that address these limitations for a more holistic understanding
of human activity [24][263].

Ambient Assisted Living (AAL) technology, in contrast, offers a more non-intrusive
approach to monitoring and supporting the health and independence of older adults [24][76].
This technology encompasses systems and devices integrated into the environment, such
as motion sensors, contact sensors, and smart home devices, which can passively and
continuously collect data on an individual's activities via their interactions with their
environment [24][76]. In AAL systems, the data collected by ambient sensors is processed
using machine learning algorithms, designed to sift through the data, extracting and
learning from patterns associated with various activities of daily living (ADLs) [24][76].
By identifying these patterns, the system can distinguish between different activities, such
as cooking, sleeping, or walking. This process involves techniques such as feature
extraction, where specific characteristics of the data are identified as relevant to certain
activities, and classification, where these features are used to categorize the activity type
[24][76]. Through continuous learning and adaptation, these machine learning models
become increasingly adept at recognizing a wide array of human activities within diverse
environmental contexts, thus facilitating accurate and responsive AAL systems [24][76].
This approach allows for the recognition of daily living activities in a more comprehensive
manner, considering not just the individual's actions but also the context in which these
actions take place, all while eliminating the need for active user engagement and
compliance, operating unobtrusively and without causing discomfort to older adults
[24][76][263].

AAL technologies have demonstrated significant benefits in enhancing the independence
and well-being of older adults, contributing to a more sustainable healthcare system. For
instance, an loT-aware AAL system implemented by Mainetti et al. [298] for older
population care showed promise in emergency response and health monitoring, providing
timely alerts and remote monitoring capabilities that enhance the safety and health
management of older adults. A study [299] conducted under the UK Department of Health's
Whole System Demonstrator program highlighted benefits of AAL technologies, including
a 15% decrease in accident-related hospital visits, a 14% reduction in hospital bed days, a
20% drop in emergency admissions, and an impressive 45% decrease in mortality rates.
Similarly, the Veterans Health Administration in the US implemented a nationwide home
telehealth program [300] which, upon analysis of quality and performance from 17025
patients, revealed a 25% decrease in bed days of care, a 19% reduction in hospital
admissions, and an average satisfaction score of 86% post-enrollment [300]. The economic
impact of AAL technologies in healthcare is potentially substantial, though concrete
evidence on their current financial effects remains limited because AAL is still emerging
and requires time for widespread adoption to demonstrate full economic benefits. However,
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early evidence from passive monitoring systems, which are considered the first generation
of AAL technologies, provides insights into AAL’s economic impact [303]. For instance,
a six-month home telemonitoring program [304] for chronic obstructive pulmonary disease
patients resulted in savings of $343 per patient. Similarly, a telecare system [305] for
diabetes patients showed savings of $1065 per patient per year. In addition to these early
findings, projected economic impacts for AAL technologies are also promising. According
to recent projections, passive monitoring technologies could save approximately $425 per
member per month compared to standard care, leading to annual savings of $5069 per
person and over $5.1 million for a group of 1000 individuals [303]. Furthermore, a report
by Lewin [301] suggests that the cost of equipping a smart home for assisted living could
decrease from $2500 to $250 by 2030, making these technologies more accessible and
economically viable for a broader population. Additionally, older adults have shown
enhanced user satisfaction and increased adoption to AAL technologies, as evidenced by a
survey conducted in the study [302].

Ultimately, the HAR capabilities of AAL technology play a crucial role in the early
detection of anomalies in daily activities [24][76][269]. This early detection system is
instrumental in identifying potential health issues before they escalate into more serious
conditions [24][76][269]. By leveraging this technology to monitor deviations from normal
activity patterns, AAL systems can promptly alert healthcare providers or family members,
facilitating timely intervention [24][76][269]. Such an approach not only enhances the
well-being and safety of older adults but also contributes to a more sustainable healthcare
system by potentially reducing the need for emergency medical services and hospital
admissions [24][76][259][269]. Furthermore, by providing a framework for remote
monitoring, AAL technologies enable older adults to maintain their independence and age
in place, reducing reliance on physical human assistance [24][76][259][269]. This not only
helps to preserve the dignity and quality of life of the elderly but also alleviates the growing
pressure on caregiving services [24][76][259][269]. As such, AAL technologies emerge as
pivotal components in the evolution of indoor healthcare monitoring, offering a
comprehensive solution that addresses the multifaceted challenges associated with an aging
population [24][76][259][269]. By promoting proactive health management and supporting
the autonomy of older adults, AAL systems exemplify a forward-thinking approach to
enhancing geriatric care and optimizing healthcare resources.

This research aims to explore the efficacy of AAL technology in HAR compared to
wearable sensors and assessing the potential to enhance ambient sensor performance with
wearable sensor data. The overall goal is to advance the understanding of HAR by
leveraging different ambient sensor types, contributing to the ongoing evolution of
technology in indoor healthcare monitoring to support an aging population.

7.2.3 Related works

Recent research has thoroughly investigated the use of AAL and wearable devices for the
monitoring and recognition of human activities [260][283].
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7.2.3.1 Applications of AAL sensors in activity recognition

Studies in this domain have explored various types of AAL sensors to accurately capture a
wide range of activities. For example, the depth camera technology utilized by Yeung et al.
[270], demonstrates a pioneering application in monitoring patient mobility within
Intensive Care Unit settings. Through the development of a specialized convolutional
neural network-based (CNN-based) computer vision algorithm, this technology has shown
great promise in accurately detecting and classifying patient movements and interactions
with healthcare personnel. The successful implementation of this approach highlights the
potential of depth sensor-based systems in enhancing patient care, especially for activity
movement detection. Similarly, Singh et al. [271] employed a comparable technique in their
research, leveraging depth sensor technology to monitor hand hygiene practices in a
hospital setting. By installing depth sensors across one hospital unit, the researchers
developed a CNN model to detect hand hygiene dispenser usage with high accuracy. Their
work further demonstrates the efficacy of such technologies in offering a continuous,
objective activity monitoring system. Apart from depth camera technology, acoustic
sensors are also widely used. Sim et al. [272] used acoustic sensors and proposed Reasoning
By Similarity and Reasoning By Elimination strategies to accurately classify daily activities
within smart home settings based on sound patterns. These Al algorithms, developed to
mimic human cognitive processes, leverage sound-based activity recognition to distinguish
between various household tasks such as eating, drinking, and utensil usage. This
innovative approach offers a non-invasive method for ADL monitoring without relying on
invasive monitoring techniques such as cameras.

However, the integration of camera-based and acoustic sensor technologies in real-world
applications within the domain of smart environments and activity recognition raises
significant privacy concerns [273]. As cameras can capture sensitive visual information and
acoustic sensors can capture confidential conversation.

Other types of AAL sensors, such as environmental, electrical, and motion sensors, are
frequently combined by researchers to enhance activity recognition systems without
significantly impacting user privacy. Cook et al. [130] combined environmental sensors
and motion sensors with machine learning algorithms to effectively differentiate between
the activity patterns of older adults with normal functioning, those with Parkinson's disease,
and those with mild cognitive impairment. This integrated approach, achieving up to 97%
accuracy, illustrates the effective capability of such sensor-based systems to monitor and
analyze the effects of various health conditions on daily living activities. Further, Delaine
et al. [114] combined motion sensors and electrical sensors with a mathematical framework
for a priori performance estimation, focusing on ADLs recognition through Activities—
Actions—Events decomposition. This innovative approach, utilizing metrics such as
participation counters and distinguishability, aims to enhance the precision of smart home
ADL recognition systems. By predicting the effectiveness of sensor configurations in
distinguishing between similar activities, their work lays the groundwork for optimizing
smart home instrumentation, ensuring more accurate and efficient monitoring of resident
behaviors.
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Although these sensors provide valuable data such as indoor environment, energy usage,
and resident movement, without directly capturing personal identifiable information or
private conversations, they still face the limitation of requiring an optimized sensor network
for effective deployment [274]. This optimization is crucial for balancing the
comprehensiveness of monitoring with the practicality and cost-effectiveness of the sensor
infrastructure, ensuring that the system is both sensitive to similar ADLs and scalable to
different living environments.

7.2.3.2 Application of wearable sensors in activity recognition

Wearable device-based systems, utilizing technologies like fitness trackers, accelerometers,
and heart rate monitors, have been widely adopted for their capability to recognize resident
activities [268]. These systems have become particularly valuable in aging healthcare,
where continuous health monitoring is crucial. For instance, Albargi et al. [157] proposed
a BeautyNet framework, leveraging wrist-worn accelerometer data with an LSTM-
autoencoder-based classifier, identifies various hand activities with high accuracy rates
exceeding 90% in both controlled and uncontrolled settings. This method provides
significant advancements in recognizing delicate hand movements. Furthermore, Ramos et
al. [154] utilized wearable devices equipped with gyroscopes, accelerometers, and
photoelectric sensors, alongside advanced deep learning models such as Recurrent Neural
Networks, Long Short-Term Memory, and Gated Recurrent Unit models, to precisely
recognize daily activities of residents in a smart home. This innovative integration achieves
high accuracy rates for activity recognition, providing a comprehensive understanding of
residents' habits, which is crucial for enhancing elderly care and lifestyle monitoring in
smart living environments.

Additionally, wearable sensors can be effectively integrated with AAL sensors to enhance
the recognition of ADLs. Nakagawa et al. [145] utilized smartwatch, smartphone, and
indoor positioning ultrasonic sensors in combination with Random Forest classifiers to
enhance ADLs recognition in smart homes. By incorporating acceleration data from
wearable devices, they improved recognition accuracy by 12%. Their method addresses
privacy concerns and broadens the range of recognizable activities, including cooking,
sleeping, and dining, without intrusive monitoring, marking a significant advancement in
real-time, efficient ADLs recognition technologies.

However, the requirement for persistent wearing and the relative intricacies of wearable
devices can lead to considerable hindrance, resulting in diminished adherence and usability
issues in older adults [275]. These challenges include physical discomfort, cognitive burden
associated with device management, and potential technological intimidation, which may
particularly affect this demographic. Moreover, beyond usability issues, the dependence on
wearable devices for activity recognition in older adults faces additional limitations,
including the need for frequent charging, which may be overlooked or found burdensome
by some elderly individuals, leading to gaps in data collection [215]. Furthermore, the
challenge of using wearable sensor systems to adapt to the varied behaviors and
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environments of older people is significant. Such devices may not fulfill the diverse
physical and health conditions within the elderly population, further complicating
widespread adoption.

7.2.3.3 Comparison between AAL and wearables in activity recognition

We compare the use of AAL and wearable technologies in activity recognition, focusing
on the aspects of activities tracked, deployment settings, recognition performance, and
performance metrics.

The two types of sensors vary in their ability to detect different activities. Wearable sensors
are highly effective in capturing metrics directly related to the user’s physiological states
or physical movements. For instance, these sensors are good at monitoring body posture-
related activities, such as standing up, bending, or transitioning between positions, or
detecting changes in physical parameters like heart rate, which are often critical for health
and fitness applications [345]. Their close contact with the user ensures precise
measurements of body-centric data, providing a high level of accuracy for individual-
specific tasks. In contrast, AAL technologies are designed for passive and continuous
monitoring within the environment, making them particularly suitable for capturing
contextual and spatial activities [283]. For example, AAL sensors are good at recognizing
stationary or environmental behaviors, such as monitoring room occupancy, detecting
movement patterns within a space, or determining whether certain objects are in use [346].

Regarding the settings in which these technologies are deployed, AAL systems are typically
integrated into homes where they offer continuous monitoring without disrupting daily life,
ideal for passive observation of daily routines and emergency situations [283]. Wearables,
however, offer the advantage of portability, functioning effectively both indoors and
outdoors, which supports a broader range of activities including structured exercises and
outdoor mobility [283][288].

In indoor environments, wearables often provide sufficient data to effectively recognize
activities due to their direct contact with the user. This direct measurement offers
advantages in terms of accuracy, user-friendliness, and non-intrusiveness [286]. However,
challenges such as incorrect usage, comfort concerns, and maintenance issues like charging
can compromise data quality. A hybrid approach combining both wearable and AAL
technologies may mitigate these drawbacks by ensuring consistent data quality, even when
the wearable is used incorrectly or forgotten [286].

Both technologies are evaluated using similar metrics due to the multi-class classification
nature of human activity recognition tasks. Accuracy, precision, recall, and F1-score are
commonly employed to assess how effectively AAL and wearable sensors identify and
classify various activities. These metrics provide a comprehensive view of each
technology’s effectiveness in accurately monitoring the activities they are designed to track
[285][287].
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7.2.3.4 Current challenges

Despite the progress made in utilizing AAL and wearable sensors for activity recognition,
several challenges remain. One of the primary concerns is the balance between accuracy
and privacy, especially with AAL sensors that monitor individuals within their living
spaces. As noted by [273], there is a need for systems that respect user privacy while still
providing comprehensive monitoring. Wearable sensors, while offering detailed data, often
face challenges related to user compliance, battery life, data incompleteness, and data
overload [215], limiting their practicality for long-term monitoring. Additionally, both
AAL and wearable sensor systems struggle with the adaptability to diverse user behaviors
and environments, highlighting the need for more flexible and personalized approaches in
sensor-based activity recognition.

In addition, there is considerable variation in the choice of sensor platforms (i.e., wearable
or AAL) for indoor activity recognition across current studies [276]. Each type of sensor
brings unique advantages to the specific activities they are able to monitor. This presents a
complex decision-making process for researchers and practitioners aiming to implement
effective and user-centric activity recognition solutions.

7.2.3.5 Contribution of the study

This study proposes an innovative contactless AAL solution for indoor activity recognition,
utilizing machine learning methods. As a proof of concept, we demonstrate the viability
of using AAL sensors to recognize daily activities in a controlled environment. We also
conduct a comparison with wearable sensors to establish a baseline for performance.
Furthermore, this research explores whether combining these two types of sensors can
improve the recognition performance.

This study makes several key contributions:

1) It demonstrates the ability of AAL technology to achieve high accuracy in recognizing
ADLSs while maintaining privacy, as these AAL sensors are non-intrusive and do not collect
sensitive information.

2) By embedding sensors into power outlets and switches, our solution can overcome the
limitations associated with wearable sensors, particularly concerns related to battery life.
This innovation ensures continuous operation without the risk of power failures.

3) The findings offer valuable insights into sensor selection, not only between wearable and
AAL sensors, but also identifying the most impactful types of AAL sensors for indoor
activity recognition.

4) This study servers as a proof of concept for using our AAL sensor solution to recognize
daily activities in controlled settings, establishing a solid foundation for future work that
can further evaluate the system's effectiveness in real-world environments.

7.2.3.6 Research questions

This study poses the following research questions:

1) How does the performance of activity recognition using ambient sensors compare to
wearable sensors, and can integrating both sensor types enhance recognition accuracy?
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2) How does spatial overlap of ADLSs affect recognition performance with ambient sensors?
3) Which features related to AAL sensors contribute most significantly to the accuracy of
activity recognition?

7.2.4 Methods

7.2.4.1 Materials

7.2.4.1.1 Devices

Ambient devices

In this research, our smart home setup integrates sensor technologies from Swidget
Corporation. Unlike traditional smart home systems that rely on a central hub and
connected devices, which can quickly become outdated due to rapid tech advances, the key
feature of our smart home solution is the replacement of existing electrical outlets and light
switches in the house with smart outlets and switches, equipped with smart hub function.
At the same time, using separate, swappable inserts equipped with smart home sensors to
add smart features.

Specifically, we have equipped our smart home environment with Swidget’s intelligent
outlets and switches. Additionally, we utilized three types of Swidget’s sensor inserts to
monitor indoor environmental conditions: one for air quality assessment, the second one
for the concurrent measurement of temperature and humidity, and the third one for motion
detection. The data frequency for all sensors is every 30 seconds. Their detailed features
are shown in Table 14.

Table 14. AAL sensor information

Devices Parameter information Specification
Power Binary data (0/1) for usage log;
Smart outlet Usage log ) Power consumption’s unit is W
consumption
(watt)
Binary data (0/1) for usage log;
) Power ., ..
Smart switch Usage log . Power consumption’s unit is W
consumption
(watt)
Air Quality «CO AQI index: 0-500;
i auality sensop | 14EX (AQD 2 eCO;: 400-6000ppm
quatity senso Air pressure BVOCs Air pressure: 300-1100hPa;
presst bVOCs: 0-1000 ppb
Temperature & Indoor temperature -10°C - 40 °C
Humidity sensor | Indoor humidity 0 - 100%
Motion sensor
(passive infrared | Motion occupanc 3 meters range;
P pancy 120 degrees
sensor)

The choice of sensors used in this study was guided by a prior scoping review conducted
by Wang et al. [283]. This review identified the types of sensors most commonly used in
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AAL applications for ADLs recognition. Specifically, the review highlighted occupancy
sensors, environmental sensors, and power sensors as being the most effective for activity
recognition in smart home environments. These sensors were selected not only because
they are widely deployed and proven to be effective in tracking movement, environmental
conditions, and device usage, but also because they provide a well-balanced approach to
achieving comprehensive insights into daily activities.

Wearable device

In this research, we aim to evaluate the effectiveness of contactless smart home sensors in
identifying daily living activities and to compare this capability with that of wearable
sensors. Another goal is to determine if smart home sensors can mitigate the inconvenience
associated with continuous wear of wearable devices. To ensure a robust comparison, we
chose the Empatica E4 wearable sensor as a benchmark. There are 4 sensors that embedded
in Empatica E4, they are 3-axis accelerometer, Photoplethysmography (PPG),
Electrodermal Activity Sensor (EDA), and Infrared Thermopile. Their detailed features are
shown in the Table 15.

The Empatica E4 is a medically certified device capable of recording various physiological
signals, and it has gathered recognition in numerous applications. Multiple studies have
attested to its accuracy and reliability in activity recognition, leveraging both its raw
accelerometer motion data and integrated physiological features [277]. When combining
with advanced machine learning algorithms, the Empatica E4 can offer even more precise
insights into a user's range of activities [278].

These advancements emphasize the device's reliability for using it as a benchmark for
activity recognition.

Table 15. Empatica sensor features

Sensor Data Unit Frequency | Function
3-axis Accelerometer 1/64g 32 Hz Capture motion
accelerometer from X, Y, Z axis activity
PPG Heart rate beat/minute 1 Hz Capture
Blood Volume uv 64 Hz cardiovascular
Pulse features
Interbeat Interval | N/A N/A
EDA EDA data Microsiemens | 4 Hz Derive features
(uS) related to
emotion, stress,
and excitement
Infrared Skin temperature | Celsius 4 HZ Capture skin
Thermopile temperature
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7.2.4.1.2 AAL environment

An apartment within the Research Institution for Aging located in Waterloo was outfitted
to serve as an smart home setting, as depicted in Figure 26. This particular unit includes
basic living spaces such as a bedroom, bathroom, living room, and kitchen, all furnished
adequately to meet the everyday needs of its residents.
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Figure 26. AAL environment

Constructing this smart home involved setting up an environment enriched with necessary
smart home sensors, aiming to maximize data capture from daily activities. Specifically,
we replaced the standard switches and outlets throughout the apartment with Swidget’s
smart outlets and switches, which provided us with the necessary infrastructure to host a
variety of insert sensors. The selection of specific insert sensors was strategically tailored
to the unique characteristics of each space and the activities typically performed therein.
The strategic selection of sensor types to be paired with these hubs was influenced by both
unique characteristics of each space and the activities typically performed therein. For
example, we installed a higher concentration of temperature and humidity sensors in the
kitchen to capture the environmental fluctuations, especially those induced by cooking
activities that can easily affect temperature and humidity. The living room and bathroom
were each equipped with an air quality sensor, chosen for their high occupancy and
potential exposure to moisture and chemical emissions, respectively. Motion sensors were
attached to each smart outlet and switch to provide extensive activity detection coverage
across the apartment. This deployment approach resulted in a robust sensor network
comprising 17 smart outlets, 6 smart switches, 23 motion sensors, 23 temperature and
humidity sensors, and 2 air quality sensors.

7.2.4.2 Activities of Daily Living

The proficiency of elderly individuals in executing ADLs serves as a critical measure of
their self-sufficiency and functional independence. The ADLs used in this study are
described in Table 3. In adherence to the methodologies outlined in [248], our creation of
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ADL scripts concentrated on five distinct categories: foundational familiarization activities,
posture adaptation activities, movement integration activities, basic ADLs (BADLs), and
instrumental ADLs (IADLs). These scripts encompass the variety of activities within an
individual's daily space, thus providing a comprehensive simulation of daily activity
patterns. Each ADL category is designed to challenge specific cognitive and physical
abilities, ensuring a broad representation of daily life activities. For each category, we have
defined four to five scenarios to represent these ADLs.

Specifically, phase 1 aims to introduce basic tasks and acclimatizing participants to
experimental test bed. For phase 2, the emphasis is on performing tasks that require changes
in posture and body positioning, with a specific focus on how one adapts their body to
comfortably complete various tasks. Phase 3 incorporates tasks that necessitate more
significant movement around the home. It stresses the integration of movement with daily
activities, enhancing mobility and functional reach. Phase 4 is centered on BADLs that are
crucial for independence, such as cleaning and meal preparation. Lastly, phase 5 focuses
on IADLs, which represent more complex activities that are vital for living independently
but are not necessarily related to basic self-care. Refer to Table 16 for specific details of
each scenario of each phase.

Table 16. ADLs performed by participants

Categories Name of Description

Scenarios
Phase 1 - Scenario 1 - Participant opens the door from outside using their
foundational | “Arriving key, locks the door from inside, and turns on switch
familiarization | home” 01 to illuminate the space. They proceed to the

bathroom, turn on switch 10, and wash their hands
with soap for 30 seconds before rinsing. After
turning off the faucet and drying hands, they turn
off the light (switch 10) and exit, closing the door
behind them. They head back to the living room,
turn on the living room lamp, retrieve the remote
from drawer 4, and turn on the TV. After placing
the remote back into drawer 4 and closing it, they
pick a teacup and a glass. Sitting on the couch, they
mimic drinking for 1 minute before placing the
teacup on the glass table. They then wait seated on
the couch for 1 minute as a transition.

Scenario 2 - Participant retrieves a bowl of food from the middle
“Eating dinner” | shelf of the fridge, opens the microwave, and places
the bowl of food inside. They set the microwave for
30 seconds and wait. Once the microwave finishes,
they close it, retrieve a fork/spoon from drawer 2,
and walk towards the dining room. They pull the
chair from the dining table closer to the couch, sit,
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and mimic eating for 2 minutes. Afterwards, they
stand up, push the chair back, and return the bowl
into the fridge. The transition involves sitting on
another chair for 1 minute.

Scenario 3 -
“Sleep
preparation and
sleep”

Participant enters the bathroom, turns on switch 9,
which is outside the bathroom. They then turn on
switch 10, closing the door behind themselves.
They pick up a toothbrush, apply toothpaste, and
mimic brushing teeth for 1 minute before rinsing
and washing the toothbrush. They then wash their
face for 30 seconds, dry it with a paper towel, and
step onto the weighing scale before stepping off and
turning off switches 9 and 10. They enter the
bedroom, walk towards the bed, turn off the
bedroom lamp, and lie on the bed in a simulated
sleep position for 5 minutes. The transition allows
them to use their phone if they wish, for 1 extra
minute before sleep.

Scenario 4 -
“Cooking”

Participant enters the kitchen and turns on switch
02. They retrieve a vegetable (potato) from the
fridge's first shelf, open the faucet to wash the
vegetable, then close the faucet. They dry the
vegetable with a paper towel, dispose of the towel
in garbage bin in Cabinet 10, and then get a knife
from drawer 2. They cut the vegetable on a cutting
board from drawer 3 for 30 seconds, place the slices
on a pan, and season them with salt and pepper
from cabinet 3. After cooking (2 minutes), they
wash the knife, board, and other utensils in the sink
and dry them, putting everything back into their
respective drawers and cabinets. They remain
where they are for a I-minute transition.

Scenario 5 -
“Going out”

Participant enters the bedroom, opens the closet,
and mimics the process of getting dressed by
sequentially putting on a shirt, pants, belt, and
jacket. They close the closet, enter the bathroom,
turn on the light switch 10, and mimic styling hair
for 30 seconds, followed by applying
makeup/moisturizer/sunscreen for 1 minute. Exiting
the bathroom, they close the door behind them,
enter the living room, retrieve the remote from
drawer 4, and turn off the TV. They also turn off
the living room lamp and switch 02, place the
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remote back into drawer 4, and transition by
standing by the door for 1 minute.

Phase 2 -
posture
adaptation

Scenario 1 -
“Reading on the
sofa”

Participant picks up a magazine from the glass table
and sits on the sofa in the living room to read for 3
minutes. They change postures while sitting; at 45
seconds, they lean on the sofa arm, at 1 minute 30
seconds lean forward on knees, and at 2 minutes
lean backwards. After reading, they put the
magazine back on the glass table, adjust to lay
down on the sofa, shifting around for 1 minute,
changing sides, sit up, and place feet onto and off
the ottoman for 30 seconds. Transition includes
sitting on the couch for an additional minute.

Scenario 2 -
“Completing a
puzzle”

Participant retrieves a puzzle from cabinet 14,
which is designated as the TV rack, and ensures the
cabinet door is securely closed afterward. They then
proceed into the dining room, where they illuminate
the space by activating switch 05. A dining room
chair, positioned closest to the couch, is pulled out
to be used. The participant takes a moment to sit
still on the chair for one minute, possibly to prepare
mentally for the task ahead. The puzzle-solving
process begins shortly thereafter, with the
participant adjusting their posture at various
intervals: leaning forward at the 45-second mark
and leaning backward at 1 minute and 15 seconds,
all the while making adjustments to their legs for
added comfort. This routine is maintained for a total
of 2 minutes. During this period, a puzzle piece is
accidentally dropped but promptly retrieved by the
participant. Upon completion of the puzzle activity,
the pieces are methodically returned to their box.
The participant stands, tucks the chair back into its
original position, and turns off switch 05, reverting
the dining room to its initial state. The puzzle box is
then placed back into cabinet 14. The activity
concludes with the participant transitioning to the
living area, where they take a moment to sit on the
couch for one minute, marking the end of the
sequence.

Scenario 3 -
“Meal
preparation”

Participant enters the kitchen and turns on switches
01 and 02. They collect ingredients for a meal
(pepper, mushroom) from the fridge and gather
utensils: a bowl from cabinet 4, a knife from drawer
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2, and a cutting board from drawer 3. They cut
vegetables for 2 minutes, changing postures once 1
minute has passed, asking a participant to drop a
piece of pepper on the ground, and pick it up and
place in the garbage (cabinet 10). Vegetables are
placed in a bowl, and any remnants back into the
fridge. They get a pan from cabinet 8, spatula from
drawer 1, and cook the ingredients on a pretend
stove, shifting weight between feet for 1 minute
while cooking. The cooked vegetables are
transferred into a bowl, and dirty dishes are placed
into the sink. The participant dries dishes, puts
away clean dishes, cutting board, and utensils back
into their respective places. Transition includes
staying by the door for 1 minute.

Scenario 4 -
“Reading in the
bedroom”

Participant enters the bedroom, retrieves a
magazine from drawer 5, turns on the bedside lamp,
and sits down on the bed. They place a pillow
against the wall for support to sit up on the bed and
read the book for 2 minutes, adjusting positions
while seated for comfort. Then they lie down on the
bed to read, marking positions (45 seconds mark lay
on your back, at 1:30 minutes on the stomach).
After reading, they put the magazine back into
drawer 5, unplug the phone from the charger, and
turn off the bedside lamp. Transition includes
standing up in the bedroom for 1 minute.

Scenario 5 -
“Bathroom job”

Participant enters the bathroom, turns on switches 9
and 10, closes the bathroom door, lifts the toilet lid,
sits on the toilet for 2 minutes, and flushes. They
step into the shower area, mimic showering actions
for 2 minutes like washing arms, legs or shaving.
After stepping out, they mimic drying the body with
a towel for 30 seconds. They turn off switch 10, exit
the bathroom, close the door behind them, and turn
off switch 9. Transition includes waiting in the
hallway for 1 minute.

Phase 3 -
movement
integration

Scenario 1 -
“Waking up &
morning
exercise”

Participant starts lying on the bed and changes
postures while lying on the bed before sitting on the
bed side. They turn on the bedroom lamp, walk out
of the bedroom, walk to the living room, and turn
on the TV using the remote from drawer 4, which
they return after use. The participant then jogs
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around the living room for 1 minute. The transition
includes sitting on the couch for 1 minute.

Scenario 2 -
“Taking a
shower”

Participant walks towards the bathroom, turns on
switch 09, enters, and closes the door behind them.
They turn on the bathroom light with switch 10 and
step into the shower area, mimicking the act of
turning on the faucet while facing the faucet,
turning back to the faucet, and mimicking washing
arms and legs for 2 minutes. They turn off the
faucet, get out of the shower with a towel, dry off,
turn off the bathroom lights with switches 09 and
10, exit the bathroom, and close the door.
Transition involves waiting in the hallway for 1
minute.

Scenario 3 -
“Tidying”

Participant walks to the living room, retrieves a
crumpled paper from the TV rack, turns on switch
01 in the kitchen, and throws the paper into the
trash in cabinet 10. They obtain a broom beside a
table, sweep in front of the cabinet area for 1
minute, return the broom beside the table, and turn
off switch 01. They walk back to the dining room
and pull the chair (the one closest to the couch)
back into position. Transition includes sitting on the
chair for 1 minute.

Scenario 4 -
“Going to
sleep”

Participant sits on the sofa for 1 minute, stands from
their sitting position, walks around the living room
for 1 minute, grabs the remote from drawer 4, turns
off the TV, returns the remote, and turns off the
living room lamp. They walk to the bedroom, walk
to the bed side, turn off the bedroom lamp, close the
blinds, sit on the bed, lie on the bed, and change
positions on the bed for 3 minutes. Transition
involves staying still in bed for 1 more minute.

Phase 4 -
BADLs

Scenario 1 -
“Cleaning
rooms”

Participant enters the living room, turns on switches
03 and 04, removes pillows from couch and
vacuum (beside the TV) into outlet and on. They
vacuum the sofa and floor for 1 minute, turn off the
vacuum, unplug, and organize the pillows onto the
couch. Switches 03 and 04 are then turned off. The
transition involves sitting on the couch for 1
minute.

Scenario 2 -
“Meal-time”

Participant enters the kitchen and turns on switches
02 and 01, gets a plate of food in the fridge
(continues from phase 1) and places the bowl from
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the cabinet 4 and plate on the counter. They grab a
spoon from drawer 2 and transfer the food from the
plate to the bowl using the spoon, then take the
bowl of food and spoon and place it on the dining
table. They turn on switch 05, pull out the chair
closest to the couch, sit, and mimic eating for 2
minutes, get up from chair and tuck it in. The spoon
and plate are placed into the garbage (or empty into
the garbage) and the bowl back into the fridge.
Switches 01, 02, and 05 are turned off. The
transition is to stay where you are for 1 minute.

Scenario 3 -
“Changing
footwear”

Participant enters the bedroom, turns on the light
06, walks over to drawer 7 and pretends to grab a
new pair of socks, removes shoes from feet, sits on
the bed, and removes socks on feet. They then
change into a new pair of socks, put shoes back
onto feet, and turn off switches 06 and 07.
Transition includes staying in the bedroom for 1
minute.

Scenario 4 -
“Bathroom
visit”

Participant walks towards the bathroom, turns on
switch 9, enters the bathroom, and turns on switch
10, closes the door behind. They lift the toilet lid,
sit on the toilet for 2 minutes, stand up from the
toilet and flush. Walking to the sink, they turn on
the faucet, wash hands for 30 seconds, turn off the
faucet and dry hands using paper towel, dispose of
the paper towel when done. They then turn off
switch 10 and leave the bathroom, closing the door
behind, and turn off switch 9. Transition involves
waiting in the hallway for 1 minute.

Phase 5 -
IADLs

Scenario 1 -
“Arriving home
and organizing
groceries”

Participant stands outside the apartment for 1
minute with a grocery bag in hand, then enters,
closes the door behind them, and turns on switch
01. They walk to the kitchen, place the grocery bag
on the kitchen floor, and unload groceries, placing
them into the fridge, cupboard, or cabinets for 2
minutes. Once done, grocery bags are placed in
cabinet 09. Transition includes waiting in front of
the fridge for 1 minute.

Scenario 2 -
“Cleaning
kitchen”

Participant washes dishes until they are clean,
returns bowl and spoon to cabinet 4 and drawer 2
respectively. They sweep the kitchen floor for 1
minute, put broom back into place, get the vacuum
cleaner, and vacuum for 1 minute, then put the

119




vacuum cleaner back. They get a mop, mop the
kitchen for 1 minute, and return the mop to its
place. The participant then grabs a kitchen cloth,
wipes down the counter area for 1 minute, and sits
on the chair closest to the kitchen for the transition
time of 1 minute.

Scenario 3 - Participant opens cabinet 10, picks up the garbage
“Emptying bag, closes the door, and leaves the bag outside.
garbage” They then replace the garbage bag with a new one,

close the cabinet door, and wash hands using soap.
After drying hands with paper towel, they dispose
of the towel in the garbage bin in cabinet 10.
Transition includes waiting in the kitchen for 1

minute.
Scenario 4 - Participant walks towards the bathroom, turns on
“Morning switch 09, enters the bathroom, turns on switch 10,
routine” closes the door behind them, and puts toothpaste

onto toothbrush. They brush teeth for 1 minute,
rinse brush, wash face for 30 seconds, turn off
faucet, and dry hands and face with paper towel
before disposing of it. They comb hair/apply
makeup for 1 minute, step onto the weighing scale,
then off again. The participant turns off switches 10
and 09 and waits in the hallway for 1 minute as a

transition.
Scenario 5 - Participant turns on bedroom lamp, ensures all
“Wrap up items needed are gathered, and walks around the

things for going | house as if collecting things. They turn off all

” switches that are on, turn off the lamps if they are
on, and leave the apartment, closing the door behind
them.

out

7.2.4.3 Study trial

7.2.4.3.1 Participants

The study was conducted during the constraints of the COVID-19 pandemic. We initially
aimed at older adults. However, adjustments in participant recruitment strategies were
necessary due to restricted access to older adults either in public or in long-term care
residences. This measure was crucial to protect this vulnerable group and minimize the
spread of infection. Consequently, an alternative sampling method was employed. We
engaged adult students from the University of Waterloo to participate in the study by
distributing flyers across the campus and leveraging the university's internal participants
pool.
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This decision raised ethical considerations, but they are justified on several reasons.
Primarily, the use of adult students significantly reduced the risk to older adults, who are
notably more vulnerable to severe outcomes from COVID-19. Maintaining the continuity
of research during the pandemic was crucial, and with stringent public health restrictions
preventing access to older populations, adult students provided a viable alternative that
allowed scientific inquiry to proceed. This shift was ethically approved by the University
of Waterloo's Research Ethics Office under the reference number ORE #43843, ensuring
that all research activities conformed to high ethical standards. Adult students are capable
of providing informed consent and fully understanding the risks and benefits involved in
their participation, which supports the ethical integrity of their inclusion. While there are
differences between the behaviors of older adults and younger individuals, the preliminary
data collected from adult students can still offer valuable insights into the usability and
effectiveness of the technologies being tested. Additionally, all necessary measures were
taken to mitigate health risks to these participants, including health screenings, social
distancing measures, and psychological support, aligning with the most stringent public
health guidelines to ensure their safety during the study.

During the recruitment, a preliminary screening, facilitated by a detailed questionnaire, was
implemented to determine their ability to independently perform ADLs—a prerequisite for
inclusion. In the questionnaire, we listed questions to determine their eligibility based on
specific inclusion and exclusion criteria. The inclusion criteria focused on the ability to
perform ADLs independently, the absence of any conditions that could hinder mobility,
and the willingness to adhere to study protocols. Participants also needed to demonstrate
the ability to understand and follow instructions. The exclusion criteria included any
inability to comply with study protocols, including COVID-19 safety measures. Following
this initial screening, our study's cohort was established, consisting of 40 individuals: 17
men and 23 women, with an age distribution of 18 to 39 years and a mean age of 24 years.
In order to ensure privacy, all personal data were anonymized. To address the age-related
bias inherent in our younger cohort, participants were instructed to adapt their activity pace
to reflect a range of behaviors observed among older adults. This adaptation included
simulating scenarios where an older adult might have a reduced pace in completing tasks,
instead of assuming a uniform slowdown among all activities and participants. We
acknowledge this simulation can still cause bias. Simulating such behaviors may lead to
psychological impacts, including increased stress or a temporary reduction in self-efficacy,
as participants adapt to the restricted activity levels typical of older adults. Furthermore,
physically mimicking aging-related conditions might result in unnatural body mechanics,
potentially causing discomfort or strain. From a data integrity perspective, these
simulations could introduce biases, as younger participants might not accurately represent
the variability and complexity of older adult behaviors. Ethically, we ensure that all
simulations are performed with the utmost respect for both the participants and the
conditions being emulated, and participants are fully briefed on their roles, with
psychological support provided to address any adverse effects. Continuous monitoring
during the study helps mitigate any physical or emotional consequences, ensuring that the
research remains both ethical and scientifically valid.
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This research ethic ramifications were acceptable based on the rationale that collecting data
from young adults could still yield insights into the validity of the daily activity recognition
algorithms being tested. Additionally, this setup provides an opportunity to compare
algorithm performance across different age groups, potentially offering broader
applicability and understanding of the technology’s effectiveness.

7.2.4.3.2 Procedure and data collection

Before initiating the experimental procedures, participants were required to provide written
consent and complete a demographic survey. They were then introduced to the smart home
environment, familiarized with its sensor-equipped appliances, spaces, and furniture. In
addition, Empatica E4 was worn by participants on their preferred wrist to collect continual
physiological data while they performed ADLs.

During the experiment, the participants' activities were monitored via cameras from a
separate observation room, with activity instructions were delivered via a phone. The
sequence of activities was carefully planned and corresponding to the phases and scenarios.
Participants proceeded without additional guidance unless explicitly requested. A one-
minute intermission was allowed between scenarios for the purpose of resetting sensors.
An observer documented the start and end times of each activity, noting these on a log sheet
to aid in data annotation and labeling. Sessions were conducted individually, with each
scenario lasts around five minutes and the whole duration is approximate two hours.

Data from ambient devices were collected through the UbiEco cloud-based big data
pipeline [279]. Specifically, raw sensor data was acquired through the manufacturer’s
Application Programming Interface (API) channel, followed by re-formatting and secure
storage within an Azure cloud MySQL database. Data from the wearable sensors were
collected via the Empatica Manager application, which enables the extraction of raw
Empatica E4 data into CSV files.

7.2.4.3.3 Data cleaning and pre-processing

Prior to analysis, all data collected from ambient sensors and wearable devices was
rigorously cleaned and pre-processed to ensure its reliability and validity. It is important to
clarify that these devices do not perform any data processing, standardization, or cleaning
tasks themselves; they solely function as data collection tools. We acquire raw data from
these devices through the manufacturer's API, and all subsequent data processing steps are
conducted locally on our servers. The details of the data attributes are presented in Tables
1 and 2.

Our dataset primarily consisted of numeric data, such as temperature and humidity levels
from ambient sensors, alongside data from wearable devices, and binary data representing
occupancy information.

To facilitate comparison and integration of data from various sources, we standardized the
measurement scales and formats. For example, temperature readings from different sensors
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were unified to the same scale (e.g., degrees Celsius). We also synchronized timestamps
across different sensors to ensure temporal alignment, maintaining consistent data
granularity across measurements from each sensor type.

For numeric data, outliers were identified and removed using z-scores, which helped
eliminate data points that deviated significantly from the majority, ensuring the robustness
of our dataset. For binary data, we used contextual analysis and logical checks to detect
anomalies. Contextual analysis helped flag unrealistic rapid state changes, while logical
checks uncovered inconsistencies, such as contradictory occupancy states during non-
operational hours or discrepancies across logically related sensors.

Missing values in numeric data were imputed using the mean of the available data points
at the same attribute, offering a straightforward yet effective approach to maintain
continuity in time series data. For binary data, we utilized a logical imputation method
based on the mode or the most frequent value, thereby preserving the binary nature of the
data.

Given the placement of multiple temperature and humidity sensors within the same room,
we observed high correlations between these readings. To address this redundancy and
reduce data complexity, we unified the temperature and humidity readings from multiple
sensors within the same room by calculating the mean of all sensor readings, thereby
creating a single representative value for each environmental parameter per room.

7.2.4.4 Flexible window mapping for sensor fusion

In the data analysis phase, we internally fused data from AAL sensors and wearable sensors,
respectively. We also integrated these two heterogeneous sensors together to explore the
performance of hybrid data on activity recognition tasks. Current studies on sensor fusion
typically concentrate on data integration within homogeneous sensor environments, either
focusing solely on AAL technologies or on wearable sensors. However, this may not
suitable for our situation that involves heterogeneous sensors. In this paper, inspired by the
concept of flexible window techniques [292], we here propose an innovative flexible
window mapping method that allows for the temporal alignment of heterogeneous sensors
with differing frequencies. This method dynamically adjusts the time windows for data
aggregation from each sensor, ensuring that corresponding data points are accurately
aligned.

The rationale for using the flexible window mapping method extends to its adaptability to
diverse data rates from ambient and wearable sensors, which enhances the quality of data
integration by allowing precise control over window sizes and shifts according to the
specific characteristics of the data [289]. This adaptability is crucial for maintaining data
fidelity, particularly in environments where timing and sequence of events are critical for
accurate analysis. Moreover, by enabling a more accurate alignment of data from different
sensors, this method enhances the overall quality of the integrated dataset. Better alignment
leads to more reliable analysis outcomes, as the data more accurately reflects the
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synchronized activities and environmental conditions recorded by the diverse sensor
systems [290]. Furthermore, accurate temporal alignment is critical for the validity of any
subsequent analyses performed on the fused dataset. Misalignments can mislead findings,
particularly in activity recognition studies where timing and sequence of events are crucial
[291]. Lastly, designed to be scalable and flexible, this approach can be adjusted for
different experimental needs and is applicable across various research contexts involving
multiple sensor systems.

Let us define a set W= {w,wy,ws,...,w,} where each w; represents a dynamic flexible
window designed to map data attributes from both ambient and wearable sensors onto a
unified temporal scale. The cardinality of the set NV, corresponds to the number of data
attributes we aim to synchronize. For each window wj;, it encompasses a subset of data
points, represented by X'= {x;, x5, x3,..., X, }, where each x;j corresponds to a data value
within the time frame defined by wj;, and s; is the size of window, which is determined by
a function f'(f;, ) that takes into account the frequency f; (Hz) of the data attribute it maps
and a targeted time unit 7 (seconds) for analysis, defined as:
=/ (h ) =fix 1

This function ensures that each window w; contains an integer number of data points
corresponding to the least common multiple of the sampling rates involved, adjusted to the
temporal resolution ¢.

The time frame 7 is defined as a set of discrete time units 7'= {¢, t», t3,..., t,,} Where ¢
corresponds to the j-th time unit for which data alignment is required. Within each window
w;, we collect the series of data values X, which are subject to analysis. The mapping of
these values over the desired time frame 7 can be represented as:

MI(T) = {X | X = {x1(5)), x2(8), x3(8),..., x5,(6)}, Vo € T}
Here, xi(%) is the k-th data value in window w; for the j-th time unit #. The function M;(T)
effectively aligns the various data points within the temporal scope of the study.

Once mapped, the feature extraction process is applied to the dataset within each window
w;, extracting feature information from the sequence of data points X. To progress through
the dataset, window w; slides to the next subset of data with a stride length /, which may
vary depending on the desired overlap between consecutive windows:
wiln+1)=w(n) +1=wila,a+s;-1]=wa+,a+s;+1-1]

Where w;(n) is current window and w;(n+ 1) is next step window. w;la, a+s;-1]
denote the start and end indices of current window. The stride length / can be adjusted to
allow for the analysis of data with more granularity (with / < s; for overlapping windows)
or with broader strokes (with / = s; for non-overlapping windows).

By adopting this flexible window mapping method, our study is equipped to handle and

analyze data from sensors with varying frequencies, ensuring temporal alignment and
enabling robust activity recognition across different sensor modalities.
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7.2.4.5 Feature extraction

In this study, for combining the datasets, we standardized the data collection frequency by
adopting the ambient sensors' 30-second sampling rate, the highest granularity among the
sensors we evaluated. This decision was made to synchronize the datasets, thereby
maintaining the ambient data's resolution while aligning the wearable sensor data
accordingly.

For the features of ambient sensor data, we utilized the raw data attributes retrieved via API
as features. We assigned each sensor with an ID. We employed the proposed flexible
window mapping method for wearable sensor feature extraction and sensor fusion. Thus,
some key parameters we chose when using this method are ¢ = 30s, / = s; for non-
overlapping, where si can be calculated using ¢ and frequency (Hz) associate with each
sensor. The Empatica E4 provides seven data attributes at varying frequencies. For each of
these attributes, we independently align them to a 30-second granularity over seven
windows, totaling N = 7 windows. Within each window, both features from time-domain
and frequency-domain were extracted. Specifically, we obtained 15 time-domain features
including mean, minimum, maximum, median, standard deviation, mean absolute deviation,
median absolute deviation, interquartile range, counts above and below mean, energy,
skewness, kurtosis, and signal magnitude area. After performing the Fourier Transform, we
extracted additional 3 features including mean, max, and standard deviation from the
frequency domain. These features can effectively capture various aspects of the data
distribution and dynamics, revealing critical characteristics relevant to the monitored
activities.

The label feature is associated with the ADLs. We assigned each ADL (Table 3) one of 23
unique scenario labels, such as P1S1 (stands for Phasel Scenariol), to facilitate model
predictions. These labels were annotated on the ambient data and the wearable data based
on the activity logs recorded during the study sessions. A comprehensive table detailing
these features can be found in Table 17.

Table 17. Features table

Category Feature Description
Ambient Outlet 0 on 01-18 | 18 features
Sensors Binary data reflecting the on/off states of the

upper ports as captured by outlet sensors
designated as O01 to O18.

QOutlet 1 on 01-18 | 18 features

Binary data reflecting the on/off states of the
lower ports as captured by outlet sensors
designated as O01 to O18.

Outlet 0 avg 01- 18 features

18 Continuous data reflecting the energy usage of
the upper ports as captured by outlet sensors
designated as O01 to O18.
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Outlet 1 _avg 01-
18

18 features

Continuous data reflecting the energy usage of
the lower ports as captured by outlet sensors
designated as O01 to O18.

switch_avg S01-
S11

11 features
Continuous reflecting the energy usage of
switch sensors designated as SO1 to S11.

living temp

living _humi

kitchen temp

kitchen _humi

dining temp

dining_humi

bedroom_temp

bedroom_humi

bathroom_temp

bathroom _humi

10 features
Measurement of temperature and humidity
across five rooms.

motion_01-23

23 features
Binary data reflecting the occupancy states from
23 passive infrared sensors.

aq _co2 004 9 features
aq iaq 004 Measurement of air quality related parameters
aq_tvoc_004 from 3 environmental sensors.
aq_co2 009
aq_iaq_ 009
aq_tvoc_009
aq _co2 S11
aq iaq S11
aq _tvoc SI11
Wearable Mean Mean magnitude of the array, x= 2%
sensors si
Min Minimum. The smallest value in the array,
min(X)
Max Maximum. The biggest value in the array,
max(X)
Median The median value in the array
SD Standard Deviation of the array,
MeanAbsDev

VU _
Mean Absolute Deviation, = X1, |x; - |
i
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MedAbsDev Median Absolute Deviation,

1 o .
. i1 |xj - median(X)|

IQOR Interquartile Range. IOR = O3 — O
SamplesAboveMean | Number of values above the mean
PositiveCount Number of positive values
NegativeCount Number of negative values
Energy Sum of the squared magnitudes of values
si 2

Zj:] xj

Skewness Asymmetry of values’ distribution,
3
Si Si Xj=*

(si-1)(si-2) ZJZI ( o )

SMA Signal Magnitude Area. To measure the

. R
accumulated magnitude of values, — Zj“:l ||
i

Kurtosis Shape of the values’ distribution,
1 s P
: j=1 (J?) -3

Mean_{ft Mean magnitude after applying Fourier
Transform on to the array

Max_fft Maximum after applying Fourier Transform on
to the array

SD_fft Standard Deviation after applying Fourier

Transform on to the array

Label Activity Label Label category that associated with each daily
living activity, such as P1S1.

7.2.4.6 Data summary & analysis flow

After the data cleaning process and the exclusion of participants with incomplete records,
the datasets from 28 participants were retained for analysis. On average, the ambient dataset
for each participant contains approximately 270 data instances, cumulating in over 7532
instances for the entire dataset. The number of data instances of each activity label is shown
in Figure 27. The wearable sensor dataset matches this granularity, and same for the
combined dataset. Regarding dataset dimensionality, the ambient dataset contains 125
features, the wearable dataset has 126 features, and the combined dataset includes 251
features.
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Figure 27. Number of data instances and average duration per ADL

In the data analysis phase, the modeling procedure for machine learning algorithms
involves splitting the dataset into an 80:20 ratio, where 80% constitutes the training set and
the remaining 20% serves as the testing set. Within the training set, a 5-folder cross
validation approach was employed to optimize the model’s configuration. To elaborate,
this method involves dividing the entire training dataset into five distinct subsets. Each
subset is used once as a validation set while the other four subsets form the training set.
This process is repeated five times, with each of the five subsets used exactly once as the
validation data. This method can enhance the robustness of the model evaluation process.
It ensures that each segment of the dataset is used both for training and validation, which
helps prevent model overfitting and provides a well-rounded assessment of performance
across varied data. Furthermore, to fine-tune the model's hyperparameters, a grid search
method was utilized. Once the optimal model with its best-performing set of
hyperparameters was identified through cross-validation, it was then re-assessed on the
testing set to determine the final performance metrics.

7.2.5 Results

7.2.5.1 Models & evaluation metrics

7.2.5.1.1 Model selection

In this study, we address the challenges of multi-class activity recognition within AAL
environments, characterized by the complexity and multidimensionality of sensor data.
Traditional statistical methods often struggle to effectively manage the volume and
diversity of data, particularly when dealing with large, unstructured datasets and non-linear
relationships between variables [284]. These methods are inadequate for adapting to the
varied and dynamic nature of AAL data, making it difficult to classify activities accurately.
In contrast, machine learning algorithms are good at these settings. Their inherent ability
to reveal hidden patterns in complex data without requiring manual re-operation allows
them to continuously improve and adapt as they process more information. This capability
is critical in AAL environments, where the behavior patterns and activity levels of residents
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can show considerable variability. Moreover, the use of machine learning in this context
directly supports our research objectives of developing an efficient, reliable multi-class
activity recognition system that can operate autonomously within the diverse ecosystem of
an AAL environment.

Given this justification, we strategically selected five widely used machine learning models
that are particularly suited for multi-class activity recognition within the context of AAL
technology [283]. This selection was informed by their demonstrated effectiveness in
similar applications, as highlighted by the review [283]. Each was selected for its unique
strengths in addressing the challenges of activity recognition within AAL environments.
These models are:

K-Nearest Neighbours (KNN) [293]: KNN was chosen for its robust capability in handling
multi-class problems and its effectiveness in environments where relationships between
data points are non-linear. This model is good at recognizing patterns based on similarity
measures, which is particularly valuable in AAL settings where activities often differ only
slightly from one another. KNN helps improve our understanding of how minor variations
in activity data can be effectively captured and classified, advancing our scientific
knowledge of behavior pattern recognition.

Decision Tree (DT) [294]: DT are beneficial for AAL applications as they provide clear
criteria for activity classification, facilitating the understanding of what features are most
influential in determining activity types. This is crucial for identifying specific activities
that require particular interventions or monitoring. This model contributes significantly to
the field by improving our understanding of feature relevance and decision-making
processes in complex activity recognition scenarios.

Random Forest (RF) [295]: Random Forest enhances classification accuracy and
robustness by aggregating the results of individual trees. This model addresses
overfitting—a common issue in complex AAL datasets—and is good at managing datasets
with numerous predictor variables This capability makes it particularly well-suited for our
dataset, which contains heterogeneous data. By effectively managing complex datasets and
enhancing the accuracy of activity classification, Random Forest not only meets the
operational demands of AAL environments but also provides insights into managing data
complexity and variability.

Adaptive Boosting (AdaBoost) [296]: It is chosen for its ability to improve the accuracy of
the classification by combining multiple weak classifiers into a strong classifier, AdaBoost
is particularly effective in scenarios where there is an imbalance in the activity data. This
model incrementally adjusts the focus on misclassified instances, making it ideal for
improving activity recognition performance in AAL systems.

Gaussian Naive Bayes (GNB) [297]: It is employed for its efficiency and speed in making
predictions, GNB assumes independence between predictors. It is particularly
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advantageous in AAL settings where the calculation of probabilities for many classes
(activities) is required. While GNB provides a baseline for performance comparison against
more complex models, it also offers critical insights into the probabilistic relationships
within AAL data, facilitating faster and more efficient activity classification.

7.2.5.2 Metrics selection

To assess the performance of the selected machine learning models, we employed four
commonly used metrics in human activity recognition tasks [285], providing a
comprehensive understanding of models’ efficacy. These include Accuracy (ACC),
Precision, Recall, and F1-Score. These metrics comprehensively capture the effectiveness
of the models [285]. Detailed definitions of each metric and justifications for their use are
provided below.

Accuracy measures the overall correctness of the model across all activity classifications,
calculated as the ratio of correctly predicted observations (both true positives and true
negatives) to the total observations:

Accuracy = (TP + TN) / (TP + TN + FP + FN)

Accuracy is beneficial as it provides a straightforward indicator of how often the model
correctly identifies all types of activities, which is crucial for ensuring that the model is
generally reliable across a diverse set of activities.

Precision assesses the accuracy of the positive predictions for each specific activity,
calculated as the ratio of true positives to all predicted positives:

Precision = TP / (TP + FP)

Precision is particularly important in multi-class activity recognition where it is crucial to
minimize false positives for specific activities, ensuring that each detected activity is indeed
correct and thus reducing the noise in activity alerts or triggers.

Recall measures the model's ability to correctly identify all instances of a particular activity,
calculated as the ratio of true positives to all actual positives:

Recall = TP / (TP + FN)

Recall ensures that the model captures as many instances of each specific activity as
possible. High recall is essential for activities that have significant consequences if missed,
such as monitoring critical activities in healthcare or security settings.

Fl-score provides a balance between Precision and Recall for each activity, calculated as
the harmonic mean of Precision and Recall:

Fl-score =2 x ((Precision x Recall) / (Precision + Recall))

The F1-Score maintains a balanced approach between catching as many instances of an
activity as possible (Recall) and ensuring those instances are accurately classified
(Precision), especially in environments where both false positives and false negatives carry
significant costs.

(TP is True Positive, FP is False Positive, FN is False Negative, and TN is Ture Negative.)

130



7.2.5.3 Evaluation setup

We conducted our analysis on a Linux server running Ubuntu v22.04.3, equipped with
16GB RAM, to ensure stable and efficient data processing. The software stack included
Python v3.10.12, along with essential libraries: Pandas v1.3.5, Matplotlib v3.5.1, Numpy
v1.21.5, etc. For the machine learning framework, we utilized Scikit-learn v1.3.2.

7.2.5.4 Compare wearable vs. ambient vs. combined (hybrid)

In this study, we treated the combined data as the hybrid solution. We conducted a
comparative analysis of machine learning algorithms on different sensor data sources.
Results are shown in Figure 28.
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Figure 28. Comparative analysis on three datasets

As demonstrated in Figure 3, ambient sensor data consistently yields high accuracy and
reliability in activity recognition tasks across all models. AdaBoost exhibited superior
performance across the ambient and combined dataset. Conversely, on wearable sensor data,
there is a significant decrease in performance, with all models’ accuracy are less than 0.4,
even though RF achieved the best performance. In the combined dataset, we did not observe
a significant improvement in performance; rather, there was a decrease across all models
compared to their performance on the ambient dataset. Specifically, the KNN model not
only failed to improve but also exhibited a substantial decline in performance compared to
its performance with ambient data. Even the AdaBoost model experienced a slight
reduction in effectiveness on the combined dataset. Detailed performance results for the
models are presented in Tables 18.
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Evaluating models that utilize only wearable sensor data uncovers significant limitations in

their ADL recognition capabilities. The RF model, while the most accurate within this

subset, only achieves a low accuracy of 0.367. This figure is notably inferior compared to

its performance on ambient data, underscoring the restrictive expressiveness of wearable

data for this application. The KNN model fares even worse, with an accuracy of merely

0.129, further highlighting the inherent challenges of wearable data. In contrast, ambient

data enables models to perform exceptionally well, with the DT and AdaBoost models also

demonstrating this discrepancy by exhibiting very low recall (0.204 and 0.297, respectively)
and precision (0.206 and 0.303, respectively) when using wearable data.

Conversely, the application of machine learning models to ambient sensor data
dramatically enhances performance. The AdaBoost model attains an accuracy of 0.964 and
a same Fl-score (0.964), indicating a well-balanced precision-recall trade-off. RF model
follows to records a high accuracy of 0.953, reflecting the superior effectiveness of ambient
data for ADLs recognition. The DT model also shows significant improvement in
performance (e.g., 0.659 improvement in accuracy) from the wearable to the ambient
dataset. Models like KNN and GNB also see significant gains, with precision and recall
values that underscore the viability of ambient sensors for complex activity recognition
tasks.

When applied to the combined dataset, the models exhibited a decrease in performance
rather than an improvement. Despite maintaining a relatively high accuracy of 0.909, the
AdaBoost model did not outperform its results with ambient-only data, a trend that was
consistent across other performance metrics. Most notably, the KNN model experienced
the greatest decline upon incorporating wearable data, with its accuracy dropping to 0.146.
Similarly, both the DT and GNB models demonstrated a moderate decrease in performance,
for instance, with their Fl-scores decreasing from 0.860 to 0.830 and 0.516 to 0.466,
respectively. The RF model also encountered a similar decrease in its performance.

These results reinforce the notion that data from ambient sensors alone may provide
sufficient information for the recognition of ADLs. With the selection of an appropriate
model, such as the AdaBoost algorithm, the recognition performance can be exceptionally
high, suggesting that the added complexity of integrating wearable data may not always be
necessary for accurate ADLs recognition.

Table 18. Model performance results on three datasets

ACC Precision Recall F1-score
Wearable KNN 0.129 0.126 0.129 0.127
sensor DT 0.204 0.206 0.204 0.204
dataset RF 0.367 0.366 0.367 0.344
GNB 0.157 0.186 0.157 0.131
AdaBoost 0.296 0.303 0.297 0.265
KNN 0.937 0.940 0.937 0.936
DT 0.863 0.861 0.863 0.860
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Ambient RF 0.953 0.951 0.953 0.950
sensor GNB 0.546 0.627 0.546 0.516
dataset AdaBoost 0.964 0.966 0.964 0.964
Combined KNN 0.146 0.148 0.146 0.145
dataset DT 0.832 0.831 0.832 0.830
RF 0.889 0.893 0.889 0.884
GNB 0.472 0.537 0.479 0.466
AdaBoost 0.909 0.920 0.909 0.909

7.2.5.5 Different phases & scenarios

To efficiently utilize our research resources and maintain a focused analysis, the previous
section assessed the overall performance of each machine learning model across all datasets
using the metrics. This preliminary evaluation allowed us to identify the most effective
model, which we then subjected to a more detailed analysis on all scenarios. However, to
ensure completeness and maintain transparency, we have included the results of all models
across all scenarios in Appendix C.

Based on the best performed model on each dataset, we conducted a detailed analysis on
recognition performance across phases and scenarios. We have charted the precision, recall,
and F1-score for each scenario across the three datasets and have illustrated the outcomes
in their respective confusion matrices.

In the evaluation on the wearable sensor dataset, the models' performance was generally
suboptimal across various scenarios (Figure 29 ). This was particularly apparent in scenario
P4S3, where the model's precision, recall, and F1-score values were all zero, indicating
incorrect predictions for every instance in this scenario. Overall, precision scores were
relatively low; most did not exceed 0.5, with only one scenario (P3S3) reaching a precision
of 0.6. This is resulted from the model correctly identifying only 6 samples out of 23 data
samples, as the confusion matrix shown in Figure 30 confirms. Additionally, the analysis
uncovered significant fluctuations in performance across different activities. For instance,
the scenario labeled P1S3 exhibited relatively better recognition performance, with
precision at 0.42, recall at 0.62, and F1-score of 0.50. In contrast, scenarios such as P5S1
and P4S1 obtained much weaker results. P5S1 achieved a mere 0.20 in precision, a recall
of 0.10, and a F1-score of 0.13, while P4S1 recorded even lower rates with a precision of
0.17, recall of 0.09, and a Fl-score of 0.12. This variation highlights the difficulty in
maintaining consistent recognition performance throughout the different scenarios and
activities presented in the dataset.

Although the overall performance of wearable sensors for activity recognition is relatively
low, certain scenarios demonstrate fair performance. Specifically, in P1S3 (“sleep
preparation and sleep”), the RF model correctly classified 63 out of 101 samples. In P2S3
(“meal time”), the model achieved the highest recall of 0.75, with 74 out of 99 samples
correctly recognized and a Fl-score of 0.47. In P3S2 (“taking a shower”), the model
recorded a precision of 0.38, recall of 0.47, and a F1-score of 0.42.
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Precision, Recall, and Fl-score by ADLs On wearable sensor data (RF)
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In the evaluation on the ambient sensor dataset, the model achieved strong performance,
particularly in terms of precision, as is shown in Figure 31 . A majority of the precision
values (20 out of 23) exceeded 0.9, with the other three values ranging between 0.85 and
0.90. The lowest precision value is 0.85, which is on the scenario P5S2, yet this value is
still considered relatively high. Notably, the model achieved a perfect precision score of 1
in twelve different scenarios. The recall values have same trend, with the majority (20 out
of 23) over the 0.9 mark. The lowest recall values were observed in scenarios P5S5 and
P5S2, with 0.62 and 0.71 respectively. An analysis of the confusion matrix (Figure 32)
revealed that for P5S5, out of the total 13 data instances, 8 samples were correctly predicted,
while 5 samples were miss classified to P5S3, P5S1, and P3S1. Similarly, in P5S2, 17
instances were accurately classified, but 7 instances were misclassified as P5S3 and P5S1.
This misclassification could be attributed to the similarity between the activities in these
scenarios. The F1-scores provided insight into the balance between precision and recall,
with the model achieving scores above 0.9 in 20 scenarios, between 0.8 and 0.9 in one
scenarios, and only two scenario falling below 0.8. Overall, the model's performance in
Phase 5, though slightly lower compared to other phases, was still relatively high. The
average values for precision, recall, and F1-score in Phase 5 were 0.93, 0.83, and 0.86,
respectively, highlighting the effectiveness of the model in handling data from the ambient
sensor dataset.

Precision, Recall, and F1l-score by ADLs on ambient sensor data (AdaBoost)
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Figure 31. Best performed model’s (Adaboost) performance by scenarios on ambient data
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Confusion matrix on ambient sensor data (AdaBoost)
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Figure 32. Best performed model’s (Adaboost) confusion matrix on ambient data

The analysis of the combined dataset showed positive but slightly diminished results
compared to the ambient-only dataset, which presented that integrating wearable data
would not improve activity recognition performance. This was particularly apparent when
comparing the outcomes from the ambient and combined datasets using the AdaBoost
model (Figure 33). In some scenarios, performance was comparable across both datasets.
For example, in activity P3S2, each dataset achieved exceptional accuracy, with both
registering a perfect precision of 1. The recall rates were also high, at 1 and 0.95
respectively, resulting in F1-scores over 0.95. This pattern was observed in several other
activities as well. For instance, in scenarios P4S1 and P4S3, the model attained a precision
of 1 in both datasets, and notably, in P4S3, it achieved a score of 1 across all three metrics.

However, the overall performance on the combined dataset did not surpass that on the
ambient dataset. In the combined dataset, precision exceeded 0.9 in only 18 of 23 scenarios,
with the lowest precision observed in P3S4 at 0.64. A similar trend was noted in recall and
F1-score metrics. The confusion matrix for the combined dataset is presented in Figure 34.
In comparison to the confusion matrix shown in Figure 32, it also can be observed that the
performance on the combined dataset is worse than that achieved using the ambient dataset
alone.

These findings indicate that integrating wearable data for activity recognition may not
significantly enhance performance and can, in fact, diminish it. The results have shown that

136



using ambient data alone was more effective for accurately classifying and recognizing a
range of human activities than the combined dataset.

Precision, Recall, and F1l-score by ADLs on combined dataset (AdaBoost)
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Figure 33. Best performed model’s (Adaboost) performance by scenarios on combined data.
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Figure 34. Best performed model’s (Adaboost) confusion matrix on hybrid data
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7.2.5.6 Activity recognition for single room

To investigate the performance of activity recognition within individual rooms, and to
address the potential bias arising from location information inherent in smart home sensors,
we organized the dataset based on room-specific data, controlling the spatial information.
This means that data corresponding to activities occurring in the same room were
aggregated into distinct sub-datasets. Within each sub-dataset, the Adaboost model was
employed to classify activities associated with that particular room. Activities that spanned
multiple rooms were included in each relevant sub-dataset to maintain the integrity of the
analysis. Detailed information about the activity distribution in each room and the
corresponding number of data instances can be found in Table 19.

Table 19. ADLs with spatial overlap

Room Activities Number of data
instances
Living room | P1S1, P2S1, P2S2, P3S1, P3S3, P3S4, P4S1, 1804
P5S5
Kitchen P1S2, P1S4, P2S3, P3S3, P4S2, P5S1, P5S2, | 2163
P5S3, P5S5
Dining room | P1S2, P2S2, P3S3, P4S2, P5S5 932
Bedroom P1S3, P1S5, P2S4, P3S1, P3S4, P4S3, P5S5 1749
Bathroom P1S1, P1S3, P1S5, P2S5, P3S2, P4S4, P5S4, 1976
P5S5

Table 6 presents the distribution of data instances across rooms, showing variations in
activity occurrence. The Kitchen recorded the highest number of activities with 2163
instances, whereas the Dining room experienced the fewest, with only 932 instances.
Certain activities, such as the P5S5 scenario, occurred in multiple rooms, resulting in their
presence across all sub-datasets. The performance of the Adaboost model in recognizing
activities within each individual room is detailed in Table 20.

Table 20. Adaboost performance on classifying ADLs in single room

ACC Precision Recall F1-score
Living room | 0.965 0.966 0.965 0.965
Kitchen 0.958 0.960 0.958 0.958
Dining room | 0.985 0.986 0.985 0.985
Bedroom 0.982 0.982 0.982 0.982
Bathroom 0.975 0.977 0.975 0.976

The results demonstrated the model's robust ability to classify activities within single room
contexts, obtaining high accuracy and precision consistently across all rooms with minimal
location bias. Notably, slightly better performance was achieved on the sub-datasets for
activities in the Bedroom and Dining room, with accuracy, precision, recall, and F1-score
all exceeding 0.980. This indicates that activities in these spaces have distinct and
recognizable sensor patterns, which the RF model can capture effectively. Even in rooms
with comparatively lower performance metrics, such as the Kitchen and Living room, the
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model maintained an accuracy and F1-score above 0.950. These findings across various
rooms suggest that sensors’ spatial information alone does not excessively influence the
positive results. The classification performance for scenarios in each room, as detailed in
the confusion matrix, is depicted in Figure 35. One notable observation was in the Kitchen,
where the scenario P5S2 could still easily be misclassified as P5SS3 or P5S1. Furthermore,
comprehensive metrics (precision, recall, F1-score) for each scenario within each room are
available in Appendix D.
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Figure 35. Confusion matrix for activity recognition with spatial overlap in each room.

7.2.5.7 Feature importance for classification

To discern which features significantly contribute to human activity recognition, we
employed SHapley Additive exPlanations (SHAP) to assess feature importance. We
identified the top 20 features using SHAP, and the results are illustrated in Figure 36.
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Figure 36. SHAP results for feature importance

The analysis highlighted a clear hierarchy of climatic, electrical, and motion sensor-based
factors influencing the predictive model. As is shown in Figure 36, ‘switch _avg S02’ was
identified as the most influential feature, reflecting the power consumption of switch 02.
This switch is situated in a central location where many activities occur (Figure 1),
suggesting a strong correlation between interactions with this particular switch and various
activities. Other features related to switch power consumption (‘switch avg SO01°,
‘switch_avg S09°, ‘switch_avg S05°, and ‘switch_avg S10’) also ranked within the top
20 important features, each distinctly positioned in different rooms (switch 01 located at
entrance, switch 09 is outside of bathroom, switch 05 is between dining room and living
room, and switch 10 is in the bathroom), which underscores the interaction with these
sensors to their substantial impact on model predictions.

In addition to switch-related features, those related to outlet usage—'outlet 0 _avg O10',
‘outlet 0 avg 004, and ‘outlet 0 avg O07’—were also highly significant, ranking 2"¢,
4™ and 6™ respectively. This prominence is understandable given that in our study, we did
not engage participants with actual kitchen appliances, resulting in less frequent activation
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of kitchen outlet sensors. However, in some scenarios, participants used a vacuum cleaner
to tidy the room, which was primarily connected to these three outlets. However, activities
happened in the kitchen still can be well captured because of the motion sensors that placed
in the kitchen, as reflected by the importance of ‘motion active O15’,
‘motion_active O14’, ‘motion_active S03’, and ‘motion_active S02’ shown in Figure 36.
The analysis further implies that sensors with higher interaction rates during activities
contribute more significantly to prediction accuracy.

Moreover, the role of environmental conditions was underscored by the ranking of
temperature and humidity features—such as 'dining_temp', 'living_temp', 'bathroom_temp’',
'kitchen temp', 'bedroom_temp', 'kitchen humi', and 'dining_humi'—as top influencers.
This suggests that even in controlled environments, the ambient microclimate, including
temperature and humidity, plays a pivotal role in human activity recognition. However,
features pertaining to air quality were notably absent, indicating their relatively weak
impact on prediction.

7.2.6 Discussion

The discussion section will discuss the results from the results section, in order to validate
the proposed hypotheses and answer the proposed research questions.

7.2.6.1 Research question 1

To answer research question 1, we employed machine learning models on three distinct
datasets: ambient-only, wearable-only, and the combined dataset. We initially hypothesized
that machine learning models could achieve competitive recognition results using either
wearable sensors or ambient sensors. Breaking down to different scenarios situations, at
posture-focused scenarios, relaying on wearable sensors may achieve better results than
ambient sensors. We further assumed that combining these two sensor types would improve
performance. However, our findings challenge these hypotheses, revealing that ambient
sensors significantly outperform wearable sensors overall.

Performance on ambient data

Ambient sensor data proved highly effective in recognizing a broad spectrum of ADLs.
Machine learning models, particularly the AdaBoost model, achieved high accuracy rates
(up to 0.964) when analyzing ambient data alone. This demonstrates the strength of ambient
sensors in capturing diverse activity patterns, consistent with prior findings [280] that
highlighted the sufficiency of ambient data for ADLs monitoring in smart home
environments.

Examining specific phases and scenarios, ambient sensors performed particularly well in
activities characterized by distinct environmental or contextual interactions. For instance,
in P4S1 (cleaning rooms), ambient sensors perform good due to the noticeable
environmental changes associated with the activity. These included the use of switches, the
operation of the vacuum cleaner, and associated power consumption, all of which created
clear and detectable patterns for ambient sensors. Similarly, in P1S1 (arriving home), the
sequential transitions, such as unlocking the door, turning on lights, and interacting with
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objects like the remote and teacup, generated strong contextual cues. These distinct spatial
and temporal patterns allowed ambient sensors to effectively distinguish this activity from
others.

Despite their strengths, ambient sensors show limitations in recognizing more complex
instrumental ADLs that involve multitasking or similar sequential activities. For example,
activities such as P5S1 (arriving home and organizing groceries) and P5S2 (cleaning the
kitchen) share overlapping sensor triggers, such as light switches and appliance usage,
which can lead to misclassification. This underscores the challenges ambient sensors face
in distinguishing between activities with similar environmental cues.

Performance on wearable data

Wearable sensors demonstrated significantly lower performance compared to ambient
sensors across all activities. The best-performing model (RF) achieved an accuracy of only
0.367 on wearable-only data. However, in certain scenarios where involves much body
posture change, wearable sensors performed relatively better than other scenarios where
not. These cases may highlight specific conditions where wearable sensors align well with
activity recognition.

For example, in P1S3 (sleep preparation and sleep), wearable sensors effectively captured
sequential physical movements, such as brushing teeth, walking, and transitioning from
standing to lying down. These body-centric actions generated distinct motion patterns that
were recognizable by accelerometers and gyroscopes. Similarly, in P2S3 (meal
preparation), dynamic movements such as bending, reaching, and cutting produced
consistent and identifiable data streams. Actions like deliberately dropping and retrieving
a pepper further introduced unique movement signatures that enhanced recognition
accuracy. Finally, in P3S2 (shower preparation and showering), repetitive full-body
motions, such as mimicking washing and drying off, created clear patterns detectable by
wearable sensors. While these scenarios achieved better results than others for wearable
sensors, their performance was still significantly lower compared to ambient sensors.

To improve wearable sensor performance, enhancements in feature extraction techniques
are essential to better capture activity characteristics. For example, incorporating features
that reflect the velocity, acceleration patterns, and periodicity of body movements could
better differentiate between similar activities. Leveraging time-series analysis to capture
temporal dependencies and transitions between movements would allow for more accurate
modeling of activity sequences. Additionally, combining features like motion intensity and
variability across different axes could provide a more comprehensive representation of the
physical activities, potentially improving classification performance.

Performance on combined data

Contrary to the assumption that combining wearable and ambient data would improve
ADLs recognition, our study observed a decrease in performance across all models,
compared with ambient data when analyzing the combined dataset. This finding is
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particularly notable as it challenges the widespread belief in the benefits of data enrichment
through sensor fusion. For instance, the AdaBoost model's accuracy slightly decreased
from 0.964 (ambient only) to 0.909 (combined), highlighting potential complexities and
redundancies arising from merging different data sources. This is align with the study from
Nweke et al. [281], which highlighted the complexities of data fusion, particularly the
difficulties in managing increased dimensionality and ensuring data coherence from
heterogeneous sources, suggesting that the integration of different data sources requires
careful optimization to realize potential benefits.

Overall, our finds challenge the hypotheses we proposed before. Our analysis reveals that
ambient sensors significantly outperform wearable sensors in all scenarios. In addition, the
integration of wearable and ambient data introduced additional complexity and redundancy,
leading to decreased accuracy in most cases.

7.2.6.2 Research question 2

To answer research question 2, we organized the ambient sensor data corresponding to
activities that occurred in the same room into separate sub-datasets. Within these subsets,
we applied Adaboost models to evaluate the performance for activity recognition.

Our results reveal that ambient sensors are capable of effectively distinguishing between
various activities in the same area, maintaining high accuracy (over 0.95) across different
scenarios. This outcome challenges the preconceived limitations associated with spatial
overlap [282], suggesting that ambient sensors may capture distinct environmental changes
or patterns specific to different activities, despite their occurrence in the same spatial area.

The implications of these findings are significant. Specifically, we can refine the design of
AAL systems to be more sensitive and less intrusive. For instance, in a smart home
environment designed to support independent living, the use of ambient sensors that
accurately identify activities despite spatial overlap means that fewer sensors are needed,
as traditionally, ensuring recognition of same spatial activities coverage in a smart home
might involve deploying a dense network of sensors. This minimalistic approach not only
addresses privacy concerns but also avoids cluttering living spaces, making technology an
invisible aide rather than an intrusive presence. For seniors and individuals with disabilities,
this means their living environments can remain familiar and comfortable, while still being
equipped with the necessary technology to monitor their safety and well-being.

Moreover, the ability to accurately recognize activities in spatially constrained
environments allows for more personalized and precise interventions. For example, if an
ambient sensor system can differentiate between cooking and eating in a kitchen-dining
area, it can provide timely reminders or assistance specifically tailored to those activities,
such as medication reminders immediately after meals or alerts to turn off the stove after
cooking. This specificity enhances the autonomy and safety of individuals, enabling them
to confidently perform daily tasks with the knowledge that their environment is equipped
to support them discreetly and efficiently.
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7.2.6.3 Research question 3

To address the third research question, we utilized SHAP to analyze the importance of
features related to ambient sensors. The SHAP analysis results highlights the importance
of indoor climatic, electrical, and motion sensor-based factors in the accurate recognition
of activities within smart living environments. This is supported by the study from
Naccarelli et al. [274], who demonstrated the potential of machine learning to optimize
sensor configurations for ADL measurement in smart living environments, focusing on data
characteristics over spatial information.

The implications of these findings are profound, particularly concerning sensor selection
and configuration in practical applications within smart homes and assisted living
environments. It becomes evident that the choice of sensors in smart environments should
be informed by their demonstrated impact on activity recognition accuracy. Climatic
sensors, for example, which monitor conditions such as temperature, humidity, can provide
essential clues about occupant behavior. For instance, a significant change in temperature
or humidity might indicate cooking or showering activities. Similarly, electrical sensors,
which track energy consumption patterns, offer insights into the usage of appliances,
potentially signaling activities like laundry or entertainment. Motion sensors, detecting
movement within the environment, play a pivotal role in identifying the presence and
location of occupants, thereby facilitating the recognition of physical activities ranging
from simple movements to complex routines.

The strategic selection and combination of these sensors based on their utility in capturing
meaningful activity data can greatly improve the accuracy and reliability of activity
recognition systems. For instance, integrating motion sensors with climatic sensors can help
distinguish between activities that have similar motion patterns but different climatic
impacts, such as cooking (which may increase temperature and humidity) versus exercising
(which might not have the same climatic effect). This level of detail in activity recognition
is crucial for creating adaptive and responsive smart environments that can cater to the
specific needs and preferences of their occupants.

Moreover, results from evaluating the importance of different sensor-based factors
highlights the potential for optimizing sensor networks, not only to reduce redundancy and
cost but also to prioritize privacy and unobtrusiveness. By focusing on these sensors that
provide the most significant contributions to activity recognition, in real-world applications,
designers can minimize the number of sensors required, thereby addressing concerns about
privacy and the expense impact of technology within living spaces.

7.2.7 Limitation, indication, and future work

Limitations

A key limitation of this study is the reliance on younger participants to emulate the
behaviors and conditions of older adults. While this approach was necessitated by the
constraints of the COVID-19 pandemic, it introduces several potential biases and does not
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fully capture the complex dynamics of aging. Younger individuals may not accurately
replicate the physical and cognitive changes that occur with aging, such as decreased
mobility or slowed reaction times, which can impact the authenticity of the data collected.
Additionally, this simulation could potentially lead to psychological and physical strain on
the participants, as they adjust to unnatural activity levels and patterns. These factors could
influence the study's outcomes, introducing variability that would not be present with an
actual older adult population.

The limited sample size constrains our ability to fully capture the diversity of population,
including variations in physical abilities, health conditions, demographic characteristics,
and behavioral interactions with the environment and sensors. This limitation reduces the
representativeness of the dataset and could hinder the development of machine learning
models capable of generalizing effectively to a broader population, as smaller or less
diverse datasets have been shown to impact model performance and generalizability
adversely [347]. As is highlighted by Vabalas et al. [348], small sample sizes often produce
biases in the validation process, leading to overfitting and inflated performance metrics. In
the context of this study, these issues may influence the robustness of the models when
applied to scenarios outside the controlled environment of the study.

Furthermore, the controlled environment in which the study was conducted limits the
generalizability of our findings. The activities, environment, and duration of the tasks were
predefined and carefully structured, which does not fully reflect the complexity,
unpredictability, or variability of real-world scenarios. For example, the specific duration
of each activity was shorter than typical daily tasks performed by older adults, limiting
accurate predictions and interpretations of activity patterns for sustained cognitive and
physical engagement. Furthermore, the structured nature of the experiment, with specific
environmental conditions and task durations, may not fully replicate the dynamic and
unstructured nature of real-life activities that older adults encounter daily. This could result
in a reduced ability to generalize the results to more variable and complex real-world
settings. Nevertheless, we should emphasize that the controlled environment allowed us to
establish a proof of concept, and the findings from this study should be interpreted as a
foundational step to future work.

Indications

Despite the limitations, this study serves as an initial exploration in the development of
ADL recognition models using AAL technology. Our objective was to assess the
effectiveness of AAL technology for ADL recognition using various machine learning
models in a controlled setting, providing valuable insights that will inform subsequent
studies. The controlled environment allowed for systematic evaluation of different models,
ultimately establishing a foundation upon which future research can build.

We envision that the findings from this pilot study will guide future investigations into

more dynamic, real-world environments. By iterating on this research in uncontrolled
conditions and employing advanced methods such as transfer learning, we aim to achieve

145



a greater level of robustness and adaptability in ADL recognition. This study, therefore,
functions as a critical step towards achieving effective real-world implementations, while
also identifying potential directions for further exploration.

Future work

Future work will aim to address these limitations by conducting experiments with actual
older populations to validate our findings in more dynamic real-world settings. This will
allow us to better capture the variability, unpredictability, and complexity of everyday
activities. Additionally, we plan to extend the duration of activities to more closely mirror
the typical daily chores of older adults, thereby enhancing the realistic validity of our
research. Furthermore, we plan to increase the sample size and include a broader diversity
of participants, considering various physical abilities and health conditions, thereby
improving the representativeness of dataset, which ensures the robustness and
generalizability of our approach. We also intend to explore more optimized data
characteristics and sensor configurations to enhance the accuracy and reliability of activity
recognition using AAL technology. Specifically, we will investigate varying data
granularity to determine the optimal resolution needed for detecting daily activities
effectively. In addition, we will examine sensor location and density to determine how these
factors influence recognition performance, balancing effectiveness with resource
utilization. By identifying these optimal configurations, we aim to achieve robust ADL
recognition that is effective in diverse real-world environments.

In addition, for the future study in real-world, we plan to re-train the models using data
collected from real-world activities to address any biases introduced by the controlled
setting. We also plan to explore advanced modeling techniques such as transfer learning to
adapt models trained and promising results in controlled environments to real-world
settings.

7.2.8 Conclusion

This study has advanced the understanding of activity recognition for individuals using
AAL technology. By employing machine learning algorithms to analyze and compare the
efficacy of AAL sensors against wearable sensors, assessing activities within spatially
overlapping environments and identifying key sensor features, we have highlighted the
potential of contactless AAL sensors in enhancing recognition accuracy. The findings
demonstrate the feasibility of contactless activity recognition and underscore the
importance of selecting appropriate sensors and features. This contributes to the
development of smarter, more responsive environments for older individuals’ independent
living. Such advancements in monitoring and assistance technologies could lead to reduced
healthcare costs, lower rates of hospital readmissions, and improved long-term health
outcomes.

7.3 Discussion

The findings from this chapter demonstrate the feasibility and effectiveness of using AAL
technology for contactless recognition of ADLs among older adults. The high accuracy
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achieved by the machine learning models underscores the potential of AAL systems to
support independent living and enhance the quality of life for aging populations. However,
it is important to note that this proof-of-concept study was conducted with younger adults
in a controlled environment, which presents limitations when considering the applicability
of these results to real-world settings for the elderly.

The use of a controlled setting and a younger participant group, while effective for initial
testing, introduces challenges related to generalizability. The controlled nature of the
environment means that participants followed strict instructions when performing ADLs,
which may not reflect the complexity and variability of real-world activities in the homes
of older adults. Furthermore, the physiological and behavioral differences between younger
and older individuals can significantly affect the performance of ADL recognition models
when applied to the elderly. These factors highlight the need for further studies that directly
address the challenges posed by applying these models to older adults in less controlled,
real-life environments.

Future work will focus on adapting the models developed in this chapter to better
accommodate older adults and real-world conditions. This adaptation is crucial for ensuring
that AAL systems are truly effective in supporting independent living for the elderly,
especially in the unpredictable and diverse environments typical of their daily lives.
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Chapter 8 — Activity of Daily Living Recognition for Older Adults

— A Domain Adaptation Method

Kang Wang, Ashish Saragadam, Jasleen Kaur, Shi Cao, Moojan Ghafurian, Zahid A. Butt,
Plinio P. Morita. (submitted). “A Hybrid Transfer Learning Framework for Activity
Recognition in Older Adults using Ambient Assisted Living Technology, ~ Engineering
Applications of Artificial Intelligence.

8.1 Foreword

Building on the results of the previous chapter, which demonstrated the feasibility of using
AAL technology for contactless recognition of ADLs, this chapter addresses the challenges
of adapting these models to older adults in real-world settings.

To bridge this gap, this chapter explores a hybrid transfer learning framework aimed at
enhancing the generalizability of ADLs recognition models across different populations
and settings. Given the challenges of data scarcity and the difficulties associated with
collecting labeled data from older adults, a transfer learning approach is leveraged to adapt
the well-performing models from controlled experiments with young participants to
scenarios involving older adults in less structured environments. This approach is expected
to mitigate the limitations of data scarcity and enhance the robustness of the ADL
recognition models in diverse, real-world contexts. By aligning the feature distributions
between datasets from younger and older populations, the hybrid transfer learning
framework aims to improve model performance despite the scarcity of labeled data from
older adults.

Furthermore, this chapter seeks to address the discrepancy between controlled experimental
conditions and the more dynamic, real-world environments in which older adults reside.
The proposed hybrid transfer learning framework not only aims to adapt the models to a
different age group but also to increase their resilience to environmental variability. This
adaptability is essential for ensuring that AAL systems can provide meaningful support in
the day-to-day lives of older adults, thereby promoting independence and enhancing quality
of life.

The work presented in this chapter aims to ensure that the benefits of AAL technology can
be effectively extended to the elderly, thereby supporting their independence and well-
being in everyday living environments. By adapting models to better accommodate the
unique challenges associated with aging populations and unstructured settings, this chapter
contributes to the broader goal of creating scalable and effective AAL solutions that can
facilitate healthy aging and improve quality of life.

8.2 A Hybrid Transfer Learning Framework for Activity Recognition in Older
Adults using Ambient Assisted Living Technology
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8.2.1 Overview

Background

Recognizing activities of daily living is essential for developing intelligent monitoring
systems for older adults. A key challenge is the scarcity of labelled data from older adults
in real-world scenarios, which adds difficulty to developing robust activity recognition
models for them. This study aims to investigate a hybrid transfer learning framework to
bridge the gap in activity recognition from young populations in controlled settings, where
labeled data is abundant, and recognition performance is high, to older adults in real-world-
like settings using Ambient Assisted Living technology.

Methods

The study was conducted in an Ambient Assisted Living environment with two trials
forming distinct datasets: 40 young adults in a controlled setting and 26 older adults in a
semi-controlled setting. The hybrid transfer learning framework integrates Correlation
Alignment and Conditional Domain Adversarial Network to align features while
incorporating a small amount of labelled target data. Experiments evaluated the
framework's effectiveness against naive transfer learning and other domain adaptation
methods.

Results

The hybrid transfer learning approach significantly improved older adults’ activity
recognition performance, with the hybrid method achieving an accuracy of 0.576
(compared to a random guess baseline of 0.062) and an Fl-score of 0.538. This
outperformed standalone methods such as Domain Adaptation Network (accuracy: 0.479)
and Conditional Domain Adversarial Network (accuracy: 0.502). Naive transfer learning
showed poor performance, with accuracies and Fl-scores under 0.1 across all models.
Incorporating few labeled target domain data into the learning can further enhance
performance, with a maximum increase of 0.344 in accuracy.

Conclusion

The proposed hybrid framework provides a practical solution for improving activity
recognition performance to older adults. By leveraging transfer learning techniques and
limited labeled target data, this study highlights the potential of Ambient Assisted Living
technology to support older adults' independence and health monitoring, offering
innovative solutions for public health challenges.

Keywords: Ambient Assisted Living, Transfer Learning, Domain Adaptation, Human
Activity Recognition, Aging Population, Machine Learning

8.2.2 Background

The aging population represents a significant and growing global trend, posing both
challenges and opportunities for healthcare systems worldwide [1]. According to the United
Nations, the number of individuals aged 65 and older is projected to more than double,
reaching approximately 1.5 billion by 2050 [306]. This demographic shift is driven by
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declining birth rates and increasing life expectancy, which together result in an increasing
proportion of older individuals within the global population. As this trend continues, it
places immense pressure on healthcare systems to provide adequate care and support for
older adults. The demand for healthcare services that can support aging in place—allowing
individuals to live independently in their own homes for as long as possible—is greater
than ever [307]. This trend necessitates an increased emphasis on in-home healthcare
services that can provide continuous monitoring, timely interventions, and support, all
while fostering independence and reducing the burden on traditional healthcare facilities
[308].

In particular, the ability to monitor Activities of Daily Living (ADLs) is critical for
maintaining the quality of life for older individuals, especially those managing chronic
health conditions such as cardiovascular disease, diabetes, or mobility limitations [37].
Monitoring ADLs provides essential insights into an individual's health status and
functional ability, enabling early detection of potential health problems, timely medical
interventions, and personalized care planning [309]. Human Activity Recognition (HAR)
plays a crucial role in enabling such monitoring, as it facilitates the identification of normal
behavior patterns and the detection of deviations that may indicate potential health issues,
such as falls, reduced mobility, or changes in routine that could signal cognitive decline
[286]. HAR systems, therefore, have the potential to significantly enhance the quality of
life for older adults by providing continuous, unobtrusive monitoring and enabling timely
interventions when necessary [310].

Ambient Assisted Living (AAL) technology has emerged as a promising solution to address
the growing in-home healthcare needs of the older adults, providing a viable alternative to
traditional wearable sensors [24]. AAL systems utilize a range of non-intrusive ambient
sensors, such as motion detectors, pressure sensors, door sensors, and smart appliances, to
monitor individuals' activities without requiring them to wear any devices [283]. This
approach offers several advantages over wearable technologies, which can be
uncomfortable, intrusive, and prone to non-compliance, particularly among older adults.
Wearable devices often require regular maintenance, such as charging or calibration, and
may be forgotten or removed by the user, leading to gaps in monitoring data [311]. In
contrast, AAL systems are seamlessly integrated into the living environment, providing
continuous, reliable monitoring without requiring active participation from the individual
[312].

When integrated with artificial intelligence (AI), AAL systems can effectively interpret
sensor data to recognize activities and detect health anomalies [313], thereby offering a
comprehensive monitoring solution that supports aging in place. Al algorithms enable the
extraction of meaningful information from raw sensor data, identifying patterns and
detecting deviations that may be indicative of health concerns [314]. This integration allows
for proactive healthcare interventions, such as alerting caregivers to a potential fall or a
decline in activity levels that may suggest worsening health [204]. Compared to traditional
monitoring methods, AAL systems coupled with Al can provide a more holistic view of an

150



individual's health, capturing a wide range of activities and behaviors that can be used to
assess both physical and cognitive well-being [283]. By leveraging Al, AAL systems can
offer personalized insights and adaptive support, ultimately enhancing the independence
and safety of older adults.

Despite the potential benefits of AAL technology, a significant challenge in developing
accurate HAR models for older adults is the scarcity of relevant data [283]. Collecting data
from older populations is often constrained by privacy concerns, ethical considerations, and
practical challenges related to recruiting participants [315]. Older adults may be reluctant
to participate in data collection studies due to concerns about privacy, data security, or the
intrusiveness of monitoring technologies [316]. Additionally, physical or cognitive
impairments may limit their ability to participate in long-term data collection efforts,
resulting in smaller and less diverse datasets [317]. In contrast, data collection from
younger populations is more feasible, resulting in an abundance of datasets from young,
healthy individuals who are more likely to participate in controlled experimental settings
[283].

However, models trained exclusively on young adults' data may not generalize well to older
adults due to physiological and behavioral differences between the two populations. For
instance, some older adults may exhibit slower movement, reduced range of motion, and
different activity patterns compared to younger individuals [318]. These differences can
significantly impact the performance of HAR models, as algorithms trained on young adults
may fail to accurately recognize activities or detect anomalies in older adults [318]. This
discrepancy poses a substantial barrier to the effective deployment of AAL systems for
older adults, as the lack of representative data limits the accuracy and reliability of activity
recognition models [318]. Addressing this challenge requires innovative approaches to
improve model generalizability and ensure that HAR systems can effectively serve older
populations.

Another challenge pertains to the environment in which the data is collected. Data collected
under highly controlled conditions, with specific instructions for performing activities in a
structured manner, is often easier to obtain and can be used to train accurate models [319].
However, these controlled environments fail to capture the variability and unpredictability
inherent in real-world settings, such as those typical of older adults' homes [319]. In real-
world environments, activities are performed in a less structured and more dynamic context,
influenced by a variety of factors such as physical limitations, environmental obstacles, and
individual preferences [320]. Consequently, a significant challenge is how to apply models
trained on controlled data to semi-controlled or uncontrolled environments, which are more
reflective of daily living conditions [321]. Bridging this gap is crucial for developing HAR
models that are not only accurate but also robust and adaptable to the complexities of real-
world applications.

Transfer learning has increasingly been utilized in human activity recognition to overcome
these data limitations [322]. Transfer learning is a machine learning technique that involves
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transferring knowledge from a source domain with abundant data to a target domain with
limited data, thereby improving model performance in the target domain [322]. By
employing transfer learning, models trained on data-rich domains—such as young adults
in controlled environments—can be adapted to perform well in data-scarce domains, such
as older adults who live alone in real-world environments [323].

The use of transfer learning in HAR is particularly advantageous when dealing with
heterogeneous data sources and limited labeled data from the target population [324]. By
leveraging the similarities between activities performed by young and older adults, transfer
learning can effectively adapt models to recognize activities in older adults without
requiring extensive new data collection. This not only addresses the challenge of data
scarcity but also enables the rapid development and deployment of HAR models that are
capable of serving diverse populations. Transfer learning has the potential to enhance the
scalability and inclusivity of AAL systems, ensuring that they can provide reliable
monitoring and support for individuals across different age groups and living conditions
[325].

The aim of this research is to develop a robust approach to human activity recognition for
older adults by leveraging transfer learning techniques, to address the challenges of data
scarcity and environmental variability. Specifically, this study seeks to investigate whether
models trained on young adult data can be adapted using transfer learning method to
provide more accurate activity recognition for older adults in less controlled, real-world
environments. By doing so, this research aims to enhance the applicability and reliability
of AAL systems, ultimately contributing to the advancement of in-home healthcare for the
aging population. The outcomes of this research have the potential to improve the quality
of life for older adults by enabling continuous, unobtrusive monitoring, early detection of
health issues, and timely interventions, thereby supporting independent living and reducing
the burden on healthcare systems.

8.2.3 Related works

The development of HAR systems has been an area of significant research interest,
particularly in the context of healthcare applications for older adults. Traditional HAR
systems have predominantly relied on wearable sensors to monitor ADLs. Bao and Intille
pioneered the use of multiple accelerometers worn on different parts of the body,
demonstrating their effectiveness in recognizing activities like walking, sitting, and running
with high accuracy in controlled environments [326]. Similarly, Ravi et al. combined signal
processing methods and machine learning classifiers such as decision trees and k-nearest
neighbors to analyze sensor data, offering a foundational approach to HAR [327].

While wearable sensors provide accurate and granular data, they come with limitations,
particularly for older adults. Issues such as discomfort, the need for compliance, and the
risk of devices being forgotten or removed pose significant challenges [328]. These
challenges have prompted researchers to explore alternative methods like environmental
sensing, which avoids the burden of direct interaction with devices.
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AAL systems have emerged as an effective alternative to wearable sensors for ADLs
recognition, particularly for older adults. Unlike wearable devices, AAL systems rely on
environmental sensors, such as motion detectors, pressure sensors, and smart home
appliances, to unobtrusively monitor activities. For example, Chen et al. presented a survey
to examine the potential of AAL systems in ADLs recognition, highlighting their ability to
provide continuous and non-intrusive monitoring in real-world environments [329].
Similarly, Rashidi and Mihailidis reviewed AAL technologies, emphasizing their
advantages in reducing user burden and improving data reliability for older adults [204].
These systems also integrate seamlessly with machine learning models to enhance activity
recognition performance, as shown by Yuan et al., who utilized multi-model sensor fusion
in AAL environments to achieve high accuracy in ADLs detection [330].

The integration of machine learning and deep learning into HAR has been transformative,
enabling automated feature extraction and classification. Anguita et al. employed Support
Vector Machine classifiers, demonstrating their ability to classify activities, such as
walking, sitting, and laying down, using accelerometer and gyroscope data with high
accuracy in structured settings [331]. Their work highlighted the advantages of traditional
machine learning methods in reducing computational complexity while maintaining high
performance. With the rise of deep learning, researchers have moved towards neural
network architectures capable of handling more complex patterns in data. Ordénez and
Roggen introduced DeepConvLSTM, a hybrid convolutional and recurrent neural network
architecture designed to capture both spatial and temporal dependencies in activity data
[332]. Their method outperformed traditional machine learning classifiers, particularly in
datasets with diverse activities. Similarly, Hammerla et al. conducted a comparative
analysis of deep learning models, emphasizing the potential of recurrent architectures for
time-series HAR data [333]. However, despite these advancements, domain generalization
remains a significant challenge, as models trained on one dataset often struggle to adapt to
new sensor placements, user populations, or environmental settings.

Transfer learning has emerged as a key technique for addressing domain shift and data
scarcity in HAR. Pan and Yang provided a comprehensive survey, categorizing transfer
learning methods into instance-based, feature-based, and parameter-based techniques [334].
These methods are particularly relevant for HAR, where labeled data from diverse
populations and real-world is often limited. An et al. employed transfer learning to reveal
common features that can be transferred across users and adapted models to target domain,
demonstrating its effectiveness in cross-domain generalization with reduced computation
time [335].

Adversarial learning methods have further advanced transfer learning in HAR. For instance,
Tzeng et al. proposed Adversarial Discriminative Domain Adaptation, which aligns feature
spaces between source and target domains using adversarial networks [336]. In HAR, such
approaches can be employed to bridge the gap between controlled and real-world datasets
or between younger and older populations. Other domain adaptation techniques, such as
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Domain-Adversarial Neural Networks by Ganin et al. [337], leverage gradient reversal
layers to align source and target feature distributions, achieving robust cross-domain
performance.

Alternative approaches like Maximum Mean Discrepancy [338] have also been applied in
HAR to minimize the statistical distance between source and target domains [339]. By
leveraging the inherent similarities between activities performed by young and older adults,
these methods can reduce the need for extensive labeled data from older populations. This
has shown promise in addressing the challenges of HAR for aging populations.

8.2.4 Current challenges

One of the primary challenges in HAR for older adults is the scarcity of representative
labeled data [283]. Data collection from older populations is often constrained by ethical
concerns, privacy issues, and logistical difficulties, making it challenging to obtain large
and diverse labeled datasets. Consequently, datasets from older adults tend to be smaller
and less diverse, which limits the ability of machine learning models to generalize
effectively. In contrast, data collection from younger populations is more feasible, but
models trained solely on this data struggle to generalize effectively to older adults due to
physiological and behavioral differences. These differences include variations in
movement patterns, speed, and range of activities, which can lead to decreased accuracy
and reliability of HAR models when applied to older populations.

Another significant challenge is the discrepancy between controlled data collection
environments and real-world settings [340]. Data collected in controlled environments is
easier to obtain and can be used to train accurate models, but these models often fail to
capture the complexity and variability inherent in real-world situations. Real-world
environments, particularly in older adults' homes, are less structured and subject to
numerous influencing factors, such as environmental obstacles, personal preferences, and
physical limitations. Consequently, models trained in controlled settings may not perform
well in semi-controlled or uncontrolled environments.

8.2.5 Contribution of study

Key contributions of this study:

1) This study addresses the scarcity of representative labeled data from older adults by
leveraging a hybrid transfer learning framework to adapt models trained on younger
populations. By aligning feature distributions between younger and older adults’ data, the
research enhances the generalizability of human activity recognition models, making them
applicable to older populations without the need for extensive data collection.

2) The study contributes by developing methodologies that improve the robustness and
adaptability of HAR models trained in controlled environments to perform effectively in
real-world, less structured conditions. This approach can help models remain accurate and
reliable when deployed in the dynamic, real-world environments typical of older adults'
homes, thereby supporting real-life applications of AAL technology.
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8.2.6 Research questions

1) How effectively can AAL sensor data be used to recognize human activities in different
populations and control settings?

2) How to create a hybrid transferring learning framework that can be utilized to improve
the generalizability of human activity recognition models trained on younger adults' data
to effectively recognize activities in older adults?

8.2.7 Method

This section outlines the methods used in the study, including the materials used, ADLs
scripts, conducted study experiment, and the proposed approach framework.

8.2.7.1 Materials

The materials utilized in the study include a variety of AAL devices, and an AAL
environment.

8.2.7.1.1 AAL devices

In this study, a smart home environment was designed using advanced sensor technologies
from Swidget Corporation. Unlike traditional smart home systems that depend on a central
hub, which may quickly become outdated, this approach replaced existing electrical outlets
and switches with intelligent versions that incorporate smart hub functionality. These
outlets and switches were enhanced with interchangeable sensor inserts (e.g., temperature
sensor, humidity sensor) to add various smart features as needed.

The smart home environment featured Swidget's intelligent outlets and switches, along with
three types of sensor inserts to monitor indoor conditions. Specifically, the sensors included
air quality sensors, temperature and humidity sensors, and motion sensors. These sensors
collected data at a 30-second frequency, providing continuous monitoring of the
environment. Their detailed features are shown in Table 21.

Table 21. AAL sensor information

Device type Parameter measured | Value range / unit Data type
Activity state 0=0ff,1=0n Binary

Smart outlet ; .
Energy usage Measured in watts (W) | Numeric

Smart switch Activity state 0=0ff,1=0n Binary
Energy usage Watts (W) Numeric
Air quality index | 0-500 Numeric
(AQI)

Air quality sensor | eCO» 400 - 6000 ppm Numeric
Air pressure 300 - 1100 hPa Numeric
bVOCs 0 - 1000 ppb Numeric

Temperature & | Room temperature -10°C - 40 °C Numeric

Humidity sensor | Relative humidity 0 - 100% Numeric

Motion detector Movement detection | Up 1to 3 meters, 120° | Binary

angle
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The selection of these sensors was informed by a scoping review by Wang et al. [283],
which identified key sensor types most effective for AAL systems in recognizing ADLs.
The review highlighted that occupancy, environmental, and power sensors are the most
suitable for activity recognition in smart home environments. The chosen sensors ensured
a comprehensive, well-balanced monitoring solution for tracking environmental
parameters, movement, and device usage, enabling robust data collection for activity
analysis.

8.2.7.1.2 AAL environment

To create a realistic AAL environment, an actual apartment within the Research Institute
for Aging in Waterloo was adapted as a smart home setting, as illustrated in Figure 37. The
unit included essential living spaces such as a bedroom, bathroom, living room, and kitchen,
all furnished to reflect the daily needs of its occupants.
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Figure 37. AAL environment

The smart home setup was constructed using the devices described in above section.
Specifically, Swidget's intelligent outlets and switches, along with the appropriate sensor
inserts, were deployed throughout the apartment to maximize data collection from routine
activities. Standard switches and outlets were replaced with smart versions to create a
versatile infrastructure capable of supporting various sensor inserts. The placement of
selection of these sensors was informed by the unique characteristics of each space and the
typical activities performed there.

For example, the kitchen was equipped with a higher concentration of temperature and
humidity sensors to monitor fluctuations induced by cooking activities. Air quality sensors
were installed in the living room and bathroom to capture changes related to occupancy and
exposure to moisture or chemical emissions. Motion sensors were attached to each smart
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outlet and switch throughout the apartment to ensure comprehensive detection of activities
across different areas. This deployment strategy enabled a robust network of sensors to
effectively capture environmental and activity data, resulting in a highly functional AAL
environment.

The final sensor deployment consisted of 17 smart outlets, 6 smart switches, 23 motion
sensors, 23 temperature and humidity sensors, and 2 air quality sensors, providing extensive
coverage of all living spaces. This configuration ensured a thorough and well-distributed
monitoring solution that could support detailed analysis of ADLs within a smart home
context.

8.2.7.2 ADLs scripts for two settings

The ability of older adults to perform ADLs is a crucial indicator of their autonomy and
overall functional capacity. In line with the methodology described in [248], the
development of ADL scripts focused on five key categories: initial familiarization activities,
posture adaptation tasks, movement coordination activities, basic ADLs (BADLs), and
instrumental ADLs (IADLs). These scripts aimed to comprehensively capture the spectrum
of activities typically performed in a home environment, allowing for a realistic simulation
of daily routines. Each category of ADLs was carefully designed to test distinct physical
and cognitive skills, thereby offering a well-rounded representation of daily functional
requirements. For each category, four to five scenarios were developed to represent the
associated ADLs.

Specifically, phase 1 was designed to introduce participants to simple tasks and help them
become comfortable with the experimental environment. Phase 2 focused on activities
involving posture changes and body positioning, emphasizing participants' ability to adjust
their posture to carry out various tasks effectively. Phase 3 introduced activities requiring
greater movement throughout the home, concentrating on the coordination of movement
with daily activities, thus enhancing mobility and reach. Phase 4 centered on essential
BADLs, such as cleaning and meal preparation, which are fundamental for independent
living. Finally, phase 5 included IADLs, which involve more complex activities necessary
for independent functioning but do not necessarily fall under basic self-care.

As the objective of the study is to investigate whether the outcomes from the controlled
setting could be generalized to a semi-controlled setting, we created two associated sets of
ADL scripts. These scripts followed the same five phases described above, ensuring that
the activities remained consistent across the two experimental conditions, allowing for a
direct comparison of participant performance and system efficacy between the controlled
and semi-controlled ADLs settings. Detailed descriptions of the controlled and semi-
controlled settings are as follows:

Controlled ADLs setting

The controlled setting meant that participants performed ADLs under detailed instructions
provided by the researcher. These instructions included specific actions to be performed,
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the sequence of those actions, and the duration for which each action should be carried out.
This highly controlled setting allowed for consistency and minimized variability, providing
a stable baseline for understanding how participants interacted with the AAL technology.
The detailed ADLs instructions can be found in Appendix E.

Semi-controlled ADLs setting

In this setting, participants still received instructions, but the level of detail was
significantly reduced compared to the first trial. Instead of receiving step-by-step guidance,
participants were given a general scenario and tasks at beginning, allowing them the
freedom to decide the interaction with the environment, additional actions, and the duration
of each action within that scenario. This semi-controlled approach introduced moderate
variability, simulating a more realistic and flexible environment. The detailed ADLs
instructions can be found in Appendix E.

This dual ADLs setting approach allowed us to assess the adaptability of the AAL system
across different conditions, particularly when transitioning from a controlled to a semi-
controlled setting. The semi-controlled environment was especially useful for evaluating
the system's effectiveness for older adults, who may experience age-related challenges in
mobility or cognitive function, as it more accurately reflected the variability of real-world
living environments.

8.2.7.3 Study
The entire study was conducted in two distinct trials, each involving a different group of
participants and designed under varying conditions. Each trial was characterized by specific
participant demographics and experimental environments to comprehensively assess
human activity recognition in AAL settings.
e The first study trial was conducted with young adult participants in the controlled
setting to establish a baseline dataset.
e The second study trial involved older adults in the semi-controlled environment to
better represent the target population and capture real-world conditions while
maintaining sufficient structure for reliable data collection.

HYAC: healthy younger adults in controlled setting
HOASC: healthy older adults in semi-controlled setting

8.2.7.3.1 Participants

The first study trial’s cohort were recruited by engaging students from the University of
Waterloo, utilizing both campus-wide flyer distribution and the university's internal
participant pool. A preliminary screening using a detailed questionnaire was conducted to
assess participants' ability to independently perform ADLs, based on predetermined
inclusion and exclusion criteria. The inclusion criteria required participants to be capable
of performing ADLs without assistance, have no health conditions affecting mobility, and
be willing to comply with study procedures. They also needed to understand and follow the
instructions provided. Individuals unable to comply with study protocols were excluded.
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Following the screening process, the cohort was formed, comprising 40 participants (17
men and 23 women), aged between 18 and 39 years, with an average age of 24 years old.

For the second study trial, participants were recruited from the Waterloo Research in Aging
Participant Pool. Recruitment involved sending emails and providing a pre-screening
questionnaire to determine eligibility, focusing primarily on participants' independence in
performing ADLs. This trial included 26 older adult participants, consisting of 6 men and
20 women, aged between 65 and 86 years, with an average age of 76 years old.

To ensure participants' privacy, all personal data were de-identified. The entire study was
conducted under ethical approval ORE #43843, obtained from the University of Waterloo's
Research Ethics Office.

8.2.7.3.2 Study procedure and data collection

Prior to the start of the experiment, participants provided written informed consent and
completed a demographic questionnaire. They were subsequently introduced to the smart
home environment, becoming familiar with its sensor-equipped appliances, various living
spaces, and furniture. This familiarization phase ensured that participants were comfortable
with the setup before beginning the experimental procedures.

Throughout the experiment, participants' activities were continuously monitored via
cameras from an observation room, and instructions for each activity were provided
through a mobile phone. All two participant groups followed the same study procedure and
data collection process, differing only in the level of control applied. Observers provided
different levels of instruction based on whether the ADLs setting was controlled or semi-
controlled. The sequence of activities was predetermined and aligned with the phases and
scenarios described earlier. Participants were encouraged to proceed independently, with
additional guidance provided only upon request. A brief one-minute break was allotted
between each scenario to reset the sensors and prepare for the next activity. An observer
recorded the start and end times for each activity on a log sheet, facilitating data annotation
and labeling during subsequent analysis. Each session was conducted individually. In the
controlled setting, each scenario lasted approximately five minutes, with the entire
experimental session taking around two hours. In the semi-controlled setting, no specific
time requirement was imposed, allowing the duration of each activity to vary based on
participants' preferences and natural pace.

Ambient sensor data was collected using the UbiEco cloud-based big data pipeline [279].
Raw sensor data was gathered through the manufacturer's Application Programming
Interface (API) and reformatted for secure storage in a MySQL database on the Azure cloud
platform.

8.2.7.3.3 Data cleaning and pre-processing

To ensure the reliability of the ambient sensor dataset prior to analysis, a thorough cleaning
and pre-processing phase was undertaken. The sensors deployed for data collection
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functioned solely as raw data acquisition tools, without any capabilities for data
standardization or processing. Raw data was retrieved directly from the manufacturer's API
and processed locally using dedicated servers.

The dataset included numerical readings such as temperature and humidity, as well as
binary indicators for occupancy states. To integrate data from various sources, all
measurements were standardized in terms of units and formats. For example, temperature
readings from different sensors were converted to a uniform scale (i.e. degrees Celsius).
Additionally, timestamps were synchronized across all sensors to ensure temporal
alignment, enabling consistent data granularity across the dataset.

Outlier detection and removal were applied to numerical data using z-score analysis, which
identified and excluded extreme values that could affect subsequent analyses. This ensured
that the dataset reflected typical environmental conditions. Binary data was applied with
contextual and logical validations to identify anomalies. For instance, rapid changes in
occupancy states were flagged as unrealistic during contextual checks, while logical
inconsistencies, such as conflicting sensor readings for the same event, were identified and
addressed.

Missing data were handled differently depending on the data type. For numerical attributes,
missing values were imputed with the mean of the corresponding variable within the
scenario to preserve continuity. For binary indicators, missing values were replaced with
the mode to maintain the integrity of categorical data.

To address redundancy, particularly in rooms equipped with multiple temperature and
humidity sensors, correlations between sensor outputs were analyzed. When high
correlations were observed, readings from these sensors were averaged to create a single
representative value per parameter for each room. This step reduced data redundancy while
retaining the essential environmental information, enhancing interpretability and
simplifying subsequent analyses.

8.2.7.4 A hybrid transferring learning framework

This section introduces the theories of models used in the proposed hybrid transferring
learning framework and its structure.

8.2.7.4.1 Theories

Correlation alignment (CORAL)

CORAL [341] is a feature-based method for domain adaptation in transfer learning,
designed to align the distribution of feature representations between a source and a target
domain. This alignment is achieved by minimizing the discrepancy between their
covariance matrices, which helps reduce domain shift and improves the transferability of a
model trained in one domain to another. CORAL specifically adjusts the second-order
statistics of the source and target features by applying a whitening and re-coloring
transformation. This process encourages the source features to match the statistical
properties of the target features, facilitating more robust performance across domains.
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The core principle of CORAL involves minimizing the difference between the covariance
matrices of the source (Hs) and target (H;) domain features. The objective function for
CORAL is given by:

1
Leorar= v |Cov(H,)-Cov(H)II%

Here d represents the feature dimensionality, and || - ||z denotes the Frobenius norm. The

function Cov(X) stands for the covariance matrix of the feature matrix X, calculated as:
Cov(X) =X'C,.X

where C, = I, — (1,1) / n is the centering matrix, /, is the identity matrix of order n, and 1,

is n-dimensional vector of ones. This centering process ensures that the covariance matrices

accurately capture the structure of the data in each domain.

By minimizing Lo, CORAL effectively aligns the feature distributions between the
source and target domains, enhancing the model's generalization capabilities across
different domains. This technique is especially beneficial when incorporated into deep
neural networks [344], as it enables the alignment of intermediate feature representations,
thereby reducing the discrepancy between domains.

Conditional domain adversarial networks (CDAN)

CDAN is an advanced approach to domain adaptation that builds upon adversarial learning
by conditioning domain alignment on class-specific information [323]. Traditional
adversarial domain adaptation methods focus on aligning global feature distributions across
the source and target domains, which can overlook the structure within each class. CDAN
addresses this limitation by aligning the conditional distributions, ensuring that features
within each class in the source domain align closely with those in the target domain, thereby
preserving class-specific discriminative characteristics across domains.

The key mechanism behind CDAN involves using a conditional domain discriminator that
receives features conditioned on their class labels. This discriminator is trained to
differentiate between source and target features within each class, encouraging the model
to produce domain-invariant representations that retain class separability. The CDAN
objective function is formulated as a combination of an adversarial loss and a classification
loss:
Lepan = Laavt Mg

where A is a hyperparameter controlling the trade-off between the adversarial loss £,
and the classification loss L.

The adversarial loss £, is designed to align feature distributions in a class-conditioned
manner. The domain discriminator, denoted by D, takes as input the features extracted by
the feature extractor f(x) along with the predicted class probability p(y = k|x). The
adversarial loss is defined as:
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where D(f(x), y = k) represents the probability that the feature f(x) belongs to the source
domain given the class label y = k. p(y = k|x) is the predicted probability of class & for input
X, computed by a classifier over the feature representations.

This adversarial term encourages the discriminator D to fail in distinguishing between
source and target domains for each class, thereby aligning the conditional distributions
p(y = k|x) across the domains.

The classification loss £ is a standard supervised loss applied to the labeled source data
to ensure that the learned features retain their predictive power. For a source domain sample
Xs with true label y;, the classification loss is typically defined as the cross-entropy loss:

K
La= = Fuyx, ) 1y, = K log ply =Fix)
k=1

where 1[ys = k] is an indicator function that equals 1 if the true label ys is &, and p(y = k|xs)
is the predicted probability of class & for the source sample x.

The overall objective of Lp 4y, seeks to minimize the classification loss for source domain
samples while maximizing the conditional alignment of source and target features.

8.2.7.4.2 Hybrid transfer learning framework

We propose a hybrid transfer learning framework that integrates CORAL with CDAN to
enhance domain adaptation in this human activity recognition task. As illustrated in Figure
38, the framework consists of three main components: the modified class-wise CORAL
module, a shared feature extractor, and a conditional domain adversarial alignment module.
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Figure 38. Hybrid transfer learning framework

The process begins with the modified CORAL module, which performs class-wise
covariance alignment between the source and target domains. This ensures that the feature
distributions for each class are aligned, minimizing inter-class interference and allowing
for more precise adaptation. The aligned features are then passed to the shared feature
extractor, which maps the data into a common feature space. These features are
subsequently utilized by two branches: a label classifier and a domain discriminator. The
label classifier predicts activity labels for the source domain and generates pseudo-labels
for the target domain. These pseudo-labels enable conditional alignment, as they
approximate the target domain's class distribution. Concurrently, the domain discriminator
is used to align the feature representations from both domains. To achieve this, a Gradient
Reversal Layer is introduced between the feature extractor and the domain discriminator.
This adversarial training process ensures that the feature extractor learns to generate
domain-invariant features that make it difficult for the discriminator to distinguish between
the source and target domains. This approach ensures that if the classifier achieves good
performance in the source domain, it can also achieve comparable performance in the target
domain by leveraging the shared, domain-invariant feature representations.

8.2.7.5 Data summary

Following data cleaning and the exclusion of noisy data, two primary datasets
corresponding to each trial were prepared for this study. We use HYAC and HOASC to
represent each dataset, respectively. HY AC dataset is with 7532 instances and the HOASC
dataset is with 4772 instances. Both datasets include 125 features (Table 22), which
associated with sensor and environmental information.
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Table 22. AAL features table

Features

Description

Outlet 0 on 01-18

18 features
Binary data reflecting the on/off states of the upper ports as
captured by outlet sensors designated as O01 to O18.

Outlet 1 on 01-18

18 features
Binary data reflecting the on/off states of the lower ports as
captured by outlet sensors designated as O01 to O18.

Outlet 0 avg 01-18

18 features
Continuous data reflecting the energy usage of the upper
ports as captured by outlet sensors designated as O01 to O18.

Outlet 1 _avg 01-18

18 features
Continuous data reflecting the energy usage of the lower
ports as captured by outlet sensors designated as O01 to O18.

switch_avg S01-S11

11 features
Continuous reflecting the energy usage of switch sensors
designated as SO1 to S11.

living temp

living _humi

kitchen temp

kitchen _humi

dining temp

dining_humi

bedroom_temp

bedroom_humi

bathroom_temp

bathroom _humi

10 features
Measurement of temperature and humidity across five
rooms.

motion_01-23

23 features
Binary data reflecting the occupancy states from 23 passive
infrared sensors.

aq_co2 004

aq_iaq 004

aq_tvoc_004

aq_co2 009

aq_iaq_ 009

aq_tvoc_009

aq _co2 S11

aq iaq S11

aq _tvoc SI11

9 features
Measurement of air quality related parameters from 3
environmental sensors.
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such as P1S1.

Activity Label Label category that associated with each daily living activity,

Figure 39 shows the label distribution for each dataset. The labels are associated with

activity scenarios.
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Figure 39. Data label distribution
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Figure 40 presents the t-SNE visualizations for each dataset. Different colors represent
different activity labels. Both visualizations show overlaps among labels, with the HOASC
dataset exhibiting more severe overlap, indicating the challenges of distinguishing activities

and generalizing models from source to target.
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Figure 40. t-SNE visualization on two datasets

8.2.8 Results

This section presents the machine learning models, evaluation metrics, computational setup

used in analytics, and the results obtained from the analysis.
8.2.8.1 Models & Evaluation Metrics

During the data analysis stage, apart from transfer learning models, we also utilized five
commonly employed machine learning algorithms: K-Nearest Neighbours (KNN),
Decision Trees (DT), Random Forest (RF), Adaptive Boosting (AdaBoost), and Gaussian

Naive Bayes (GNB).
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To thoroughly assess the performance of these machine learning models, we adopted four
key metrics: Accuracy (ACC), Precision, Recall, and F1-Score. These metrics offer a
comprehensive evaluation of the model's strengths and weaknesses. The definitions of the
metrics are given below:

Accuracy = (TP + TN) / (TP + TN + FP + FN)

Precision = TP / (TP + FP)

Recall = TP / (TP + FN)

Fl-score =2 x ((Precision x Recall) / (Precision + Recall))

where TP, FP, FN, and TN represent True Positive, False Positive, False Negative, and
True Negative, respectively. In the results, we use weighted F1 score.

8.2.8.2 Computational setup

The evaluation was performed on a Linux server running Ubuntu version 22.04.3, with
16GB of RAM to ensure stable and efficient data handling. The software environment
consisted of Python version 3.10.12, along with essential libraries, including Pandas v1.3.5,
Matplotlib v3.5.1, and Numpy v1.21.5, among others. For machine learning and deep
learning, Scikit-learn version 1.3.2 and PyTorch v2.5.1 were used as the main framework.

8.2.8.3 Separate performance on individual datasets

The following results in Table 23 are based on separate training and testing on each dataset
(8:2 training and test ratio) with 5-folder cross validation. It shows considerable differences
in model performance across different population groups and environmental conditions.

Table 23. Model performance when separate training and test (no transfer learning)

ACC Precision | Recall F1-score
HYAC | KNN 0.937 0.940 0.937 0.936
DT 0.863 0.861 0.863 0.860
GNB 0.546 0.627 0.546 0.516
RF 0.953 0.951 0.953 0.950
AdaBoost | 0.964 0.966 0.964 0.964
HOASC | KNN 0.476 0.472 0.476 0.470
DT 0.505 0.506 0.505 0.504
GNB 0.192 0.159 0.192 0.133
RF 0.596 0.596 0.596 0.588
AdaBoost | 0.661 0.672 0.661 0.653

The performance of the machine learning models on the HYAC dataset is notably high
across all evaluation metrics, with the highest ACC achieved by AdaBoost (0.964) and RF
(0.953). These results indicate that the controlled environment of the HY AC dataset enables
the models to achieve high accuracy, precision, recall, and Fl-score, suggesting that
activity recognition is more straightforward in such settings. Specifically, AdaBoost
outperformed other models, achieving consistent performance across all metrics, with an
F1-score of 0.964. This high performance highlights the benefit of the controlled nature of
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the dataset, where activity patterns are easier to identify. Similarly, RF achieved
competitive results, with high accuracy and F1-score, reflecting the advantages provided
by the controlled setting of the HYAC dataset. The KNN classifier also achieved good
results, with an accuracy of 0.937, though it lagged slightly behind the ensemble methods,
again benefiting from the controlled dataset environment. The DT classifier showed
moderate performance (ACC of 0.863), while GNB was the weakest model (ACC of 0.546),
indicating that even in controlled settings, simpler models may struggle to capture the
complexity of activity data.

In contrast, the performance of all models on the HOASC dataset is significantly lower.
Even the best-performing model, AdaBoost, achieved only an accuracy of 0.661 and an F1-
score of 0.653. The Random Forest classifier also struggled, achieving an accuracy of 0.596,
which is considerably lower compared to its performance on the HY AC dataset. The KNN
and DT models performed poorly, with accuracies of 0.476 and 0.505, respectively,
indicating that these models struggle to handle the variability and increased complexity
present in the HOASC dataset. The GNB classifier, with an accuracy of only 0.192, was
unable to provide reliable activity classification, which is unsurprising given its limitations
in handling complex, overlapping feature distributions typical of semi-controlled
environments.

These results highlight the challenge of recognizing activities in older adults under semi-
controlled conditions, where increased variability and complexity of activities make
classification more difficult. The HOASC dataset's semi-controlled nature introduces
greater unpredictability compared to the controlled HY AC dataset, which likely contributes
to the lower performance. Furthermore, in real-world applications where labeled data is
even harder to obtain, training effective models solely on such limited datasets becomes
significantly more difficult.

8.2.8.4 Transfer learning

In transfer learning, an unsupervised learning approach is typically employed, where a
source domain dataset with labels is used to transfer knowledge to a target domain dataset
without labels. In this study, the HYAC dataset is used as the source domain, while the
HOASC dataset serves as the target domain. It is important to note that in this experiment,
we reuse the same training and test sets from the previous analysis for consistency, with a
modification: the HY AC dataset, originally split in an 8:2 ratio for training and testing, now
uses its test portion as the validation set. The HOASC dataset retains its original 8:2 split
for training and testing. During the training phase, we use unlabeled training HOASC data
to assist the transfer, while the labels are employed only during the testing phase to evaluate
model performance.

8.2.8.4.1 Naive transfer

Naive transfer refers to a simple approach where we train a model on the source dataset and
then directly apply it to the target dataset without any domain adaptation or specific transfer
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learning techniques. In this analysis, we trained and validated the model on the HYAC
dataset and then applied it to the HOASC test dataset. The results are shown in Figure 41.
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Figure 41. Naive transfer performance using five models

The results of the naive transfer approach demonstrate very poor performance across all
models, with accuracy, precision, recall, and F1-score all under 0.1, comparing to a random
guess baseline of 0.062. Specifically, AdaBoost achieved an accuracy of 0.098, followed
closely by RF (0.092), indicating that direct transfer from the controlled HY AC dataset to
the semi-controlled HOASC dataset leads to a significant decline in performance. KNN
showed an accuracy of 0.081, while DT and GNB performed even worse, with accuracies
0f 0.058 and 0.053, respectively.

The precision, recall, and F1-score metrics also reflect the poor transferability of the models.
For AdaBoost, the F1-score was only 0.070, with similar metrics for RF (0.061) and KNN
(0.073). DT and GNB showed the lowest F1-scores, at 0.028 and 0.023, respectively. These
results clearly highlight that the models trained on the controlled HY AC dataset are unable
to effectively generalize to the HOASC dataset, which exhibits higher variability and
complexity.

The decline in performance across all models highlights the difficulty of directly applying
activity recognition models trained on controlled datasets to semi-controlled settings,
particularly when dealing with a population that exhibits different movement
characteristics, such as slower and less consistent motions.

8.2.8.4.2 Hybrid transfer learning

In this section, we extended the exploration of transfer learning by employing a hybrid
approach that combines CORAL with CDAN. The aim is to address the limitations
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observed with naive transfer by leveraging advanced domain adaptation techniques to align
the feature distributions between the source and target domains more effectively.

We conducted a comparative analysis of the hybrid approach (CORAL + CDAN) against
four other transfer learning methods: CORAL, Reverse Transfer Network (RTN), Domain
Adaptation Network (DAN), and CDAN alone. For CORAL, we aligned the feature
distribution from the target domain (HOASC) to the source domain (HYAC) and then
applied the previous five machine learning models as classifier. For the other methods
(RTN, DAN, CDAN, and the hybrid approach), the network structure inherently includes
a classifier, and we used that classifier directly to evaluate performance. Specifically, the
hybrid approach first applied CORAL to align the features between domains, followed by
CDAN for further adaptation and classification. The results are shown in Table 24.

Table 24. Comparison of using different transfer learning methods

ACC Precision Recall F1-score
CORAL KNN 0.176 0.234 0.176 0.165
DT 0.095 0.128 0.095 0.066
GNB 0.344 0.446 0.344 0.322
RF 0.154 0.161 0.154 0.126
AdaBoost 0.139 0.192 0.139 0.105
RTN 0.053 0.018 0.053 0.011
DAN 0.479 0.472 0.471 0.448
CDAN 0.502 0.497 0.502 0.472
CORAL+CDAN 0.576 0.572 0.576 0.538

The results reveal notable improvements of the hybrid transfer learning approach compared
to the other methods, although the overall performance metrics still fall under 0.6. The
hybrid approach achieved an accuracy of 0.576, with an F1-score of 0.538. This represents
a significant improvement over the individual methods, such as CORAL and CDAN alone,
where CDAN achieved an accuracy of 0.502, and CORAL showed varying performance
depending on the classifier used. Among the classifiers used with CORAL, GNB exhibited
the highest accuracy (0.344), while KNN, DT, RF, and AdaBoost performed poorly, with
accuracies ranging from 0.095 to 0.176. The better performance of GNB can be attributed
to its reliance on estimating Gaussian probability distributions, which benefits from
CORAL'’s alignment of feature covariances between the source and target domains. In
contrast, classifiers like KNN, DT, RF, and AdaBoost, which depend more on raw feature
relationships or decision rules, may be less sensitive to this covariance alignment,
contributing to their lower accuracies. The hybrid approach outperformed the standalone
CORAL, RTN, DAN, and CDAN methods. Specifically, RTN, with an accuracy of only
0.053, showed minimal ability to adapt the source-trained model to the target domain. DAN
performed slightly better, with an accuracy of 0.479, while CDAN achieved a moderate
accuracy of 0.502.
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The precision, recall, and Fl-score metrics for the hybrid method also highlight its
advantage over other methods. For the hybrid approach, precision and recall were both
0.572, compared to 0.497 and 0.502 for CDAN, and 0.472 and 0.471 for DAN, respectively.
The Fl-score for the hybrid method (0.538) is also the highest among all the tested
approaches, indicating better overall balance between precision and recall. Notably, GNB,
when used with CORAL, achieved the highest accuracy among the classifiers (0.344), but
the F1-score remained low (0.322), suggesting that the predictive capability was not well
balanced between false positives and false negatives.

The visual representation of the source and target data using t-SNE is presented in Figure
42, with Figure 42(a) showing the distribution before adaptation and Figure 42(b) showing
the distribution after applying the hybrid approach. Before adaptation, there is a clear
boundary between the source and target data, indicating minimal overlap. After applying
the hybrid transfer learning approach, the data becomes clustered, with significant overlap
or approaching position between the source and target domains, indicating improved
alignment and adaptation performance. In Figure 43, which is annotated by data labels,
Figure 43(a) shows that all data points from target and source domain are mixed and hard
to distinguish by labels. However, Figure 43(b) shows that after adaptation, target data
points overlap or are positioned closer to the source data with the same label, indicating
successful grouping and improved class separability.
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Figure 42. t-SNE visualization on source and target domain before and after transfer
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8.2.8.4.3 Mixing HOASC data analysis

Increasing training set size

In order to further improve performance, we explored an approach that involved mixing
target domain data (HOASC) with source domain (HYAC) data during the training phase.
The goal was to determine whether incorporating different proportions of target domain
data into training could enhance the model's ability to generalize to the target environment.
The hybrid transfer learning approach demonstrated the potential of domain adaptation, and
thus we leveraged the feature extractor layer trained in the hybrid network to extract
features from both source and target domain. After that, we trained classifiers by mixing
varying percentages of target domain training data (ranging from 0% to 50% in increments
of 10%, and the number of target domain samples added is calculated by percentage with
number of source domain data) with source domain data, using the five machine learning
models: KNN, DT, GNB, RF, and AdaBoost. This strategy will increase the training set
size when mixing different portion of target domain data. The target domain test data was
then used as the test set to evaluate model performance. The results are shown in Figure 44.
The detailed values of these results can be found in Appendix F.
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Figure 44. Model performance with mixing different ratio of target domain data (after transfer learning

and with increasing training set size)
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The accuracy and Fl-score trends depicted in the results clearly demonstrate an overall
improvement in performance as more target domain data was incorporated into the training
process. The most notable improvement was observed in the AdaBoost classifier, where
accuracy increased from 0.549 with no target domain data to 0.920 when the amount of
HOASC data added was equal to 50% of the total number of HY AC. Similarly, Random
Forest showed a substantial increase in accuracy, from 0.510 to 0.914, as the proportion of
HOASC data in the training set grew. These results indicate that blending the source and
target domain data during training can significantly enhance the models' capability to
handle the variability inherent in the HOASC dataset.

For other models such as KNN and DT, the trend was also positive, although not as
significant compared to AdaBoost and RF. KNN achieved an accuracy of 0.912 at the
highest mixing level, while DT improved from 0.443 to 0.846 as the proportion of HOASC
data increased. The gains in both accuracy and F1-score highlight the value of including
even small amounts of target domain data in the training process to enhance performance.
In contrast, GNB exhibited a different trend; while initial increases were observed with
small percentages of target data, performance plateaued and then slightly decreased at
higher percentages, with accuracy dropping from 0.576 at 40% mixing to 0.536 at 50%.

The F1-score data closely mirrors the accuracy trends. AdaBoost demonstrated the highest
F1-score, increasing from 0.506 with no HOASC data to 0.919 with 50% HOASC data,
indicating a well-balanced performance between precision and recall as more target domain
data was included. Random Forest followed a similar pattern, with its F1-score rising from
0.470 to 0.913. KNN and DT also experienced improvements, reaching F1-scores of 0.911
and 0.846, respectively, at the highest mixing levels. GNB, however, showed an
inconsistent pattern, with the F1-score peaking at 0.549 at 40% mixing before declining
slightly.

Fixed training set size

In the previous analysis, we augmented the source domain (HYAC) by adding increasing
proportions of target domain data (HOASC), resulting in a growing training set size as the
target ratio rose from 0% to 50%. This approach raised the possibility that the observed
improvements in model performance were primarily due to the increased volume of
training data rather than the incorporation of target-specific information. To investigate this
hypothesis, we conducted a complementary analysis where the total training set size was
held constant across all models and ratios. Specifically, for each increment of target domain
data added (e.g., 10%, 20%, 30%), we randomly removed an equivalent number of samples
from the source domain, maintaining a fixed training set size. The following Figure 45 is
showing the results. The detailed values of these results can be found in Appendix G.
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Figure 45. Model performance with mixing different ratio of target domain data (after transfer learning
and with fixed training set size)

The accuracy and F1-scores for five classifiers are illustrated in Figure 45, reflecting their
performance on the HOASC test set as the mixed target data ratio increased from 0% to
50%. In this fixed-size setup, all models exhibit a consistent upward trend in performance
with higher target data proportions, mirroring the pattern observed in the increasing-size
condition. For instance, KNN’s accuracy rises from 0.482 at 0% to 0.865 at 50%, while RF
improves from 0.459 to 0.871, and Adaboost advances from 0.505 to 0.882. Similarly, F1-
scores follow suit, with DT climbing from 0.406 to 0.800 and GNB from 0.332 to 0.499.

To evaluate the contribution of training set size to performance improvements, we
compared the fixed-size results with those from the increasing-size condition. Across all
models and target data ratios, the fixed-size setup consistently exhibits slightly lower
performance. For example, at a 50% target ratio, KNN achieves an accuracy of 0.865 in the
fixed-size condition, compared to 0.912 in the increasing-size condition, despite the latter
incorporating 50% more training data. Similarly, RF achieves an accuracy of 0.871 in the
fixed-size setup, compared to 0.914 in the increasing-size setup, while Adaboost records
0.882 relative to 0.920. Even GNB, which exhibits the smallest disparity, drops only
marginally from 0.536 to 0.531 at the 50% ratio. This modest performance gap indicates
that the additional data volume in the increasing-size setup contributes only minimally to
the observed enhancements. These findings suggest that the primary factor driving
performance gains is the increasing proportion of target domain data, rather than the overall
expansion of the training set size.

These results suggest that after domain adaptation with the hybrid framework,
incorporating target domain data into the training process can significantly improve model
performance, particularly for ensemble methods such as AdaBoost and Random Forest.
This experiment provides a practical strategy: mixing even a small percentage of target
domain data with source domain data can yield notable performance gains, which is
especially useful in scenarios where labeled data is scarce, but improved model
performance is desired.
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8.2.9 Discussion

The discussion section discusses and addresses the two primary research questions posed
in this study, based on the findings from the results.

8.2.9.1 AAL effectiveness for HAR in different populations and settings

The results of this study demonstrate that AAL sensor data can be highly effective in
recognizing human activities when used in controlled environments with homogeneous
populations, such as younger adults. The strong performance of models on the HYAC
dataset confirms the effectiveness of AAL sensor data in ideal, well-structured settings,
where activities are consistent and predictable. These findings align with those of
Damasevicius et al. [352], who reported high classification accuracy using data from
controlled AAL environments with younger participants. They use the method of random
projections benefited from the structured nature of the environment and the consistency in
activity execution.

However, the decline in performance observed with the HOASC dataset underscores the
challenges associated with generalizing models to more diverse and less structured
environments. The significant drop in accuracy, precision, recall, and Fl-scores when
applying naive transfer from the HYAC dataset to the HOASC dataset highlights the
limitations of models trained solely on younger adults under controlled conditions. These
finds are consistent with the study by Stojchevska et al. [353], who noted that models
trained on data from controlled lab conditions showed reduced effectiveness in real-world
scenarios for HAR. The differences in movement characteristics, such as slower, less
consistent motions, and the more dynamic nature of older adults' activities in semi-
controlled environments, make direct transfer ineffective. This finding indicates that while
AAL sensors are capable of capturing activity data, the model's ability to generalize
depends heavily on the similarity between the source and target domains.

Incorporating a portion of the target domain data into the training process led to substantial
improvements in model performance. The results from mixing target domain data with the
source domain demonstrate that even small amounts of context-specific data can
significantly enhance generalizability. This suggests that the heterogeneity of populations
and environments needs to be accounted for during the training phase. In real-world
applications, such as those involving older adults in home environments, the inclusion of
even a limited amount of labeled data from the target domain can make a significant
difference in the accuracy and reliability of HAR systems. These observations align with
findings by Kfari and Liidtke [354] who showed that integrating labeled and unlabeled
target domain data to adapt HAR models to new users reduced cross-subject variability and
improved accuracy. Thus, the shared observations emphasize that while AAL sensor data
is valuable, it must be complemented by domain-specific data to achieve effective
generalization across different populations and environments.

8.2.9.2 Transfer learning for generalizability

The second research question aimed to develop a hybrid transfer learning framework that
could improve the generalizability of HAR models trained on younger adults' data to
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effectively recognize activities in older adults. While previous studies, such as
Damasevicius et al. [352], have focused on younger populations, this study provides new
insights into older adults by employing a hybrid transfer learning approach. The results
from employing the hybrid transfer learning approach by combining CORAL with CDAN
illustrate the potential of advanced transfer learning techniques in addressing the challenges
associated with domain adaptation.

The hybrid framework significantly outperformed other methods, such as naive transfer,
CORAL, and CDAN alone. This improvement suggests that a multi-step approach that first
aligns feature distributions and then applies adversarial learning is more effective in
reducing the domain shift between younger and older populations. Similar results have been
observed in other domains, such as in Chen et al. [355], where the combination of feature
alignment methods and adversarial learning effectively mitigated domain discrepancies.
The use of CORAL to align the source and target feature distributions helped to mitigate
the discrepancies between the datasets, while CDAN further refined this alignment through
adversarial training. This two-step process effectively reduced the differences in activity
patterns and movement characteristics between younger and older adults, allowing for
better model adaptation.

In addition to the hybrid model architecture, the incorporation of labeled target domain data
into the training process also played a crucial role in improving model performance. By
mixing varying percentages of target data with the source domain data, significant gains in
accuracy and F1-score were observed, particularly for ensemble models like AdaBoost and
Random Forest. The inclusion of even small amounts of labeled target data provided the
model with valuable information about the target domain's characteristics, thereby
enhancing its ability to generalize [354]. This hybrid approach, combining both advanced
model architectures and data blending strategies, underscores the importance of leveraging
multiple dimensions of transfer learning to improve generalizability.

The findings indicate that hybrid transfer learning can be a practical solution for enhancing
the robustness of HAR models, particularly in the context of aging populations. The t-SNE
visualizations further support these conclusions, showing that the hybrid approach led to a
more uniform overlap between source and target domains. This indicates that the adaptation
process was successful in bringing the feature spaces of the two populations closer together,
which is crucial for accurate activity recognition.

8.2.9.3 Implications for public health

The findings of this study have significant implications for public health, particularly in
supporting aging populations through in-home healthcare solutions. These findings align
closely align with needs of international and national public health initiatives that prioritize
aging in place and the development of age-friendly environments. For instance, the WHO
lunched programs for age-friendly cities and communities [349], which emphasize the
creation of home environments that support the independent living of older adults.
Similarly, Public Health Agency of Canada conducted projects to create “age-friendly”
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community [350] to help older adults age actively. By facilitating independent living
through AAL technologies and HAR, this research supports the broader goal of enabling
older adults to live independently and maintain their well-being.

AAL techniques integrated with HAR provide continuous, unobtrusive monitoring of older
adults, which is particularly critical for detecting behavioral changes indicative of potential
health issues. Such early detection aligns with public health objectives of preventive care
and timely intervention to improve health outcomes and reduce healthcare burdens. The
emphasis on preventive care aligns with priorities identified by National Research Council
Canada’s Aging in Place: Technology and Innovation program [351], which highlights the
importance of leveraging assistive technologies to enhance preventive care and reduce
caregivers’ burden.

The proposed hybrid transfer learning framework addresses the challenge of adapting HAR
models trained on younger adults to older populations, thereby enabling more effective
monitoring for aging individuals. By adapting these models, AAL systems can better meet
the specific needs of older adults, ensuring reliable monitoring even in semi-controlled or
uncontrolled environments. This approach reduces the need for extensive labeled datasets,
which are often difficult to obtain in public health contexts, and allows for more practical,
adaptive healthcare solutions.

Ultimately, the ability to generalize HAR models to diverse populations enhances the
potential for AAL systems to support aging in place. By providing accurate, real-time
monitoring, these systems can help prevent serious health events, reduce the need for
institutional care, and contribute to a higher quality of life for older adults. The integration
of adaptive, intelligent monitoring solutions is a critical step toward addressing the evolving
needs of an aging society.

8.2.9.4 Limitation and future work

A key limitation of this study is the reliance on some labeled target domain data to achieve
efficient performance, which can be challenging to obtain from older adults due to privacy
and logistical concerns. The approach is not entirely independent of labeled data from target
domain. Moreover, observer bias may have influenced the participants, as they were aware
of being watched during the experiment. This awareness could have led them to be more
cautious in their actions, resulting in behavioral patterns that differ from their usual habits.
Additionally, the variability in activity patterns between younger and older adults makes
domain adaptation challenging, affecting model generalizability.

Future work should explore more efficient transfer learning methods to reduce the need for
labeled target data and develop advanced domain adaptation techniques that better capture
inter-population variability. Expanding the evaluation to diverse datasets and settings
would further enhance the robustness and applicability of the proposed framework,
particularly in real-world environments with fully uncontrolled conditions. In addition,
determining the optimal amount of target domain data to be mixed for improving
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performance remains further investigation. Future research should explore adaptive
selection strategies to balance model performance and data availability, ensuring efficient
utilization of limited labeled target data.

8.2.10 Conclusion

This study introduced a hybrid transfer learning framework to improve the generalizability
of HAR models trained on younger adults to older adults. By integrating CORAL with
CDAN, the proposed approach significantly enhanced model performance with an average
increase of 0.5 in accuracy compared to naive transfer methods. Incorporating small
amounts (no more than 50%) of target domain data further improved adaptability, achieving
a maximum increase of 0.344 (59.7%) in accuracy, providing a practical strategy for
applications with limited labeled data. These findings highlight the potential of transfer
learning to create more effective AAL systems for diverse populations.

8.3 Discussion

The findings from this chapter demonstrate the potential of a hybrid transfer learning
framework to enhance the generalizability of HAR models across diverse populations. By
integrating CORAL with CDAN, the proposed approach effectively addressed the
challenges of adapting models trained on younger adults in controlled environments to
older adults in less structured, real-world settings.

A key contribution of this study lies in addressing the scarcity of labeled data from older
adults, a common limitation in aging research. By leveraging a hybrid transfer learning
framework, the study demonstrates how models trained on data from younger adults can
be effectively adapted to older populations, reducing the need for extensive label annotation
efforts. The integration of small amounts of labeled target domain data further enhances
model adaptability, presenting a practical strategy to overcome label scarcity while
maintaining model accuracy and reliability.

The methodology developed in this study also contribute to the robustness and adaptability
of HAR models trained in controlled environments, ensuring their effectiveness in less
structured, real-world conditions. This capability is essential for real-life applications of
AAL technology, as it ensures that models can perform reliably when deployed in the
dynamic and unpredictable environments characteristic of older adults’ living spaces. By
achieving this, the study bridges the gap between controlled research settings and real-
world implementation.

The next chapter will synthesize the findings from this thesis (chapter 4 to 8), discussing
their implications for aging research and public health. It will also outline future directions,
ensuring that this work lays a foundation for advancing AAL technologies in supporting
healthy aging.
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Chapter 9 — Discussion and Conclusions

This thesis explored the potential of integrating AI with AAL technology to support healthy
aging through a series of studies focused on data ecosystem development, physiological
monitoring, and human activity recognition. The findings presented in this work contribute
to the fields of (a) public health surveillance using AAL technology and (b) ADLs
recognition for older adults. This chapter highlights the contributions, discusses the
limitations, and identifies future research directions arising from this research.

9.1 Contributions to public health surveillance using AAL technology

One of the foundational contributions of this thesis is a scoping review (chapter 4) that
mapped the integration of Al within commercially available AAL technologies to support
older adults aging in place. The review revealed significant trends, including the increasing
adoption of ambient sensors for real-time monitoring and the application of machine
learning algorithms to enhance data interpretation and decision-making. However, it also
identified critical gaps, such as the lack of centralized data management systems and limited
adoption of cloud technologies, which hinder the scalability and practicality of existing
AAL solutions. These insights provided a crucial starting point for the research program,
guiding the subsequent development of more integrated and effective AAL frameworks.

Building on the insights from the scoping review, this thesis developed a cloud-native data
ecosystem (chapter 5) designed to address these identified gaps. The ecosystem was
specifically tailored to integrate data from commercially available sensors, enabling real-
time collection, storage, and analysis of health and environmental parameters. This
infrastructure represents a significant advancement in AAL research, offering a scalable
and accessible solution for continuous health monitoring. Unlike traditional methods that
rely on isolated sensor networks, the cloud-native approach allows for seamless integration
of heterogeneous data sources, improving the system’s ability to provide comprehensive
and actionable insights.

The application of this data ecosystem was demonstrated through a heart rate prediction
study (chapter 6), where contactless ambient sensors collected data in a smart home
environment. Machine learning models, including Support Vector Machines and Random
Forests, were applied to predict heart rates, achieving high accuracy and validating the
ecosystem’s capability to support advanced analytical techniques. This study addressed a
previously unexamined area—using AAL technologies for physiological monitoring—
highlighting the ecosystem’s versatility in supporting diverse healthcare applications. By
enabling non-intrusive monitoring, this approach reduces the burden on older adults and
their caregivers while ensuring consistent and reliable data collection.

The implications of this contribution extend beyond individual studies. The data ecosystem
lays a robust foundation for scalable public health surveillance systems, enabling
continuous and context-aware monitoring of older adults. Its design leverages
commercially available technologies, ensuring accessibility and cost-effectiveness, which
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are critical for real-world implementation. Moreover, by addressing the technical
challenges of integrating diverse sensor data and providing a centralized platform for
analysis, this ecosystem serves as a template for future AAL systems aimed at enhancing
public health outcomes for aging populations.

9.2 Contributions to ADLs recognition for old adults

ADL recognition emerged as a focal point of this thesis, reflecting its importance for
assessing the functional status of older adults. This capability is particularly critical for
older adults, as it directly impacts their ability to live independently and maintain a good
quality of life. Monitoring ADLs provides key insights into potential health issues, enabling
early interventions that can prevent significant declines in mobility, cognitive function, or
overall well-being. The studies presented demonstrated the feasibility and effectiveness of
using contactless AAL sensors to recognize ADLs with high accuracy. This research offers
significant advancements in the ability of AAL systems to support independent living by
enabling timely detection of changes in activity patterns, which can signal health issues or
functional decline.

The study in chapter 7 focused on young adults in a controlled environment as a proof-of-
concept for using contactless AAL sensors in ADL recognition. This study validated the
capability of machine learning models, such as AdaBoost, Random Forest, and K-Nearest
Neighbors, to achieve high accuracy in classifying daily activities. The findings
demonstrated that ambient sensors, particularly when paired with advanced machine
learning models, significantly outperformed wearable sensors, showcasing the potential of
contactless technologies in activity recognition. This study laid the groundwork for
adapting these systems to older adults, the primary target population for AAL solutions.

Building on this foundation, the study in chapter 8 addressed the challenges of applying
ADL recognition models to older adults in semi-controlled environments. The transition to
older adults presented unique challenges, such as variability in activity execution and
reduced control over environmental factors. These conditions reflect the realities of real-
world settings, making this phase of the research a critical step toward practical application.
To address these challenges, a hybrid transfer learning framework was developed,
integrating CDAN and CORAL. This approach effectively aligned feature distributions
between datasets collected from young and older adults, enhancing model generalizability
and performance.

The results demonstrated that the hybrid transfer learning framework significantly
improved activity recognition accuracy for older adults, even in less controlled settings. By
leveraging small amounts of labeled data from the target domain, the framework provided
a practical solution to the data scarcity issue commonly faced in aging populations. This
methodological advancement underscores the importance of domain adaptation techniques
in extending the applicability of Al-driven AAL systems to diverse user groups.
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This contribution has profound implications for public health. Accurate ADLs recognition
systems tailored to older adults can enable large-scale monitoring programs that proactively
identify health risks and functional declines within the aging population. By facilitating
early interventions and personalized care strategies, these systems not only enhance
individual well-being but also reduce the burden on healthcare infrastructures. Furthermore,
the methodologies developed in this research pave the way for integrating Al-driven AAL
technologies into public health initiatives, ensuring broader societal benefits and promoting
independent living among older adults.

9.3 Global deployment considerations for the AAL ecosystem

Expanding an AAL platform for global use may introduce a number of practical and
regulatory challenges. One of the key issues is data privacy and protection, as countries and
regions have different legal frameworks governing personal data. For example, the
European Union enforces strict guidelines under the General Data Protection Regulation
(GDPR), while other regions may follow less restrictive or differently structured laws.
Ensuring compliance requires local data handling practices, including clear data consent
mechanisms, anonymization procedures, and in some cases, local data residency.

Data storage and transmission also present complications, especially in settings where
cloud infrastructure is subject to local jurisdiction. Decisions must be made regarding
where data is stored (e.g., country of origin or centralized storage), how it is transmitted
(e.g., encrypted channels), and who has access. Regulatory alignment is another layer of
complexity, especially in healthcare environments where devices and services must often
be approved by national health authorities (e.g., FDA in the U.S., CE marking in Europe).
Each deployment may require separate certifications, adding time and cost to scaling efforts.

On the technical side, device compatibility and integration are critical, as smart home and
sensor technologies may vary by market. Differences in wireless communication standards
(e.g., Zigbee, Z-Wave, Wi-Fi, LoRa), power supply voltages, and interoperability protocols
can affect how smoothly devices work together across regions. For instance, Zigbee may
be better suited for small apartments with low power needs, while LoRa may be preferred
in larger homes with sparse device placement. Therefore, the AAL platform should be
flexible enough to support different communication protocols and allow configuration
based on the structure and layout of each home environment.

Together, these challenges require careful planning and adaptation of both the technical
infrastructure and governance model when transitioning from localized use to global
implementation in the future.

9.4 Limitations and future work

In this section, key limitations of the research program are discussed in detail, along with
suggestions to address or mitigate them in future studies.
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9.4.1 Generalizability

One of the primary limitations of this thesis lies in the generalizability of the findings to a
broader population of older adults. While the studies focused on advancing ADLs
recognition for older adults, the participant pool was predominantly composed of healthier
individuals who could adhere to structured experimental protocols in semi-controlled
environments. This limited representation restricts the applicability of the findings to the
diverse realities of the aging population.

Older adults are a highly heterogeneous group, encompassing a wide range of physical,
cognitive, and demographic characteristics. For instance, older adults with mobility
impairments, chronic illnesses, or cognitive decline may exhibit distinct patterns of
movement and activity that differ significantly from those of healthier peers. These
differences could affect the performance and reliability of the developed models.
Additionally, variations in socioeconomic status, cultural practices, and living conditions
further complicate the generalizability of AAL technologies. Older adults from
underrepresented or marginalized communities might face barriers to technology adoption,
such as limited access to smart devices or reduced digital literacy, thereby limiting the
effectiveness of the proposed solutions.

Another critical generalizability limitation is the restricted variety of activities performed
in this thesis's studies, which does not fully reflect the extensive variability of real-world
activities among older adults. The types of activities analyzed were predefined and largely
structured, focusing on specific ADLs to ensure consistency and model accuracy. However,
in real-world scenarios, older adults often engage in a broader and more diverse range of
activities, many of which may be spontaneous or unstructured. For example, an older adult
might combine tasks, such as cooking while conversing with family members, or perform
activities at irregular intervals depending on personal preferences or environmental factors.
This variability presents a challenge for models trained on a limited set of structured
activities, as they may fail to generalize effectively to the full spectrum of real-world
behaviors.

9.4.2 Limited testing in real-world uncontrolled environments

A second major limitation of this thesis is the limited testing and validation of the proposed
methodologies in fully real-world uncontrolled environments. While semi-controlled
settings provided an essential foundation for ensuring experimental rigor and consistency,
they lack the dynamic and unpredictable characteristics of everyday living conditions for
older adults. This gap restricts the ability to fully evaluate the robustness and practicality
of the developed models in unstructured scenarios where these technologies are ultimately
intended to be deployed.

Real-world environments are inherently dynamic and variable, characterized by factors
such as diverse household configurations, fluctuating lighting and noise levels, and
unanticipated interactions with visitors or pets. For instance, the presence of overlapping
or multitasking activities—such as answering a phone call while preparing a meal—
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generates data patterns that are significantly more complex than those encountered in
structured experiments. Such scenarios can introduce noise and ambiguity into sensor data,
challenging the robustness of models trained under controlled conditions.

Unstructured and overlapping activities present another layer of complexity. Unlike
controlled experiments where tasks are performed in a predefined order, real-life scenarios
often involve multitasking or interruptions. For instance, an older adult might pause a meal
preparation to answer a doorbell or simultaneously engage in a conversation while tidying
up. Such overlapping activities generate data patterns that are noisier and more intricate
than those encountered in structured settings, challenging the models' ability to accurately
classify behaviors.

Additionally, the controlled or semi-controlled settings in this thesis do not account for the
day-to-day variability in individual routines and behaviors. Real-world conditions may
include spontaneous deviations from typical activity patterns due to health fluctuations,
emotional states, or unexpected household events. This variability underscores the
importance of testing models in authentic environments where such factors can be observed
and accounted for. Unlike issues of generalizability, which focus on diverse demographic
and health conditions, this limitation pertains to the ecological validity of deploying AAL
systems in dynamic and unpredictable living contexts.

Another critical factor is the absence of long-term validation in real-world environments.
Factors such as device maintenance, wear-and-tear, and variations in user compliance over
extended periods remain unaddressed in this research. For example, sensor accuracy might
degrade over time, or older adults may intermittently deviate from recommended usage
patterns, affecting data quality. Understanding these practical challenges is crucial for
ensuring that AAL systems are both reliable and user-friendly in everyday applications.

9.4.3 Future work

The limitations identified in this thesis pave the way for several avenues of future research,
emphasizing the need to enhance the applicability and reliability of AAL systems for
diverse and dynamic real-world scenarios.

Future studies should aim to address the challenges of generalizability by expanding
participant recruitment to include a more diverse range of older adults. This would involve
recruiting individuals with varying physical and cognitive conditions, as well as those from
different socio-economic and cultural backgrounds. Such an approach would ensure that
the developed models are representative of the full spectrum of the aging population.
Moreover, data collection should extend beyond predefined and structured activities to
encompass a broader range of spontaneous and unstructured behaviors, capturing the
complexity and variability of real-world scenarios.

Real-world testing and validation must become an important point in future research efforts.
Deploying AAL systems in authentic residential settings over extended periods will provide
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critical insights into their robustness and practicality. Long-term studies would enable
researchers to evaluate the impact of factors such as device maintenance, user compliance,
and environmental variability on system performance. Adaptive learning mechanisms,
capable of updating and refining models based on real-time data, should also be explored
to enhance the systems' ability to respond to dynamic conditions.

To further improve the scalability and inclusivity of AAL technologies, advanced transfer
learning and domain adaptation techniques should be developed. These methods could
align feature distributions across diverse datasets, enabling models trained on one subgroup
(e.g., healthier individuals) to perform effectively on another (e.g., older adults with chronic
illnesses or mobility impairments). This would reduce the reliance on extensive labeled
data from underrepresented groups, addressing both scalability and generalizability
concerns.

By addressing these directions, the field of AAL technology can advance toward creating
solutions that are inclusive, adaptable, and capable of meeting the diverse needs of older
adults in dynamic environments.

9.5 Conclusion

This thesis explores the transformative role of AAL technologies combined with Al in
addressing the challenges associated with healthy aging. By introducing novel
infrastructure and models, the research sets a foundation for advancing the agetech space
and fostering innovations in healthcare monitoring and support systems for older adults.

The development of a cloud-native data ecosystem in this thesis not only enables seamless
integration and real-time processing of commercial AAL sensor data but also establishes a
scalable platform for future research in smart living environments. This infrastructure
provides support for advancements such as the contactless prediction of physiological
indicators, highlighting the feasibility of non-invasive monitoring solutions. Moreover, the
introduction of machine learning and deep learning-based activity recognition models
demonstrates how AAL technologies can improve the precision and reliability of detecting
ADLs across diverse demographic and environmental conditions.

The impact of this work extends beyond technical contributions. By promoting non-
intrusive, privacy-preserving solutions, this thesis directly supports older adults'
independence, enabling them to live safely and autonomously in their homes. The models
and systems developed here strengthen healthcare providers with actionable insights,
improving their capacity to deliver timely, individualized interventions. This advancement
represents a critical step in creating more resilient health systems capable of supporting
independent living for aging populations.

Ultimately, this research demonstrates the potential of Al-driven AAL technologies to

transform aging in place into a practical reality, bridging the gap between innovation and
real-world application. By addressing technical, social, and healthcare challenges, this
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work contributes to a future where equitable and accessible technologies improve the
quality of life for older adults and reduce the burden on healthcare systems.

184



References

[1].World Health Organization, “Ageing and Health,” World Health Organization, Oct. 01, 2022.
https://www.who.int/news-room/fact-sheets/detail/ageing-and-health

[2].OECD, “Demography - Elderly population - OECD Data,” theOECD, 2023.
https://data.oecd.org/pop/elderly-population.htm

[3].World Health Organisation, “Global Health and Aging,” Oct. 2011. Available:
https://www.who.int/ageing/publications/global_health.pdf

[4].S. Globerman, “Steven Globerman: Aging population signals tough choices on the horizon,”
Thehub.ca, Jun. 16, 2021. https://thehub.ca/2021-06-16/steven-

[5S]:M. Cristea, G. G. Noja, P. Stefea, and A. L. Sala, “The Impact of Population Aging and Public
Health Support on EU Labor Markets,” International Journal of Environmental Research and
Public Health, vol. 17, no. 4, p. 1439, Feb. 2020, Available:
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7068414/

[6].The Conference Board of Canada, “Meeting the Care Needs of Canada’s Aging Population,” Jul.
2018. Available: https://www.cma.ca/sites/default/files/2018-
11/Conference%20Board%200f%20Canada%20-
%20Meeting%20the%20Care%20Needs%200f%20Canada%27s%20Aging%20Population%20%
281%29.PDF

[7].A. Jazeera, “The world is getting older,” www.aljazeera.com, 2017.
https://www.aljazeera.com/news/2017/9/28/the-world-is-getting-older

[8].J. Davey, “Accommodation Options for Older People in Aotearoa/New Zealand» The Hub,”
Govt.nz, 2018. https://thehub.sia.govt.nz/resources/accommodation-options-for-older-people-in-
aotearoanew-zealand

[9].D. la Maisonneuve and J. O. Martins, “OECD Economic Policy Papers,” OECD Economic Policy
Papers, vol. 6, Jun. 2013, doi: https://doi.org/10.1787/2226583x.

[10].M. Grignon and N. F. Bernier, “Financing Long-Term Care in Canada,” IRPP, Jun. 19, 2012.
https://irpp.org/research-studies/financing-long-term-care-in-canada/

[11].J. Bennett, O. Rokas, and L. Chen, “Healthcare in the Smart Home: A Study of Past, Present and
Future,” Sustainability, vol. 9, no. 5, p. 840, May 2017, doi: https://doi.org/10.3390/su9050840.

[12].L. Philip and F. Williams, “Healthy Ageing in Smart Villages? Observations from the Field,”
European Countryside, vol. 11, no. 4, pp. 616633, Dec. 2019, doi: https://doi.org/10.2478/euco-
2019-0034.

[13].C. Debes, A. Merentitis, S. Sukhanov, M. Niessen, N. Frangiadakis, and A. Bauer, “Monitoring
Activities of Daily Living in Smart Homes: Understanding human behavior,” IEEE Signal
Processing Magazine, vol. 33, no. 2, pp. 81-94, Mar. 2016, doi:
https://doi.org/10.1109/msp.2015.2503881.

[14].S. T. M. Peek et al., “Older Adults’ Reasons for Using Technology while Aging in Place,”
Gerontology, vol. 62, no. 2, pp. 226237, Jun. 2020, doi: https://doi.org/10.1159/000430949.

[15].J. L. Wiles, A. Leibing, N. Guberman, J. Reeve, and R. E. S. Allen, “The Meaning of ‘Aging in
Place’ to Older People,” The Gerontologist, vol. 52, no. 3, pp. 357-366, Oct. 2011, doi:
https://doi.org/10.1093/geront/gnr(098.

185



[16].A. Ozdemir and B. Barshan, “Detecting Falls with Wearable Sensors Using Machine Learning
Techniques,” Sensors, vol. 14, no. 6, pp. 10691-10708, Jun. 2014, doi:
https://doi.org/10.3390/s140610691.

[17].E. M. Fredericks, K. M. Bowers, K. A. Price, and R. H. Hariri, “CAL: A Smart Home
Environment for Monitoring Cognitive Decline,” 2018 IEEE 38th International Conference on
Distributed Computing Systems (ICDCS), Jul. 2018, doi:
https://doi.org/10.1109/icdcs.2018.00155.

[18].C.-Y. Hsieh, W.-T. Shi, H.-Y. Huang, K.-C. Liu, S. J. Hsu, and C.-T. Chan, “Machine learning-
based fall characteristics monitoring system for strategic plan of falls prevention,” IEEE Xplore,
Apr. 01, 2018. https://ieeexplore.ieee.org/document/8394388

[19].Laia Subirats, Estefania Pifieiro, J. Conesa, and M. Armayones, “Towards the Analysis of Self-
rated Health Using Supervised Machine Learning and Business Intelligence,” In Advances in
Intelligent Networking and Collaborative Systems, Sep. 2018, doi: https://doi.org/10.1007/978-3-
319-98557-2 22.

[20].J. M. Bergschold, L. Neven, and A. Peine, “DIY gerontechnology: circumventing mismatched
technologies and bureaucratic procedure by creating care technologies of one’s own,” Sociology
of Health & Illness, vol. 42, no. 2, pp. 232-246, Oct. 2019, doi: https://doi.org/10.1111/1467-
9566.13012.

[21].N. M. Kosse, K. Brands, J. M. Bauer, T. Hortobagyi, and C. J. C. Lamoth, “Sensor technologies
aiming at fall prevention in institutionalized old adults: A synthesis of current knowledge,”
International Journal of Medical Informatics, vol. 82, no. 9, pp. 743-752, Sep. 2013, doi:
https://doi.org/10.1016/j.ijmedinf.2013.06.001.

[22].M.-A. . Choukou, A. Polyvyana, Y. Sakamoto, and A. Osterreicher, “Ambient assisted living
technologies to support older adults’ health and wellness: a systematic mapping review,”
European Review for Medical and Pharmacological Sciences, vol. 25, no. 12, pp. 4289-4307,
Jun. 2021, doi: https://doi.org/10.26355/eurrev_202106 26135.

[23].F. Ghorbani, A. Ahmadi, M. Kia, Q. Rahman, and M. Delrobaei, “A Decision-Aware Ambient
Assisted Living System with IoT Embedded Device for In-Home Monitoring of Older Adults,”
Sensors, vol. 23, no. 5, p. 2673, Jan. 2023, doi: https://doi.org/10.3390/s23052673.

[24].G. Cicirelli, R. Marani, A. Petitti, A. Milella, and T. D’Orazio, “Ambient Assisted Living: A
Review of Technologies, Methodologies and Future Perspectives for Healthy Aging of
Population,” Sensors, vol. 21, no. 10, p. 3549, May 2021, doi: https://doi.org/10.3390/s21103549.

[25].S. Shajari, K. Kuruvinashetti, A. Komeili, and U. Sundararaj, “The emergence of Al-based
wearable sensors for digital health technology: A review,” Sensors, vol. 23, no. 23, pp. 9498—
9498, Nov. 2023, doi: https://doi.org/10.3390/523239498.

[26].M. Y. Nilsson, S. Andersson, L. Magnusson, and E. Hanson, “Ambient assisted living
technology-mediated interventions for older people and their informal carers in the context of
healthy ageing: A scoping review,” Health Science Reports, vol. 4, no. 1, Dec. 2020, doi:
https://doi.org/10.1002/hsr2.225.

[27].J. Wittland, P. Brauner, and M. Ziefle, “Serious Games for Cognitive Training in Ambient
Assisted Living Environments — A Technology Acceptance Perspective,” Lecture notes in
computer science, pp. 453471, Jan. 2015, doi: https://doi.org/10.1007/978-3-319-22701-6_34.

186



[28].K. Oyibo, K. Wang, and P. P. Morita, “Using Smart Home Technologies to Promote Physical
Activity Among the General and Aging Populations: Scoping Review,” Journal of Medical
Internet Research, vol. 25, no. 1, p. e41942, May 2023, doi: https://doi.org/10.2196/41942.

[29].Arian Vranci¢, H. Zadravec, and Tihomir Orehovacki, “The Role of Smart Homes in Providing
Care for Older Adults: A Systematic Literature Review from 2010 to 2023,” Smart Cities, vol. 7,
no. 4, pp. 1502—-1550, Jun. 2024, doi: https://doi.org/10.3390/smartcities7040062.

[30].M. Memon, S. Wagner, C. Pedersen, F. Beevi, and F. Hansen, “Ambient Assisted Living
Healthcare Frameworks, Platforms, Standards, and Quality Attributes,” Sensors, vol. 14, no. 3,
pp. 4312—4341, Mar. 2014, doi: https://doi.org/10.3390/s140304312.

[31].Y1 Jiao Tian, Nadine Andrea Felber, F. Pageau, Delphine Roulet Schwab, and Tenzin Wangmo,
“Benefits and barriers associated with the use of smart home health technologies in the care of
older persons: a systematic review,” BMC Geriatrics, vol. 24, no. 1, Feb. 2024, doi:
https://doi.org/10.1186/s12877-024-04702-1.

[32].S. A. Alowais et al., “Revolutionizing healthcare: The role of artificial intelligence in clinical
practice,” BMC Medical Education, vol. 23, no. 1, Sep. 2023, doi:
https://doi.org/10.1186/s12909-023-04698-z.

[33].L. Lam, L. Fadrique, G. Bin Noon, A. Shah, and P. P. Morita, “Evaluating Challenges and
Adoption Factors for Active Assisted Living Smart Environments,” Frontiers in Digital Health,
vol. 4, May 2022, doi: https://doi.org/10.3389/fdgth.2022.891634.

[34].T. Bieg, C. Gerdenitsch, I. Schwaninger, B. M. J. Kern, and C. Frauenberger, “Evaluating Active
and Assisted Living technologies: Critical methodological reflections based on a longitudinal
randomized controlled trial,” Computers in Human Behavior, vol. 133, p. 107249, Aug. 2022,
doi: https://doi.org/10.1016/j.chb.2022.107249.

[35].C. Clinic, “Activities of Daily Living (ADLs) and Instrumental Activities of Daily Living
(IADLs),” Cleveland Clinic, Aug. 15, 2024.
https://my.clevelandclinic.org/health/articles/activities-of-daily-living-adls

[36].J. Maitre, K. Bouchard, C. Bertuglia, and S. Gaboury, “Recognizing activities of daily living from
UWRB radars and deep learning,” Expert Systems with Applications, vol. 164, p. 113994, Feb.
2021, doi: https://doi.org/10.1016/j.eswa.2020.113994.

[37].M. E. Mlinac and M. C. Feng, “Assessment of Activities of Daily living, self-care, and
Independence,” Archives of Clinical Neuropsychology, vol. 31, no. 6, pp. 506-516, Jul. 2016,
doi: https://doi.org/10.1093/arclin/acw049.

[38].National Institute on Aging, “Maintaining mobility and preventing disability are key to living
independently as we age,” National Institute on Aging, Nov. 30, 2020.
https://www.nia.nih.gov/news/maintaining-mobility-and-preventing-disability-are-key-living-
independently-we-age

[39].M. Bode, E. Kalbe, and I. Liepelt-Scarfone, “Cognition and Activity of Daily Living Function in
people with Parkinson’s disease,” Journal of neural transmission, Jul. 2024, doi:
https://doi.org/10.1007/s00702-024-02796-w.

[40].P. P. Morita, K. S. Sahu, and A. Oetomo, “Health Monitoring Using Smart Home Technologies:
Scoping Review,” JMIR mHealth and uHealth, vol. 11, p. €37347, Apr. 2023, doi:
https://doi.org/10.2196/37347.

187



[41].H. Taherdoost, “Wearable Healthcare and Continuous Vital Sign Monitoring with IoT
Integration,” Computers, Materials & Continua, vol. 0, no. 0, pp. 1-10, 2024, doi:
https://doi.org/10.32604/cmc.2024.054378.

[42].Y. Chen, F. Wulff, S. Clark, and J. Huang, “Indoor comfort domains and well-being of older
adults in residential settings: A scoping review,” Building and Environment, vol. 267, p. 112268,
Nov. 2024, doi: https://doi.org/10.1016/j.buildenv.2024.112268.

[43].W.-H. Jun, H.-J. Kim, and Y .-S. Hong, “Sleep Pattern Analysis in Unconstrained and
Unconscious State,” Sensors (14248220), vol. 22, no. 23, p. 9296, Dec. 2022, doi:
https://doi.org/10.3390/522239296.

[44].M. M. QIRTAS, E. Zafeiridi, D. Pesch, and E. B. White, “Loneliness and Social Isolation
Detection Using Passive Sensing Techniques: A Scoping Review (Preprint),” JMIR mHealth and
uHealth, Nov. 2021, doi: https://doi.org/10.2196/34638.

[45].Y. Charlon, N. Fourty, W. Bourennane, and E. Campo, “Design and evaluation of a device worn
for fall detection and localization: Application for the continuous monitoring of risks incurred by
dependents in an Alzheimer’s care unit,” Expert Systems with Applications, vol. 40, no. 18, pp.
7316-7330, Dec. 2013, doi: https://doi.org/10.1016/j.eswa.2013.07.031.

[46].E. Paykel, “The Core of Depression,” Dialogues in Clinical Neuroscience, vol. 10, no. 3, Sep.
2008, doi: https://doi.org/10.31887/dcns.2008.10.3.

[47].G. Cipriani, S. Danti, L. Picchi, A. Nuti, and M. D. Fiorino, “Daily functioning and dementia,”
Dementia & Neuropsychologia, vol. 14, no. 2, pp. 93—102, 2020, doi:
https://doi.org/10.1590/1980-57642020dn14-020001.

[48].D. S. Living, “How Smart Homes Can Enhance Senior Care,” Seniorlivingnearme.com, Jul. 10,
2024. https://addingtonplaceburlington.seniorlivingnearme.com/blogs/how-smart-homes-can-
enhance-senior-care

[49].Z. Milanovi¢, B. Jorgi¢, N. Trajkovi¢, G. Sporis, S. Panteli¢, and N. James, “Age-related decrease
in physical activity and functional fitness among elderly men and women,” Clinical Interventions
in Aging, vol. 8, no. 1, p. 549, May 2013, doi: https://doi.org/10.2147/cia.s44112.

[50].N. Camp et al., “Technology Used to Recognize Activities of Daily Living in Community-
Dwelling Older Adults,” International Journal of Environmental Research and Public Health, vol.
18, no. 1, p. 163, Dec. 2020, doi: https://doi.org/10.3390/ijerph18010163.

[51].D. A. Johnson, M. E. Billings, and L. Hale, “Environmental Determinants of Insufficient Sleep
and Sleep Disorders: Implications for Population Health,” Current Epidemiology Reports, vol. 5,
no. 2, pp. 61-69, May 2018, doi: https://doi.org/10.1007/s40471-018-0139-y.

[52].M. L. Smith, L. E. Steinman, and E. A. Casey, “Combatting social isolation among older adults in
a time of physical distancing: The COVID-19 social connectivity paradox,” Frontiers in Public
Health, vol. 8, no. 403, pp. 1-9, Jul. 2020, doi: https://doi.org/10.3389/fpubh.2020.00403.

[53].Z. Yang et al., “Talk2Care: Facilitating Asynchronous Patient-Provider Communication with
Large-Language-Model,” arXiv (Cornell University), Jan. 2023, doi:
https://doi.org/10.48550/arxiv.2309.09357.

[54].A. Ho, “Are we ready for artificial intelligence health monitoring in elder care?,” BMC Geriatrics,
vol. 20, no. 1, Sep. 2020, doi: https://doi.org/10.1186/s12877-020-01764-9.

[55].Z. Wang et al., “The Potential and Value of Al Chatbot in Personalized Cognitive Training,”
arXiv (Cornell University), Oct. 2024, doi: https://doi.org/10.48550/arxiv.2410.19733.

188



[56].A. H. Krist, S. T. Tong, R. A. Aycock, and D. R. Longo, “Engaging Patients in decision-making
and Behavior Change to Promote Prevention,” Information Services & Use, vol. 37, no. 2, pp.
105-122, Jun. 2017, doi: https://doi.org/10.3233/isu-170826.

[57].J. Sumner, Anjali Bundele, Hui Wen Lim, P. H. Phan, Mehul Motani, and A. Mukhopadhyay,
“Developing an Artificial Intelligence-Driven Nudge Intervention to Improve Medication
Adherence: A Human-Centred Design Approach,” Journal of Medical Systems, vol. 48, no. 1,
Dec. 2023, doi: https://doi.org/10.1007/s10916-023-02024-0.

[58].Ugonna Oleh, R. Obermaisser, and Abu Shad Ahammed, “A Review of Recent Techniques for
Human Activity Recognition: Multimodality, Reinforcement Learning, and Language Models,”
Algorithms, vol. 17, no. 10, pp. 434434, Sep. 2024, doi: https://doi.org/10.3390/a17100434.

[59].1. H. Sarker, “Machine Learning: Algorithms, Real-World Applications and Research Directions,”
SN Computer Science, vol. 2, no. 3, pp. 1-21, Mar. 2021, doi: https://doi.org/10.1007/s42979-
021-00592-x.

[60].R. Guido, S. Ferrisi, D. Lofaro, and D. Conforti, “An Overview on the Advancements of Support
Vector Machine Models in Healthcare Applications: A Review,” Information, vol. 15, no. 4, p.
235, Apr. 2024, doi: https://doi.org/10.3390/info15040235.

[61].C. Ji, F. Ma, J. Wang, and W. Sun, “Early Identification of Abnormal Deviations in Nonstationary
Processes by Removing Non- Stationarity,” Elsevier eBooks, pp. 1393—-1398, Jan. 2022, doi:
https://doi.org/10.1016/b978-0-323-85159-6.50232-3.

[62].L. Peterson, “K-nearest neighbor,” Scholarpedia, vol. 4, no. 2, p. 1883, 2009, doi:
https://doi.org/10.4249/scholarpedia.1883.

[63].P. C. Sen, M. Hajra, and M. Ghosh, “Supervised Classification Algorithms in Machine Learning:
A Survey and Review,” Advances in Intelligent Systems and Computing, vol. 937, pp. 99-111,
Jul. 2019, doi: https://doi.org/10.1007/978-981-13-7403-6_11.

[64].S. Suthaharan, “Decision Tree Learning,” Machine Learning Models and Algorithms for Big Data
Classification, pp. 237-269, 2016, doi: https://doi.org/10.1007/978-1-4899-7641-3 10.

[65].Baeldung, “Baeldung,” Baeldung on Computer Science, Jun. 11, 2022.
https://www.baeldung.com/cs/impurity-entropy-gini-index

[66].L. Breiman, “Random Forests,” Machine Learning, vol. 45, no. 1, pp. 5-32, 2001, doi:
https://doi.org/10.1023/a:1010933404324.

[67].H. Li, W. Wang, H. Ding, and Jin Song Dong, “Trees Weighting Random Forest Method for
Classifying High-Dimensional Noisy Data,” International Conference on e-Business Engineering,
Nov. 2010, doi: https://doi.org/10.1109/icebe.2010.99.

[68].Y. Gerstorfer, L. Krieg, and M. Hahn-Klimroth, “A Notion of Feature Importance by
Decorrelation and Detection of Trends by Random Forest Regression,” arXiv (Cornell
University), Jan. 2023, doi: https://doi.org/10.48550/arxiv.2303.01156.

[69].Y. Freund and R. E. Schapire, “A Decision-Theoretic Generalization of On-Line Learning and an
Application to Boosting,” Journal of Computer and System Sciences, vol. 55, no. 1, pp. 119-139,
1997, doi: https://doi.org/10.1006/jcss.1997.1504.

[70].Vikramkumar, Vijaykumar B, and Trilochan, “Bayes and Naive Bayes Classifier,” arXiv (Cornell
University), Jan. 2014, doi: https://doi.org/10.48550/arxiv.1404.0933.

[71].J. Singh and R. Banerjee, “A Study on Single and Multi-layer Perceptron Neural Network,” 2019
3rd International Conference on Computing Methodologies and Communication (ICCMC), 2019,
doi: https://doi.org/10.1109/ICCMC.2019.8819775.

189



[72].K. Balaram and S. Balachandran, “Psychopharmacology in the Elderly,” Psychiatric Clinics of
North America, Oct. 2022, doi: https://doi.org/10.1016/j.psc.2022.07.004.

[73].X. Liu, K.-Y. Chau, X. Liu, and Y. Wan, “The Progress of Smart Elderly Care Research: A
Scientometric Analysis Based on CNKI and WOS,” International Journal of Environmental
Research and Public Health, vol. 20, no. 2, p. 1086, Jan. 2023, doi:
https://doi.org/10.3390/ijerph20021086.

[74].C. L. Sheppard, C. Kwon, M. Yau, J. Rios, A. Austen, and S. L. Hitzig, “Aging in Place in Social
Housing: A Scoping Review of Social Housing for Older Adults,” Canadian Journal on Aging /
La Revue canadienne du vieillissement, vol. 42, no. 1, pp. 1-11, May 2022, doi:
https://doi.org/10.1017/s0714980822000125.

[75].R. J. Smith, S. Baik, A. J. Lehning, N. Mattocks, J. H. Cheon, and K. Kim, “Residential
Segregation, Social Cohesion, and Aging in Place: Health and Mental Health Inequities,” The
Gerontologist, Jun. 2022, doi: https://doi.org/10.1093/geront/gnac076.

[76].M. Jovanovic et al., “Ambient Assisted Living: Scoping Review of Artificial Intelligence Models,
Domains, Technology, and Concerns,” Journal of Medical Internet Research, vol. 24, no. 11, p.
€36553, Nov. 2022, doi: https://doi.org/10.2196/36553.

[77].Gaya Bin Noon, Thokozani Hanjahanja-Phiri, H. Dave, Laura Xavier Fadrique, P. P. Morita, and
J. Teague, “Exploring the Role of Active Assisted Living in the Continuum of Care for Older
Adults: Thematic Analysis (Preprint),” JMIR Aging, vol. 6, pp. e40606—e40606, May 2023, doi:
https://doi.org/10.2196/40606.

[78].D. Triboan, L. Chen, F. Chen, and Z. Wang, “Towards a service-oriented architecture for a mobile
assistive system with real-time environmental sensing,” Tsinghua Science and Technology, vol.
21, no. 6, pp. 581-597, Dec. 2016, doi: https://doi.org/10.1109/tst.2016.7787002.

[79].Maskelitinas, Damasevicius, and Segal, “A Review of Internet of Things Technologies for
Ambient Assisted Living Environments,” Future Internet, vol. 11, no. 12, p. 259, Dec. 2019, doi:
https://doi.org/10.3390/fi11120259.

[80].S. Blackman et al., “Ambient Assisted Living Technologies for Aging Well: A Scoping Review,”
Journal of Intelligent Systems, vol. 25, no. 1, pp. 55-69, Jan. 2016, doi:
https://doi.org/10.1515/jisys-2014-0136.

[81].Francisco Jose Melero et al., “Design and Development of a Heterogeneous Active Assisted
Living Solution for Monitoring and Following Up with Chronic Heart Failure Patients in Spain,”
Sensor, vol. 22, no. 22, pp. 8961-8961, Nov. 2022, doi: https://doi.org/10.3390/s22228961.

[82].R. Barber et al., “A Multirobot System in an Assisted Home Environment to Support the Elderly
in Their Daily Lives,” Sensors, vol. 22, no. 20, p. 7983, Oct. 2022, doi:
https://doi.org/10.3390/522207983.

[83].1. Anghel et al., “Smart Environments and Social Robots for Age-Friendly Integrated Care
Services,” International Journal of Environmental Research and Public Health, vol. 17, no. 11, p.
3801, May 2020, doi: https://doi.org/10.3390/ijerph17113801.

[84].J. Stypinska and A. Franke, “Al revolution in healthcare and medicine and the (re-)emergence of
inequalities and disadvantages for ageing population,” Frontiers in Sociology, vol. 7, Jan. 2023,
doi: https://doi.org/10.3389/fs0c.2022.1038854.

[85].C. Taramasco, C. Rimassa, and F. Martinez, “Improvement in Quality of Life with Use of
Ambient-Assisted Living: Clinical Trial with Older Persons in the Chilean Population,” Sensors,
vol. 23, no. 1, pp. 268-268, Dec. 2022, doi: https://doi.org/10.3390/s23010268.

190



[86].S. Hopewell et al., “Multifactorial and multiple component interventions for preventing falls in
older people living in the community,” Cochrane Database of Systematic Reviews, vol. 7, no. 7,
Jul. 2018, doi: https://doi.org/10.1002/14651858.cd012221.pub2.

[87].D. Cheng, L. Zhang, C. Bu, H. Wu, and A. Song, “Learning hierarchical time series data
augmentation invariances via contrastive supervision for human activity recognition,”
Knowledge-Based Systems, vol. 276, pp. 110789-110789, Sep. 2023, doi:
https://doi.org/10.1016/j.knosys.2023.110789.

[88].D. Cheng, L. Zhang, C. Bu, X. Wang, H. Wu, and A. Song, “ProtoHAR: Prototype Guided
Personalized Federated Learning for Human Activity Recognition,” IEEE Journal of Biomedical
and Health Informatics, vol. 27, no. 8, pp. 39003911, Aug. 2023, doi:
https://doi.org/10.1109/jbhi.2023.3275438.

[89].S. Xu, L. Zhang, Y. Tang, C. Han, H. Wu, and A. Song, “Channel Attention for Sensor-Based
Activity Recognition: Embedding Features into all Frequencies in DCT Domain,” IEEE
Transactions on Knowledge and Data Engineering, vol. 35, no. 12, pp. 12497-12512, Dec. 2023,
doi: https://doi.org/10.1109/tkde.2023.3277839.

[90].C. Bu, L. Zhang, H. Cui, G. Yang, and H. Wu, “Dynamic Inference via Localizing Semantic
Intervals in Sensor Data for Budget-Tunable Activity Recognition,” IEEE Transactions on
Industrial Informatics, pp. 1-13, Jan. 2023, doi: https://doi.org/10.1109/1i1.2023.3315773.

[91].W. Huang, L. Zhang, H. Wu, F. Min, and A. Song, “Channel-Equalization-HAR: A Light-weight
Convolutional Neural Network for Wearable Sensor Based Human Activity Recognition,” IEEE
Transactions on Mobile Computing, pp. 1-1, 2022, doi:
https://doi.org/10.1109/tmc.2022.3174816.

[92].Y. Nakaoku et al., “Al-Assisted In-House Power Monitoring for the Detection of Cognitive
Impairment in Older Adults,” Sensors, vol. 21, no. 18, p. 6249, Sep. 2021, doi:
https://doi.org/10.3390/s21186249.

[93].S. Ahmed, Parvathaneni Naga Srinivasu, Abdulaziz Alhumam, and M. Alarfaj, “AAL and
Internet of Medical Things for Monitoring Type-2 Diabetic Patients,” Diagnostics, vol. 12, no. 11,
pp- 2739-2739, Nov. 2022, doi: https://doi.org/10.3390/diagnostics12112739.

[94].K. Yeap, Liew Yu Hung, Kong Shien Nie, S. Balakrishnan, Raja Kumar Murugesan, and Goh
Wei Wei, “A Review of Ambient Intelligence Based Activity Recognition for Ageing Citizens,”
2018 4th International Conference on Advances in Computing, Communication and Automation,
ICACCA 2018, Oct. 2018, doi: https://doi.org/10.1109/icaccaf.2018.8776786.

[95].C. Zhang and H. Shahriar, “The Adoption, Issues, and Challenges of Wearable Healthcare
Technology for the Elderly,” Proceedings of the 21st Annual Conference on Information
Technology Education, Oct. 2020, doi: https://doi.org/10.1145/3368308.3415454.

[96].S. Colnar, V. Dimovski, B. Grah, Valerija Rogelj, and D. Bogataj, “Smart Home Supporting
Integrated Health and Care Services for Older Adults in the Community: Literature review and
research agenda,” 24th International Conference on System Theory, Control and Computing,
ICSTCC 2020, Oct. 2020, doi: https://doi.org/10.1109/icstcc50638.2020.9259711.

[97].A. H. Sapci and H. A. Sapci, “Innovative Assisted Living Tools, Remote Monitoring
Technologies, Artificial Intelligence-Driven Solutions, and Robotic Systems for Aging Societies:
Systematic Review,” JMIR Aging, vol. 2, no. 2, p. €15429, Nov. 2019, doi:
https://doi.org/10.2196/15429.

191



[98].P. Maresova et al., “Health—Related ICT Solutions of Smart Environments for Elderly—Systematic
Review,” IEEE Access, vol. 8, pp. 54574-54600, 2020, doi:
https://doi.org/10.1109/access.2020.2981315.

[99].S. Abdi, L. de Witte, and M. Hawley, “Emerging Technologies With Potential Care and Support
Applications for Older People: Review of Gray Literature,” JMIR Aging, vol. 3, no. 2, p. €17286,
Aug. 2020, doi: https://doi.org/10.2196/17286.

[100].K. Qian, Z. Zhang, Y. Yamamoto, and B. W. Schuller, “Artificial Intelligence Internet of Things
for the Elderly: From Assisted Living to Health-Care Monitoring,” IEEE Signal Processing
Magazine, vol. 38, no. 4, pp. 78-88, Jul. 2021, doi: https://doi.org/10.1109/msp.2021.3057298.

[101].Moojan Ghafurian, K. Wang, Isha Dhode, M. Kapoor, Plinio Pelegrini Morita, and K.
Dautenhahn, “Smart Home Devices for Supporting Older Adults: A Systematic Review,” IEEE
Access, vol. 11, pp. 47137-47158, Jan. 2023, doi: https://doi.org/10.1109/access.2023.3266647.

[102].E. Ramanujam, T. Perumal, and S. Padmavathi, “Human Activity Recognition with Smartphone
and Wearable Sensors using Deep Learning Techniques: A Review,” IEEE Sensors Journal, vol.
21, no. 12, pp. 1-1, 2021, doi: https://doi.org/10.1109/jsen.2021.3069927.

[103].J. Zhu et al., “Ethical Issues of Smart Home-based Elderly care: a Scoping Review,” Journal of
Nursing Management, vol. 30, no. 8, Dec. 2021, doi: https://doi.org/10.1111/jonm.13521.

[104].M. Gochoo, F. Alnajjar, T.-H. Tan, and S. Khalid, “Towards Privacy-Preserved Aging in Place: A
Systematic Review,” Sensors, vol. 21, no. 9, p. 3082, Apr. 2021, doi:
https://doi.org/10.3390/s21093082.

[105].M. Lussier et al., “Early Detection of Mild Cognitive Impairment With In-Home Monitoring
Sensor Technologies Using Functional Measures: A Systematic Review,” IEEE Journal of
Biomedical and Health Informatics, vol. 23, no. 2, pp. 838-847, Mar. 2019, doi:
https://doi.org/10.1109/jbhi.2018.2834317.

[106].A. C. Tricco et al., “PRISMA Extension for Scoping Reviews (PRISMA-ScR): Checklist and
Explanation,” Annals of Internal Medicine, vol. 169, no. 7, pp. 467473, Sep. 2018, doi:
https://doi.org/10.7326/M18-0850.

[107].W.-Y. Shau, S. Setia, S. Shinde, H. Santoso, and D. Furtner, “Contemporary databases for real-
world studies for three diverse healthcare systems in Asia: a scoping review for India, Thailand,
and Taiwan (Preprint),” JMIR Research Protocols, Oct. 2022, doi: https://doi.org/10.2196/43741.

[108].Tadesse Gebrye, F. Fatoye, Chidozie Emmanuel Mbada, and Z. Hakimi, “A scoping review on
quality assessment tools used in systematic reviews and meta-analysis of real-world studies,”
Rheumatology International, vol. 43, no. 9, pp. 1573—-1581, Jun. 2023, doi:
https://doi.org/10.1007/s00296-023-05354-x.

[109].R. Pinto, C. Canario, O. Cruz, and Maria José Rodrigo, “Correction: Implementation of evidence-
based parenting programs under real-world conditions: Protocol for a scoping review,” PLOS
ONE, vol. 18, no. 10, pp. €0292826—0292826, Oct. 2023, doi:
https://doi.org/10.1371/journal.pone.0292826.

[110].Z. Lin et al., “Establishment of age group classification for risk stratification in glioma patients,”
BMC Neurology, vol. 20, no. 1, Aug. 2020, doi: https://doi.org/10.1186/s12883-020-01888-w.

[111].P. N. Dawadi, D. J. Cook, and M. Schmitter-Edgecombe, “Automated Cognitive Health
Assessment From Smart Home-Based Behavior Data,” IEEE Journal of Biomedical and Health
Informatics, vol. 20, no. 4, pp. 1188—-1194, Jul. 2016, doi:
https://doi.org/10.1109/jbhi.2015.2445754.

192



[112].M. Falah Rad, M. Shakeri, K. Khoshhal Roudposhti, and I. Shakerinia, “Probabilistic elderly
person’s mood analysis based on its activities of daily living using smart facilities,” Pattern
Analysis and Applications, Oct. 2021, doi: https://doi.org/10.1007/s10044-021-01034-3.

[113].B. Lin et al., “Analyzing the Relationship between Human Behavior and Indoor Air Quality,”
Journal of Sensor and Actuator Networks, vol. 6, no. 3, p. 13, Aug. 2017, doi:
https://doi.org/10.3390/jsan6030013.

[114].F. Delaine and G. Faraut, “Mathematical Criteria for a Priori Performance Estimation of
Activities of Daily Living Recognition,” Sensors, vol. 22, no. 7, p. 2439, Mar. 2022, doi:
https://doi.org/10.3390/s22072439.

[115].P. N. Dawadi, D. J. Cook, and M. Schmitter-Edgecombe, “Modeling patterns of activities using
activity curves,” Pervasive and Mobile Computing, vol. 28, pp. 51-68, Jun. 2016, doi:
https://doi.org/10.1016/j.pmcj.2015.09.007.

[116].M. A. Antén, J. Ordieres-Meré, U. Saralegui, and S. Sun, “Non-Invasive Ambient Intelligence in
Real Life: Dealing with Noisy Patterns to Help Older People,” Sensors, vol. 19, no. 14, p. 3113,
Jul. 2019, doi: https://doi.org/10.3390/s19143113.

[117].M. Aktaruzzaman et al., “Performance comparison between wrist and chest actigraphy in
combination with heart rate variability for sleep classification,” Computers in Biology and
Medicine, vol. 89, pp. 212221, Oct. 2017, doi:
https://doi.org/10.1016/j.compbiomed.2017.08.006.

[118].A. R. M. Forkan, P. Branch, P. P. Jayaraman, and A. Ferretto, “An Internet-of-Things Solution to
Assist Independent Living and Social Connectedness in Elderly,” ACM Transactions on Social
Computing, vol. 2, no. 4, pp. 1-24, Jan. 2020, doi: https://doi.org/10.1145/3363563.

[119].A. Ghods et al., “Iterative Design of Visual Analytics for a Clinician-in-the-Loop Smart Home,”
IEEE Journal of Biomedical and Health Informatics, vol. 23, no. 4, pp. 1742—1748, Jul. 2019, doi:
https://doi.org/10.1109/jbhi.2018.2864287.

[120].J. Vanus et al., “Monitoring of the daily living activities in smart home care,” Human-centric
Computing and Information Sciences, vol. 7, no. 1, Nov. 2017, doi:
https://doi.org/10.1186/s13673-017-0113-6.

[121].H. Guzman, R. Joshi, V. Guzman, M. Kilger, and K. Desai, “Multimodal Data Streaming using
Visual IoTs and Wearables for Telerechabilitation and Teletreatment,” 2021 World Automation
Congress (WAC), Aug. 2021, doi: https://doi.org/10.23919/wac50355.2021.9559516.

[122].F. M. Calatrava-Nicolas et al., “Robotic-Based Well-Being Monitoring and Coaching System for
the Elderly in Their Daily Activities,” Sensors, vol. 21, no. 20, p. 6865, Oct. 2021, doi:
https://doi.org/10.3390/s21206865.

[123].L. Fiorini, F. Cavallo, P. Dario, A. Eavis, and P. Caleb-Solly, “Unsupervised Machine Learning
for Developing Personalised Behaviour Models Using Activity Data,” Sensors, vol. 17, no. 5, p.
1034, May 2017, doi: https://doi.org/10.3390/s17051034.

[124].J. C.-W. Cheung, E. W.-C. Tam, A. H.-Y. Mak, T. T.-C. Chan, and Y.-P. Zheng, “A Night-Time
Monitoring System (eNightLog) to Prevent Elderly Wandering in Hostels: A Three-Month Field
Study,” International Journal of Environmental Research and Public Health, vol. 19, no. 4, p.
2103, Feb. 2022, doi: https://doi.org/10.3390/ijerph19042103.

[125].Zahraa Khais Shahid, Saguna Saguna, and Christer Ahlund, “Recognizing Long-term Sleep
Behaviour Change using Clustering for Elderly in Smart Homes,” 2022 IEEE International Smart
Cities Conference (ISC2), Sep. 2022, doi: https://doi.org/10.1109/is¢255366.2022.9921985.

193



[126].M. R. Lima et al., “Discovering Behavioural Patterns Using Conversational Technology for in-
Home Health and Well-being Monitoring,” IEEE Internet of Things Journal, vol. 10, no. 21, pp.
18537-18552, Nov. 2023, doi: https://doi.org/10.1109/ji0t.2023.3290833.

[127].P. Fard Moshiri, R. Shahbazian, M. Nabati, and S. A. Ghorashi, “A CSI-Based Human Activity
Recognition Using Deep Learning,” Sensors, vol. 21, no. 21, p. 7225, Oct. 2021, doi:
https://doi.org/10.3390/s21217225.

[128].K. Bouchard, J. Maitre, C. Bertuglia, and S. Gaboury, “Activity Recognition in Smart Homes
using UWB Radars,” Procedia Computer Science, vol. 170, pp. 10-17, 2020, doi:
https://doi.org/10.1016/j.procs.2020.03.004.

[129].Ueda Kenki, M. Tamai, and Keiichi Yasumoto, “A method for recognizing living activities in
homes using positioning sensor and power meters,” International Conference on Pervasive
Computing, Mar. 2015, doi: https://doi.org/10.1109/percomw.2015.7134062.

[130].D. J. Cook, M. Schmitter-Edgecombe, and P. Dawadi, “Analyzing Activity Behavior and
Movement in a Naturalistic Environment Using Smart Home Techniques,” IEEE Journal of
Biomedical and Health Informatics, vol. 19, no. 6, pp. 1882—1892, Nov. 2015, doi:
https://doi.org/10.1109/jbhi.2015.2461659.

[131].0. Belmonte-Fernandez, A. Puertas-Cabedo, J. Torres-Sospedra, R. Montoliu-Colas, and S.
Trilles-Oliver, “An Indoor Positioning System Based on Wearables for Ambient-Assisted
Living,” Sensors, vol. 17, no. 12, p. 36, Dec. 2016, doi: https://doi.org/10.3390/s17010036.

[132].A. Monteriu et al., “A Smart Sensing Architecture for Domestic Monitoring: Methodological
Approach and Experimental Validation,” Sensors (Basel, Switzerland), vol. 18, no. 7, p. 2310,
Jul. 2018, doi: https://doi.org/10.3390/s18072310.

[133].L.-N. Kwon et al., “Automated Classification of Normal Control and Early-Stage Dementia Based
on Activities of Daily Living (ADL) Data Acquired from Smart Home Environment,”
International Journal of Environmental Research and Public Health, vol. 18, no. 24, p. 13235,
Dec. 2021, doi: https://doi.org/10.3390/ijerph182413235.

[134].Belkacem Chikhaoui, M. Lussier, M. Gagnon, Héléne Pigot, S. Giroux, and N. Bier, “Automatic
Identification of Behavior Patterns in Mild Cognitive Impairments and Alzheimer’s Disease
Based on Activities of Daily Living,” International Conference on Smart Homes and Health
Telematics, pp. 60-72, Jan. 2018, doi: https://doi.org/10.1007/978-3-319-94523-1 6.

[135].K. Moriya et al., “Daily living activity recognition with ECHONET Lite appliances and motion
sensors,” 2017 IEEE International Conference on Pervasive Computing and Communications
Workshops, Mar. 2017, doi: https://doi.org/10.1109/percomw.2017.7917603.

[136].M. Lupion, Juana Lopez Redondo, J. Sanjuéan, and Pilar Martinez Ortigosa, “Deployment of an
IoT Platform for Activity Recognition at the UAL’s Smart Home,” International Symposium on
Ambient Intelligence, pp. 82-92, Sep. 2020, doi: https://doi.org/10.1007/978-3-030-58356-9 9.

[137].C. Osiegbu, S. B. Amsalu, Fatemeh Afghah, D. B. Limbrick, and Abdollah Homaifar, “Design
and Implementation of an Autonomous Wireless Sensor-Based Smart Home,” Proceedings -
International Conference on Computer Communications and Networks, [CCCN 2015, Aug. 2015,
doi: https://doi.org/10.1109/icccn.2015.7288393.

[138].A. Nandy, J. Saha, C. Chowdhury, and K. K. Singh, “Detailed Human Activity Recognition using
Wearable Sensor and Smartphones,” 2019 International Conference on Opto-Electronics and
Applied Optics (Optronix), Mar. 2019, doi: https://doi.org/10.1109/optronix.2019.8862427.

194



[139].T. Matsui, K. Onishi, Shinya Misaki, M. Fujimoto, H. Suwa, and Keiichi Yasumoto, “Easy-to-
Deploy Living Activity Sensing System and Data Collection in General Homes,” 2020 IEEE
International Conference on Pervasive Computing and Communications Workshops (PerCom
Workshops), Mar. 2020, doi: https://doi.org/10.1109/percomworkshops48775.2020.9156124.

[140].G. Mohmed, A. Lotfi, and A. Pourabdollah, “Employing a deep convolutional neural network for
human activity recognition based on binary ambient sensor data,” Proceedings of the 13th ACM
International Conference on PErvasive Technologies Related to Assistive Environments, Jun.
2020, doi: https://doi.org/10.1145/3389189.3397991.

[141].Ueda Kenki, H. Suwa, Y. Arakawa, and Keiichi Yasumoto, “Exploring Accuracy-Cost Tradeoff
in In-Home Living Activity Recognition Based on Power Consumptions and User Positions,”
2015 IEEE International Conference on Computer and Information Technology; Ubiquitous
Computing and Communications; Dependable, Autonomic and Secure Computing; Pervasive
Intelligence and Computing, Oct. 2015, doi: https://doi.org/10.1109/cit/iucc/dasc/picom.2015.169.

[142].M. Arshad, D. Jung, M. Park, K.-R. Mun, and Jin Wook Kim, “Gait-based Human Identification
through Minimum Gait-phases and Sensors,” 2021 43rd Annual International Conference of
thelEEE Engineering in Medicine & Biology Society (EMBC), Nov. 2021, doi:
https://doi.org/10.1109/embc46164.2021.9630468.

[143].N.-Y. Kim, H.-S. Park, G.-H. Lee, J. Han, H. Oh, and Jun Yong Choi, “Hierarchical User Status
Classification for Imbalanced Biometric Data Class,” 2022 International Conference on Artificial
Intelligence in Information and Communication (ICAIIC), Feb. 2022, doi:
https://doi.org/10.1109/icaiic54071.2022.9722653.

[144].J. Schéfer, B. R. Barrsiwal, M. Kokhkharova, H. Adil, and J. Liebehenschel, “Human Activity
Recognition Using CSI Information with Nexmon,” Applied Sciences, vol. 11, no. 19, p. 8860,
Sep. 2021, doi: https://doi.org/10.3390/app11198860.

[145].E. Nakagawa et al., “Investigating recognition accuracy improvement by adding user’s
acceleration data to location and power consumption-based in-home activity recognition system,”
13th International Conference on Mobile and Ubiquitous Systems: Computing Networking and
Services, Nov. 2016, doi: https://doi.org/10.1145/3004010.3004036.

[146].Yukitoshi Kashimoto et al., “Low-cost and Device-free Activity Recognition System with Energy
Harvesting PIR and Door Sensors,” Proceedings of the 13th International Conference on Mobile
and Ubiquitous Systems: Computing Networking and Services, Nov. 2016, doi:
https://doi.org/10.1145/3004010.3006378.

[147].H. Grover, Dheryta Jaisinghani, Nishtha Phutela, and S. Mittal, “ML-Based Device-Agnostic
Human Activity Detection with WiFi Sniffer Traffic,” 2022 14th International Conference on
COMmunication Systems & NETworkS (COMSNETS), Jan. 2022, doi:
https://doi.org/10.1109/comsnets53615.2022.9668420.

[148].H.-S. Park, N.-Y. Kim, G.-H. Lee, J. Han, H. Oh, and Jun Yong Choi, “Multi-head CNN and
LSTM with Attention for User Status Estimation from Biometric Information,” 4th International
Conference on Artificial Intelligence in Information and Communication, ICAIIC 2022, Feb.
2022, doi: https://doi.org/10.1109/icaiic54071.2022.9722697.

[149].Mohammud Junaid Bocus et al., “OPERAnet, a multimodal activity recognition dataset acquired
from radio frequency and vision-based sensors,” Scientific Data, vol. 9, no. 1, Oct. 2021, doi:
https://doi.org/10.1038/s41597-022-01573-2.

195



[150].G. Bhavanasi, L. Werthen-Brabants, T. Dhaene, and 1. Couckuyt, “Patient activity recognition
using radar sensors and machine learning,” Neural Computing and Applications, vol. 34, no. 18,
pp. 16033-16048, May 2022, doi: https://doi.org/10.1007/s00521-022-07229-x.

[151].W. Sasaki, M. Fujiwara, M. Fujimoto, H. Suwa, Y. Arakawa, and Keiichi Yasumoto, ‘“Predicting
Occurrence Time of Daily Living Activities Through Time Series Analysis of Smart Home Data,”
2019 IEEE International Conference on Pervasive Computing and Communications Workshops
(PerCom Workshops), Mar. 2019, doi: https://doi.org/10.1109/percomw.2019.8730662.

[152].E. Nakagawa, K. Moriya, H. Suwa, M. Fujimoto, Y. Arakawa, and K. Yasumoto, “Toward real-
time in-home activity recognition using indoor positioning sensor and power meters,” 2017 IEEE
International Conference on Pervasive Computing and Communications Workshops (PerCom
Workshops), Mar. 2017, doi: https://doi.org/10.1109/percomw.2017.7917620.

[153].A. Beaulieu, Florentin Thullier, K. Bouchard, Julien Maitre, and S. Gaboury, “Ultra-wideband
data as input of a combined EfficientNet and LSTM architecture for human activity recognition,”
Journal of Ambient Intelligence and Smart Environments, pp. 1-16, May 2022, doi:
https://doi.org/10.3233/ais-210462.

[154].R. G. Ramos, J. D. Domingo, E. Zalama, J. Gomez-Garcia-Bermejo, and J. Lopez, “SDHAR-
HOME: A Sensor Dataset for Human Activity Recognition at Home,” Sensors, vol. 22, no. 21, p.
8109, Oct. 2022, doi: https://doi.org/10.3390/s22218109.

[155].J. Bai, Y. Zhao, and X. Chen, “PSO-BP neural network based on physical health perception of the
elderly in retirement home,” 2023 35th Chinese Control and Decision Conference (CCDC), May
2023, doi: https://doi.org/10.1109/ccdc58219.2023.10327488.

[156].V. Lafontaine, K. Bouchard, Julien Maitre, and S. Gaboury, “Denoising UWB Radar Data for
Human Activity Recognition Using Convolutional Autoencoders,” IEEE Access, vol. 11, pp.
81298-81309, Jan. 2023, doi: https://doi.org/10.1109/access.2023.3300224.

[157].F. Albargi, N. Khan, I. Ghosh, and A. Roy, “BeautyNet: A Makeup Activity Recognition
Framework using Wrist-worn Sensor,” 2023 IEEE International Conference on Smart Computing
(SMARTCOMP), Jun. 2023, doi: https://doi.org/10.1109/smartcomp58114.2023.00072.

[158].S. Khan, Aaesha Alzaabi, Tharmalingam Ratnarajah, and T. Arslan, “Novel statistical time series
data augmentation and machine learning based classification of unobtrusive respiration data for
respiration Digital Twin model,” Computers in Biology and Medicine, vol. 168, pp. 107825—
107825, Jan. 2024, doi: https://doi.org/10.1016/j.compbiomed.2023.107825.

[159].X. Zhang, W. Kou, E. Y. Chang, H. Gao, Y. Fan, and Y. Xu, “Sleep stage classification based on
multi-level feature learning and recurrent neural networks via wearable device,” Computers in
Biology and Medicine, vol. 103, pp. 71-81, Dec. 2018, doi:
https://doi.org/10.1016/j.compbiomed.2018.10.010.

[160].J. Kim, S. Cheon, and J. Lim, “loT-Based Unobtrusive Physical Activity Monitoring System for
Predicting Dementia,” IEEE Access, vol. 10, pp. 26078-26089, 2022, doi:
https://doi.org/10.1109/access.2022.3156607.

[161].A. Chaudhary, R. Mishra, Hari Prabhat Gupta, and K. K. Shukla, “Jointly Prediction of Activities,
Locations, and Starting Times for Isolated Elderly People,” IEEE Journal of Biomedical and
Health Informatics, vol. 27, no. 5, pp. 2288-2295, May 2023, doi:
https://doi.org/10.1109/jbhi.2021.3121296.

196



[162].S. Casaccia et al., “Measurement of Users’ Well-Being Through Domotic Sensors and Machine
Learning Algorithms,” IEEE Sensors Journal, vol. 20, no. 14, pp. 8029—8038, Jul. 2020, doi:
https://doi.org/10.1109/jsen.2020.2981209.

[163].K. Matsumoto, T. Matsui, H. Suwa, and Keiichi Yasumoto, “Stress Prediction Using Per-Activity
Biometric Data to Improve QoL in the Elderly,” International Conference on Smart Homes and
Health Telematics, pp. 196208, Jan. 2022, doi: https://doi.org/10.1007/978-3-031-09593-1 15.

[164].K. Wang, S. Cao, J. Kaur, Moojan Ghafurian, Zahid Ahmad Butt, and P. Morita, “Heart rate
prediction with contactless active assisted living technology: a smart home approach for older
adults,” Frontiers in artificial intelligence, vol. 6, Jan. 2024, doi:
https://doi.org/10.3389/frai.2023.1342427.

[165].C. Dong et al., “Non-contact screening system based for COVID-19 on XGBoost and logistic
regression,” Computers in Biology and Medicine, vol. 141, p. 105003, Feb. 2022, doi:
https://doi.org/10.1016/j.compbiomed.2021.105003.

[166].J. Ding and Y. Wang, “A WiFi-Based Smart Home Fall Detection System Using Recurrent
Neural Network,” IEEE Transactions on Consumer Electronics, vol. 66, no. 4, pp. 308-317, Nov.
2020, doi: https://doi.org/10.1109/tce.2020.3021398.

[167].H. Sadreazami, M. Bolic, and S. Rajan, “Contactless Fall Detection using Time-Frequency
Analysis and Convolutional Neural Networks,” IEEE Transactions on Industrial Informatics, pp.
1-1, 2021, doi: https://doi.org/10.1109/ti1.2021.3049342.

[168].L. Larcher, V. Stroele, Mario, and M. Bauer, “Event-Driven Framework for Detecting Unusual
Patterns in AAL Environments,” 2020 IEEE 33rd International Symposium on Computer-Based
Medical Systems (CBMS), Jul. 2020, doi: https://doi.org/10.1109/cbms49503.2020.00065.

[169].A. R. M. Forkan, P. Branch, P. P. Jayaraman, and A. Ferretto, “HalleyAssist: A Personalised
Internet of Things Technology to Assist the Elderly in Daily Living,”
scholarspace.manoa.hawaii.edu, Jan. 08, 2019. https://hdl.handle.net/10125/59857.

[170].A. Alberdi et al., “Smart Home-Based Prediction of Multidomain Symptoms Related to
Alzheimer’s Disease,” IEEE Journal of Biomedical and Health Informatics, vol. 22, no. 6, pp.
1720-1731, Nov. 2018, doi: https://doi.org/10.1109/jbhi.2018.2798062.

[171].Zahraa Khais Shahid, Saguna Saguna, and Christer Ahlund, “Outlier Detection in IoT data for
Elderly Care in Smart Homes,” 2023 IEEE 20th Consumer Communications & Networking
Conference (CCNC), Jan. 2023, doi: https://doi.org/10.1109/ccnc51644.2023.10060085.

[172].K. Kim, J. Jang, H. Park, J. Jeong, D. Shin, and D. Shin, “Detecting Abnormal Behaviors in
Dementia Patients Using Lifelog Data: A Machine Learning Approach,” Information, vol. 14, no.
8, pp. 433-433, Aug. 2023, doi: https://doi.org/10.3390/info14080433.

[173].Ritesh Chandra Tewari, S. Sharma, Aurobinda Routray, and Jhareswar Maiti, “Effective fall
detection and post-fall breath rate tracking using a low-cost CW Doppler radar sensor,”
Computers in Biology and Medicine, vol. 164, pp. 107315-107315, Sep. 2023, doi:
https://doi.org/10.1016/j.compbiomed.2023.107315.

[174].R. Zinno, S. S. Haghshenas, G. Guido, and A. Vltale, “Artificial Intelligence and Structural
Health Monitoring of Bridges: A Review of the State-of-the-Art,” IEEE Access, vol. 10, pp.
8805888078, 2022, doi: https://doi.org/10.1109/access.2022.3199443.

[175].S. Hela, B. Amel, and R. Badran, “Early anomaly detection in smart home: A causal association
rule-based approach,” Artificial Intelligence in Medicine, vol. 91, pp. 57-71, Sep. 2018, doi:
https://doi.org/10.1016/j.artmed.2018.06.001.

197



[176].T. Yebda, J. Benois-Pineau, H. Amieva, and B. Frolicher, “Multi-sensing of fragile persons for
risk situation detection: devices, methods, challenges,” IEEE Xplore, Sep. 01, 2019. doi:
https://doi.org/10.1109/CBMI1.2019.8877476

[177].Muhiddin Bagci, T. Q. Nguyen, and Y. Ozturk, “Ambient Sleep Quality Analysis with a Machine
Learning Model,” 2023 IEEE International Conference on Acoustics, Speech, and Signal
Processing Workshops (ICASSPW), Jun. 2023, doi:
https://doi.org/10.1109/icasspw59220.2023.10193407.

[178].D. Grant, I. McLane, V. Rennoll, and J. E. West, “Considerations and Challenges for Real-World
Deployment of an Acoustic-Based COVID-19 Screening System,” Sensors, vol. 22, no. 23, pp.
9530-9530, Dec. 2022, doi: https://doi.org/10.3390/s22239530.

[179].S. Sepasgozar et al., “A Systematic Content Review of Artificial Intelligence and the Internet of
Things Applications in Smart Home,” Applied Sciences, vol. 10, no. 9, p. 3074, Apr. 2020, doi:
https://doi.org/10.3390/app10093074.

[180].Y. Yang, J. C. Shin, D. Li, and R. An, “Sedentary Behavior and Sleep Problems: a Systematic
Review and Meta-Analysis,” International Journal of Behavioral Medicine, vol. 24, no. 4, pp.
481-492, Nov. 2016, doi: https://doi.org/10.1007/s12529-016-9609-0.

[181].T. Suzuki, S. Murase, N. Tanaka, and T. Okazawa, “New Approach for The Early Detection of
Dementia by Recording In-House Activities,” Telemedicine Journal and E-health, vol. 13, no. 1,
pp. 4144, Feb. 2007, doi: https://doi.org/10.1089/tmj.2006.0033.

[182].A. Zanobetti et al., “Associations of PM10with Sleep and Sleep-disordered Breathing in Adults
from Seven U.S. Urban Areas,” American Journal of Respiratory and Critical Care Medicine, vol.
182, no. 6, pp. 819-825, Sep. 2010, doi: https://doi.org/10.1164/rccm.200912-17970oc.

[183].C. Gautier and D. Charpin, “Environmental triggers and avoidance in the management of
asthma,” Journal of Asthma and Allergy, vol. Volume10, no. 10, pp. 47-56, Mar. 2017, doi:
https://doi.org/10.2147/jaa.s121276.

[184].C. Ren, M. S. O’Neill, S. K. Park, D. Sparrow, P. Vokonas, and J. Schwartz, “Ambient
Temperature, Air Pollution, and Heart Rate Variability in an Aging Population,” American
Journal of Epidemiology, vol. 173, no. 9, pp. 1013-1021, Mar. 2011, doi:
https://doi.org/10.1093/aje/kwq477.

[185].A. Masciadri, C. Scarantino, S. Comai, and F. Salice, “Understanding Home Inactivity for Human
Behavior Anomaly Detection,” Proceedings of the 5th EAI International Conference on Smart
Objects and Technologies for Social Good, Sep. 2019, doi:
https://doi.org/10.1145/3342428.3342658.

[186].V. A. Goodwin et al., “Including older people in health and social care research: best practice
recommendations based on the INCLUDE framework,” Age and Ageing, vol. 52, no. 6, Jun.
2023, doi: https://doi.org/10.1093/ageing/afad082.

[187].J. L. Chong, K. K. Lim, and D. B. Matchar, “Population segmentation based on healthcare needs:
a systematic review,” Systematic Reviews, vol. §, no. 1, Aug. 2019, doi:
https://doi.org/10.1186/s13643-019-1105-6.

[188].M. T. Harris, K. A. Blocker, and W. A. Rogers, “Older Adults and Smart Technology: Facilitators
and Barriers to Use,” Frontiers in Computer Science, vol. 4, May 2022, doi:
https://doi.org/10.3389/fcomp.2022.835927.

198



[189].P. R. Fitzsimmons, S. Blayney, S. Mina-Corkill, and G. O. Scott, “Older participants are
frequently excluded from Parkinson’s disease research,” Parkinsonism & Related Disorders, vol.
18, no. 5, pp. 585-589, Jun. 2012, doi: https://doi.org/10.1016/j.parkreldis.2012.03.003.

[190].S. Gambs, “Privacy and Ethical Challenges in Big Data,” Foundations and Practice of Security,
pp. 17-26, 2019, doi: https://doi.org/10.1007/978-3-030-18419-3 2.

[191].M. J. Hanley, A. Khandelwal, Hadar Averbuch-Elor, N. Snavely, and H. Nissenbaum, “An
Ethical Highlighter for People-Centric Dataset Creation,” arXiv (Cornell University), Jan. 2020,
doi: https://doi.org/10.48550/arxiv.2011.13583.

[192].S. Jha, M. Schiemer, F. Zambonelli, and J. Ye, “Continual Learning in Sensor-based Human
Activity Recognition: an Empirical Benchmark Analysis,” Information Sciences, Apr. 2021, doi:
https://doi.org/10.1016/j.ins.2021.04.062.

[193].H. Chen et al., “Enhancing Human Activity Recognition in Smart Homes with Self-Supervised
Learning and Self-Attention,” Sensors, vol. 24, no. 3, pp. 884—884, Jan. 2024, doi:
https://doi.org/10.3390/524030884.

[194].H. Aloulou et al., “Deployment of assistive living technology in a nursing home environment:
methods and lessons learned,” BMC Medical Informatics and Decision Making, vol. 13, no. 1,
Apr. 2013, doi: https://doi.org/10.1186/1472-6947-13-42.

[195].J. B. Awotunde, R. G. Jimoh, S. O. Folorunso, E. A. Adeniyi, K. M. Abiodun, and O. O. Banjo,
“Privacy and Security Concerns in loT-Based Healthcare Systems,” Internet of Things, pp. 105—
134, 2021, doi: https://doi.org/10.1007/978-3-030-75220-0_6.

[196].S.-C. Chang, M.-T. Lu, T.-H. Pan, and C.-S. Chen, “Evaluating the E-Health Cloud Computing
Systems Adoption in Taiwan’s Healthcare Industry,” Life, vol. 11, no. 4, p. 310, Apr. 2021, doi:
https://doi.org/10.3390/life11040310.

[197].S. Sengupta and S. S. Bhunia, “Secure Data Management in Cloudlet Assisted [oT Enabled e-
Health Framework in Smart City,” IEEE Sensors Journal, vol. 20, no. 16, pp. 9581-9588, Aug.
2020, doi: https://doi.org/10.1109/jsen.2020.2988723.

[198].A. Amjad, F. Azam, M. W. Anwar, and W. H. Butt, “A Systematic Review on the Data
Interoperability of Application Layer Protocols in Industrial IoT,” IEEE Access, vol. 9, pp.
96528-96545, 2021, doi: https://doi.org/10.1109/access.2021.3094763.

[199].R. Suzman, “Global Health and Aging,” 2012. [Online]. Available:
http://www.who.int/ageing/publications/global health.pdf

[200].E. Jaul and J. Barron, “Age-Related Diseases and Clinical and Public Health Implications for the
85 Years Old and over Population,” Frontiers in Public Health, vol. 5, no. 335, Dec. 2017, doi:
https://doi.org/10.3389/fpubh.2017.00335.

[201].A. S. America, “Home Safety for Seniors - Statistics and Solutions,” Age Safe® America | Senior
Home Safety | Aging in Place, Jan. 26, 2017. https://agesafeamerica.com/home-safety-seniors-
statistics-solutions/ (accessed Sep. 28, 2021).

[202].R. Al-Shaqi, M. Mourshed, and Y. Rezgui, “Progress in ambient assisted systems for independent
living by the elderly,” SpringerPlus, vol. 5, no. 1, May 2016, doi: https://doi.org/10.1186/s40064-
016-2272-8.

[203].S. Wang et al., “Technology to Support Aging in Place: Older Adults’ Perspectives,” Healthcare,
vol. 7, no. 2, p. 60, Apr. 2019, doi: https://doi.org/10.3390/healthcare7020060.

199



[204].P. Rashidi and A. Mihailidis, “A Survey on Ambient-Assisted Living Tools for Older Adults,”
IEEE Journal of Biomedical and Health Informatics, vol. 17, no. 3, pp. 579-590, May 2013, doi:
https://doi.org/10.1109/jbhi.2012.2234129.

[205].N. Pannurat, S. Thiemjarus, and E. Nantajeewarawat, “Automatic Fall Monitoring: A Review,”
Sensors, vol. 14, no. 7, pp. 12900-12936, Jul. 2014, doi: https://doi.org/10.3390/s140712900.

[206].D. C. Mohr, M. Zhang, and S. M. Schueller, “Personal Sensing: Understanding Mental Health
Using Ubiquitous Sensors and Machine Learning,” Annual Review of Clinical Psychology, vol.
13, no. 1, pp. 23-47, May 2017, doi: https://doi.org/10.1146/annurev-clinpsy-032816-044949.

[207].E. S. Kumar, P. Sachin, B. P. Vignesh, and M. R. Ahmed, “Architecture for IOT based geriatric
care fall detection and prevention,” 2017 International Conference on Intelligent Computing and
Control Systems (ICICCS), Jun. 2017, doi: https://doi.org/10.1109/iccons.2017.8250636.

[208].A. L et al., “loT-enabled Geriatric Health Monitoring System,” 2021 Second International
Conference on Electronics and Sustainable Communication Systems (ICESC), Aug. 2021, doi:
https://doi.org/10.1109/icesc51422.2021.9532781.

[209].A. Ramachandran, M. A. Taj, R. Maheshwari, and A. Karuppiah, “Design and Simulation of
Multi-channel V-TDMA for loT-Based Healthcare Systems,” Smart Trends in Computing and
Communications: Proceedings of SmartCom 2020, pp. 319-329, Jul. 2020, doi:
https://doi.org/10.1007/978-981-15-5224-3 31.

[210].D. Calvaresi, D. Cesarini, P. Sernani, M. Marinoni, A. F. Dragoni, and A. Sturm, “Exploring the
ambient assisted living domain: a systematic review,” Journal of Ambient Intelligence and
Humanized Computing, vol. §, no. 2, pp. 239-257, May 2016, doi:
https://doi.org/10.1007/s12652-016-0374-3.

[211].C. Siegel and T. E. Dorner, “Information technologies for active and assisted living—Influences
to the quality of life of an ageing society,” International Journal of Medical Informatics, vol. 100,
pp. 32-45, Apr. 2017, doi: https://doi.org/10.1016/j.ijmedinf.2017.01.012.

[212].S. S. I. Samuel, “A review of connectivity challenges in IoT-smart home,” 2016 3rd MEC
International Conference on Big Data and Smart City (ICBDSC), Mar. 2016, doi:
https://doi.org/10.1109/icbdsc.2016.7460395.

[213].A. Rahman, “Comparison of Internet of Things (IoT) Data Link Protocols,” Wustl.edu, 2014.
https://www.cse.wustl.edu/~jain/cse570-15/ftp/iot_dlc/ (accessed Feb. 03, 2023).

[214].S. J. Danbatta and A. Varol, “Comparison of Zigbee, Z-Wave, Wi-Fi, and Bluetooth Wireless
Technologies Used in Home Automation,” 2019 7th International Symposium on Digital
Forensics and Security (ISDFS), Jun. 2019, doi: https://doi.org/10.1109/isdfs.2019.8757472.

[215].K. Wang, S. Cao, and P. P. Morita, “Optimizing Public Health Data Collection From Internet of
Things Sensors: An Integrated Data-Sharing Platform,” Proceedings of the International
Symposium on Human Factors and Ergonomics in Health Care, vol. 10, no. 1, pp. 63—64, Jun.
2021, doi: https://doi.org/10.1177/2327857921101027.

[216].L. Zhang, Y. Xie, L. Xidao, and X. Zhang, “Multi-source heterogeneous data fusion,” 2018
International Conference on Artificial Intelligence and Big Data (ICAIBD), May 2018, doi:
https://doi.org/10.1109/icaibd.2018.8396165.

[217].United Nations, “World Population Ageing 2019,” www.un.org, 2019.
https://www.un.org/en/development/desa/population/publications/pdf/ageing/WorldPopulationAg
eing2019-Highlights.pdf (accessed May 17, 2023).

200



[218].Quora, “4 Reasons Life Expectancy Has Increased In The Past 200 Years,” Forbes, Sep. 15, 2022,
https://www.forbes.com/sites/quora/2022/09/15/4-reasons-life-expectancy-has-increased-in-the-
past-200-years/?sh=6185b4674d57 (accessed May 16, 2023).

[219].P. Alvarez, “Charted: The World’s Aging Population from 1950 to 2100,” Visual Capitalist.
https://www.visualcapitalist.com/cp/charted-the-worlds-aging-population-1950-to-2100/
(accessed May 17, 2023).

[220].M. J. Prince et al., “The burden of disease in older people and implications for health policy and
practice,” The Lancet, vol. 385, no. 9967, pp. 549-562, Feb. 2015, doi:
https://doi.org/10.1016/s0140-6736(14)61347-7.

[221].S. Soon, H. Svavarsdottir, C. Downey, and D. G. Jayne, “Wearable devices for remote vital signs
monitoring in the outpatient setting: an overview of the field,” BMJ Innovations, vol. 6, no. 2, p.
bmjinnov-2019-000354, Jan. 2020, doi: https://doi.org/10.1136/bmjinnov-2019-000354.

[222].M. Domb, “Smart Home Systems Based on Internet of Things,” IoT and Smart Home Automation
[Working Title], Feb. 2019, doi: https://doi.org/10.5772/intechopen.84894.

[223].V. Frisardi and B. P. Imbimbo, “Gerontechnology for Demented Patients: Smart Homes for Smart
Aging,” Journal of Alzheimer’s Disease, vol. 23, no. 1, pp. 143-146, Jan. 2011, doi:
https://doi.org/10.3233/jad-2010-101599.

[224].J. Wang, N. Spicher, J. M. Warnecke, M. Haghi, J. Schwartze, and T. M. Deserno, “Unobtrusive
Health Monitoring in Private Spaces: The Smart Home,” Sensors, vol. 21, no. 3, p. 864, Jan.
2021, doi: https://doi.org/10.3390/s21030864.

[225].H.-T. Chen et al., “Cloud Computing-Based Smart Home-Based Rehabilitation Nursing System
for Early Intervention,” Advanced Science Letters, vol. 20, no. 1, pp. 218-221, Jan. 2014, doi:
https://doi.org/10.1166/as1.2014.5251.

[226].T. G. Stavropoulos et al., “Wearable Devices for Assessing Function in Alzheimer’s Disease: A
European Public Involvement Activity About the Features and Preferences of Patients and
Caregivers,” Frontiers in Aging Neuroscience, vol. 13, Apr. 2021, doi:
https://doi.org/10.3389/fnagi.2021.643135.

[227].World Health Organization, “Cardiovascular diseases (CVDs),” Who.int, Jun. 11, 2021.
https://www.who.int/en/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds) (accessed
May 18, 2023).

[228].V. ]J. Wirtz, W. A. Kaplan, G. F. Kwan, and R. O. Laing, “Access to Medications for
Cardiovascular Diseases in Low- and Middle-Income Countries,” Circulation, vol. 133, no. 21,
pp- 20762085, May 2016, doi: https://doi.org/10.1161/circulationaha.115.008722.

[229].J. L. Rodgers et al., “Cardiovascular Risks Associated with Gender and Aging,” Journal of
Cardiovascular Development and Disease, vol. 6, no. 2, p. 19, Apr. 2019, doi:
https://doi.org/10.3390/jcdd6020019.

[230].E. J. Benjamin et al., “Heart Disease and Stroke Statistics—2019 Update: A Report From the
American Heart Association,” Circulation, vol. 139, no. 10, Mar. 2019, doi:
https://doi.org/10.1161/cir.0000000000000659.

[231].A. Saxena et al., “Protective Role of Resting Heart Rate on All-Cause and Cardiovascular Disease
Mortality,” Mayo Clinic Proceedings, vol. 88, no. 12, pp. 1420-1426, Dec. 2013, doi:
https://doi.org/10.1016/j.mayocp.2013.09.011.

201



[232].M. Mitratza et al., “The performance of wearable sensors in the detection of SARS-CoV-2
infection: a systematic review,” The Lancet Digital Health, vol. 4, no. 5, pp. e370—383, May
2022, doi: https://doi.org/10.1016/s2589-7500(22)00019-x.

[233].J. Lin et al., “Wearable sensors and devices for real-time cardiovascular disease monitoring,” Cell
Reports Physical Science, vol. 2, no. 8, p. 100541, Aug. 2021, doi:
https://doi.org/10.1016/j.xcrp.2021.100541.

[234].N. Xiao, W. Yu, and X. Han, “Wearable heart rate monitoring intelligent sports bracelet based on
Internet of things,” Measurement, vol. 164, p. 108102, Nov. 2020, doi:
https://doi.org/10.1016/j.measurement.2020.108102.

[235].B. David Chung Hu, H. Fahmi, L. Yuhao, C. C. Kiong, and A. Harun, “Internet of Things (I0T)
Monitoring System for Elderly,” 2018 International Conference on Intelligent and Advanced
System (ICIAS), Aug. 2018, doi: https://doi.org/10.1109/icias.2018.8540567.

[236].M. M. Ali, S. Haxha, M. M. Alam, C. Nwibor, and M. Sakel, “Design of Internet of Things (IoT)
and Android Based Low Cost Health Monitoring Embedded System Wearable Sensor for
Measuring SpO2, Heart Rate and Body Temperature Simultaneously,” Wireless Personal
Communications, vol. 111, no. 4, pp. 24492463, Dec. 2019, doi: https://doi.org/10.1007/s11277-
019-06995-7.

[237].M. U. H. Al Rasyid, B.-H. Lee, and A. Sudarsono, “Wireless body area network for monitoring
body temperature, heart beat and oxygen in blood,” 2015 International Seminar on Intelligent
Technology and Its Applications (ISITIA), May 2015, doi:
https://doi.org/10.1109/isitia.2015.7219960.

[238].S. Dami and M. Yahaghizadeh, “Predicting cardiovascular events with deep learning approach in
the context of the internet of things,” Neural Computing and Applications, vol. 33, no. 13, pp.
7979-7996, Jan. 2021, doi: https://doi.org/10.1007/s00521-020-05542-x.

[239].S. Mohan, C. Thirumalai, and G. Srivastava, “Effective Heart Disease Prediction Using Hybrid
Machine Learning Techniques,” IEEE Access, vol. 7, pp. 81542-81554, 2019, doi:
https://doi.org/10.1109/access.2019.2923707.

[240].Z. Wang and Z. Gao, “Analysis of real-time heartbeat monitoring using wearable device Internet
of Things system in sports environment,” Computational Intelligence, Jul. 2020, doi:
https://doi.org/10.1111/coin.12337.

[241].L. Linkous, N. Zohrabi, and S. Abdelwahed, “Health Monitoring in Smart Homes Utilizing
Internet of Things,” 2019 IEEE/ACM International Conference on Connected Health:
Applications, Systems and Engineering Technologies (CHASE), Sep. 2019, doi:
https://doi.org/10.1109/chase48038.2019.00020.

[242].F. Adib, H. Mao, Z. Kabelac, D. Katabi, and R. C. Miller, “Smart Homes that Monitor Breathing
and Heart Rate,” Proceedings of the 33rd Annual ACM Conference on Human Factors in
Computing Systems - CHI ’15, 2015, doi: https://doi.org/10.1145/2702123.2702200.

[243].L. Scalise et al., “Implementation of an ‘at-home’ e-Health system using heterogeneous devices,”
IEEE International Smart Cities Conference (ISC2), Sep. 2016, doi:
https://doi.org/10.1109/is¢2.2016.7580865.

[244].M. Pham, Y. Mengistu, H. Do, and W. Sheng, “Delivering home healthcare through a Cloud-
based Smart Home Environment (CoSHE),” Future Generation Computer Systems, vol. 81, pp.
129-140, Apr. 2018, doi: https://doi.org/10.1016/j.future.2017.10.040.

202



[245].X. Zhang, M. C. Schall, H. Chen, S. Gallagher, G. A. Davis, and R. Sesek, “Manufacturing
worker perceptions of using wearable inertial sensors for multiple work shifts,” Applied
Ergonomics, vol. 98, p. 103579, Jan. 2022, doi: https://doi.org/10.1016/j.apergo.2021.103579.

[246].A. A. T. Schuurmans et al., “Validity of the Empatica E4 Wristband to Measure Heart Rate
Variability (HRV) Parameters: a Comparison to Electrocardiography (ECG),” Journal of Medical
Systems, vol. 44, no. 11, Sep. 2020, doi: https://doi.org/10.1007/s10916-020-01648-w.

[247].S. Nasrollahzadeh, M. Maadani, and M. A. Pourmina, “Optimal motion sensor placement in smart
homes and intelligent environments using a hybrid WOA-PSO algorithm,” Journal of Reliable
Intelligent Environments, Sep. 2021, doi: https://doi.org/10.1007/s40860-021-00157-y.

[248].P. F. Edemekong, D. L. Bomgaars, S. Sukumaran, and C. Schoo, “Activities of Daily Living,”
StatPearls, Jun. 2023.

[249].M. Oyeleye, T. Chen, S. Titarenko, and G. Antoniou, “A Predictive Analysis of Heart Rates
Using Machine Learning Techniques,” International Journal of Environmental Research and
Public Health, vol. 19, no. 4, p. 2417, Feb. 2022, doi: https://doi.org/10.3390/ijerph19042417.

[250].N. Yang, Z. Zheng, and T. Wang, “Model Loss and Distribution Analysis of Regression Problems
in Machine Learning,” ICMLC ’19: Proceedings of the 2019 11th International Conference on
Machine Learning and Computing, Feb. 2019, doi: https://doi.org/10.1145/3318299.3318367.

[251].G. N. Ahmad, H. Fatima, Shafiullah, A. S. Saidi, and Imdadullah, “Efficient Medical Diagnosis of
Human Heart Diseases using Machine Learning Techniques with and without GridSearchCV,”
IEEE Access, pp. 1-1, 2022, doi: https://doi.org/10.1109/access.2022.3165792.

[252].M. Alnaggar, A. 1. Siam, M. Handosa, T. Medhat, and M. Z. Rashad, “Video-based Real-Time
Monitoring for Heart Rate and Respiration Rate,” Expert Systems with Applications, p. 120135,
Apr. 2023, doi: https://doi.org/10.1016/j.eswa.2023.120135.

[253].A. Kumar, S. Singh, V. Rawal, S. Garg, A. Agrawal, and S. Yadav, “CNN-based device-free
health monitoring and prediction system using WiF1i signals,” International Journal of Information
Technology, Jul. 2022, doi: https://doi.org/10.1007/s41870-022-01023-7.

[254].M. Liu, Z. Lin, P. Xiao, and W. Xiang, “Human Biometric Signals Monitoring based on WiFi
Channel State Information using Deep Learning,” arXiv (Cornell University), Jan. 2022, doi:
https://doi.org/10.48550/arxiv.2203.03980.

[255].M. Menassa et al., “Concepts and definitions of healthy ageing: a systematic review and synthesis
of theoretical models,” eClinicalMedicine, vol. 56, no. 56, p. 101821, Feb. 2023, doi:
https://doi.org/10.1016/j.eclinm.2022.101821.

[256].L. C. Behr, A. Simm, A. Kluttig, and A. Grosskopf (GroBkopf), “60 years of healthy aging: On
definitions, biomarkers, scores and challenges,” Ageing Research Reviews, vol. 88, p. 101934,
Jul. 2023, doi: https://doi.org/10.1016/j.arr.2023.101934.

[257].M. Keshavarz, K. Xie, K. Schaaf, D. Bano, and D. Ehninger, “Targeting the ‘hallmarks of aging’
to slow aging and treat age-related disease: fact or fiction?,” Molecular Psychiatry, Jul. 2022, doi:
https://doi.org/10.1038/s41380-022-01680-x.

[258].Y. Sun, Mee Kam Ng, Anson C.M. Chau, and S. Chen, “From Sociospatial Experiences to Well-
Being: Implications for Aging in Place,” Annals of the American Association of Geographers,
vol. 113, no. 2, pp. 511-526, Oct. 2022, doi: https://doi.org/10.1080/24694452.2022.2115971.

[259].Emilie Kauffeldt Wegener, J. M. Bergschold, C. Whitmore, M. Winters, and L. Kayser,
“Involving Older People With Frailty or Impairment in the Design Process of Digital Health

203



Technologies to Enable Aging in Place: Scoping Review,” JMIR human factors, vol. 10, pp.
e37785—e37785, Jan. 2023, doi: https://doi.org/10.2196/37785.

[260].M. H. Arshad, M. Bilal, and A. Gani, “Human Activity Recognition: Review, Taxonomy and
Open Challenges,” Sensors, vol. 22, no. 17, p. 6463, Aug. 2022, doi:
https://doi.org/10.3390/s22176463.

[261].G. Saleem, U. I. Bajwa, and R. H. Raza, “Toward human activity recognition: a survey,” Neural
Computing and Applications, Oct. 2022, doi: https://doi.org/10.1007/s00521-022-07937-4.

[262].L. Bibbo, R. Carotenuto, and F. Della Corte, “An Overview of Indoor Localization System for
Human Activity Recognition (HAR) in Healthcare,” Sensors, vol. 22, no. 21, p. 8119, Oct. 2022,
doi: https://doi.org/10.3390/s22218119.

[263].J. Heikenfeld et al., “Wearable sensors: modalities, challenges, and prospects,” Lab on a Chip,
vol. 18, no. 2, pp. 217-248, 2018, doi: https://doi.org/10.1039/c71c00914c.

[264].C. Han, L. Zhang, Y. Tang, W. Huang, F. Min, and J. He, “Human activity recognition using
wearable sensors by heterogeneous convolutional neural networks,” Expert Systems with
Applications, vol. 198, p. 116764, Jul. 2022, doi: https://doi.org/10.1016/j.eswa.2022.116764.

[265].1. Dirgova Luptakova, M. Kubov¢ik, and J. Pospichal, “Wearable Sensor-Based Human Activity
Recognition with Transformer Model,” Sensors, vol. 22, no. 5, p. 1911, Mar. 2022, doi:
https://doi.org/10.3390/s22051911.

[266].G. Prieto-Avalos, N. A. Cruz-Ramos, G. Alor-Hernandez, J. L. Sanchez-Cervantes, L. Rodriguez-
Mazahua, and L. R. Guarneros-Nolasco, “Wearable Devices for Physical Monitoring of Heart: A
Review,” Biosensors, vol. 12, no. 5, p. 292, May 2022, doi:
https://doi.org/10.3390/bios12050292.

[267].T. Ferguson et al., “Effectiveness of wearable activity trackers to increase physical activity and
improve health: a systematic review of systematic reviews and meta-analyses,” The Lancet
Digital Health, vol. 4, no. 8, pp. €615-e626, Aug. 2022, doi: https://doi.org/10.1016/s2589-
7500(22)00111-x.

[268].S. Huhn et al., “The Impact of Wearable Technologies in Health Research: Scoping Review,”
JMIR mHealth and uHealth, vol. 10, no. 1, p. 34384, Jan. 2022, doi:
https://doi.org/10.2196/34384.

[269].C. Dhiman and D. K. Vishwakarma, “A review of state-of-the-art techniques for abnormal human
activity recognition,” Engineering Applications of Artificial Intelligence, vol. 77, pp. 2145, Jan.
2019, doi: https://doi.org/10.1016/j.engappai.2018.08.014.

[270].S. Yeung et al., “A computer vision system for deep learning-based detection of patient
mobilization activities in the ICU,” npj Digital Medicine, vol. 2, no. 1, Mar. 2019, doi:
https://doi.org/10.1038/s41746-019-0087-z.

[271].A. Singh et al., “Automatic detection of hand hygiene using computer vision technology,” Journal
of the American Medical Informatics Association, vol. 27, no. 8, pp. 1316-1320, Jul. 2020, doi:
https://doi.org/10.1093/jamia/ocaal 15.

[272].J. M. Sim, Y. Lee, and O. Kwon, “Acoustic Sensor Based Recognition of Human Activity in
Everyday Life for Smart Home Services,” International Journal of Distributed Sensor Networks,
vol. 11, no. 9, p. 679123, Jan. 2015, doi: https://doi.org/10.1155/2015/679123.

[273].Y. Yang, P. Hu, J. Shen, H. Cheng, Z. An, and X. Liu, “Privacy-preserving human activity
sensing: A survey,” High-Confidence Computing, pp. 100204—100204, Jan. 2024, doi:
https://doi.org/10.1016/j.hcc.2024.100204.

204



[274].Riccardo Naccarelli, S. Casaccia, M. Pirozzi, and Gian Marco Revel, “Using a Smart Living
Environment Simulation Tool and Machine Learning to Optimize the Home Sensor Network
Configuration for Measuring the Activities of Daily Living of Older People,” Buildings, vol. 12,
no. 12, pp. 2213-2213, Dec. 2022, doi: https://doi.org/10.3390/buildings12122213.

[275].K. Moore et al., “Older Adults’ Experiences With Using Wearable Devices: Qualitative
Systematic Review and Meta-synthesis,” JMIR mHealth and uHealth, vol. 9, no. 6, Jun. 2021,
doi: https://doi.org/10.2196/23832.

[276].A. Leone, G. Rescio, G. Diraco, A. Manni, P. Siciliano, and A. Caroppo, “Ambient and Wearable
Sensor Technologies for Energy Expenditure Quantification of Ageing Adults,” Sensors, vol. 22,
no. 13, pp. 4893-4893, Jun. 2022, doi: https://doi.org/10.3390/s22134893.

[277].J. Chun, J. Wang, Eugene Yujun Fu, Hong Va Leong, and G. Ngai, “Activity Recognition and
Stress Detection via Wristband,” Proceedings of the 17th International Conference on Advances
in Mobile Computing & Multimedia, Dec. 2019, doi: https://doi.org/10.1145/3365921.3365950.

[278].A. Papaleonidas, A. P. Psathas, and L. Iliadis, “High accuracy human activity recognition using
machine learning and wearable devices’ raw signals,” Journal of Information and
Telecommunication, pp. 1-17, Nov. 2021, doi: https://doi.org/10.1080/24751839.2021.1987706.

[279].K. Wang, P. Nath, J. Kaur, S. Cao, and P. P. Morita, “Cloud Native Remote Monitoring Data
Ecosystem for Aging Population based on Commercial AAL Sensors,” 2023 45th Annual
International Conference of the IEEE Engineering in Medicine & Biology Society (EMBC), Jul.
2023, doi: https://doi.org/10.1109/embc40787.2023.10340481.

[280].C.-L. Wu et al., “Nonparametric Activity Recognition System in Smart Homes Based on
Heterogeneous Sensor Data,” IEEE Transactions on Automation Science and Engineering, vol.
16, no. 2, pp. 678-690, Apr. 2019, doi: https://doi.org/10.1109/tase.2018.2846795.

[281].H. F. Nweke, Y. W. Teh, G. Mujtaba, and M. A. Al-garadi, “Data fusion and multiple classifier
systems for human activity detection and health monitoring: Review and open research
directions,” Information Fusion, vol. 46, pp. 147-170, Mar. 2019, doi:
https://doi.org/10.1016/j.inffus.2018.06.002.

[282].M. Bilal, M. Magsood, I. Mehmood, M. Javaid, and S. Rho, “An Activity Recognition
Framework for Overlapping Activities using Transfer Learning,” 2020 International Conference
on Computational Science and Computational Intelligence (CSCI), Dec. 2020, doi:
https://doi.org/10.1109/csci51800.2020.00129.

[283].K. Wang et al., “Application of artificial intelligence in active assisted living for aging population
in real-world setting with commercial devices — A scoping review,” Computers in Biology and
Medicine, pp. 108340-108340, Mar. 2024, doi:
https://doi.org/10.1016/j.compbiomed.2024.108340.

[284].J6rg Rahnenfiihrer et al., “Statistical analysis of high-dimensional biomedical data: a gentle
introduction to analytical goals, common approaches and challenges,” BMC Med, vol. 21, no. 1,
May 2023, doi: https://doi.org/10.1186/s12916-023-02858-y.

[285].J. A. Ward, P. Lukowicz, and H. W. Gellersen, “Performance metrics for activity recognition,”
ACM Transactions on Intelligent Systems and Technology, vol. 2, no. 1, pp. 1-23, Jan. 2011, doi:
https://doi.org/10.1145/1889681.1889687.

[286].B. Maria et al., “Ambient assisted living for frail people through human activity recognition:
state-of-the-art, challenges and future directions,” Frontiers in Neuroscience, vol. 17, Oct. 2023,
doi: https://doi.org/10.3389/fnins.2023.1256682.

205



[287].F. Attal, S. Mohammed, M. Dedabrishvili, F. Chamroukhi, L. Oukhellou, and Y. Amirat,
“Physical Human Activity Recognition Using Wearable Sensors,” Sensors, vol. 15, no. 12, pp.
31314-31338, Dec. 2015, doi: https://doi.org/10.3390/s151229858.

[288].G. Memis and M. Sert, “Detection of Basic Human Physical Activities With Indoor—Outdoor
Information Using Sigma-Based Features and Deep Learning,” IEEE Sensors Journal, vol. 19, no.
17, pp. 75657574, Sep. 2019, doi: https://doi.org/10.1109/jsen.2019.2916393.

[289].Minh Tu Pham, D. Yang, and W. Sheng, “A Sensor Fusion Approach to Indoor Human
Localization Based on Environmental and Wearable Sensors,” IEEE Transactions on Automation
Science and Engineering, vol. 16, no. 1, pp. 339-350, Jan. 2019, doi:
https://doi.org/10.1109/tase.2018.2874487.

[290].B. Ando, S. Baglio, C. O. Lombardo, and V. Marletta, “A Multisensor Data-Fusion Approach for
ADL and Fall classification,” IEEE Transactions on Instrumentation and Measurement, vol. 65,
no. 9, pp. 1960-1967, Sep. 2016, doi: https://doi.org/10.1109/tim.2016.2552678.

[291].H. Choi, Q. Wang, M. Toledo, Pavan Turaga, M. Buman, and A. Srivastava, “Temporal
Alignment Improves Feature Quality: An Experiment on Activity Recognition with
Accelerometer Data,” 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition
Workshops (CVPRW), Jun. 2018, doi: https://doi.org/10.1109/cvprw.2018.00075.

[292].R. Gravina, P. Alinia, H. Ghasemzadeh, and G. Fortino, “Multi-sensor fusion in body sensor
networks: State-of-the-art and research challenges,” Information Fusion, vol. 35, pp. 68-80, May
2017, doi: https://doi.org/10.1016/.inffus.2016.09.005.

[293].S. Mohsen, A. Elkaseer, and S. G. Scholz, “Human Activity Recognition Using K-Nearest
Neighbor Machine Learning Algorithm,” Sustainable Design and Manufacturing, pp. 304-313,
Sep. 2021, doi: https://doi.org/10.1007/978-981-16-6128-0 29.

[294].C. Xu, J. He, and X. Zhang, “Hierarchical Decision Tree Model for Human Activity Recognition
Using Wearable Sensors,” Advances in intelligent systems and computing, pp. 367-372, Nov.
2017, doi: https://doi.org/10.1007/978-3-319-69096-4 51.

[295].R. M. Becker and R. F. Keefe, “A novel smartphone-based activity recognition modeling method
for tracked equipment in forest operations,” PLOS ONE, vol. 17, no. 4, p. €0266568, Apr. 2022,
doi: https://doi.org/10.1371/journal.pone.0266568.

[296].K. H. Walse, R. V. Dharaskar, and V. M. Thakare, “A Study on the Effect of Adaptive Boosting
on Performance of Classifiers for Human Activity Recognition,” Advances in intelligent systems
and computing, pp. 419—429, Aug. 2016, doi: https://doi.org/10.1007/978-981-10-1678-3 41.

[297].1. U. Khan, S. Afzal, and J. W. Lee, “Human Activity Recognition via Hybrid Deep Learning
Based Model,” Sensors, vol. 22, no. 1, p. 323, Jan. 2022, doi: https://doi.org/10.3390/s22010323.

[298].L. Mainetti, L. Patrono, A. Secco, and I. Sergi, “An loT-aware AAL system for elderly people,”
2016 International Multidisciplinary Conference on Computer and Energy Science (SpliTech),
Jul. 2016, doi: https://doi.org/10.1109/splitech.2016.7555929.

[299].A. Steventon et al., “Effect of telehealth on use of secondary care and mortality: findings from the
Whole System Demonstrator cluster randomised trial,” BMJ, vol. 344, no. jun21 3, pp. e3874—
€3874, Jun. 2012, doi: https://doi.org/10.1136/bmj.e3874.

[300].A. Darkins et al., “Care Coordination/Home Telehealth: The Systematic Implementation of
Health Informatics, Home Telehealth, and Disease Management to Support the Care of Veteran
Patients with Chronic Conditions,” Telemedicine and e-Health, vol. 14, no. 10, pp. 1118-1126,
Dec. 2008, doi: https://doi.org/10.1089/tmj.2008.0021.

206



[301].D. Lewin, S. Adshead, B. Glennon, B. Williamson Of Plum, and T. Moore Of Sagentia, “Assisted
living technologies for older and disabled people in 2030 A final report to Ofcom,” 2010.
Accessed: Apr. 22, 2020. [Online]. Available:
http://www.drmichaelmcgetrick.com/ALT Report.pdf

[302].C. Jaschinski, S. Ben Allouch, O. Peters, R. Cachucho, and J. A. G. M. van Dijk, “Acceptance of
Technologies for Aging in Place: A Conceptual Model,” Journal of Medical Internet Research,
vol. 23, no. 3, p. 22613, Mar. 2021, doi: https://doi.org/10.2196/22613.

[303].J. E. Schneider, J. Cooper, C. Scheibling, and A. Parikh, “Economic evaluation of passive
monitoring technology for seniors,” Aging Clinical and Experimental Research, vol. 32, no. 7, pp.
1375-1382, Sep. 2019, doi: https://doi.org/10.1007/s40520-019-01323-2.

[304].G. Paré, C. Sicotte, D. St.-Jules, and R. Gauthier, “Cost-Minimization Analysis of a
Telehomecare Program for Patients with Chronic Obstructive Pulmonary Disease,” Telemedicine
and e-Health, vol. 12, no. 2, pp. 114-121, Apr. 2006, doi:
https://doi.org/10.1089/tmj.2006.12.114.

[305].E. Biermann, W. Dietrich, J. Rihl, and E. Standl, “Are there time and cost savings by using
telemanagement for patients on intensified insulin therapy?,” Computer Methods and Programs in
Biomedicine, vol. 69, no. 2, pp. 137-146, Aug. 2002, doi: https://doi.org/10.1016/s0169-
2607(02)00037-8.

[306].United Nations, “Our world is growing older: UN DESA releases new report on ageing | UN
DESA | United Nations Department of Economic and Social Affairs,” Un.org, 2019.
https://www.un.org/development/desa/en/news/population/our-world-is-growing-older.html

[307].D. Hipp and J. Lester, “Aging In Place Statistics (2024),” Forbes Health, Feb. 21, 2024.
https://www.forbes.com/health/healthy-aging/aging-in-place-statistics/

[308].Pratik Gosavi, “Elderly Care Technology: 6 Trends Shaping Home Health in 2024,” Healthcare -
Mindbowser, Sep. 23, 2024. https://healthcare.mindbowser.com/elderly-care-technology-in-
home-health-care/

[309].[309]A. Josephine Anitha and R. Geetanjali, “Health Status Estimation based on Daily Life
Activities,” Artificial Intelligence-Based System Models in Healthcare, pp. 31-54, Sep. 2024, doi:
https://doi.org/10.1002/9781394242528.ch2.

[310].[310]N. Sharma, J. K. Brinke, J. E. W. C. V. Gemert - Pijnen, and L. M. A. Braakman - Jansen,
“Implementation of unobtrusive sensing systems for elderly care: Scoping review (Preprint),”
JMIR Aging, Feb. 2021, doi: https://doi.org/10.2196/27862.

[311].S. Cho, L. Ensari, C. Weng, M. G. Kahn, and K. Natarajan, “Factors Affecting the Quality of
Person-Generated Wearable Device Data and Associated Challenges: Rapid Systematic Review,”
JMIR mHealth and uHealth, vol. 9, no. 3, p. €20738, Mar. 2021, doi:
https://doi.org/10.2196/20738.

[312].P. Caballero, G. Ortiz, and Inmaculada Medina-Bulo, “Systematic literature review of ambient
assisted living systems supported by the Internet of Things,” Universal access in the information
society, Jul. 2023, doi: https://doi.org/10.1007/s10209-023-01022-w.

[313].S. M. Varnosfaderani and M. Forouzanfar, “The Role of Al in Hospitals and Clinics:
Transforming Healthcare in the 21st Century,” Bioengineering, vol. 11, no. 4, p. 337, Apr. 2024,
doi: https://doi.org/10.3390/bioengineering11040337.

207



[314].Elarbi Badidi, “Edge Al for Early Detection of Chronic Diseases and the Spread of Infectious
Diseases: Opportunities, Challenges, and Future Directions,” Future Internet, vol. 15, no. 11, pp.
370-370, Nov. 2023, doi: https://doi.org/10.3390/f115110370.

[315].S. T. M. Peek, E. J. M. Wouters, J. van Hoof, K. G. Luijkx, H. R. Boeije, and H. J. M. Vrijhoef,
“Factors influencing acceptance of technology for aging in place: A systematic review,”
International Journal of Medical Informatics, vol. 83, no. 4, pp. 235-248, Apr. 2014, doi:
https://doi.org/10.1016/j.ijmedinf.2014.01.004

[316].L. Sun, B. Yang, E. Kindt, and J. Chu, “Privacy Barriers in Health Monitoring: A Scoping
Review (Preprint),” JMIR nursing, Oct. 2023, doi: https://doi.org/10.2196/53592.

[317].A. Abedi, F. Dayyani, C. Chu, and S. S. Khan, “MAISON -- Multimodal Al-based Sensor
platform for Older Individuals,” arXiv (Cornell University), Jan. 2022, doi:
https://doi.org/10.48550/arxiv.2211.03615.

[318].S. Fatima, “Activity Recognition in Older Adults with Training Data from Younger Adults:
Preliminary Results on in Vivo Smartwatch Sensor Data,” The 23rd International ACM
SIGACCESS Conference on Computers and Accessibility, Oct. 2021, doi:
https://doi.org/10.1145/3441852.3476475.

[319].J. Cherian, S. Ray, P. Taele, J. I. Koh, and T. Hammond, “Exploring the Impact of the NULL
Class on In-The-Wild Human Activity Recognition,” Sensors, vol. 24, no. 12, pp. 3898—3898,
Jun. 2024, doi: https://doi.org/10.3390/524123898.

[320].J. Ye, “New Challenges and Research Trend in Activity Recognition,” 2016 17th IEEE
International Conference on Mobile Data Management (MDM), pp. 60—60, Jun. 2016, doi:
https://doi.org/10.1109/mdm.2016.98.

[321].F. Cruciani et al., “Feature learning for Human Activity Recognition using Convolutional Neural
Networks,” CCF Transactions on Pervasive Computing and Interaction, vol. 2, no. 1, pp. 18-32,
Jan. 2020, doi: https://doi.org/10.1007/s42486-020-00026-2.

[322].D. Cook, K. D. Feuz, and N. C. Krishnan, “Transfer learning for activity recognition: a survey,”
Knowledge and Information Systems, vol. 36, no. 3, pp. 537-556, Jun. 2013, doi:
https://doi.org/10.1007/s10115-013-0665-3.

[323].M. Long, Z. Cao, J. Wang, and M. I. Jordan, “Conditional Adversarial Domain Adaptation,”
arXiv.org, Dec. 29, 2018. https://arxiv.org/abs/1705.10667.

[324].Dhekane, Sourish Gunesh and T. Ploetz, “Transfer Learning in Human Activity Recognition: A
Survey,” arXiv (Cornell University), Jan. 2024, doi: https://doi.org/10.48550/arxiv.2401.10185.

[325].M. H. Abidi, M. K. Mohammed, and Hisham Alkhalefah, “Ambient Assisted Living for
Enhanced Elderly and Differently Abled Care: A Novel Attention Transfer Learning-based
Crossover Chimp Optimization,” Deleted Journal, vol. 3, no. 4, Apr. 2024, doi:
https://doi.org/10.57197/jdr-2024-0033.

[326].L. Bao and S. S. Intille, “Activity Recognition from User-Annotated Acceleration Data,” Lecture
Notes in Computer Science, pp. 1-17, 2004, doi: https://doi.org/10.1007/978-3-540-24646-6 1.

[327].N. Ravi, N. Dandekar, P. Mysore, and M. L. Littman, “Activity Recognition from Accelerometer
Data,” IAAI’05: Proceedings of the 17th conference on Innovative applications of artificial
intelligence, vol. 3, Jul. 2005.

[328].S. Canali, A. Ferretti, V. Schiaffonati, and A. Blasimme, “Wearable Technologies for Healthy
Ageing: Prospects, Challenges, and Ethical Considerations,” The Journal of Frailty & Aging, Jan.
2024, doi: https://doi.org/10.14283/jfa.2024.19.

208



[329].L. Chen, J. Hoey, C. D. Nugent, D. J. Cook, and Z. Yu, “Sensor-Based Activity Recognition,”
IEEE Transactions on Systems, Man, and Cybernetics, Part C (Applications and Reviews), vol.
42, no. 6, pp. 790-808, Nov. 2012, doi: https://doi.org/10.1109/TSMCC.2012.2198883.

[330].L. Yuan et al., “Interpretable Passive Multi-Modal Sensor Fusion for Human Identification and
Activity Recognition,” Sensors, vol. 22, no. 15, pp. 5787-5787, Aug. 2022, doi:
https://doi.org/10.3390/s22155787.

[331].D. Anguita, A. Ghio, L. Oneto, X. Llanas, and J. Ortiz, “A Public Domain Dataset for Human
Activity Recognition Using Smartphones,” ESANN 2013 proceedings, European Symposium on
Artificial Neural Networks, Computational Intelligence and Machine Learning, Apr. 2013.

[332].F. Ordoéiiez and D. Roggen, “Deep Convolutional and LSTM Recurrent Neural Networks for
Multimodal Wearable Activity Recognition,” Sensors, vol. 16, no. 1, p. 115, Jan. 2016, doi:
https://doi.org/10.3390/s16010115.

[333].N. Y. Hammerla, S. Halloran, and T. Ploetz, “Deep, Convolutional, and Recurrent Models for
Human Activity Recognitionusing Wearables,” arXiv (Cornell University), Apr. 2016, doi:
https://doi.org/10.48550/arxiv.1604.08880.

[334].S. J. Pan and Q. Yang, “A Survey on Transfer Learning,” IEEE Transactions on Knowledge and
Data Engineering, vol. 22, no. 10, pp. 1345-1359, Oct. 2010, doi:
https://doi.org/10.1109/tkde.2009.191.

[335].S. An, G. Bhat, Suat Giimiissoy, and U. Y. Ogras, “Transfer Learning for Human Activity
Recognition Using Representational Analysis of Neural Networks,” ACM transactions on
computing for healthcare, vol. 4, no. 1, pp. 1-21, Jan. 2023, doi: https://doi.org/10.1145/3563948.

[336].E. Tzeng, J. Hoffman, K. Saenko, and T. Darrell, “Adversarial Discriminative Domain
Adaptation,” arXiv (Cornell University), Feb. 2017, doi:
https://doi.org/10.48550/arxiv.1702.05464.

[337].Y. Ganin et al., “Domain-Adversarial Training of Neural Networks,” arXiv.org, May 26, 2016.
https://arxiv.org/abs/1505.07818v2

[338].Y. Ni and X. Huo, “A Concentration Inequality for Maximum Mean Discrepancy (MMD)-based
Statistics and Its Application in Generative Models,” arXiv (Cornell University), May 2024, doi:
https://doi.org/10.48550/arxiv.2405.14051.

[339].S. Suh, V. F. Rey, and P. Lukowicz, “Adversarial Deep Feature Extraction Network for User
Independent Human Activity Recognition,” arXiv (Cornell University), Jan. 2021, doi:
https://doi.org/10.48550/arxiv.2110.12163.

[340].K. Zisis, E. Pavi, M. Geitona, and K. Athanasakis, “Real-world data: a comprehensive literature
review on the barriers, challenges, and opportunities associated with their inclusion in the health
technology assessment process,” Journal of Pharmacy & Pharmaceutical Sciences, vol. 27, p.
12302, Feb. 2024, doi: https://doi.org/10.3389/jpps.2024.12302.

[341].B. Sun, J. Feng, and K. Saenko, “Correlation Alignment for Unsupervised Domain Adaptation,”
arXiv (Cornell University), Dec. 2016, doi: https://doi.org/10.48550/arxiv.1612.01939.

[342].R. Rodriguez-Pérez and J. Bajorath, “Evolution of Support Vector Machine and Regression
Modeling in Chemoinformatics and Drug Discovery,” Journal of Computer-Aided Molecular
Design, vol. 36, no. 5, pp. 355-362, Mar. 2022, doi: https://doi.org/10.1007/s10822-022-00442-9.

[343].J.-C. Chouinard, “k-Nearest Neighbors (KNN) in Python,” JC Chouinard, Sep. 25, 2023.
https://www.jcchouinard.com/k-nearest-neighbors/

209



[344].B. Sun and K. Saenko, “Deep CORAL: Correlation Alignment for Deep Domain Adaptation,”
European Conference on Computer Vision, pp. 443—450, Oct. 2016, doi:
https://doi.org/10.1007/978-3-319-49409-8 35.

[345].E. A. P. J. Prawiro, N.-K. Chou, M.-W. Lee, and Y.-H. Lin, “A Wearable System That Detects
Posture and Heart Rate: Designing an Integrated Device With Multiparameter Measurements for
Better Health Care,” IEEE Consumer Electronics Magazine, vol. 8, no. 2, pp. 78-83, Mar. 2019,
doi: https://doi.org/10.1109/MCE.2018.2880829.

[346].Md. Uddin, W. Khaksar, and J. Torresen, “Ambient Sensors for Elderly Care and Independent
Living: A Survey,” Sensors, vol. 18, no. 7, p. 2027, Jun. 2018, doi:
https://doi.org/10.3390/s18072027.

[347].N. Mehrabi, F. Morstatter, N. Saxena, K. Lerman, and A. Galstyan, “A Survey on Bias and
Fairness in Machine Learning,” ACM Computing Surveys, vol. 54, no. 6, pp. 1-35, Jul. 2021,
doi: https://doi.org/10.1145/3457607.

[348].A. Vabalas, E. Gowen, E. Poliakoff, and A. J. Casson, “Machine learning algorithm validation
with a limited sample size,” PLOS ONE, vol. 14, no. 11, p. €0224365, Nov. 2019, doi:
https://doi.org/10.1371/journal.pone.0224365.

[349].World Health Organization, “National programmes for age-friendly cities and communities: a
guide,” www.who.int, Apr. 19, 2023. https://www.who.int/publications/i/item/9789240068698

[350].Public Health Agency of Canada, “Age-Friendly Communities - Canada.ca,” Canada.ca, 2016.
https://www.canada.ca/en/public-health/services/health-promotion/aging-seniors/friendly-
communities.html

[351].National Research Council Canada, “Aging in Place: Technology and Innovation — Program plan
- National Research Council Canada,” Canada.ca, Mar. 28, 2024.
https://nrc.canada.ca/index.php/en/research-development/research-collaboration/programs/aging-
place-technology-innovation-proposed-program-plan

[352].R. Damasevicius, M. Vasiljevas, J. Salkevi¢ius, and M. Wozniak, “Human Activity Recognition
in AAL Environments Using Random Projections,” Computational and Mathematical Methods in
Medicine, vol. 2016, pp. 1-17, 2016, doi: https://doi.org/10.1155/2016/4073584.

[353].Marija Stojchevska, M. D. Brouwer, M. Courteaux, Femke Ongenae, and Sofie Van Hoecke,
“From Lab to Real World: Assessing the Effectiveness of Human Activity Recognition and
Optimization through Personalization,” Sensors, vol. 23, no. 10, pp. 46064606, May 2023, doi:
https://doi.org/10.3390/s23104606.

[354].M. K. Al Kfari and S. Lidtke, “Domain Adaptation in Human Activity Recognition through Self-
Training,” Companion of the 2024 on ACM International Joint Conference on Pervasive and
Ubiquitous Computing, pp. 897-903, Oct. 2024, doi: https://doi.org/10.1145/3675094.3678465.

[355].C. Chen, Q. Dou, H. Chen, J. Qin, and P.-A. Heng, “Unsupervised Bidirectional Cross-Modality
Adaptation via Deeply Synergistic Image and Feature Alignment for Medical Image
Segmentation,” IEEE Transactions on Medical Imaging, vol. 39, no. 7, pp. 2494-2505, Feb. 2020,
doi: https://doi.org/10.1109/tmi.2020.2972701.

210



Appendices

Appendix A. Detailed search strings for each electronic database
Databases

Pubmed

#1: smart home[tiab] OR smarthome[tiab] OR ambient intelligence[tiab] OR active
assisted living[tiab] OR ambient assist*[tiab] OR assist* environment[tiab] OR IoT[tiab]
OR internet of things[tiab] OR internet of things[mesh] OR self-help devices[mesh]

#2: elder*[tiab] OR older people[tiab] OR senior*[tiab] OR aging[tiab] OR older
adult*[tiab] OR geriatric[tiab] OR aged[mesh]

#3: artificial intelligence[tiab] OR machine learning[tiab] OR deep learning[tiab] OR
neural network*[tiab] OR artificial intelligence[mesh]

#4: real-world[tiab] OR home[tiab] OR house][tiab]

#5:#1 AND #2 AND #3 AND #4

CINAHL

#1: TI (“smart home” OR smarthome OR “ambient intelligence” OR “active assisted
living” OR “ambient assist®” OR “assist* environment” OR IoT OR “internet of things”)
#2: TI (elder* OR “older people” OR senior* OR aging OR “older adult*” OR geriatric)
#3: TI (“artificial intelligence” OR “machine learning” OR “deep learning” OR “neural
network*”)

#4: TI (real-world OR home OR house)

#5: #1 AND #2 AND #3 AND #4

#1: AB (“smart home” OR smarthome OR “ambient intelligence” OR “active assisted
living” OR “ambient assist®” OR “assist* environment” OR IoT OR “internet of things”)
#2: AB (elder* OR “older people” OR senior* OR aging OR “older adult*” OR geriatric)
#3: AB (“artificial intelligence” OR “machine learning” OR “deep learning” OR “neural
network™”)

#4: AB (real-world OR home OR house)

#5: #1 AND #2 AND #3 AND #4

Scopus

(TITLE-ABS-KEY (“smart home” OR smarthome OR “ambient intelligence” OR “active
assisted living” OR “ambient assist*” OR “assist* environment” OR IoT OR “internet of
things™)

AND

TITLE-ABS-KEY (elder* OR “older people” OR senior* OR aging OR “older adult*”
OR geriatric)

AND
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TITLE-ABS-KEY (“artificial intelligence” OR “machine learning” OR “deep learning”
OR “neural network*””)

AND

TITLE-ABS-KEY (real-world OR home OR house))

IEEE Xplore

("Publication Title": "smart home" OR "Publication Title": smarthome OR "Publication
Title": "ambient intelligence" OR "Publication Title": "active assisted living" OR
"Publication Title": "ambient assist*" OR "Publication Title": "assist* environment" OR
"Publication Title": IoT OR "Publication Title": "internet of things")

AND

("Publication Title": elder* OR "Publication Title": "older people” OR "Publication
Title": senior® OR "Publication Title": aging OR "Publication Title": "older adult*" OR
"Publication Title": geriatric)

AND

("Publication Title": "artificial intelligence" OR "Publication Title": "machine learning"
OR "Publication Title": "deep learning" OR "Publication Title": "neural network*")
AND

("Publication Title": real-world OR "Publication Title": home OR "Publication Title":
house)

("Abstract": "smart home" OR "Abstract": smarthome OR "Abstract": "ambient
intelligence" OR "Abstract": "active assisted living" OR "Abstract": "ambient assist*" OR
"Abstract": "assist* environment" OR "Abstract": IoT OR "Abstract": "internet of
things")

AND

("Abstract": elder* OR "Abstract": "older people" OR "Abstract": senior* OR "Abstract":
aging OR "Abstract": "older adult*" OR "Abstract": geriatric)

AND

("Abstract": "artificial intelligence" OR "Abstract": "machine learning" OR "Abstract":
"deep learning" OR "Abstract": "neural network*")

AND

("Abstract": real-world OR "Abstract": home OR "Abstract": house)

("Author Keywords": "smart home" OR "Author Keywords": smarthome OR "Author

n.n n.n

Keywords": "ambient intelligence" OR "Author Keywords": "active assisted living" OR
"Author Keywords": "ambient assist*" OR "Author Keywords": "assist* environment"
OR "Author Keywords": IoT OR "Author Keywords": "internet of things")

AND

("Author Keywords": elder* OR "Author Keywords": "older people" OR "Author
Keywords": senior* OR "Author Keywords": aging OR "Author Keywords": "older
adult*" OR "Author Keywords": geriatric)

AND
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("Author Keywords": "artificial intelligence" OR "Author Keywords": "machine
learning" OR "Author Keywords": "deep learning" OR "Author Keywords": "neural
network*")

AND

("Author Keywords": real-world OR "Author Keywords": home OR "Author Keywords":
house)

ACM Digital Library

[[Title: "smart home"] OR [Title: smarthome] OR [Title: "ambient intelligence"] OR
[Title: "active assisted living"] OR [Title: "ambient assist*"] OR [Title: "assist™*
environment"] OR [Title: IoT] OR [Title: "internet of things"]]

AND

[[Title: elder*] OR [Title: "older people"] OR [Title: senior*] OR [Title: aging] OR
[Title: "older adult*"] OR [Title: geriatric]]

AND

[[Title: "artificial intelligence"] OR [Title: "machine learning"] OR [Title: "deep
learning"] OR [Title: "neural network*"]]

AND

[[Title: real-world] OR [Title: home] OR [Title: house]]

[[Abstract: "smart home"] OR [Abstract: smarthome] OR [Abstract: "ambient
intelligence"] OR [Abstract: "active assisted living"] OR [Abstract: "ambient assist*"] OR
[Abstract: "assist* environment"] OR [Abstract: [oT] OR [Abstract: "internet of things"]]
AND

[[Abstract: elder*] OR [Abstract: "older people"] OR [Abstract: senior*] OR [Abstract:
aging] OR [Abstract: "older adult*"] OR [Abstract: geriatric]]

AND

[[Abstract: "artificial intelligence"] OR [Abstract: "machine learning"] OR [Abstract:
"deep learning"] OR [Abstract: "neural network™"]]

AND

[[Abstract: real-world] OR [Abstract: home] OR [Abstract: house]]

[[Keywords: "smart home"] OR [Keywords: smarthome] OR [Keywords: "ambient
intelligence"] OR [Keywords: "active assisted living"] OR [Keywords: "ambient assist*"]
OR [Keywords: "assist* environment"] OR [Keywords: [oT] OR [Keywords: "internet of
things"]]

AND

[[Keywords: elder*] OR [Keywords: "older people"] OR [Keywords: senior*] OR
[Keywords: aging] OR [Keywords: "older adult*"] OR [Keywords: geriatric]]

AND

[[Keywords: "artificial intelligence"] OR [Keywords: "machine learning"] OR
[Keywords: "deep learning"] OR [Keywords: "neural network*"]]

AND

[[Keywords: real-world] OR [Keywords: home] OR [Keywords: house]]
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Web of Science

"smart home" OR smarthome OR "ambient intelligence" OR "active assisted living" OR
"ambient assist*" OR "assist* environment" OR IoT OR "internet of things" (Title)

AND

elder* OR "older people" OR senior* OR aging OR "older adult*" OR geriatric (Title)
AND

"artificial intelligence" OR "machine learning" OR "deep learning" OR "neural network*"
(Title)

AND

real-world OR home OR house (Title)

"smart home" OR smarthome OR "ambient intelligence" OR "active assisted living" OR
"ambient assist*" OR "assist* environment" OR IoT OR "internet of things" (Abstract)
AND

elder* OR "older people" OR senior* OR aging OR "older adult*" OR geriatric
(Abstract)

AND

"artificial intelligence" OR "machine learning" OR "deep learning" OR "neural network*"
(Abstract)

AND

real-world OR home OR house (Abstract)

"smart home" OR smarthome OR "ambient intelligence" OR "active assisted living" OR
"ambient assist*" OR "assist* environment" OR IoT OR "internet of things" (Author
Keywords)

AND

elder* OR "older people" OR senior* OR aging OR "older adult*" OR geriatric (Author
Keywords)

AND

"artificial intelligence" OR "machine learning" OR "deep learning" OR "neural network*"
(Author Keywords)

AND

real-world OR home OR house (Author Keywords)
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Appendix B. Features table

Feature name Description

outlet 0 on 001-O18 18 features
Binary data reflecting the on/off states of the upper ports
as captured by outlet sensors designated as O01 to O18.

outlet 1 on 001-O18 18 features
Binary data reflecting the on/off states of the lower ports
as captured by outlet sensors designated as O01 to O18.

outlet 0 avg 001-O18 18 features

Continuous data reflecting the energy usage of the upper
ports as captured by outlet sensors designated as O01 to
0O18.

outlet 1 avg 001-O18 18 features
Continuous data reflecting the energy usage of the lower

ports as captured by outlet sensors designated as O01 to
0O18.

switch_avg S01-S11 11 features
Continuous reflecting the energy usage of switch
sensors designated as SO1 to S11.

living temp 10 features
living humi Measurement of temperature and humidity across five
kitchen temp rooms.

kitchen humi

dining_temp

dining_humi

bedroom_temp

bedroom humi

bathroom temp

bathroom humi

motion 01-23 23 features
Binary data reflecting the occupancy states from 23
passive infrared sensors.

aq co2 004 9 features

aq iaq 004 Measurement of air quality related parameters from 3
aq_tvoc_004 environmental sensors.

aq co2 009
aq iaq 009
aq tvoc 009
aq co2 Sl11
aq iaq SI1
aq tvoc Sl11

door contact 01-12 12 features
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Binary data reflecting the door open/close states from 12
door contact sensors.
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Appendix C. All models performance across all scenarios

KNN

Performance on wearable sensor data

Precision, Recall, and F1-score by ADLs On wearable sensor data (KNN)
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Precision, Recall, and F1-score by ADLs On ambient sensor data (KNN)

Performance on ambient sensor data

40
- 20

SV S
QPP

0

Y
DR

]

]

>
()

R AN PO RNAARRY
AR AN L L L LR R R
Predicted

218

P3$4-0000000010000000000000
Q>

P4S1-0 000000000101 12810010000
P4S2-0 0 01 00 000000000451 000000
P4S3-0 0000001 0000000112000000
PAS4-0 0 0 0000000000001 23600100
P5SS1-0 001 00000000020012320300
P5S2-0 0 0 0 00O0O0OO0O0D00O0O0O0OO0OO0O022
P5SS3-0 00 000 0O0O0000D0O0O0O0O0O0O0 2gs
P5S4-0 00000 000000O0O0OO0ODO0ODOOO

c o o

s_% ,ww, © ©

mm& V%o‘

Qg

fic | I
&

1
% Ccoocococococo0O0O0O0OO
KON S ococococooocooo0o0o0o0
”
2, m0000000000001
&,o‘ T cocoocoocoocococoocococooo
muo‘ S cocoorocoocoocoocococooo
S5, ®0000000000000
%8 5§ ©ccococococoococoocoo
4
%0 2 ocoooococoococo~oo0o0
mw.o‘ %0000000000000
W&‘u 24 ©ccocococococooo00o0
5 -
2| @ ©cocooocooocoo0o0og
Av& .WOOOOOOOOOOO%O
N G occocoococoocoo~kd~o
27 C coocoococococonlooco
N o
o XOOOOOOOO.OOOl
% L cocoorocoocoPoocooo
aw.&‘ m000000 o~MOO0OO
% c ©ccconffgmoo~ocoo
«w,o. S cococofloo~ocoooo

n
Av\w Socorfo~oco~0c0000o0o
[t

% MOO CoO0OO0O0O~HOO~O
&W‘ Ouw®~nocococococoococococo
1N '100000000200
g LN I A A A R B R R B B )
sz\. S ANMT DA NMTN AN M
o DUV LLVLOLUVOOWOV

_ _ _ _ . _ SEEEERREREE 34

o ® © < o o

anjea




Performance on combined sensor data

Precision, Recall, and F1-score by ADLs On combined sensor data (KNN)
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DT

Performance on wearable sensor data

Precision, Recall, and F1-score by ADLs On wearable sensor data (DT)
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Precision, Recall, and Fl-score by ADLs On ambient sensor data (DT)

Performance on ambient sensor data
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Precision, Recall, and F1l-score by ADLs On combined sensor data (DT)
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Precision, Recall, and F1l-score by ADLs On wearable sensor data (RF)
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Precision, Recall, and F1l-score by ADLs On ambient sensor data (RF)

>

ADLs

Confusion matrix on ambient sensor data (RF)

]

1.0 A1
0.8
0.6 1

Performance on ambient sensor data

anjep

PIS1-460 000000000000000000O00O00O

P1S2 -0

0.4 1
0.2 1
0.0 -

80

o o
o o
o o
o o
o o
o o
o o
o o
o o
o o
o o
o o
o o
o o
o o
o o
o o

3
42
0

000000O00O0O0OOOOOOOOOOOO
P2S2-0 0 0 0 0 2

00000O0O0OO0OOO0OO100O0OO0OOO0OOOOQO

P1S3 -1 0|

40
- 20

PP
S

0

e R A A A A A

1
]

Q,,go“' S

224

g

0100000000000 1
Predicted

0
|

™o

RN

00000O0OOOOOOOOOOOO
000O0O0OO0OOOOOOOODO

AR
QR

1000000O0OO0OO0OOOOOOOO

N DI D D
NN

P3S33-0 0 0 0000000002200 00000000O0
Q>

P3S4-0000000010000000000000
P4S1-0 0 0 0 00O OO O0OO000003300000000
PAS2-0 000001 10000000440000100
P4S3-0 0000 0O0O00000000O0C14000000
P4S4-0 0 00O 0O OOOOO00OO0DO0DO0ODO0OO0O400 00 0O
P5S1-0 0 00001 00040040000281 300
P5S2-0 0 0 00O 0O0OO0OO0O0O0OO0O0O0OO0OO0OOOO 316

P5S3-0 0 000 0O0O0OO0O000O0O0OO0OOOODO

P5S4-0 0 00 0O0O0OO0OO0OO0OOO0OO0OO0OO0OOOOO

P2S1-0 0 0 O
P2S3-0 0 0 0 0 0 O
P2S4-0 0 0 0 0 0 0O




Precision, Recall, and Fl-score by ADLs On combined sensor data (RF)

Performance on combined sensor data
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Precision, Recall, and F1l-score by ADLs On wearable sensor data (AdaBoost)
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Precision, Recall, and Fl-score by ADLs On ambient sensor data (AdaBoost)
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Appendix D. Spatial overlap analysis for activities in same room

Living room

Precision Recall F1-score
P1S1 1.00 0.96 0.98
P2S1 0.98 0.96 0.97
P2S2 0.95 0.96 0.95
P3S1 0.96 0.95 0.96
P3S3 0.97 0.94 0.95
P3S4 0.93 1.00 0.96
P4S1 1.00 1.00 1.00
P5S5 1.00 0.89 0.94
Kitchen
Precision Recall F1-score
P1S2 1.00 1.00 1.00
P1S4 1.00 0.99 0.99
P2S3 0.98 0.99 0.98
P3S3 1.00 0.97 0.98
P4S2 1.00 0.96 0.98
P5S1 0.89 0.95 0.92
P5S2 0.87 0.74 0.80
P5S3 0.90 0.98 0.94
P5S5 1.00 0.75 0.86
Dining room
Precision Recall F1-score
P1S2 0.99 1.00 0.99
P2S2 0.96 1.00 0.98
P3S3 1.00 0.97 0.98
P4S2 1.00 0.99 0.99
P5S5 1.00 0.90 0.95
Bedroom
Precision Recall F1-score
P1S3 0.99 1.00 1.00
P1S5 1.00 1.00 1.00
P2S4 0.98 0.94 0.96
P3S1 0.97 0.99 0.98
P3S4 0.98 0.98 0.98
P4S3 1.00 0.95 0.98
P5S5 0.90 0.95 0.92
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Bathroom

Precision Recall F1-score
P1S1 0.92 1.00 0.96
P1S3 0.97 0.99 0.98
P1S5 1.00 1.00 1.00
P2S5 1.00 0.97 0.99
P3S2 1.00 0.96 0.98
P4S4 1.00 0.98 0.99
P5S4 1.00 0.93 0.97
P5S5 0.81 0.89 0.85
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Appendix E. ADLs scripts used in controlled setting and semi-controlled setting

microwave, and places the
bowl of food inside. They set
the microwave for 30 seconds
and wait. Once the microwave
finishes, they close it, retrieve
a fork/spoon from drawer 2,
and walk towards the dining
room. They pull the chair
from the dining table closer to
the couch, sit, and mimic

Categories Name of Controlled setting Semi-controlled
Scenarios setting
Phase 1 - Scenario 1 - | Participant opens the door The participant
foundational | “Arriving from outside using their key, | arrives home and
familiarization | home” locks the door from inside, enters the bathroom to
and turns on switch 01 to wash hands. After
illuminate the space. They washing, the
proceed to the bathroom, turn | participant sits on the
on switch 10, and wash their | couch in the living
hands with soap for 30 room and sips tea
seconds before rinsing. After | while watching TV.
turning off the faucet and
drying hands, they turn off the
light (switch 10) and exit,
closing the door behind them.
They head back to the living
room, turn on the living room
lamp, retrieve the remote
from drawer 4, and turn on
the TV. After placing the
remote back into drawer 4 and
closing it, they pick a teacup
and a glass. Sitting on the
couch, they mimic drinking
for 1 minute before placing
the teacup on the glass table.
They then wait seated on the
couch for 1 minute as a
transition.
Scenario 2 - | Participant retrieves a bowl of | The participant
“Eating food from the middle shelf of | warms up a bowl of
dinner” the fridge, opens the food and mimics the

act of eating.
Afterward, the
participant cleans up
the area used for the
meal.
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eating for 2 minutes.
Afterwards, they stand up,
push the chair back, and
return the bowl into the
fridge. The transition involves
sitting on another chair for 1
minute.

Scenario 3 -
“Sleep
preparation
and sleep”

Participant enters the
bathroom, turns on switch 9,
which is outside the
bathroom. They then turn on
switch 10, closing the door
behind themselves. They pick
up a toothbrush, apply
toothpaste, and mimic
brushing teeth for 1 minute
before rinsing and washing
the toothbrush. They then
wash their face for 30
seconds, dry it with a paper
towel, and step onto the
weighing scale before
stepping off and turning off
switches 9 and 10. They enter
the bedroom, walk towards
the bed, turn off the bedroom
lamp, and lie on the bed in a
simulated sleep position for 5
minutes. The transition allows
them to use their phone if they
wish, for 1 extra minute
before sleep.

The participant
brushes tecth, washes
the face, and checks
body weight. After
completing these
tasks, the participant
goes to sleep.

Scenario 4 -
“Cooking”

Participant enters the kitchen
and turns on switch 02. They
retrieve a vegetable (potato)
from the fridge's first shelf,
open the faucet to wash the
vegetable, then close the
faucet. They dry the vegetable
with a paper towel, dispose of
the towel in garbage bin in
Cabinet 10, and then get a
knife from drawer 2. They cut
the vegetable on a cutting

The participant
collects and prepares
vegetables for
cooking. Dishes are
gathered for cutting,
and the vegetables are
chopped and
transferred to a bowl.
Salt and pepper are
added to the
vegetables. Finally,
the participant washes
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board from drawer 3 for 30
seconds, place the slices on a
pan, and season them with salt
and pepper from cabinet 3.
After cooking (2 minutes),
they wash the knife, board,
and other utensils in the sink
and dry them, putting
everything back into their
respective drawers and
cabinets. They remain where
they are for a 1-minute
transition.

and puts away the
dishes and stores the
prepared food.

Scenario 5 -
“Going out”

Participant enters the
bedroom, opens the closet,
and mimics the process of
getting dressed by
sequentially putting on a shirt,
pants, belt, and jacket. They
close the closet, enter the
bathroom, turn on the light
switch 10, and mimic styling
hair for 30 seconds, followed
by applying
makeup/moisturizer/sunscreen
for 1 minute. Exiting the
bathroom, they close the door
behind them, enter the living
room, retrieve the remote
from drawer 4, and turn off
the TV. They also turn off the
living room lamp and switch
02, place the remote back into
drawer 4, and transition by
standing by the door for 1
minute.

The participant
mimics getting
dressed, performs the
morning bathroom
routine, and then
leaves the living room
to outside.

Phase 2 -
posture
adaptation

Scenario 1 -
“Reading on
the sofa”

Participant picks up a
magazine from the glass table
and sits on the sofa in the
living room to read for 3
minutes. They change
postures while sitting; at 45
seconds, they lean on the sofa
arm, at 1 minute 30 seconds

The participant reads
a magazine, ensuring
to change positions
occasionally.
Afterward, the
participant lies down
to relax.
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lean forward on knees, and at
2 minutes lean backwards.
After reading, they put the
magazine back on the glass
table, adjust to lay down on
the sofa, shifting around for 1
minute, changing sides, sit up,
and place feet onto and off the
ottoman for 30 seconds.
Transition includes sitting on
the couch for an additional
minute.

Scenario 2 -
“Completing
a puzzle”

Participant retrieves a puzzle
from cabinet 14, which is
designated as the TV rack,
and ensures the cabinet door
is securely closed afterward.
They then proceed into the
dining room, where they
illuminate the space by
activating switch 05. A dining
room chair, positioned closest
to the couch, is pulled out to
be used. The participant takes
a moment to sit still on the
chair for one minute, possibly
to prepare mentally for the
task ahead. The puzzle-
solving process begins shortly
thereafter, with the participant
adjusting their posture at
various intervals: leaning
forward at the 45-second
mark and leaning backward at
1 minute and 15 seconds, all
the while making adjustments
to their legs for added
comfort. This routine is
maintained for a total of 2
minutes. During this period, a
puzzle piece is accidentally
dropped but promptly
retrieved by the participant.
Upon completion of the

The participant
retrieves a puzzle and
moves to the dining
room. The puzzle is
solved by the
participant, and
afterward, everything
is organized and
returned to its original
place.
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puzzle activity, the pieces are
methodically returned to their
box. The participant stands,
tucks the chair back into its
original position, and turns off
switch 05, reverting the
dining room to its initial state.
The puzzle box is then placed
back into cabinet 14. The
activity concludes with the
participant transitioning to the
living area, where they take a
moment to sit on the couch
for one minute, marking the
end of the sequence.

Scenario 3 -
“Meal
preparation”

Participant enters the kitchen
and turns on switches 01 and
02. They collect ingredients
for a meal (pepper,
mushroom) from the fridge
and gather utensils: a bowl
from cabinet 4, a knife from
drawer 2, and a cutting board
from drawer 3. They cut
vegetables for 2 minutes,
changing postures once 1
minute has passed, asking a
participant to drop a piece of
pepper on the ground, and
pick it up and place in the
garbage (cabinet 10).
Vegetables are placed in a
bowl, and any remnants back
into the fridge. They get a pan
from cabinet 8, spatula from
drawer 1, and cook the
ingredients on a pretend
stove, shifting weight between
feet for 1 minute while
cooking. The cooked
vegetables are transferred into
a bowl, and dirty dishes are
placed into the sink. The
participant dries dishes, puts

The participant
prepares some
ingredients for a meal
in the kitchen and
cleans up once the
preparation is
complete. Vegetables
are then cooked, and
the food is stored
appropriately. Finally,
the participant cleans
and puts away the
dishes.
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away clean dishes, cutting
board, and utensils back into
their respective places.
Transition includes staying by
the door for 1 minute.

Scenario 4 -
“Reading in
the
bedroom”

Participant enters the
bedroom, retrieves a
magazine from drawer 5,
turns on the bedside lamp, and
sits down on the bed. They
place a pillow against the wall
for support to sit up on the
bed and read the book for 2
minutes, adjusting positions
while seated for comfort.
Then they lie down on the bed
to read, marking positions (45
seconds mark lay on your
back, at 1:30 minutes on the
stomach). After reading, they
put the magazine back into
drawer 5, unplug the phone
from the charger, and turn off
the bedside lamp. Transition
includes standing up in the
bedroom for 1 minute.

The participant
charges the phone,
reads a magazine, and
then organizes
everything back to its
original state.

Scenario 5 -
“Bathroom
job'}’

Participant enters the
bathroom, turns on switches 9
and 10, closes the bathroom
door, lifts the toilet lid, sits on
the toilet for 2 minutes, and
flushes. They step into the
shower area, mimic
showering actions for 2
minutes like washing arms,
legs or shaving. After
stepping out, they mimic
drying the body with a towel
for 30 seconds. They turn off
switch 10, exit the bathroom,
close the door behind them,
and turn off switch 9.
Transition includes waiting in
the hallway for 1 minute.

The participant
mimics using the
toilet in the bathroom,
followed by
mimicking showering
and drying off.
Finally, the
participant leaves the
bathroom.
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Phase 3 -
movement
integration

Scenario 1 - | Participant starts lying on the | The participant goes
“Waking up | bed and changes postures to sleep and later
& morning while lying on the bed before | wakes up. After
exercise” sitting on the bed side. They | waking up, the

turn on the bedroom lamp, participant moves to

walk out of the bedroom, the living room to

walk to the living room, and | watch TV and

turn on the TV using the perform some

remote from drawer 4, which | exercises.

they return after use. The

participant then jogs around

the living room for 1 minute.

The transition includes sitting

on the couch for 1 minute.
Scenario 2 - | Participant walks towards the | The participant
“Taking a bathroom, turns on switch 09, | mimics showering in
shower” enters, and closes the door the bathroom, dries

behind them. They turn on the | off, and then exits the

bathroom light with switch 10 | bathroom.

and step into the shower area,

mimicking the act of turning

on the faucet while facing the

faucet, turning back to the

faucet, and mimicking

washing arms and legs for 2

minutes. They turn off the

faucet, get out of the shower

with a towel, dry off, turn off

the bathroom lights with

switches 09 and 10, exit the

bathroom, and close the door.

Transition involves waiting in

the hallway for 1 minute.
Scenario 3 - | Participant walks to the living | The participant cleans
“Tidying” room, retrieves a crumpled the living room,

paper from the TV rack, turns
on switch 01 in the kitchen,
and throws the paper into the
trash in cabinet 10. They
obtain a broom beside a table,
sweep in front of the cabinet
areca for 1 minute, return the
broom beside the table, and
turn off switch 01. They walk

followed by cleaning
the kitchen.
Afterward, the
participant relaxes in
the dining room.
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back to the dining room and
pull the chair (the one closest
to the couch) back into
position. Transition includes
sitting on the chair for 1
minute.

Scenario 4 - | Participant sits on the sofa for | The participant
“Going to 1 minute, stands from their relaxes on the sofa,
sleep” sitting position, walks around | watches TV, and
the living room for 1 minute, | walks around in the
grabs the remote from drawer | living room. After
4, turns off the TV, returns the | completing these
remote, and turns off the activities, the
living room lamp. They walk | participant goes to the
to the bedroom, walk to the bedroom to sleep.
bed side, turn off the bedroom
lamp, close the blinds, sit on
the bed, lie on the bed, and
change positions on the bed
for 3 minutes. Transition
involves staying still in bed
for 1 more minute.
Phase 4 - Scenario 1 - | Participant enters the living The participant cleans
BADLs “Cleaning room, turns on switches 03 the living room and
rooms” and 04, removes pillows from | vacuum the sofa.
couch and vacuum (beside the
TV) into outlet and on. They
vacuum the sofa and floor for
1 minute, turn off the vacuum,
unplug, and organize the
pillows onto the couch.
Switches 03 and 04 are then
turned off. The transition
involves sitting on the couch
for 1 minute.
Scenario 2 - | Participant enters the kitchen | The participant
“Meal-time” | and turns on switches 02 and | transfers food from a

01, gets a plate of food in the
fridge (continues from phase
1) and places the bowl from
the cabinet 4 and plate on the
counter. They grab a spoon
from drawer 2 and transfer the
food from the plate to the

bowl in the fridge to a
plate to simulate
eating leftovers. The
participant mimics
eating the food and
then puts everything
away.
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bowl using the spoon, then
take the bowl of food and
spoon and place it on the
dining table. They turn on
switch 05, pull out the chair
closest to the couch, sit, and
mimic eating for 2 minutes,
get up from chair and tuck it
in. The spoon and plate are
placed into the garbage (or
empty into the garbage) and
the bowl back into the fridge.
Switches 01, 02, and 05 are
turned off. The transition is to
stay where you are for 1
minute.

Scenario 3 -
“Changing
footwear”

Participant enters the
bedroom, turns on the light
06, walks over to drawer 7
and pretends to grab a new
pair of socks, removes shoes
from feet, sits on the bed, and
removes socks on feet. They
then change into a new pair of
socks, put shoes back onto
feet, and turn off switches 06
and 07. Transition includes
staying in the bedroom for 1
minute.

The participant
changes socks.

Scenario 4 -
“Bathroom
visit”

Participant walks towards the
bathroom, turns on switch 9,
enters the bathroom, and turns
on switch 10, closes the door
behind. They lift the toilet lid,
sit on the toilet for 2 minutes,
stand up from the toilet and
flush. Walking to the sink,
they turn on the faucet, wash
hands for 30 seconds, turn off
the faucet and dry hands using
paper towel, dispose of the
paper towel when done. They
then turn off switch 10 and
leave the bathroom, closing

The participant
mimics using the
toilet, washes hands,
and then exits the
bathroom.
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the door behind, and turn off
switch 9. Transition involves
waiting in the hallway for 1
minute.

Phase 5 -
IADLs

Scenario 1 -
“Arriving
home and
organizing
groceries”

Participant stands outside the
apartment for 1 minute with a
grocery bag in hand, then
enters, closes the door behind
them, and turns on switch 01.
They walk to the kitchen,
place the grocery bag on the
kitchen floor, and unload
groceries, placing them into
the fridge, cupboard, or
cabinets for 2 minutes. Once
done, grocery bags are placed
in cabinet 09. Transition
includes waiting in front of
the fridge for 1 minute.

The participant brings
groceries into the
apartment, organize
the groceries.

Scenario 2 -
“Cleaning
kitchen”

Participant washes dishes
until they are clean, returns
bowl and spoon to cabinet 4
and drawer 2 respectively.
They sweep the kitchen floor
for 1 minute, put broom back
into place, get the vacuum
cleaner, and vacuum for 1
minute, then put the vacuum
cleaner back. They get a mop,
mop the kitchen for 1 minute,
and return the mop to its
place. The participant then
grabs a kitchen cloth, wipes
down the counter area for 1
minute, and sits on the chair
closest to the kitchen for the
transition time of 1 minute.

The participant
washes the dishes and
puts them away. Next,
the participant sweeps
the kitchen floor,
vacuums, and mops
the kitchen. Finally,
the counter area is
wiped down.

Scenario 3 -
“Emptying
garbage”

Participant opens cabinet 10,
picks up the garbage bag,
closes the door, and leaves the
bag outside. They then
replace the garbage bag with a
new one, close the cabinet
door, and wash hands using

The participant
throws out the
garbage, replaces the
garbage bag, and
cleans up afterward.
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soap. After drying hands with
paper towel, they dispose of
the towel in the garbage bin in
cabinet 10. Transition
includes waiting in the
kitchen for 1 minute.

Scenario 4 -
“Morning
routine”

Participant walks towards the
bathroom, turns on switch 09,
enters the bathroom, turns on
switch 10, closes the door
behind them, and puts
toothpaste onto toothbrush.
They brush teeth for 1 minute,
rinse brush, wash face for 30
seconds, turn off faucet, and
dry hands and face with paper
towel before disposing of it.
They comb hair/apply
makeup for 1 minute, step
onto the weighing scale, then
off again. The participant
turns off switches 10 and 09
and waits in the hallway for 1
minute as a transition.

The participant
mimics brushing
teeth, washes the face,
styles the hair, and
then checks their
weight.

Scenario 5 -
“Wrap up
things for
going out”

Participant turns on bedroom
lamp, ensures all items
needed are gathered, and
walks around the house as if
collecting things. They turn
off all switches that are on,
turn off the lamps if they are
on, and leave the apartment,
closing the door behind them.

The participants wrap
up and leaves the
apartment.
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Appendix F. Model performance with mixing different ratio of target domain data
(increasing training set size)

Whole HY AC and no HOASC in training

ACC Precision Recall F1-score
KNN 0.536 0.597 0.536 0.494
DT 0.443 0.480 0.443 0411
GNB 0.425 0.521 0.425 0.398
RF 0.510 0.565 0.510 0.470
AdaBoost 0.549 0.594 0.549 0.506

Mixing 10% HOASC in training

ACC Precision Recall F1-score
KNN 0.764 0.766 0.764 0.760
DT 0.713 0.712 0.713 0.709
GNB 0.526 0.544 0.526 0.503
RF 0.717 0.738 0.717 0.706
AdaBoost 0.738 0.757 0.738 0.729

Mixing 20% HOASC in training

ACC Precision Recall F1-score
KNN 0.777 0.777 0.777 0.774
DT 0.751 0.759 0.751 0.749
GNB 0.554 0.565 0.554 0.531
RF 0.819 0.820 0.819 0.816
AdaBoost 0.834 0.837 0.834 0.832

Mixing 30% HOASC in training

ACC Precision Recall F1-score
KNN 0.852 0.854 0.852 0.851
DT 0.796 0.798 0.796 0.795
GNB 0.565 0.574 0.565 0.535
RF 0.830 0.832 0.830 0.827
AdaBoost 0.869 0.871 0.869 0.868

Mixing 40% HOASC in training

ACC Precision Recall F1-score
KNN 0.878 0.880 0.878 0.877
DT 0.798 0.800 0.798 0.795
GNB 0.576 0.597 0.576 0.549
RF 0.887 0.887 0.887 0.886
AdaBoost 0.893 0.894 0.893 0.892
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Mixing 50% HOASC in training

ACC Precision Recall F1-score
KNN 0.912 0.912 0.912 0.911
DT 0.846 0.848 0.846 0.846
GNB 0.536 0.557 0.536 0.503
RF 0.914 0.915 0.914 0.913
AdaBoost 0.920 0.920 0.920 0.919
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Appendix G. Model performance with mixing different ratio of target domain data
(fixed training set size)

Whole HY AC and no HOASC in training

ACC Precision Recall F1-score
KNN 0.482 0.492 0.482 0.439
DT 0.458 0.514 0.458 0.406
GNB 0.392 0.435 0.392 0.332
RF 0.459 0.500 0.459 0.413
AdaBoost 0.505 0.499 0.505 0.449

Mixing 10% HOASC in training

ACC Precision Recall F1-score
KNN 0.715 0.714 0.715 0.708
DT 0.665 0.666 0.665 0.660
GNB 0.529 0.520 0.529 0.503
RF 0.716 0.718 0.716 0.706
AdaBoost 0.737 0.746 0.737 0.730

Mixing 20% HOASC in training

ACC Precision Recall F1-score
KNN 0.742 0.743 0.742 0.738
DT 0.721 0.727 0.721 0.718
GNB 0.546 0.515 0.546 0.508
RF 0.758 0.760 0.758 0.753
AdaBoost 0.782 0.787 0.782 0.778

Mixing 30% HOASC in training

ACC Precision Recall F1-score
KNN 0.780 0.783 0.780 0.776
DT 0.732 0.736 0.732 0.730
GNB 0.570 0.563 0.570 0.538
RF 0.788 0.790 0.788 0.784
AdaBoost 0.804 0.808 0.804 0.800

Mixing 40% HOASC in training

ACC Precision Recall F1-score
KNN 0.796 0.799 0.796 0.793
DT 0.772 0.777 0.772 0.770
GNB 0.542 0.548 0.542 0.512
RF 0.812 0.815 0.812 0.810
AdaBoost 0.825 0.830 0.825 0.824
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Mixing 50% HOASC in training

ACC Precision Recall F1-score
KNN 0.865 0.870 0.865 0.865
DT 0.801 0.804 0.801 0.800
GNB 0.531 0.539 0.531 0.499
RF 0.871 0.875 0.871 0.870
AdaBoost 0.882 0.886 0.882 0.881
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