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Abstract

Human Activity Recognition (HAR) uses various types of sensors to collect data and
recognise human motions. HAR can prevent potentially unsafe movements and behaviours such
as falling or forgetting to take a medication. Many practical applications of HAR have emerged
in recent years, such as ambient assisted living (AAL) systems and smart home monitoring. The
vast majority of current behaviour recognition solutions in smart home environments are designed
for single residents. However, in real life, living environments are occupied not only by the target
individual, but also by their family and/or guests, which complicates the task of activity
recognition. Therefore, multi-resident activity recognition is demanded in a smart home
environment.

This research addresses three sub-problems of the multi-resident activity recognition
problem: segmentation, classification, and online learning. To solve the segmentation problem,
we first propose a novel hybrid fuzzy C-means segmentation method based on change point
detection (CPD) for sensor events, which improves the performance of multi-resident activity
recognition. Next, we propose a new Transformer with Bidirectional Gated Recurrent Unit (Bi-
GRU) deep-learning method called TRANS-BiGRU, which efficiently learns and recognises the
complex activities of multi residents. Finally, we propose a novel Locally-weighted Ensemble
Detection-based Adaptive Random Forest Classifier (LED-ARF) for online analysis of multi-
resident identification. After comprehensive experiments, we found that our proposed algorithm

effectively solves the three problems of multi-resident action recognition.

Keywords: Multi-resident activity recognition, Activity sequence segmentation, Deep learning,

Online learning
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Chapter 1 Introduction

In this chapter, we focus on the overall introduction of this thesis, and the chapter
contains five sections. The first section introduces the research background of Human
activity recognition (HAR) and motivation of studying multi-resident activity recognition.
Related research questions are presented in second section. The third section introduces
the contributions. The fifth section will lay out the structure of this thesis.
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1.1 Background and Motivation

The global population is now entering the aging phase and the number of elderly people is
rising rapidly in almost every country. By 2050, the number of people over 60 years old worldwide
will exceed 2.1 billion [1]. As they age, many of them will likely suffer from geriatric diseases
such as dementia or Alzheimer's, which decrease their ability to live independently [2]. The
predicted shortage of caregivers and imperfection of available healthcare infrastructure have
driven the establishment of assisted living systems that monitor the activities of daily living
(ADLs) [3, 4].

HAR uses various types of sensors to collect data and recognise human motions. [5]. HAR
can prevent potentially unsafe movements and behaviours such as falling or forgetting to take
essential medication. Many practical applications of HAR have emerged in recent years, such as
AAL systems and smart home monitoring [6].

Research interest in HAR (especially in smart home environments) has increased alongside
the growth in elderly populations. Smart homes require the development of various types of
sensors and communication technologies. Different sensor devices worn on residents or installed
in smart environments collect the data of the residents and determine their movements through
advanced recognition technology. This behavioural information is then sent to families or
caregivers to improve the residents’ care in-house [7].

Recognition techniques for multi-resident activity recognition are based on sensor-
deployment strategies. From a macroscopic aspect, sensors can be divided into two types. The
first (stationary) type is deployed in smart environments, usually by attachment to stationary
objects. The second (nomadic) type are carried by humans, such as smartphones and other
wearable devices such as wristbands and smartwatches. From a microscopic aspect, the sensors
that discern human activities and anomalies in the smart environment are divisible into five types:
vision-based sensors, wearable sensors, smartphone sensors, acoustic sensors, and ambient
sensors [7].

Video surveillance is usually solved by installing a camera that captures the human-body
movement data within a specific area. The captured movements are then recognised by image

analysis technology [8]. However, this technique is disadvantaged by the high cost of cameras,
11



video storage and analysis equipment, and by intrusion of personal privacy under constant video
monitoring [9]. The other solution is wearable-based sensors for activity recognition, which
reduce the equipment cost and lower the privacy intrusiveness. However, wearable sensors-based
technology has other limitations. Some people, especially elderly individuals, are reluctant to
wear the devices or sometimes forget to wear them. Therefore, we believe that interactive sensors
such as motion sensors, temperature sensors, and humidity sensors that assist activity recognition
will become a future trend [10].

Most of the research has focused on activity recognition in single-resident living conditions.
Some simple activities involve a single action such as drinking water. However, even a single
person performs more complex activities composed of many sub-activities in the home. For
example, the activity “take medicine” can be regarded as a sequence of non-overlapping atomic
(single) activities [11]: taking a cup, pouring water into the cup, picking up the medicine, and
taking the medicine.

In addition to sequential activities, there are interleaving activities and concurrent activities.
All three activity types must be detected by single-resident activity recognition [12]. Interleaving
activity refers to activities that are shifted by a single person. For example, a resident might be
shifting between cooking food and boiling water in the kitchen. Concurrent activity refers to more
than one activity performed by a single person simultaneously (e.g., watching TV and drinking
tea).

In real life, the living environment is usually occupied by the resident, their family and/or
guests [13]. Multi-resident activity recognition is even more challenging, particularly when
complex activities are being performed by two or more people. Such activities can be parallel or
collaborative [7]. Naturally, when the number of residents increases in the living space, the
complexity of activity recognition increases. Parallel activity refers to many activities performed
by different people in the living space at the same time. For example, while one person is making
tea in the kitchen, another resident might be making a phone call in the living room. Collaborative
activity refers to synergic cooperation among multiple residents either performing the same
activity (e.g., two people moving a dining-table) or working separately towards the same objective
[7] (e.g., two people preparing dinner in the kitchen).

The above-mentioned activities are typical activities of daily life. Many studies have
12



addressed sequential activity [3] and interleaving activity [14], but parallel and collaborative

activities (especially complex activities in multi-resident situations) have been relatively neglected.

1.2 Problems/ Research Questions

With the rapid development of sensor technology and artificial intelligence, the HAR field
has entered a new phase. However, the recognition of multi-resident activities requires further
study. This thesis separately investigates three questions of multi-resident activity recognition,
which are elaborated below.

Research Question (1): By what means a sensor location feature can be incorporated into
sensor event segmentation, and to what degree can it improve the performance of multi-resident
activity recognition?

It has been proven that sensor event segmentation improves the performance of HAR. In
most current studies, sensor event segmentation is divided into static time-based, static sensor-
based and sensor-time correlation methods [15]. However, these methods have limited ability to
recognise the activities in multi-resident settings. Static time-based and static sensor-based
methods obviously cannot distinguish between sensor events in multi-resident situations.
Although dynamic sensor-time correlation methods outperform the static models in this scenario,
the position features would improve the partitioning [16]. In this research, we add location as
another parameter to the dynamic segmentation of sensor events to improve the recognition
accuracy. To evaluate our proposed solution, we aim to compare the results obtained before and
after segmentation. We will also compare our work with other segmentation approaches.
Research Question (2): By what means can deep learning methods be used for classification,
and to what degree can deep learning improve multi-resident activity recognition performance
over traditional machine learning classification techniques?

Deep learning techniques have tremendously progressed in recent years and have been
applied to various fields, such as speech and image recognition with excellent results [17]. Unlike
traditional machine learning methods, deep learning can automatically perform tedious feature
selection, thus improving the accuracy of classification. A number of deep learning classification

models have been applied to the sensor-based HAR domain and have outperformed traditional
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machine learning methods [18]. Therefore, we will apply deep learning approaches to complex
multi-resident activity recognition. The activity recognition performances of different deep-
learning methods will be compared with those of traditional machine learning methods.
Research Question (3): By what means can online learning methods be used for classification
and implemented for activity recognition, and which model achieves the best performance
among the online learning classification models?

Almost all current HAR studies of multi-residents are performed offline. The offline
approach generally consists of five steps: data collection, data preprocessing, segmentation,
feature extraction, and classification. Classification models are first trained offline and later on
online events coming from different sensors. However, the offline classification method is
ineffective for long-term monitoring in multi-resident environments because the movement habits
differ among the residents and new guests may arrive in the home. As the initially trained classifier
cannot identify these changes and new residents [19], the classification model must be constantly
updated to adapt to newly generated changes and thus identify different inhabitants and actions.
In this research, we will evaluate various online learning models on different multi-resident

datasets.

1.3 Contributions

Multi-resident activity recognition is still in its infancy and many challenges remain unsolved.
This thesis tackles three of these challenges: segmentation, classification, and online recognition.
It also provides a comprehensive review of this field. Specifically, our thesis makes the following
contributions:

We conduct an extensive review and a comprehensive analysis of modern technologies and
related HAR techniques that address the challenges of monitoring multi-resident environments
using non-intrusive sensors. First, we extensively review and classify research publications on
multi-resident HAR. We then categorize and compare the advantages and disadvantages of the
existing activity segmentation techniques. Finally, we summarise and compare the existing
classification models for multi-resident HAR, including traditional machine learning methods and

the state-of-the-art deep learning models.
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To answer the first research question, we propose a novel hybrid fuzzy C-means CPD-based
segmentation method that clusters the sensors using the fuzzy C-means clustering method [20].
To improve the performance of multi-resident recognition, we segment each activity of the diverse
residents using the Change Point Detection (CPD) method. We also evaluate our data-driven
segmentation technique and compare its performance with those of baseline data-driven
segmentation techniques. Our proposed method significantly improved the performances of all
baseline and state-of-the-art classification models used in our study.

To answer the second research question, we proposed a Transformer with a Bidirectional
GRU deep learning method (TRANS-BiGRU), which efficiently learns and recognizes the
complex activities of multi residents. We evaluate our proposed model by comparing its
performance with those of state-of-the-art models, traditional ML methods, and other DL models
proposed for multi-resident HAR. Our TRANS-BiGRU achieved the highest performance
amongst the existing models.

To answer the third research question, we proposed a novel Locally-weighted Ensemble
Detection-based Adaptive Random Forest Classifier (LED-ARF) classifier and applied it to online
analysis of multi-resident identification. We comprehensively compared the performances of
eight popular online-learning classification algorithms. In the experimental evaluations, the LED-

ARF model achieved the highest performance on online multi-resident HAR.

1.4 Thesis Structure

This thesis consists of six chapters.

Chapter 2 overviews non-intrusive sensor based HAR in multi-resident environments.
Section 2.2 discusses the challenges and general framework of non-intrusive sensor-based multi-
resident HAR. Section 2.3 presents activity segmentation methods in HAR. Section 2.4 reviews
and discusses the different classification techniques of HAR in multi-resident settings. Section
2.5 introduces non-intrusive sensors, public datasets, and evaluation metrics. Section 2.6
summarizes the chapter.

Chapter 3 tackles the segmentation problem to improve the performance of multi-resident

activity recognition. Section 3.2 introduces related works in sensor event segmentation and HAR.
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Section 3.3 introduces our Hybrid Fuzzy C-means CPD-based Segmentation algorithm. Section
3.4 presents the experiments and their results. Section 3.5 concludes our findings and suggests
ideas for future work.

Chapter 4 studies the use of deep learning models to recognize the complex activities of
multiple residents. Section 4.2 reviews the related works on multi-residents and various
classification models. Section 4.3 introduces our TRANS-BiGRU model. Section 4.4 presents the
experiments and their results, and Section 4.5 concludes the chapter.

Chapter 5 investigates real-time recognition of multi-resident activities using online learning
classification models. Section 5.2 reviews the work related to online learning in HAR. Section
5.3 introduces the proposed LED-ARF for sensor-based online multi-resident activity recognition.
Section 5.4 discusses the experimental results, and Section 5.5 concludes the chapter.

Chapter 6 presents our conclusions (Sections 6.1) and proposes ideas for future work (Section

6.2).
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Chapter 2 A Survey on Non-intrusive Sensor-based
Human Activity Recognition in a Multi-Resident

Environment

Non-intrusive sensor-based Human Activity Recognition (HAR) has become a
popular research field in smart environments such as classrooms, office, and homes with
a primary purpose to recognize human activities from the multifarious of low-level sensor
readings. Numerous studies have made tremendous progress in a single-resident situation
during the past several years. However, there are usually multiple residents present in the
living environment, such as their family or friends. Therefore, HAR under the
circumstance of multi-resident is more challenging and intricate due to complexity in
activities’identification and recognition. The recent advancement of sensor technologies
and machine learning makes it possible to collect and analyze multi-level information of
activities, thus achieving outstanding performance. With recent concerns in privacy and
practicality, several non-intrusive sensor-based approaches have been proposed for
multi-resident HAR. This chapter provides a comprehensive survey of multi-resident HAR
in non-intrusive sensor-based environments. We extensively reviewed and analyzed
existing work related to activity segmentation techniques and classification approaches
with highlights of their advantages and limitations. Furthermore, we discuss evaluation
methods and present publicly available datasets for non-intrusive sensor-based multi-
resident HAR. Finally, we summarize research challenges and open issues that require
further study in the field.

Chapter 2 has been submitted to IEEE Internet of Things Journal
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2.1 Introduction

Human Activity Recognition (HAR) is a challenging research area that deal with human
motions and activities monitoring and analysis based on data that can be obtained from different
types of instruments or sensors [21]. Activity recognition can be used for recognition of daily
activities but also potentially dangerous and accidental activities, such as falls [22]. There are
several real-world applications of HAR including healthcare home monitoring and ambient
assisted living systems [23-26]. HAR became a popular field of study due to an increasing number
of elderly people with disabilities, especially those who require personalized, monitored care. The
advance of communication technology and sensor has led to the realization of smart homes with
various sensing and monitoring technologies that could be used to collect various physical
information to learn and recognize the activities of each person. The activities learned can be
further used to infer personal behavior for their family members or caregivers to understand their
living situation to provide better care to them [6]. Current research has addressed many action
recognition problems in single-resident environments, [27-34], but in real-world situations,
residential environments often have multiple residents present, such as their relatives or friends.
Therefore, their activities will also be more complex, bringing in more technical challenges
beyond traditional problems in a single resident environment [35]. Research in multi-resident
HAR is still in infancy because several challenges for a single resident environment still need to
be resolved before those for multi-resident can be addressed [7, 36, 37].

HAR in a multi-resident environment has acquired increasing attention during the last several
years, and recently with the speedy advancement of sensors and machine learning technologies,
it becomes easier to collect and analyze multi-level information of activities, thus achieving
outstanding performance [35, 38-42]. We can group and analyze existing techniques for HAR
based on sensor deployment strategies [43]. From a macroscopic aspect, sensors can be divided
into two types: stationary and nomadic. First type includes environmental (or ambient) sensors,
usually attaching to the object and making them mostly stationary while the latter includes
smartphones and other wearable devices such as wristbands and smartwatches [44]. From a
technology aspect, there are five groups of sensors: vision-based sensing, wearable sensing,

smartphone sensing, acoustic sensing, and ambient sensing [5]. Most of the existing solutions for
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HAR are based on video surveillance which usually requires installing a camera to record human
body movement within a specific area and rely on image recognition techniques to recognize
human movements and activities [8]. However, these solutions have the following disadvantages:
(1) Surveillance equipment such as cameras and storage is expensive, and (2) Personal privacy
concerns [9]. Besides, most wearable-based sensors have critical characteristics of low cost and
low privacy intrusiveness, which can replace video surveillance systems. However, this type of
technology still has some drawbacks such as the need to always carry or attach to a body. Some
people, especially elderlies, may be reluctant to wear a device, or sometimes they forget to wear
it when needed [7]. As we can see in Figure 2-1, which illustrates the number of proposed
solutions based on different sensor types, there is a growing number of research works use
ambient and acoustic sensors along with line with smart phones. Based on this trend, we believe
that non-intrusive sensing technology is one of the promising areas of research in HAR due to its
being privacy-aware, non-wearable, cheaper, and easy to install while providing sufficient
information for HAR [9]. In this chapter, we scope our survey on non-intrusive ambient sensors

and related multi-resident HAR techniques.
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Figure 2-1 Classification of HAR work based on sensor types
Among the existing surveys on HAR, Chen et al. [45] provided an in-depth review of sensor-
based HAR focusing on deep learning techniques. Raval et al. [46] analyzed HAR based on
surveillance videos. Ramamurthy et al. [47] investigated recent trends in machine learning for
HAR. These surveys are based on single-person activity recognition while there is one survey
work related to multi-resident HAR which was conducted by Benmansour et al. [44] in 2015.
However, this study has some limitations, including the absence of activity segmentation
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techniques and state-of-the-art machine learning methods, and advanced deep learning
approaches.

With the recent momentum and advances of deep learning, there have been more significant
achievements for the research in the multi-resident HAR domain and hence a further review and
analysis are needed to help both academic and industry communities understand the latest
developments and trends. In our survey, we conducted an extensive review and provide a
comprehensive analysis of modern technologies and related HAR techniques to address
challenges that exist in a multi-resident environment using non-intrusive sensors. Our main

contributions are as follows.
e  We extensively review and classify research publications in the field of multi-resident HAR.

e We categorize and compare the advantages and disadvantages of the existing activity
segmentation techniques.

e We summarize and compare the existing classification models for multi-resident HAR,
including the state-of-the-art machine learning approaches and advanced deep learning
models.

e  We highlight key limitations and proposes ideas for future work.

The paper is organized as follows. Section 2.2 introduces the fundamentals of multi-resident
HAR. Section 2.3 discusses activity segmentation techniques. Section 2.4 discusses various
classification models proposed in a multi-resident environment and evaluation matric commonly
used in this field. Section 2.5 discusses different kinds of non-intrusive sensors and publicly
available datasets for benchmarking. Section 2.6 presents limitations and summarizes key

challenges and open issues that require further study. Finally, Section 2.7 concludes the survey.

2.2 An Overview of Multi-Resident HAR

In this section, we first discuss existing challenges in multi-resident HAR. Then we present

a general framework for non-intrusive multi-resident HAR.
2.2.1 Challenges in Multi-Resident HAR

A living environment often has more than one inhabitant in the real world, and human
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activities are also more intricate [ 13]. Thus, multi-resident HAR is more challenging, particularly
for recognizing complex activities involving two or more people who may perform parallel
activities and collaborative activities [7].

With the increasing number of residents in a living space, the complexity of activity
recognition increases. A parallel activity contains two or more distinct activities performed by
different people at the same time. For example, one person is making tea while another person is
making a phone call. On the other hand, a collaborative activity is a kind of complex activity that
is performed by two or more persons in a synergic manner for one objective, e.g., two people
moving a dining table or preparing dinner together, [7]. These two types of activities are quite
common in our daily life. Many studies have addressed problems related to sequential activity
[48] and interleaving activity [14], yet very few studies address parallel activities and
collaborative activities. Interaction is the main challenge in recognizing these two activity types
[44]. Different residents may trigger different sensors in different places or even the same sensor
in the same place. Therefore, we should identify the state of sensor event triggering and determine
who triggered the sensor while identifying activities. Especially, information collected by non-
intrusive sensors is more coarse-grained and not easily used for machine learning to learn and

distinguish such two kinds of activities performed by multiple residents [7].

2.2.2 A General Framework of Non-Intrusive Sensor-based Multi-Resident HAR

Advances in sensor technology have led to an increasing number of applications for HAR.
More and more scholars apply non-intrusive sensors for activity recognition since they can protect
residents’ privacy [9, 49]. Data-driven-based non-intrusive sensor-based multi-resident HAR
usually shares a similar framework, as shown in Figure 2-2, several steps are involved in the
multi-resident HAR process, from human behaviour data collection based on diversiform sensors
to final confirmation of performed activities. A general structure of non-intrusive sensor-based
multi-resident HAR can be divided as follows: (1) data collection: different types of non-intrusive
ambient sensors can be installed in a multi-residential home environment to collect sensor trigger
information. These ambient sensors may include door sensors, Passive Infrared (PIR) sensors,
light sensors, humidity sensors, and temperature sensors. (2) data preprocessing and

segmentation: preprocessing raw sensor data for eliminating redundancy and data noise, handing
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incomplete data, and conducting data normalization and aggregation. Segmentation is the splitting
of a sequence of sensor events into multiple overlapping or non-overlapping segments. A superior
segmentation algorithm can largely improve the performance of activity recognition [50]. (3)
activity classification: identifying activities using various classification models. Classification
approaches could be data-driven or knowledge-driven. In this chapter, we mainly focus on data-
driven classification techniques, mainly traditional machine learning (ML) classification
algorithms, such as Hidden Markov model (HMM), Decision Tree (DT) and Deep learning (DL)
algorithms, such as CNN, DNN, LSTM, and GRU. (4) activity inference and evaluation:
evaluating classification models and recognizing multi-resident activities [51]. It is standard that

the recognition performance should be measured based on accuracy, precision, recall, and F-

measure.
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Figure 2-2 General framework of non-intrusive sensor-based multi-resident HAR
2.3 Activity Segmentation

Activity segmentation is partitioning sensor events into a discrete chunk, aims at improving
the classification performance of HAR [21]. As persons can perform parallel activities or
interleaved activities for maximum efficiency, these activities may not have a clear boundary [52].
Therefore, continuous sensor events need to be partitioned into smaller sections to help a classifier
learn and distinguish different activities. As various approaches have been proposed to address
challenges in sensor event segmentation for HAR, in this section, we provide and discuss their

taxonomy.
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Sliding window is one of the most used methods to segment sensor events, and many studies
have adopted this technique. [35, 53, 54]. The most typical Sliding window segmentation is to
partition the entire sensor sequence into different groups using the same time interval, as shown
in Figure 2-3B [10]. Timestamps play a key role in segmenting the sensor events and generating
activity segments. Second way of segmentation is to divide the whole sequence using the same

number of sensor events as a measure, as illustrated in Figure 2-3C.
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Figure 2-3 Sliding window segmentation methods
1) Static Time-based Sliding Window

A static time-based window method relies on timestamps of sensor events to indicate the
boundary of activity and generates subsequence of sensor events [54]. In this method, each
window contains a fixed time interval but the optimal time interval is difficult to be decided, as a
result significantly impacting the performance of classification [55]. If the time interval is in a
too-small range, a window may not contain enough events of one activity. On the other hand,
multiple activities may be embedded into one chunk if a window is too large.

Wang et al. [56] proposed a static time-based window for segmenting a sensor events
sequence. Sensor events were segmented using the same time interval. A wireless body network
is used to collect sensor data at a low cost for the processing which is suitable for situations with
regular and periodic sensor events.

Chen et al. [57] evaluated the effect of static time-based segmentation on multi-resident
activity recognition for different parameters ranging from a few seconds to several hundred

seconds, and the experimental results show a significant improvement in multi-resident activity
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recognition for segmentation times of 60 seconds and 90 seconds. However, even with the great
improvement achieved in the multi-resident recognition performance under the parameters of a
time interval of 60 and 90 seconds, it is still difficult for us to determine what the optimal time
interval is, which is the biggest drawback of the static time-based segmentation method.

Nevertheless, the static-time-based window approach does not work well with ambient
sensors where they can be installed in multiple areas for recording different activities that may be
performed by multiple persons at arbitrary time lengths. For example, taking a medicine may
finish in less than a minute, sweeping the floor may take several minutes, and sleeping can last
for several hours. A too-long window selection may not be able to recognize short-term activities
while a too-short window could cause a single activity to be divided into different partition groups.
2) Static Sensor-based Sliding Window

A segmentation method is used to segments a long event sequence into multiple fixed-length
series of events. This approach is commonly used when sensor data are transmitted and recorded
asynchronously [58]. The number of sensor events is a key parameter in this approach. Although
a window’s size is fixed based on the number of sensor events, the time durations may because,
in high-density activities, a sensor can be triggered frequently. In contrast, during a silent period,
the sensor may not be triggered at all or just only once for a long period, thus having very sparse
sensor events. This segmentation approach has several inherent shortcomings [59].

For example, Figure 2-3C illustrates the sequence according to the endless constant number
of sensor events, and the size of the window does not synchronize well with the occurrence of an
activity. The last sensor event in the subsequence is likely to have a close relationship with the
first sensor event in the next sequence. However, the static sensor-based segmentation approach
may also divide an action into two different groups, which reduces the recognition performance.
[60]. In a multi-resident environment, various residents perform different activities, and their
sensor events can be put into a single window, thus affecting the classification performance [50].

Singla et al. [61] proposed a static sensor-based sliding window method to improve the
classification performance with the assumption that a set of sensor events in a single-window
represents only an activity. However, this approach is not good at recognizing short-term activities
because the optimal static window parameters are difficult to determine. For example, one large

sensor window is suitable to recognize long-term activities, but they will suffer to recognize short-
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term activities. Similarly, a small partition window may not cope well with longstanding activities.

Like the static time-based method, the static sensor-based method faces challenges in
determining the optimal number of sensor events concerning all different types of activities. For
example, it may take only a few seconds to leave home with only a few other sensors triggered,
while many people may trigger sensors in the kitchen while cooking repeatedly [21, 62].
3) Dynamic Window Sizes

Both static time and static sensor-based segmentation methods are flawed because the actual
activity of residents is not constant [15]. For instance, sensor events related to action can be
divided into various windows, or a window may include multiple activities. Furthermore,
partitioning sensor events are even more challenging when concurrent activities (performed by
multiple people) occur simultaneously. The static window methods utilize a fixed-time interval
or a quantifiable number of sensor events for segmenting the sequence and the most significant
challenge with these approaches is finding the optimal parameters. In contrast, a dynamic window
size method aims to automatically find the suitable single window size from sensor events [54].

Wan et al. [15] proposed a dynamic segmentation method for recognizing single resident
activities by using sensor correlation and time correlation. Person product-moment correlation
(PMC) was used to calculate the dependency between any two sensors. For example, sensor A and
sensor B is absolute positive correlated if the value is +1, and 0 means no relationship between
sensor A and B, the value of -1 indicates total negative correlation between the sensors. The PMC
value between two sensors is positively reflected in that they are adjacent to each other in
geography and more likely to trigger the sensors together or in a sequential way. In their work, the
threshold value of PMC is at 0.5, and it can be considered that sensor S; and S;_; are correlated
if the PMC value between them is greater than 0.5 or smaller than -0.5, which can be calculated
by Eq. (2.1):

cov(X,Y)  E((X — )Y — py))
oxoy Ox Oy

(2.1)

Pxy =

The time correlation method is applied to evaluate whether two sensor events at times T;
and T;_, are correlated or not. The first timestamp is expressed as Ty, and the last timestamp

is indicated as Tjq . By calculating Tfi; and Tjus based on Equations (2.2) and (2.3),
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respectively, sensor events can be segmented accordingly. However, different threshold values
are set due to various activities having a great difference in their durations.
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Noor et al. [54] presented a segmentation approach based on a gordian technique where the
window’s size can be adjusted appropriately according to the probability of transmitted signals to
acquire the most efficient segmented sensor events. Moreover, an activity transition structure of
AR is proposed to evaluate transition activities and improve the overall performance. The
proposed adaptive sliding window approach generates a new window size if a transitional activity
is found. The proposed transitional activity classifier first evaluates the extracted features and
then computes the probability density function (PDF) of each activity to decide an optimal sliding

window size, which can be calculated by Eq. (2.4).
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where Z; is the covariance matrix related to the extracted features from the windows, and p; is

the mean matrix. The parameters %; and p; are estimated by Eq. (2.5) and (2.6).
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where N; is the total quantity of observation sequence in an activity A;. Based on this, the
optimal window size can be defined to improve the classification accuracy. Their results show
that the proposed method achieved an overall accuracy of 96%, although some activity accuracies
such as standing and sitting are slightly decreased by 0.7% and 1.3%, respectively.
Aminikhanghahi et al. [63] introduced an online activity segmentation method based on

change-point detection (CPD) using various unscripted data, so-called SEParation change point
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detection (SEP), which is an unsupervised online detection method for adjacent sensor events. By
calculating a conversion value between two sequential sensor events, it is possible to determine
whether the activity’s boundary is reached and if so, then the method cuts the sequence into the
subsequence. A separation distance S is used to calculate the probability distribution ratio and
we use the following Eq. (2.7) to calculate the S between two consecutive change point events.

_ fti—1 (x)>

e 2.7)

S = Max; <1

where f'; (x) and f} (x) are the estimated probability densities of the previous and current
views, each with a length m. A variable i iterates over all data points in the change point’s view.
Besides, A separation distance is calculated by using a Gaussian kernel function g;(x) to

estimate two probability densities, and a change point score based on Eq. (2.8).

_ 1%
SEP = Max | 0, (1 _ ;Z gi(x)> (2.8)

A larger SEP value means a higher probability of change point. If their SEP scores are below
the specified threshold, all candidate points are rejected. The local peak score is the only
parameter we consider reducing false alarms and avoid repetitive change points.

Recently, Chen et al. [57] proposed a hybrid fuzzy C-means CPD-based segmentation
method for improving HAR performance in the multi-resident smart home environments. They
first applied fuzzy C-means to divide the whole sensor events into different subgroups based on
sensor locations. Then they adopted a CPD-based segmentation method [63] for further
segmenting sensor events. Similarly, various other activity segmentation methods have been
proposed. Cho et al. [64] proposed a contextual relationship-based segmentation approach using
a long short-term memory (LSTM) to segment the sensor events by capturing the sequence's
intrinsic contextual relationships. Their LSTM model is customized into three layers with equal
size, which addresses the bias problem by detecting advisable time intervals. Their input data is
augmented with other status information to solve sensor events problems using the optimal
parameters. Then they proposed a time interval evaluation algorithm to inspect the second layer's
boundaries to confirm the final borders. This study sufficiently improves the performance of both

single resident and multi-resident HAR. Wang et al. [65] proposed a three-layer segmentation
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method based on combined association rule mining and Support Vector Machine (SVM). The first
layer in their architecture employs an SVM model to recognize residents' activities. Their second
layer determines an activity's boundary, and the third layer verifies AR’s boundary using
association mining rules to reduce the recognition errors. However, whether this method is

applicable to the identification of multiple residents needs to be verified.

2.4 Activity Classification Models

In this section, we review and discuss different classification techniques used for HAR in a
multi-resident setting. We discuss existing traditional machine learning models followed by deep

learning models.
2.4.1 Traditional Machine Learning Models

Traditional machine learning models are the most popular data-driven methods in general [48]
as they can be used to explain the interrelation between different random variables and probability
distributions and incorporate them into the event model. The models give the probability
distribution as a solution [66].

1) Naive Bayes Classifier (NB)

Naive Bayesian classifier (NB) is one of the most commonly used and simplest probabilistic
models for HAR [9]. It depends on the Bayesian theory to establish decision boundaries using all
assumptions that input the features independently which makes the classification easy to handle.

Observations and labels in joint probability can be decomposed as shown in Eq. (2.9).

N
p(¥jelXe) < p(je) Hp(xi,tl)’j,t) (2.9)
i=1

where p(yj,t) is an activity-based prior probability on resident j. We assume that all the input
data are independent, and then we can directly calculate the conditional probability of the labeled
data (y; :|1X¢) [9].

In the settings, set X = {X;.X, -+ X;} can be expressed for sensors data andy represents

different activities, as shown in Figure 2-4.
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Figure 2-4 Naive Bayes

Yin et al. [9] proposed a Naive Bayes (NB) model for multi-resident’s tracking and activities
recognition. Various non-intrusive ambient sensors such as power sensors, temperature sensors,
and motion sensors were installed in the smart environment. The NB model achieves the best
performance with 73.01% of accuracy. However, the basic NB model is not suitable for
application to time series data. Therefore, Dynamic Bayesian Networks (DBNs), which is an
upgrade of NB, have been proposed to solve the limitation [44].

2) Dynamic Bayesian Network (DBN)

Dynamic Bayesian Network (DBN) is an upgrade version of Bayesian Network, also known
as Probabilistic Network or Belief Network. DBN associates different variables with adjacent
temporal steps (so-called a Bayesian network of "two-time slices" at any point in time). DBN is
also proven to produce Kalman Filters and Hidden Markov Models equivalent solutions [12].

Figure 2-5 shows a general structure of the Dynamic Bayesian network.

Time t+1

Figure 2-5 The structure of Dynamic Bayesian network

Alam et al. [12] proposed a Hierarchical Dynamic Bayesian Network (HDBN) for
recognizing multi-resident activities. The CACE and CASAS datasets were used to evaluate the
HDBN model, and the results show that the coupled HDBN model achieves 95% of accuracy in
recognizing multi-resident activities. The proposed method outperformed other models such as

HMM, FCRF, and CHMM.
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3) Decision Trees (DT)

A decision tree (DT) is based on a generated top-down structure where each event or decision
can lead to two or more events, leading to various outcomes, as shown in Figure 2-6. A
classification decision tree consists of some nodes representing branches and features and defines
the features' values. A class label can be reprsented by each leaf node. [6]. A decision tree is also

used for regression when the output data is continuous
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Figure 2-6 Example of decision tree [67]
Prossegger et al. [67] proposed a DT model to recognize daily life activities in a multi-
resident environment. A DT algorithm named E-ID5R was proposed, and leaf nodes were added
to the generated tree. ARAS datasets were applied to evaluate the performance, and the results

show that E-IDSR achieved excellent performance in House B, with an accuracy rate of 84.45%,

only 49.28% in House A.
4) Hidden Markov Model (HMM)

Hidden Markov Model (HMM) is a probabilistic model that describes unobservable random
sequences from a hidden Markov chain and random observation sequences based on various states
[6]. From a given input sequence (XLXZ’ XT), a hidden state sequence (y1,y2, yT) can be
estimated, as illustrated in Figure 2-7 and related joint probability of p(x,y) of the hidden states

and the observations can be expressed as follow Eq. (2.10).



Figure 2-7 Hidden Markov Model
T
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HMM is one of the most popular probabilistic models deployed for HAR. For example, as
shown in Figure 2-8, the activities can be defined as hidden states, while sensor event numbers
(in the rectangles) mean observation sequence based on data collected from different sensors. The
horizontal arrow represents a transition probability and the downward arrow represents the

probability of emission for a corresponding observed state.

Read
book
<M24 M21 D03 |.--| AD1-A 1004 || M12 DOS>

Figure 2-8 Activity modeling using HMM.

In general, we can use an HMM model to represent the action when an action is sequential.
However, HMM may not be best suitable for interleaved or collaborative activities because the
interlacement of activity may be ignored. In some conditions, some sub-activities cannot be
observed directly when the complex activity is disintegrated [68]. For example, an activity “tidy
the room” can be divided into two activities, “mop the floor” and “take out the trash,” and each
of them also includes some sub-activities. Therefore, different activities trained using HMMs
individually could be integrated to establish a global HMM to form a hierarchical HMM. Some
variants of HMMs, such as CHMM, FHMM, CL-HMM have been proposed to recognize multi-
resident activities to address these limitations [44].

5) Coupled-Hidden Markov Models (CHMM)

Coupled-Hidden Markov Models (CHMM) can be described as a group of HMM s interacting

in different manners where the previous states in one HMM affect the current state of another

HMM. [44]. Figure 2-9 illustrates a general structure of fully connected chains of two HMMs.
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Figure 2-9 CHMM model [44]

Roy et al. [69] proposed a CHMM to recognize daily activities based on combined ambient
sensor data and smartphone data. In this research, motion sensors are used to confirm the residents’
location in the room. Then this location information is combined with smartphone data to
recognize the residents’ activity more accurately. They used CHMM because there are two
different acceleration data streams connected with varying sequences of observations. The
concurrent activities of occupants are imposed spatiotemporal constraints by using ambient
motion sensor data. Two separate activity datasets are used in the experiments and the results
show that their model can increases complex activity recognition accuracy by more than 30%
compared with only smartphone-based solutions.

6) Factorial Hidden Markov Model (FHMM)

Factorial Hidden Markov Model (FHMM) has different individual Markov chains in
different states and at each time stage, observation states are related to all the corresponding states
[5]. The observation states of the standard variable bring more complicacy, although these chains

are prior independent. Figure 2-10 shows the general structure of the FHMM.

Figure 2-10 FHMM model [44]

Alemdar et al. [5] used an FHMM to model hidden observations using multiple activity
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sequence chains. They focus on concurrent activities based on data collected from ambient
sensors in a multi-resident environment. The experimental results show that the proposed FHMM
model achieved 78.7% of f-measure, superior to HMM and CRF.
7) Hidden Markov model-based combined label (CL-HMM)

Each occupant has its sequence of activities in a smart environment. Therefore, as a part of
activities, each occupant has an observation state at each time point. Benmansour et al. [ 7] utilized
various HMM methods to recognize parallel activities and collaborative activities in a multi-
resident environment They proposed a CL-HMM model to combine all the resident activity labels
and generate a new activity label. If there are k occupants in the smart environment, the vector of
length for observation states is £ and the same length for activities at each stage. CL-HMM is
used to transform and integrate the activities (aljrazj_ ak]-,) and the relevant data
(dlj_dzj, dk]-,)of individual occupants into a single combined activity label (L) and a single
observation (d). They compared CL-HMM with Coupled HMM (CHMM) and Parallel HMM
(PHMM), and the results show that CL-HMM achieved an accuracy of 91.91% and outperforms
the other models (best for collaborative activities). Mohamed et al. [70] evaluated the random
forest model on the Label Combination method in a smart home environment. The experiment

has been applied to ADL multi-resident from CASAS and achieved an average accuracy of 94.6%.
2.4.2 Deep Learning Models

In recent years, Deep Learning (DL) methods have been proven with outstanding
performance results in multiple application domains including image recognition, speech
recognition, and HAR due to computing power improvement [71, 72]. Compared with traditional
ML models for HAR, DL concentrates on processing high-order essential features through a
sophisticated neural network, rather than manual feature engineering. Also, deep neural network
structures are considered faster in executing unsupervised learning and online learning [41]. Quite
several deep learning models have been proposed for a single-resident HAR. However, it is still
in the infancy stage for multi-resident HAR.

1) Long Short-term Memory (LSTM)
Long short-term memory (LSTM) is a particular Recurrent Neural Network (RNN) designed

to remember meaningful information for a long period. It can efficiently learn long dependencies
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and sequential data [72]. The LSTM’s structure is shown in Figure 2-11.
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Figure 2-11 The structure of an LSTM

The output layer can represent a multi-resident scenario. For example, the probability of a

combined activity at time t (at) is:
p(at|ott) = softmax(htctU + b) (2.1

Where U is the weight matrix linking the output and hidden layer, h* and ct (Cell State) are two
hidden states. In several works, each resident’s activities are modeled separately, and the output
layer generates multiple layers. Supposing that some activities are performing by N residents, the
probability of a resident n performs an activity at time t (a™) is: p(a™) = softmax(htctU, +
b,) using a weight matrix U,, to connect each output layer with a shared hidden layer.

Liciotti et al. [72] evaluated the performance of various ML and DL models on CASAS
datasets. The experimental results show that LSTM model achieved best performance compare
with other ML models, such as CRF, HMM, and NB. Anubhav [41] employed an LSTM model on
the ARAS multi-resident dataset and their results show that the performance achieved best 86.55%
of accuracy. However, one of the problems with LSTM models is that there are too many
parameters during training, and the computational complexity will be increased. Therefore, a fewer
parameters model Gated Recurrent Unit (GRU) is proposed to make the training faster and less
complicated. Besides, they proposed two LSTM-based models namely Ens2-LSTM and CascEns-
LSTM. The Ens2-LSTM combines a basic LSTM and a Bi-LSTM with a combined softmax
function to predict activities. On the other hand, CascEns-LSTM combines a basis LSTM and an
Ens2-LSTM. Liciotti et al. [72] compared basic LSTM, Ens2-LSTM, Casc-LSTM, and CascEns-
LSTM models on various multi-resident datasets published by CASAS. The results show that their
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proposed Ens2-LSTM and CascEns-LSTM obtained the best performance. However, with the
increase of model complexity, the computation time of the dataset also increases, which is not
suitable for online learning.

2) Gated Recurrent Unit (GRU)

Like LSTM, GRU is proposed to address the vanishing gradient and long-term memory
issues in backpropagation, and it can largely improve training performance with fewer parameters.
Compared with LSTM, GRU can also achieve better results, e.g., the recent performance
comparison between LSTM and GRU shows that GRU has achieved higher performance in most

machine learning applications. [73].

t-1

Xt

Figure 2-12 The structure of a Gated Recurrent Unit (GRU)

The structure of GRU is shown in Figure 2-12. LSTM and GRU are different in updating the
next hidden state and content exposure mechanism. While LSTM is updated by summation, GRU
associates it according to the amount of time required to save it in memory to update the next
hidden state. In this structure, GRU has reset and update gates to enable each unit to pass
information across multiple time windows for better classification or prediction [17]. Specifically,
weights and sensor event data are stored in memory to be used with a given state to update future
values. For an update gate, GRU computes z; at a given time t to address the vanishing

gradient problem by using the following formula:
Zt = G(Vllz[ht_l, xt] + bz) (212)

Whereas for a reset gate, z; is calculated at a given time t to decide how much the past

information it needs to forget based on the following calculation:
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1. = o(We[he_1, x¢] + by) (2.13)
The current storage content can be calculated using the following formula:
h = tanh(W,.[r h_1,%.]) (2.14)

Finally, h; can be calculated in the final memory of the current time step to store the current unit

information for calculating the output vector o;, as follows:
ht = (1 - Zt)h’t—l + Ztiit (215)
0y = ag(Wyh; + by) (2.16)

Tran et al. [42] evaluated the multi-resident HAR performance of GRU and LSTM based on
ARAS and CASAS datasets. The experimental results show that GRU is slightly better than
LSTM in multi-resident HAR. However, the performance of recognition is unsatisfactory, and
data association issues have not been addressed in multi-resident HAR. Likewise, Natani et al.
[41] evaluated the GRU model on the ARAS datasets. The results show that the GRU model
outperforms the LSTM model.

3) Bi-directional LSTM (Bi-LSTM)

A Bi-directional LSTM (Bi-LSTM) consists of two LSTM layers (a forward and a backward
LSTM layer). [74]. A traditional LSTM network can only learn one way, so it ignores future
information. In Bi-LSTM, the input at the current time depends not only on the previous events
but also on the subsequent events. Before and after the event, timing information is fully

considered in combining the two units. The model structure is shown in Figure 2-13.

Figure 2-13 A structure of Bi-LSTM

The hidden states of the forward and backward layers can be expressed as h; and h{,
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respectively, where h; refer to a forward LSTM process and h{' is a backward LSTM process,

respectively. Then at a time step t, h; is a concatenation of the forward and backward hidden

states, shown as follows:

he =hy @ h{

(2.17)

Liciotti et al. [72] proposed a Bi-LSTM model and evaluated it using Cairo, Kyoto2, Kyoto3,

and Kyoto4 datasets published by CASAS. Their results show that the optimal performance is

obtained when the number of units is 64 and achieve the accuracy of 86.90%, 74.37%, 93.25%,

and 85.82% in the four datasets, respectively, all of which are higher than an LSTM model.

The following Table 2-1 summarizes the advantages and limitations of various models in

multi-resident HAR.

Table 2-1 Advantages and limitations for different models in multi-resident AR

References

Approach

Advantages

Limitations

[9] [69] [75] [48]

Naive Bayes (NB)

1. Stable classification performance

2. It achieves good results when the
data size is small, can handle multiple
classification tasks, and can be trained
in increments, especially when the
amount of data exceeds the memory.

3. The algorithm is simple and

insensitive to missing data.

1. Performance perform not well

when the number of data
attributes is large.
2. Since the posterior

probabilities are determined by
the data and the prior, there is a
certain amount of error in the
classification.

3. Sensitive to the representation

of input data

[12] [69] [48]

Dynamic Bayesian

Network (DBN)

1. It is suitable for modeling temporal
processes (time series).

2. It can monitor and update the
system as time proceeds, even predict

further behavior.

1. It is difficult for complex

online learning HAR.

2. In changing, relationship
pattern  remains an  open
challenge.

[67] [13] [69] [75]

(48]

Decision Trees (DT)

1. Tree structure visualization is easy
to understand and explain.

2. Fewer data needed for training

3. Be able to process numerical data

and classified data

1. It is easy to produce an overly

complex model with poor
generalization performance to the
data.

2. Small changes in data may
result in completely different

trees being produced

[76] [12] [42]

Conditional Random

1. Able to relax strong independence

assumptions.

The convergence speed of model

training is slow.
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Field (CRF)

2. Ability to Incorporate arbitrary

overlapping features

1. Based on strong statistical theory

1. There are many unstructured

[76] [72] [42] [48] Hidden Markov Model
2. Classification can be performed parameters
[12] (HMM)
from the original data sequence. 2.  First-order HMMs are
[9][42] 3. Flexible generalization of sequence  restricted by their first-order
capabilities Markov property.
Compare with HMM, CHMM is The complexity of the model is
[12][7] [69] CHMM
effective in multi-resident  increased, and the processing
collaborative activities. time of the training set is also
increased
[71151 FHMM FHMM performs better for some | Need more extensive training
activities such as taking a shower, data because of the complex
being outside, and relaxing. probabilistic model.
2. The computation time increase
when increasing the number of
residents
1. Solved the problem of data 1. The complexity of action
[7] CL-HMM
association. Turn the multi-label recognition is  significantly
problem into a single label problem. increased.
2. Parallel and collaborative activities 2. All tags need to be relabelled
are well recognized. when new residents are added.
1. It is very suitable for processing, 1. Suffer some exploding and
[41] [42][72] LSTM
classifying, and predicting time series ~ vanishing gradients problems.
data events 2. Require a large number of
2. Compared with the traditional RNN  parameters.
model, LSTM can achieve better 3. Difficult to apply to online
performance. activity learning.
GRU has fewer parameters and easy The standard GRU network
[41] [42] GRU
to train. processes the sequence in
chronological order, ignoring the
future context.
Bi-LSTM networks have two LSTM 1. Require many parameters.
[72] Bi-LSTM

layers and can store past and future

information.

2. Difficult to apply to online

activity learning.

2.5 Non-Intrusive Sensors, Public Datasets, and Evaluation

Metrics

In this section, we first review the non-intrusive ambient sensors that have been used for
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HAR in recent years. Then, we discuss the datasets for multi-resident HAR followed by

evaluation metrics used in this field.

2.5.1 Non-Intrusive Ambient Sensors in HAR

Sensors are a kind of equipment that captures physical environment parameters, such as
temperature and humidity, in a form of analog or digital signals, reported as sensor events.
Recently, with the mushroom growth of sensor technology, sensors’ cost gets lower while having
a better functionality, which accelerates the development of artificial intelligence applications,
including HAR [46].

For HAR, multiform non-invasive sensors have been widely welcomed and applied because
people do not feel that their life is being monitored by others. Non-invasive sensors are not
attached to an individual but can be seamlessly installed in any environment. Although this type
of sensor can relieve the discomfort of a person as they do not need to be carried or worn, the
complexity for HAR is greater than wearable sensors and VDO surveillance systems. Next, we
introduce non-intrusive sensors that are commonly used in a smart indoor environment [44].

1) Passive Infrared (PIR) Sensors

PIR sensors (i.e., motion sensors) are applied to detect objects’ movements through infrared
radiation. If a PIR sensor detects a difference in infrared radiation (e.g., from the human body)
higher than a predefined value, a sensor event is generated. This type of sensor is commonly used
for security purposes, where alarms may sound, or lights may turn on when objects' movement is
detected [77]. PIR sensors are obliged to operate in a dusky lighting environment because they
are sensitive to thermal motions and they can sense the movement of any object generating heat,
even if an object is inanimate. [10].

Figure 2-14 shows a diagrammatic diagram of a PIR sensor with two sensor elements placed
in a motion plane. The output signals it captures in distinct directions, distinct distances, and
distinct speed levels when walking. It can be seen from Figure 2-14a, by changing the polarity of
the sensing element in a PIR sensor, the captured two signals can be distinguished based on the
direction of walking [78]. Similarly, Figure 2-14b and ¢ show that the amplitudes of the two
signals and the time to reach the peak can also be distinguished. We can use output signals to

differentiate movements and activities of multiple persons based on the distance of each person
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from the PIR sensor and their walking speeds.
2) Magnetic Door Sensors

A door sensor consists of a magnet and a reed switch, and the magnet component pulls the
metal switch in the optical switch to close when a door is closed, thus completing the circuit and
changing the state of the sensor, which is marked as a sensor event [33]. This sensor feature can
be used to detect if windows, doors, or drawers are shut or open states [79]. For example, the
Magnetic Door Sensors sensor is used in both the CASAS and ARAS datasets. The triggering of
this sensor can tell us if a resident has entered or left the area, which is important for activity

recognition [80].

Direction 1 Direction 2

Figure 2-14 (a) walking in different directions; (b) walking at different distances; (c) walking at
different speed levels. [81]

3) Light, Humidity, and Temperature Sensors

Other types of sensors including light, humidity, and temperature sensors are frequently
integrated into one package, placed in a smart home environment to measure ambient information.
This kind of sensor can read the surrounding environment's data according to the pre-set period
of the current environment [12]. The sensors can report information when their status vastly
differs from their previous state. For example, when residents are cooking in the kitchen, the
temperature sensor comes into play and can detect the increase in kitchen temperature due to
cooking, and we can know whether the user is cooking by the change in temperature [62].
4) Pressure Sensors

Various sensors can be applied to measure the pressure, such as a tactile sensor, which is

sensitive to force, touch, or pressure. This kind of sensor is used to measure the interactivity
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between a person and a contact surface (e.g., floors, beds, sofa, or chairs) for monitoring the
location and weight information of a person [6]. Many pressure sensors are used in the ARAS
dataset for data collection. We summarize the advantages and disadvantages of these sensors, as

shown in Table 2-2.

Table 2-2 Various Sensors Used in Multi-Resident HAR

Sensor type Examples Advantage Disadvantage
Ability to collect accurate data ~ With battery life limitations, many
Wearable sensors [17, 82,  Smartphone
information and easily residents are reluctant to wear
83] Smartwatch
distinguish between residents. ~ wearable devices.
Noise data can be generated, and it is
Non-intrusive ~ ambient  PIR, Door, Light, Easy to install and high
difficult to distinguish between
sensors [7, 12, 13, 35,39, Humidity, Temperature, privacy, residents do not feel
residents who trigger the sensor in a
42] Pressure be monitored.
multi-resident environment.
Equipment can be expensive and
Ability to provide clear, rich undermines user privacy, constant
Video Sensors [8, 84-86] Camera
video data information monitoring has extensively intruded
personal privacy.
Ability to improve the
Acoustic sensors [22, 87, Producing noise signals and complex
Microphone accuracy of action recognition

88] algorithms applied.

through acoustic information.

2.5.2 Datasets for Multi-Resident HAR

Publicly available benchmarking datasets are necessary for evaluating and comparing
different HAR methods. Some researchers put great effort into developing sensor hardware,
setting up scenarios, recruiting participants, and collecting data in real life. In contrast, most other
works rely on some public datasets to evaluate their proposed method. A variety of single-resident
datasets are collected and made publicly available (e.g., in[18, 49, 89]). However, seldom datasets
based on non-intrusive ambient sensors are collected in a multi-resident environment. The
CASAS (Centre for Advanced Studies in Adaptive Systems) group has published some multi-
resident datasets, which are collected based on an in-lab environment, e.g., “MultiResident
ADLs”, “Kyoto spring 20097, “Kyoto summer 2009, “Kyoto 20107, “Tulum 2009-2010”,
“Tulum 2009, and “Cairo 2009”. Similarly, Alemdar et al. [80] have published a multi-resident
dataset named ARAS (Activity Recognition with Ambient Sensing), which is collected from a
real-world environment. The datasets include two separate collections: House A and House B.

These datasets are only the ones collected based on non-intrusive ambient sensors for multi-
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resident HAR.
1) CASAS Datasets

CASAS was established at Washington State University in 2007. Up to now, there are more
than 20 datasets were collected by CASAS, and some of them are related to multi-resident datasets
[36]. For example, one dataset named “Multiresident ADL Activities” presents two people in the
apartment simultaneously performing fifteen Activities of Daily Living (ADL). The types of
activities, based on how they are performed, include sequential, interleaving, parallel, and
collaborative [44]. The details of the most widely used multi-resident benchmark datasets
published by CASAS are summarized in Table 2-3 and Table 2-4. As far as we know, no research
uses Kyoto 2008, Tulum 2009-2010, and Paris 2010 for multi-resident HAR due to their limitation,
which can be seen in Table 2-3.
2) ARAS Datasets

ARAS is one of the famous datasets collected for multi-resident HAR. This dataset can be
divided into two collections: House A and House B where all the same twenty-seven activities
were performed in House A and House B, and both were equipped with various non-intrusive
ambient sensors [44]. Each dataset’s first 20 columns denote a binary sensor value, 0/1, where 0
means sensor fired, and one means not fired. The last two columns, 21 and 22, refer to the labels
of activities for Resident 1 (R1) and Resident 2 (R2), respectively. The details of the ARAS dataset
are summarized in Table 2-4 and Table 2-5.

In general, researchers often use more than one dataset to evaluate their proposed method.
For example, Ifat et al. [36] used the ARAS dataset and CASAS to evaluate their SARRIMA
system. Alam et al. [12] collected a real-world dataset named CACE to evaluate their method but
also used CASAS for comparison. The CASAS and ARAS datasets have become well-known

benchmarking datasets for multi-resident HAR in a non-intrusive environment.

Table 2-3 Non-intrusive sensor-based datasets in the multi-resident setting published by CASAS

42



# of # of # of #of sensor  Environm Serial Last
Dataset Duration Annotated Limitation
residents Sensors ADL events ent number Updated
Kyoto
MultiResident 2 2 months 37 15 17258 Lab Yes 4 7/7/2009
ADLs
- Only four
activities
performed
- The label
Kyoto 2008 2 1 month 21 4 20952 Lab Yes 6 5/24/2010  does  not
distinguish
the actions
of R1 and
R2
Kyoto spring
2 2 months 71 9 137789 Lab Yes 7 7/8/2014
2009
Kyoto summer
2 2 months 86 8 772544 Lab Yes 8 5/13/2010
2009
Tulum 2009 2 4 months 20 9 486912 Lab Yes 9 1/18/2011
- The label
does  not
Tulum 2009- distinguish
2 1 year 36 15 1085902 Lab Yes 10 1/18/2011
2010 the actions
of R1 and
R2
Kyoto 2010 2 1 year 87 13 2804 813 Lab Yes 11 7/10/2014
Cairo 2009 2+pet 2 months 32 11 726 534 Lab Yes 14 9/3/2009
Paris 2010 2+pet 1 year NA NA 1269265 Lab No 16 11/29/2010 - No label
Table 2-4 Activities of the CASAS Multi-Resident Datasets
Kyoto
Kyoto MultiResident | Kyoto Kyoto Tulum Tulum 2009-
summer Kyoto 2010 Cairo 2009
ADLs 2008 spring 2009 2009 2010
2009
- Pack supplies in - Eat -Watch TV -Wake up -Wash -Worktable -Watch TV -Take
the picnic basket - Relax -Wash -Sleep dishes -Work -Wandering medicine
-Fill medication - bathtub -Shower -Snack living room in room -Night
dispenser Sleeping | -Study -Grooming | -Leave -Work -Sleeping not | wandering
-Water plants - Cook -Work -Cooking home bedroom 2 in bed -Lunch
- Pack food in the -Sleep -Cleaning -Eat -Work -Sleep -Leave
picnic basket -Personal -Bed to breakfast bedroom 1 -Personal home
-Help move the hygiene toilet -Group -Watch TV hygiene -Laundry
couch and coffee -Bed to -Work meeting -Wash dishes | -Meal -Dinner
table toilet -Enter -Sleeping preparation -Work in
- Play a game of -Meal home in bed -Leave home | office
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checkers

-Set out ingredients
for dinner

- Read a magazine-
gather food for a
picnic

- Hang up clothes-
sweep the kitchen
floor

- Set the dining room
table for dinner

- Paying an electric
bill

- Retrieve dishes

preparation

-Clean

-Enter home

-Bathing
-Yoga

-Bed to toilet

-Cook -Personal -House-

-Enter home

lunch hygiene keeping
-Cook -Meal
breakfast preparation -Eating

-Watch TV | -Leave home | -Bed to toilet
-Bathing

-Eating -Work

-Wake
-Sleep
-Breakfast
-Bed to

toilet

Table 2-5 Setting and Activities in the ARAS dataset

House A

House B

# of Ambient Sensors

Size of the House

House Information

Residents

Duration

# of Activities

Activities

20 of 7 different types
50m2

One bathroom, one

kitchen, one living

room, one bedroom

2 males, age 25

30 full days
27
Other, watching TV,

20 of 6 different types
90m?2

One kitchen, one
bathroom, one living
room, two bedrooms,

Married couple.

Average age 34

30 full days
27

listening to music,

preparing lunch, having lunch, having a
conversation, napping, preparing dinner,
having dinner, talking on the phone, having a
snack, sleeping, brushing teeth, studying,
preparing breakfast, having breakfast, washing
dishes, having a shower, toileting, using the
Internet, changing clothes, reading a book,
laundry, shaving, cleaning, having guest, going

out

Table 2-6 Sensors Used in the ARAS Datasets

House A

House B

Kitchen temperature sensor

Water closet proximity sensor

Tap proximity sensor
Kitchen sonar distance

Hall sonar distance

Kitchen sonar distance
Bathroom door sonar distance
Armchair pressure mat

Bed pressure mat

Couch pressure mat
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Shower cabinet DCS Kitchen drawer photocell

Bathroom DCS Fridge photocell

House DCS Chair force sensors
Bathroom cabinet photocell Tap distance sensor
Wardrobe photocell Shower cabinet DCS
Kitchen drawer photocell Wardrobe DCSs

Fridge photocell House DCS

Chair proximity sensors Kitchen cupboards CSs
Couch force sensors Closet sonar distance

TV infrared receiver
Convertible couch photocell
(Resident 2’s bed)
Wardrobe photocell

Bed force sensor

2.5.3 Performance Evaluation Metrics

The performance of HAR can be evaluated with commonly used evaluation metrics including
accuracy, f-measure, precision, recall, complexity, computation time and data size, robustness,
diversity, scalability, types of sensors, storage requirements, and users [90].

The evaluation approach ought to illustrate the methods of using data, training data, and
testing data. [51]. The recognition result is used in the confusion matrix M, for the n-type
classification problem. In a binary classification problem, the following values can be acquired
from the confusion matrix.

*  True Positives (TP): The number of positive samples predicted to be positive by the model.
*  True Negatives (TN): The number of negative samples predicted to be negative by the model.
*  False Positives (FP): The number of negative samples predicted to be positive by the model.
*  False Negatives (FN): The number of positive samples predicted to be negative by the model.
Accuracy is the most used evaluation to measure the overall classification performance and

the formula is defined as follows:

P ~ TP+ TN
CCUracY = Tp Y TN + FP + FN

(217)

Precision is a measure of accuracy that indicates the proportion of actual positive cases

among the examples categorized as positive.:

Precision = — & (2.18)
recision = TP + FP .

The recall is a measure of coverage, and it measures the ratio of positive simples are classified
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as positive to the total number of positive instances:

Recall = —F (2.19)
At = TP Y FN '

The f-measure is the weighted harmonic mean of precision and recall:

Precision - Recall

f —measure =2 - (2.20)

Precision + Recall

We can extend these metrics for n classes and it is possible that, of one class, its instance can
be positive or negative [91]. For example, positives could be walking, while negatives could be
all instances other than walking. Performance evaluation metrics, datasets, and results from the

existing studies are presented in Table 2-7.

Table 2-7 Evaluation Metrics for Multi-Resident AR

References Dataset Approach Validation Performance
F-measure
(Alemdar et al 2017) [5] ARAS FHMM leave-one-out House A- R1: 78.8%; R2: 69.2%

House B- R1: 80.1%; R2: 77.3%

Accuracy: 94.5%
(Alam etal 2016) Precision: 96.5%
CASAS DBN 10-fold CV
[12] Recall: 94.5%

Weighted ROC: 98.6%

Accuracy: 86.04%

CASAS
(Benmansour et al 2017) Precision: 72.26%
Multi-resident CL-HMM leave-one-out
[7] Recall: 76.75%
ADLs
F-measure: 74.32%
CASAS Accuracy
HMM
(Chen et al 2014) [76] Multi-resident 3-fold CV HMM:84.19%
CRF
ADLs CRF: 82.88%
CASAS Spring Accuracy
2009 CASAS Spring 2009: 97.34%
(Emi et al 2015) [36] CASAS Summer SARRIMA 10-fold CV CASAS Summer 2010: 98.15%
2010 ARAS House A: 87%
ARAS ARAS House B: 95.3%
Accuracy
NB
(Yin et al 2016) [9] Real-world data leave-one-out NB: 73.01%
HMM
HMM: 73.70%
Accuracy
(Wang et al 2017) [31] Real-world data HMM 10-fold CV
HMM: 96.5%
Accuracy
CASAS LSTM
(Tran et al 2018) [42] leave-one-out CASAS- LSTM: 82.14%; GRU:
ARAS GRU
83.66%
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ARAS House A- LSTM: 56.44%;
GRU:56.65%
ARAS House B- LSTM: 76.72%;
GRU:76.83%

Accuracy:

Ens2-LSTM:94.24%; CascEns-LSTM:
93.60%

Precision:

Ens2-LSTM:94.33%; CascEns-LSTM:

Ens2-LSTM
93.33%
(Liciotti et al 2020) [72] CASAS CascEns- 3-fold CV
Recall:
LSTM
Ens2-LSTM:94.33%; CascEns-LSTM:
93.33%
F-measure:
Ens2-LSTM:94.00%; CascEns-LSTM:
93.33%
Average accuracy
Resident A- LSTM: 71.61%; GRU:
LSTM
(Natani et al 2019) [41] ARAS 10-fold CV 86.55%
GRU
Resident B- LSTM: 72.79%; GRU:
88.21%
EP score +
(Malazi et al 2018) [48] CASAS random 10-fold CV F-measure: 98.15%
forest
(Prossegger et al 2014) Accuracy- House A: 49.28%; House B:
ARAS DT leave-one-out
[67] 84.45%
(Zhao et al 2019) [53] Real-world data DT leave-one-out Accuracy: 85.49%
Markov
(Li et al 2020) [35] Real-world data Logic leave-one-out Precision: 99.4%
Network
Frequent
Precision: 81%
(Yuan et al 2020) [40] CASAS Itemset 10-fold CV
F-measure: 66.8%
Mining

2.6 Open Issues and Future Directions

Although more and more researchers have studied multi-resident HAR in recent years, it is
still in its infancy stage. Here, we highlight key open issues and future directions that should be

considered for significant advances in the field of multi-resident HAR.
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2.6.1 Complex Activity Recognition in a Large Number of Residents’ Situation

Human activities are often executed in real-life situations in a more complicated manner,
sometimes with more than two residents performing cooperative activities together [9].
Interleaved or concurrent activities are common in a multi-resident environment, but the existing
datasets only contain two persons. Specifically, there are two types of activities in multi-resident
HAR that should be studied in the future. Firstly, concurrent or interleaved activities performed
by more than two residents are needed [85]. We believe that the difficulty and challenges of HAR
will be a geometric increase when there are more than two residents in an environment. Secondly,
recognizing collaborative activities performed by multiple people is also challenging because
collaborative activities generate more, and more complex, sensor events, increasing the difficulty

of recognition [69].
2.6.2 Online Learning for Multi-Resident HAR

Compared with offline HAR, online learning is also still in infancy, even for a single-resident
situation. Although some proposed solutions based on online learning (e.g., Meng et al. [30]
created an online daily habit modeling and anomaly detection (ODHMAD) model for real-time
activity recognition, abnormal detection, and habit modeling), their work is only applied in a
single-resident scenario.

Often, surveillance systems are expected to make immediate inferences in situations that
could put people at risk. Occasionally, there could be some emergencies, such as falling suddenly
or forgetting to take medicine, and we should be able to learn and recognize these situations as
early as possible. Thus, it is necessary and important to have an online solution in place to
recognize and distinguish all the residents (including their guests) and their activities in real-time
[30]. Since online inference and online learning are relevant to activity monitoring, more effort

should be put into this area [19].
2.6.3 Datasets for Non-Intrusive Complex Activities of Multi Residents

Quantitative comparisons of multi-resident HAR methods are not straightforward due to the
various datasets [40]. The lack of standardized benchmarks makes it challenging to evaluate

multi-resident HAR models exhaustively and fairly. Most existing studies rely on the CASAS and
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ARAS datasets [7, 42] which are limited. These two datasets contain only a portion of ADL
performed by a maximum of two residents. More datasets that contain more than two people
performing a variety of complex activities are needed. Also, the existing datasets use simple
environmental sensors which are rather impractical and inconvenient for setting up. As sensor
technology evolves, further research is needed on how effective it is when using different sensor
technology and if the number of sensors can be minimized to improve the ease of deployment

while obtaining a similar recognition performance.
2.6.4 Intelligent Solutions for a Multi-Resident Environment

Current solutions can only recognize past and current activities, but in a real situation, there
is a necessary for more intelligent solutions which can recognize more kinds of activities,
abnormal activities, and potential future activities [43]. Current HAR systems can recognize many
actions and bring benefits to many real-life situations, it is interesting and challenging if HAR can
be used to predict future activities. This function is critical, especially like prevention and fall
detection. A possible research direction would be studying how we build a HAR system that can

predict future activities based on past activities [92].

2.7 Conclusion

Multi-resident HAR has gained attention since this research field can be used and applied for
people's daily living and healthcare monitoring. In this survey, we conducted an extensive review
of different HAR techniques and models that can be applied to multi-resident environments.
While much of the effort has been put in a single-resident setting, multi-resident HAR has recently
become the central focus of many studies. Yet many unresolved technical issues and challenges
are introduced and needed to be addressed in the future. This paper also reviews different types
of sensors, public datasets, and performance evaluation metrics. Finally, we highlight and discuss

open issues and future directions of the field.
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Chapter 3 Hybrid Fuzzy C-means CPD-based
Segmentation for Improving Sensor-based Multi-

resident Activity Recognition

Multi-resident Activity Recognition (AR), which has become a popular research field in smart
environments, aims to recognize the activities of multiple residents based on data collected from
various types of sensors, and sensor event segmentation is an important technique for enhancing the
performance of activity recognition. While quite some segmentation methods have been proposed for
the single person setting, few studies have been done for the multi-resident setting. In this chapter, we
first evaluate the baseline and the state-of-the-art segmentation methods using the popular multi-
resident dataset CASAS, to confirm that the performance of multi-resident AR can be improved by
applying segmentation techniques;, we then propose a novel Hybrid Fuzzy C-means CPD-based
segmentation method that can further enhance the performance of multi-resident AR. We combine a
Fuzzy C-means method with a CPD-based method for sensor event segmentation. The Fuzzy C-means
method is used to classify the sensor events in terms of sensor locations, and then the Change Point
Detection (CPD) technique is used to probe the transition actions to determine the segmentation
sequence. Our experimental results show that the proposed method significantly improves the
performance of multi-resident AR in comparison with the baseline and state-of-the-art classification

methods.
Chapter 3 has been published by IEEE Internet of Things Journal.
Chen, D., Yongchareon, S., Lai, E. M., Yu, J., & Sheng, Q. Z. (2021). Hybrid Fuzzy C-means CPD-

based Segmentation for Improving Sensor-based Multi-resident Activity Recognition. IEEE Internet of
Things Journal. DOI: 10.1109/JI0T.2021.3051574.
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3.1 Introduction

Human activity recognition (HAR) aims to learn and recognize different types of human
activities from various formats of data including images and sensor signals [93, 94]. HAR has
been widely applied in some real-world applications such as Ambient Assisted Living (AAL)
systems and home monitoring [63] as it assists in the detection of potentially unexpected activities,
such as sudden falling or dangerous situations [9, 22]. With the increasing elderly population and
advances in smart environments, HAR has become a popular research field [7]. The development
of sensor and communication technology enables the realization of smart homes. By installing
different kinds of devices in a smart home, the activities of residents can be monitored and
recognized by many well-known traditional machine learning (ML) models such as naive Bayes
(NB), Dynamic Bayesian Networks (DBNs), Support Vector Machines (SVMs), Hidden Markov
Models (HMMs) and Conditional Random Field (CRF) [7]. Meanwhile, recent years have
witnessed the fast advancement and development of deep learning (DL) methods, such as
Convolutional Neural Network (CNN), Deep Neural Network (DNN), and Recurrent Neural
Network (RNN) [18], that have been developed to increase the recognition performance the field
of HAR.

Although many HAR solutions have been proposed for a single resident [32, 34, 95], real-
life environments often involve more than one person, with intricate interactions between the
resident and their guests or family members. Thus, multi-resident AR is a significant research area
but is still in its infancy [5, 44].

Before addressing the challenges in multi-resident settings, we must address the many
unsolved problems in single-resident environments [67]. In recent years, multi-resident situations
in smart-home environments and complex AR in multi-interactive settings have attracted
increasing attention [5, 7, 9, 12]. Sensor event segmentation partitions a continuous sequence of
sensor events into discrete and significant chunks which can help to isolate different activities
[21]. The segmentation techniques for sensor events have been proved to be able to improve the
accuracy of classification models in a single-resident environment by using sliding windows

because it offers the advantage that the start and endpoint of each activity occurrence are known
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[50, 63]. The identification of activity boundaries enables important features such as start time,
end time and duration to be extracted in sensor data. Such information can improve the
performance of activity recognition [60].

Several approaches for partitioning sensor events have been proposed in recent years,
however, most of them are developed based on pre-segmented sensor streams [52, 56]. Besides,
the situation of multi-resident AR is more complex, the composition of sensor events is composed
of multi-resident triggering multiple sensors concurrently, so for a time-series sensor data, general
sliding windows methods cannot well demarcate the boundaries of multi-resident activities.
Besides, the multi-resident AR faces unique challenges of complex activities such as parallel and
collaborative activities. Parallel activities refer to multiple residents perform activities
simultaneously (e.g., one resident is cooking in the kitchen, and the other is sweeping the floor in
the living room). Collaborate activities refer to multiple residents work together, and each resident
performs the same activity (e.g., two residents play a video game in the living room) [44].
Traditional data-driven segmentation methods do not effectively distinguish between multi-
resident triggering sensor events simultaneously. Pre-segmented offline segmentation techniques
are performed by inspecting all dataset and thus are not suitable for the real-time application.
Furthermore, whether data-driven segmentation techniques can provide desirable performance
efficiency for multi-resident AR considering its complex activities remains to be investigated. We
argue that one of the most important and prerequisite processes for identifying complex activities
is the segmentation of a continuous sequence of sensors events into segments, each corresponding
to a single ongoing activity. By doing so, parallel and collaborative activities of multiple persons
can be transformed into single-resident sequential activities [96]. In this paper, we first evaluate
well-known data-driven segmentation techniques using a series of experiments and analyze their
influence on the performance of various classification models in a multi-resident setting. The
segmentation methods include static time-based windows, static sensor-based windows, and
dynamic sensor—time correlation method. Then, we propose a novel hybrid fuzzy C-means CPD-
based segmentation method that puts sensors into different clusters by using the fuzzy C-means
clustering method [20], and then a change point detection method is used to segment each activity
of diverse residents, to improve the overall activity classification accuracy. The main

contributions of this paper are as follows:
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e We evaluate the baseline and the state-of-the-art data-driven segmentation techniques and
discover that they can improve the performance of multi-resident AR based on traditional
machine learning and deep learning classification models.

e  We propose a novel online, hybrid Fuzzy C-means CPD-based segmentation technique to
provide an optimal time-window size for recognizing multi-resident complex parallel and
collaborative activities.

e We evaluate our data-driven segmentation technique and compare it with the other baseline
data-driven segmentation techniques and apply to classification models. The results show that
our proposed method can significantly improve the performance of all the baseline and state-
of-the-art classification models used in our study.

The remainder of this paper is organized as follows. Section 3.2 reviews the related works
and Section 3.3 describes the methodologies. Section 3.4 reports the experimental and evaluation

results. The study concludes with Section 3.5.

3.2 Related Works

In general, existing HAR studies can be divided into two categories: segmentation of sensor
sequences and identification of activities. This section discusses the existing works in both

categories of HAR sub-problems.
3.2.1 Data-Driven Segmentation Methods

The most crucial technique for segmenting sensor stream data is the sliding window
technique, which has been employed in many studies. Panel A of Figure 3-1 illustrates the actual
activity of the sensor events during actions 1-4, and panels B and C demonstrate the segmentation
in the time-based and event-based approaches, respectively [15].

As shown in Figure 3-1B, the time-based sliding windows approach partitions the whole
sequence of sensor events into a series of segments with equal time intervals. The timestamp is a
key parameter for generating activity segments in a sequence of sensor events. In the parallel
setting, the entire sequence of sensor events is partitioned into a series of sliding windows with

equal sensor numbers. For example, every 30 sensor events can be grouped, as demonstrated in
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Figure 3-1C. A critical question in the static window size approach is identifying the right window
size. Some works calculate the window size by averaging the times of the various activities and

sampling the sensor’s frequency [20].
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Figure 3-1 Segmentation methods [15]

Singla et al. [97] employed a static sensor-based sliding window covering an endless number
of sensor events. This approach improves the detection performance by partitioning the whole
sequence of sensor events into small groups, each containing the information of one activity.
However, this method does not always recognize short-lived actions because (as mentioned above)
the optimal static window is hard to define.

Wang et al. [56] partitioned a sequence of sensor events by a static time-based window
approach. This method segments the sequence into small temporal chunks with the same period.
To reduce the processing cost, the sensor data were collected by a wireless body network. This
approach is suitable for classifying continuous and periodic sensor events. Still, its performance
deteriorates when applied to motion sensors, door sensors, temperature sensors, and other ambient
sensors installed in the environment. Defining the optimal window size is again challenging
because various activities are completed in different timeframes. For example, drinking water is
a short-term activity; a working activity may consume several minutes or hours; and sleep may
continue for several hours. A large sliding window size tends to miss the short-term activities,
whereas a small, segmented window size can divide one action into two or more partitions.

Wan et al [15] proposed a dynamic segmentation approach that identifies simple actions
using both sensor and time correlations. They used the Pearson product-moment correlation (PMC)
to calculate the relationship between two sensors. To evaluate the sensor dependency on the

classification result, they estimated the sensor and time correlations separately. For example,
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when two sensors A and B are positively correlated, uncorrelated, and negatively correlated, the
correlation coefficients are +1, 0, and -1, respectively. The time correlation was determined by
deciding whether different action timeframes belonged to the same time division. Finally, the
sensor and time correlations were combined to determine the sensor event segmentation.
Aminikhanghahi and Cook [63] introduced a change point detection (CPD) based
segmentation method, which splits residents’ sensor events into different non-overlapping portion
in real-time. Specifically, they applied a separation (SEP) algorithm to confirm whether the
activity transition has occurred between two sequential sensor events. SEP is a method of
estimating the probability distribution ratio by using separation distance as a dissimilarity measure.
The experiments on real-life smart home datasets provide evidence that detecting activity
transformation and utilizing segment features in activity recognition can improve recognition

performance while providing activity boundaries and transformation details.

3.2.2 Knowledge-Driven Segmentation Methods

Meanwhile, there are some knowledge-driven segmentation approaches relying on pattern
recognition applied in HAR and other fields.

Ye et al. [96] proposed a novel knowledge-driven concurrent activity recognition (KCAR)
approach. In KCAR, the underlying semantics of each sensor event is explored, and semantic
similarities are exploited to partition successive sensor sequences into fragments, each of which
corresponds to an ongoing activity. At the same time, the Pyramid Match Kernel is used, because
it is a hierarchical conceptually approximate matching advantages to identify activities by
obtaining constraints at different granularities from potentially noisy sensor sequences.

Triboan et al. [98] proposed a semantics-based method to sensor data segmentation in real-
time activity recognition. The system captured generic knowledge and resident-specific
preferences for recognizing Activities of Daily Living (ADL) to support the segmentation process.
They developed a system prototype and multi-threaded decision algorithm and applied in 30 case
scenarios. The results illustrated that all sensor events could be appropriately segmented with 100%
accuracy for a single ADL environment and received 97.8% accuracy for the composite ADL
scenario.

Sfar and Bouzeghoub [50] proposed a method that combines a statistical learning and
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ontology interpretation to select the best time-window size. The method includes two subparts.
The first part is offline training where a clustering method is applied offline and updates the
ontology model. The second part is online processing where the updated ontology model is
utilized to determine the optimal time-window, and a machine learning model Support Vector
Machine (SVM) is implemented on the CASAS datasets and enhancing the performance of
activity recognition.

Pan et al. [99] proposed a swimming analysis scheme to count and identify swimming strokes
by using accelerometers. The proposed method includes a data processing stage and a swimming
stroke identification stage. The data processing stage includes sensor data collection, floating data
elimination, and feature points detection. The swimming stroke analysis stage identifies
swimming stroke and counts strokes by applying a correlation coefficient and some rules to
segment the sensor events, which can be considered swimmers’ stroke. The experiment results
proved that the proposed scheme could effectively count strokes and identify swimming stroke
with more than 94% and 87% accuracies on average, respectively.

Malawski and Kwolek [100] presented a method dedicated to the real-time analysis of
continuous step training routines in fencing. The authors proposed a model-based adaptive
filtering algorithm for the accurate selection of the segmentation of interest from velocity signals
collected from the Kinect motion sensor and removing false positives from the selected segments
by extracting dedicated features and applying an SVM classifier. Finally, the parameters of the
identified bowing movements, which constitute the fencer's feedback, are computed. The
proposed method was evaluated on a dedicated dataset consisting of eight fencers' movements
and achieved an accuracy of 99.51%.

Reily et al. [84] introduced a novel system for automatically analyzing a gymnast's
performance on the pommel horse by using the Microsoft Kinect portable 3D camera. A revised
depth of interest segmentation was applied to locate depth ranges in the image which are probably
to include some objects or people of interest. The Kinect can effectively segment the scene,
identify the depth of interest, locate the gymnasts in the area, identify what gymnasts are doing

during their performance, and then analyze their performance accurately.
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3.2.3 Multi-Resident Activities Identification

In recent years, a number of classification models have been studied for the identification of
multi-resident activities.

Yin et al. [9] tracked the locations of multiple residents by a naive Bayes approach, which
recognized their daily activities such as making meals and watching television. The data were
collected by ambient sensors (motion sensors, power sensors, temperature sensors, humidity
sensors, and accelerometers) installed in different places. In various settings, naive Bayes
achieved higher accuracy (73.01%) than other methods. However, traditional naive Bayes is
inappropriate for modeling temporal processes. A more suitable approach is DBN, an upgrade of
NBC [44].

Benmansour et al. [7] evaluated cooperative and parallel activities between two residents in
a smart environment were removed by different methods based on HMM variants. The
observation and activity labels of the different occupants were combined by a proposed CL-HMM
method, where activity labels, as well as observation labels of different residents are combined to
generate the corresponding sequence of activities, as well as the corresponding sequence of
observations on which a conventional HMM is applied, producing a related sequence of activities
and observations. The authors competed their approach against two other baseline models:
parallel HMM (PHMM) and coupled HMM (CHMM). CL-HMM outperformed both PHMM and
CHMM in predicting collaborative activity.

Liciotti et al. [72] applied Long Short-Term Memory (LSTM) for evaluating the multi-
resident HAR based on the four multi-resident CASAS datasets. The results show that the LSTM
based model outperforms traditional ML methods, such as NB, HMM, and CRF. Natain et al. [41]
employed LSTM on ARAS multi-resident dataset and evaluated the LSTM model on resident A
and resident B. The results show that HAR’ performance acquired the best accuracy of 86.55%
when training 50 days. However, the LSTM model's problem is that there are too many parameters
to be set during training the model, which increases the computational complexity. Therefore, A
Gated recurrent unit (GRU) with fewer parameters is introduced to make the implantation less
complicated and faster.

Recently, Tran et al. [42] evaluated the LSTM and GRU models’ performance on the multi-
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resident AR by using two published benchmark datasets, CASAS , and ARAS [80]. The
experiments recognize resident A and resident B’s activities and calculate the average accuracy
as performance. The results show that the GRU model is more efficient in multi-resident AR.
However, the average identification accuracy was only 77.2%, and the data association problems
in multi-resident AR have not been solved. Similarly, Natain et al. [41] applied the GRU model

on the ARAS dataset. GRU outperforms LSTM on both resident A and resident B.

3.3 Proposed Segmentation Approach

Segmentation of sensor events can bring various benefits to the analysis of human behaviour
[50]. The existing research has been able to prove that the detection of behavior transformation
and the segmentation of sensor activity data can improve the performance of activity recognition
[63]. Besides, the segmentation based on sensor events provides extra meritorious insights for
behaviour patterns by identifying the beginning and end of activities and generating some new
features such as activity duration and overall activity behaviour parameters [60].

For multi-resident AR, we need to not only recognize the start and endpoints of the activity
but also distinguish which resident triggered the sensor event. Figure 3-2 illustrates an overview
of our proposed multi-resident activity segmentation structure, which contains four steps. The
first step is to use a variety of non-invasive ambient sensors to collect the sensor data in the smart
home of a multiple residential environment. In the second step, we cluster all triggered sensors
according to their locations and divide the whole data into different subsets by applying the Fuzzy
C-means method neighbouring triggered sensors. The third step is to recognize the activity
transition on different subsets and generate the activity segments. The final step is to identify
multi-resident activities by using various baseline and state-of-the-art machine learning and deep
learning classification models as shown in Figure 3-2. In particular, we evaluate four
segmentation techniques for multi-resident AR based on the collected and segmented data. The
first approach is the static time-based sliding window that partitions the whole sensor event by
offering a fixed length of time. The second approach is the static sensor-based sliding window
that applies a fixed number of sensor events to divide the sensor data. The third approach uses

dynamic time and sensor correlation to partition the sensor events into subsequence by calculating
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Pearson product-moment correlation (PMC) between pairs of sensor events. The fourth approach
is our proposed method that divides sensor events into different subset by clustering the sensor
location and then a change point detection method is applied in the subgroup to labels the sensor

events between two transitions as a single activity.
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Figure 3-2 The architecture of the proposed segmentation approach for HAR

3.3.1 Fuzzy C-means (FCM)

The FCM algorithm is an unsupervised data clustering method based on the optimization of
the objective function using the Fuzzy theory [20]. The clustering result is the membership degree
of each data point to the clustering center, which is represented by a number. It obtains the
membership degree of each sample point to all the class centers by optimizing the objective
function, to determine the class of sample points and achieve the purpose of automatic clustering
of sample data. An object can belong to multiple categories at different levels [20].

The Fuzzy C-means clustering method provides more flexible results compared with
traditional K-means hard clustering as it can belong to a different cluster. In most cases, objects
in a dataset cannot be divided into distinct separate clusters [101]. Therefore, each object and each
cluster are given a weight indicating the degree to which the object belongs to the cluster. The
membership function p,(X) is a function that represents the degree to which an object X belongs

to set C. Its independent variable range is all objects that may belong to set N (that is, all points
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in the space where set /V is located), and the value range of u,(X) is [0,1] [101].

The FCM algorithm divides a finite set of N elements X = {X;,X,, ... Xy} into a set of C
clusters according to some given criteria. Each element X; € X,i = 1,2, ..., N is a vector with d
dimensions. We define an approach to partitions X into C clusters centers V;,V,, ...V, in the
centroid set V.

In the FCM algorithm, U is a representative matrix for membership of each cluster. The
matrix U has some characteristics:

* U(i,j) is the membership value of the element X; in a cluster with center V;, 1 <
iSN;1<j<C.

* 0<SUGLHSLI<i<SN;1<j<C andX$,U(i,j) =1 foreach X;.

* The larger U(i,j) is, the higher the degree of confidence that the element

X; belongs to the cluster j. An objective function is defined such that the clustering algorithm

minimizes the objective function using Eq. (3.1):

N

Cc
WYy =" UG )" ))? (3.1)

i=1j=1
where D(i,j)? =Il X; — V; I? is the Euclidean Distance between the element X; and the
cluster center Vj. m is the fuzzification coefficient of the algorithm. Fuzzy C is an iterative
process of computing the affiliation degree U(i,j) and cluster center V; until they reach an

optimum, U(i,j) and V; can be calculated using Eq. (3.2) and (3.3):

1
ui,j) = 5 (3.2)
5¢ (II Xi =V II)m
=1\l X; = Vi |l
N ..
=1 U, J) X
i=1 U(ll])
The termination conditions for the iteration using Eq. (4):
max;; = {|Uikj+1 - Ul’j|} <e€ (3.4)

where £ is the number of iterative steps and ¢ is the error threshold. The implication of the
above equation is that the level of affiliation will not change significantly as the iterations continue.
That is, it is assumed that the degree of affiliation is unchanged, and the comparative optimal
(local or global optimal) state has been reached.

A simple threshold on a distance approach might not apply in multi-resident environments
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because such classification is too rigid. The Fuzzy C-means method can help to determine the
sensor partitioning by the percentage of sensors belonging to a certain cluster. This percentage
clustering allows for more flexibility in determining whether the two sensor events before and
after can be triggered by the same resident, and thus whether to place them into a sequence. In
multi-resident AR, we define the input data collected from different kinds of ambient sensors and
generate a sequence of sensor events. Each sensor event takes the form e = < d, t,s,v > where
d is the date when the sensor data is collected, ¢ is the time stamp in this date, s is the type of the
sensor, and v is the value of the sensor.

We presume that such activities can be detected from these sensor events when each
resident’s action is performed, and for parallel activities, we assume that activities occur in
different locations as one place can only be occupied by one resident, and collaborative activities
are performed in the same place. To recognize these activities from continuously sensor events,
we generate some subsequences of sensor events, and each activity is treated as a sequence of n
sensor events <eq e, -+, e,>. To divide the actions performed by different residents into different
subsequences, we introduce sensor coordinates (Figure 3-3) as a feature and use the Fuzzy C-
means method for unsupervised clustering to realize online learning, and the newly generated
sensor event e =< d, t,s,v,c > where c is the cluster area of sensors. We then compare the two

sensor events at times t; and t;,1.
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Figure 3-3 Sensor coordinates of CASAS datasets [44]

We allocate two sensor events into different subsequences if the locations of the two sensors

belong exactly to two different clusters, otherwise we treat the upper and lower sensor events as
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the same sequence. For instance, in time #i to #i+5, the sensor triggers M20, M19, M21, M19, M18
respectively. Our Fuzzy C-mean clustering results reveal that all five sensor locations belonged
entirely to one cluster, a situation in which it is likely that a single resident has triggered these
sensors or that multiple residents have performed collaborative activities at the same location, so
we allocate these sensor events into one subsequence. However, when the time is ti+6, sensor
MOS5 is triggered and compared to the previous sensor position, we find that M18 and M5 are
assigned to different clusters, which means that it is not possible that the same inhabitant just
triggers this sensor, so we allocate this sensor event into another subsequence. In this way, we can
divide the entire sensor event into different subsequences in the case of two residents. Therefore,
for any incoming sensor events S = {S3, S, ...S,}, if sensors S; and S;,; are not in the same

cluster, the sensor S; and sensor S;,; are segmented to different subgroups.
3.3.2 Change Point Detection (CPD)

After completing location-based subsequences, we apply a CPD technique called SEP,
proposed in [63] to detect further whether there is an activity transition between two continuous
windows on different subsequences, respectively, then analyze the performance based on average
accuracy.

Change point detection (CPD) is a problem of identifying time points when the probability
distribution of a time series event changes [63]. Separation change point detection (SEP) is a non-
parametric sequential change detection that calculates the change score between two consecutive
sensor events to represent the amount of change from the first sensor event sequence to the next
sensor event. SEP employs separation distance as a dissimilarity measure to estimate the
probability distribution ratio. The separation distance S between two continuous change point

events can be calculated as shown in Eq. (3.5):

(3.5)

S = Max; <1 —M>

fE ()

where f'; (x) and f} (x) are the estimated probability density of the previous and current
view, each with length m. Variable i iterates over all data points in the change point of view.
Meanwhile, a Gaussian kernel function g;(x) is applied to estimate two probability densities by

calculating separation distance as a change point score without estimating the densities f;; (x)
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and f} (x) using Eq. (3.6):

ORI = P
glx) = GRS ; 0; BK (xf,x{_,) (3.6)

K is anon-negative basis function in the model and 8 will be determined from data samples.

[102] Then change points can be detected by using the score calculated in Eq. (3.7):

m

— 1

SEP = Max [ 0,{ 1 —Ez gi(x) (3.7)
i=1

The larger score signifies a greater change point probability. All the candidate points are
rejected when SEP scores are less than a threshold value. Local peak scores are the only parameter
we take into account to reduce the false warning and avert reduplicative change points. The
threshold value is selected according to optimal performance for a specific time series. In our
experiment setting, a threshold value is chosen by optimizing a balanced value between True
Positive Rate (TPR) and False Positive Rate (FPR) measures based on the training data. Another
significant parameter m, the length of the view is identified that a threshold value of 0.3 is efficient
and effective for non-intrusive ambient sensor events [63].

It is essential to identify resident’ activity labels in real-time in evaluating recognition
algorithms. The transition detection we use needs to consider the state at t;_; as well as at t;,
to determine whether a transition has occurred at z. The accuracy of transition detection has a
considerable impact on the segmentation of sensor events and thus on multi-resident activity
recognition. A larger false positive rate will split the time series sensor events into more segments

and thus shorter activities.

1. Input

2. A sequence of incoming Sensor Event: S={S;,S2*Sq}

3. Addj =: initial status of the sensor enent §;

4, Output

5. A set of Sensor Segmentation: Seg={Seg:,Seg."Segm}

6. Method

7. Fuzzy C mean Check: FCM(S,,S)>(True:False)

8. CPD Check: CPD(Sk,Sy)>(True:False)

9. Algorithm

10. WHILE S;&& Add, = = false

11. IF Seg not exist THEN

12. Initial Seg:

13. Add S;to Seg:

14. Addj=true

15. ELSE

16. FOR Segii=1tom

17. IF Segi not Empty THEN

18. Read the last sensor event of Seg:
Seg..last();

19. Read the first sensor event of Seg:
Seg.first();

20. fem.=FCM(S;, Seg..last())

21. cpd:=CPD(S;, Seg.last())

22. IF fcm: && cpd: THEN

23. Add S, to Seg;
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24. Add=true

25. ELSE IF fcm; && !cpd: THEN
26. Process Seg:
27. clear Seg;

28. Add S; to Seg;
29. Add=true

30. END IF

31. END FOR

32. IF Add, == false THEN

33. Initial Segm+1

34. Add S to Segm+1

35. END IF

36. END IF

37. END WHILE

Figure 3-4 Proposed sensor event segmentation algorithm

As a summary, Figure 3-4 describes the pseudo code of the proposed segmentation algorithm.
The proposed algorithm disposes real-time streaming sensor events. The proposed algorithm
includes two methods: Fuzzy C-means check (FCM) and change-point detection check (CPD).
Giving an incoming sensor event S;, both FCM and CPD will be used with all the existing
segmentations. Afterwards, S; will be added into the segmentation based on the FCM and CPD
results. However, a new segmentation S; will be initialized if the existing segmentations cannot
be identified.

The typical segmentation methods in existing works can be grouped into two categories:
static-based windows and dynamic-based windows [103]. We can determine the best performer
among these segmentation and classification models. Firstly, we segment the data by the time-
based and event-based window methods and evaluate the effect of segmentation on the
classification performance. Then, we examine the extent to which segmenting the dynamic sensor
events improves performance. Finally, we evaluate our proposed segmentation method on

different ML and DL classification models.

3.4 Experiments and Results

This section provides details on our experiments and analyzes the experimental results.
Section 3.4.1 describes our experimental setup. Sections 3.4.2 and 3.4.3 report the outcomes of
the different models with the static sliding windows approach, and with the dynamic sensor event
segmentation method, and compares our proposed segmentation technique with other state-of-
the-art approaches. Section 3.4.4 compares our proposed segmentation technique with other state-
of-the-art approaches in a statistical method. Section 3.4.5 illustrates the limitations of the

approach.
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3.4.1 Experiment Setup

1) Datasets

The performance of the segmentation and classification methods were evaluated on the
CASAS multi-resident public datasets [44]. These datasets include the data from ambient sensors
(motion sensors, temperature sensors, door sensors, and other sensors placed on objects). The
CASAS group collected several multi-resident activity datasets: "twor.2009",
"twor.summer.2009", "twor.2010", "tulum", "tulum?2", “cairo10” and "Multi-resident ADLs” [7],
from the smart apartment testbed at Washington State University. The streaming sensor data store
several features, and each sensor event is formatted as {date, time, sensorID, sensorValue,
Resident, Activity}, which can be seen in Figure 3-5. The characteristics, sensors, and activities
in the chosen CASAS multi-resident datasets are listed in Table 3-1, Table 3-2, and Table 3-3,
respectively. The chosen datasets were “towr.2009”, “towr.summer.2009”, “towr.2010” and
“Multiresident ADLs”, hereafter expressed as Dataset 1, Dataset 2, Dataset 3 and Dataset 4,

respectively.

Table 3-1 CASAS Multi-Resident Datasets [7]

# of # of # of Sensor
Dataset Duration
Residents Sensors Activities events
"twor.2009" 1 pair 2 months 71 9 137789
"twor.
summer. 1 pair 2 months 86 8 772544
2009"
2009 -2010
"twor.2010" 1 pair 87 13 2804813
academic year
"Multi-
Spread over 2
resident 26 pairs 37 15 17258
months
ADLs"

Table 3-2 Sensors of the CASAS Multi-Resident Datasets [7]

"twor.summer "Multi-resident
"twor.2009" "twor.2010"
2009" ADLs"

Dataset 1 Dataset 2 Dataset 3 Dataset 4
- Motion Sensor - Motion Sensors
- Item Sensor - Item Sensors
- Door Sensor - Cabinet Sensor
- Burner Sensor - Burner Sensor
- Hot Water Sensor - Phone Sensor
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- Cold Water Sensor - Temperature
- Temperature Sensors

- Electricity Usage

Table 3-3 Activities in the CASAS Multi-Resident Dataset [44]

""twor.sum-mer.

"Multi-resident

"twor.2009" "twor.2010"
2009" ADLs"
Dataset 1 Dataset 2 Dataset 3 Dataset 4
-Clean -Bed to toilet -Bathing -Filling medication
-Meal -Cleaning -Bed to toilet dispenser
preparation -Cooking -Eating -Hanging up clothes
-Bed to toilet -Grooming -Enter home -Reading magazine
-Personal -Shower -Housekeeping -Sweeping floor
hygiene -Sleep -Leave home -Setting the table
-Sleep -Wake up -Meal preparation -Watering plants
-Work -Work. -Personal hygiene -Preparing dinner
-Study -Sleep -Moving furniture
-Wash -Not sleeping in bed  -Playing checkers
bathtub -Wandering in room  -Paying bills
-Watch TV -Watch TV -Gathering and
-Work packing
-picnic food

Date Timestamp Sensor  Value Resident  Activity

2008-11-10 14:28:17.986759  M22 ON 2 2

2008-11-10 14:28:18.78605 M19 ON 1 1

2008-11-10 14:28:19.551189  M23 ON 2 2

2008-11-10 14:28:20.048559  MI18 ON 1 1

2008-11-10 14:28:20.615459  MO1 ON 2 2

2008-11-10 14:28:22.23544 MI19 OFF 1 1

Figure 3-5 An example of a dataset that consists of time-stamped sensor events with activity

label[7]

2) Experimental Settings and Implementation

As different actions have different durations, ranging from a few seconds to several hours,

in our evaluation, we varied the time parameter from 10 to 1800 seconds, and the number of

sensor events from 10 to 100, in the AR results. The parameters used in the static-sliding window

approach are listed in Table 3-4.

Table 3-4 Parameters of the Static Sliding Window

Time-based

Sensor-based
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10 seconds 10 sensor events

30 seconds 20 sensor events
60 seconds 30 sensor events
300 seconds 50 sensor events
600 seconds 100 sensor events
900 seconds

1800 seconds

A suitable window-size can be obtained from the sensor and time correlations using a
dynamic sensor event segmentation approach. Different segments can be established by
computing the Pearson product-moment correlation (PMC) between pairs of sensor events. When
the PMC value is +1, 0, and -1, the sensor pair X and Y are entirely positively correlated,
uncorrelated, and wholly negatively correlated, respectively. The PMC is calculated by Eq. (3.8)
[21]:

cov(X,Y)  E((X — w)(¥ — py))
oxoy Ox Oy

Pxy = (3.8)

where cov(X,Y) refers to the covariance of X and Y, uy (ox) and uy (oy) denote the mean

(standard deviation) of X and Y, respectively, and E is the expectation value.

Time correlation detects the time dependence between two sensor events. Sensor events can
be described as s = < s; s, 5, >. Each sensor event includes the information 7;, S;, and V,
referring to the i, time stamp of the sensor events, the i, sensor in the sequence, and the value of
Si, respectively. The first and last timestamps are denoted as T and Tiay, respectively. The sensor
correlation is thus calculated by Eq. (2.1), and the time correlation is calculated using Eq. (2.9)

and (2.10) [15]:

TSt 5= Timenistance  _Ti—Tiza (3.9)
cor ~blim1 Maximumrimespan Tmax |

T last (T;, Tiy) = Timepistance  _ Ti —Ti—a (3.10)

_COT' i li-1 MaximumTimelnterval Tmax |

For feature extraction, we used One-Hot encoding approach because the features in the
CASAS datasets can be treated as discrete values. One-Hot encoding, also known as one-bit valid
encoding, mainly uses N status registers to encode N states, each state by independent register
bits, and only one valid at any time [104]. For example, for the sensor values, we have only two
states, ON/OPEN or OFF/CLOSE, so we start with 1 for ON/OPEN and 0 for OFF/CLOSE.

Following the principle of the N-bit state register to encode N states, the result of the process is
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(there are only two features here, so N =2): ON/OPEN = 10 and OFF/CLOSE = 01.

As mentioned above, numerous classification models are available for multi-resident AR [7,
41]. To evaluate whether segmentation methods affect the accuracy of AR, we classified the
activities in the CASAS datasets using various ML and DL models including NB, DBN, DT, SVM,
HMM, CL-HMM, CNN, DNN, LSTM and GRU. These classification models were chosen
because multi-resident recognition has been improved by modern hybrid models and other
sophisticated models such as CL-HMM, PHMM, and DBN [44], fueled by the recent popularity
of deep learning methods such as LSTM, GRU [105]. If segmentation alters the performances of
the chosen baseline and the state-of-the-art models, it will exert similar impacts on other multi-
resident recognition models.

For the traditional machine learning classification models, the results were evaluated by 10-
fold cross-validation on all the datasets, and test different parameters and kernels to get the best
performance. For example, for HMM, we selected the best models based on the Laplacian
smoothing factor. The parameters are selected from 10-6 to 10-2 in log-space [76]. For deep
learning models, we used a grid-like search on hidden units within {10, 50, 100, 500, 1000}, and
learning rate from 0.0001 to 1 in log-space [16]. We applied a stochastic gradient descent with
early stopping on training the deep learning models and added a dropout layer to avoid overfitting

problems [72]. Meanwhile, we repeated each experiment on deep learning models 100 epochs.
3.4.2 Static Sliding-Window Segmentation

To evaluate the influence of the segmentation method, we performed additional experiments
using the time-based and sensor-based static sliding window techniques. As mentioned above, the
time-based method divides a sequence of sensor events into different groups with equal time
intervals, and the sensor-based approach partitions the sequence into several chunks with the same
number of sensors [56]. The essential task of static segmentation is optimizing the time interval
or sensor number. For this purpose, we set up parameter ranges for classifying the activities in the
selected datasets.

Our selected datasets included many daily activities (see Table 3-3). These actions range
from momentary activities that are completed in a few seconds or minutes, such as rising from

bed to long-term activities that consume several hours or even longer. Thus, in the time-based
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segmentation, the partition interval t was ranged from 10 to 1,800 seconds. The effect of time-
based segmentation was illustrated on the same classification models including NB, DBN, DT,
SVM, HMM, CL-HMM, CNN, DNN, LSTM and GRU. The results of the static time-based
segmentation technique for each t are shown in Table 3-5. This table reports the average accuracy
of each evaluation classification under the specified parameter, determined by cycling all training

sequences in 10-fold cross-validation.

Table 3-5 Parameters and Results of the Static Time-based Sliding Window

Results Overall accuracy (%)

t=10 t=30 t=60 t=300 t=600 t=900 t=1800
Dataset Classifier
t = period of time in seconds

NB 83.31 89.65 91.74 91.77 91.09 91.13 88.14
DBN 88.01 92.85 93.56 92.81 92.10 91.65 88.68
DT 78.58 84.84 86.38 90.03 91.18 90.68 88.43
SVM 80.43 85.45 90.43 91.32 90.74 89.86 87.44
HMM 86.53 90.83 92.47 91.45 91.56 90.89 88.34
Dataset 1
CL-HMM 84.63 89.46 91.53 93.55 90.34 88.60 83.64
CNN 91.24 92.34 96.73 96.69 95.78 94.77 92.38
DNN 93.42 94.98 97.12 97.67 96.15 95.89 93.67
LSTM 94.65 95.54 97.82 97.42 97.62 96.89 94.76
GRU 94.34 94.78 96.87 95.34 95.34 92.54 92.65
NB 90.68 92.93 93.93 94.16 93.87 93.81 92.68
DBN 91.70 93.93 94.54 94.54 94.04 93.93 92.98
DT 80.91 81.01 83.23 94.50 95.19 95.70 95.00
SVM 86.88 88.53 92.42 92.31 91.84 90.52 90.78
HMM 91.85 94.28 94.86 94.89 94.53 94.23 93.64
Dataset 2
CL-HMM 90.74 92.94 95.32 94.65 92.12 90.15 89.84
CNN 95.55 96.76 97.56 97.89 96.77 95.66 93.35
DNN 96.43 95.66 97.94 96.65 96.75 95.76 92.19
LSTM 96.22 96.76 98.53 98.22 97.13 96.75 94.66
GRU 94.64 95.73 97.54 98.51 95.76 95.42 95.64
NB 90.73 94.38 95.81 95.99 94.94 94.46 93.39
DBN 93.46 96.24 96.62 96.28 95.22 94.73 93.71
DT 78.49 85.27 90.25 93.24 95.76 93.79 92.09
SVM 86.84 90.53 9232 93.94 93.42 92.13 92.10
HMM 90.89 95.34 95.58 96.23 95.03 94.56 93.51
Dataset 3
CL-HMM 88.54 92.43 95.63 96.14 95.56 94.53 92.93
CNN 95.12 95.23 96.14 96.17 95.79 93.44 91.65
DNN 95.78 95.82 96.58 96.56 95.96 94.55 92.90
LSTM 96.56 96.66 97.02 97.26 96.88 95.22 93.10
GRU 95.74 97.64 96.43 96.86 95.61 92.20 91.18
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NB 53.46 54.50 52.91 45.65 43.02 41.38 35.38

DBN 73.16 73.70 72.07 66.18 64.66 62.31 56.89

DT 29.98 29.98 29.98 29.98 43.91 43.54 39.02

SVM 65.14 67.63 68.83 67.33 63.24 63.10 61.49

HMM 65.15 65.29 63.98 58.45 57.64 54.38 49.56

Dataset 4

CL-HMM 79.57 81.32 82.14 81.15 81.85 81.00 80.52

CNN 80.14 80.15 80.32 80.76 80.12 79.89 79.86

DNN 82.62 82.66 83.05 83.12 82.89 81.19 80.80

LSTM 83.67 83.80 83.76 83.18 83.08 82.55 82.13

GRU 78.94 80.12 81.43 80.53 81.21 80.80 80.45

As shown in Table 3-5, the static time-based window segmentation usually improved the
accuracy of the multi-resident activities, but the accuracy depended on the partition interval. In
most cases, the accuracy was higher at # = 60 and ¢ = 300 seconds. For example, on Dataset 1,
LSTM achieved 97.82% accuracy at ¢ = 60 seconds, whereas DNN achieved 97.67% accuracy at
t =300 seconds. The timeframes of the activities varied widely: the short-term actions were well
recognized within a short interval, but the long-term activities were more accurately recognized
in a 900- or 1,800-second range.

Each dataset includes both immediate and long-term actions. Thus, moderate settings
improved the accuracy of the AR, indicating that the optimal window of the static time-based
window approach lay in this vicinity. The exception was the Decision Tree model, which achieved
the best performance at t = 600 seconds on three datasets, and at t = 900 seconds on the remaining
dataset. Therefore, we speculate that the parameters of the optimal window depend not only on
the length of the time-division but also on the selected algorithm.

From the above experimental results, we concluded that dividing the time into static-time
periods primarily affects the accuracy of the multi-resident AR. Specifically, we see that on
Dataset 1, the LSTM algorithm achieves an excellent accuracy of 98.23% at t = 60 seconds. The
DT, which has the lowest accuracy, also achieved 91.18% at t = 600 seconds. At the same time,
we also found that different time intervals have a significant impact on the accuracy of behavior
recognition. Using DT on Dataset 1 as an example, when t = 10 seconds, the accuracy is only
78.58%, while when t = 600 seconds, the accuracy improves to 91.18%, with a difference of
12.6%. On Dataset 2 as well as on Dataset 3, we found that all models achieved quite excellent

results. The LSTM achieved 98.53% accuracy on Dataset 2 and the GRU achieved 97.64%
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accuracy on Dataset 3. The high accuracies on Dataset 2 and 3 can be explained by the type of
activities in Dataset 2 and 3. As seen in Table 3-3, these are simple everyday-life actions not
performed concurrently by single individuals, nor collaboratively in a group. Instead, the simple
actions of one individual did not affect another person. However, we found that on Dataset 4, all
models underperformed. The highest accuracy was achieved by the LSTM algorithm with 83.76%
accuracy, while the lowest accuracy was achieved by the NB algorithm with only 52.91%

accuracy.

Table 3-6 Parameters and Results of the Static Sensor-Based Sliding Window

Results Overall accuracy (%)

s=10 s=20 s =30 s=50 s=100
Dataset Classifier
s = the number of sensor events

NB 76.17 76.26 76.26 76.17 75.94
DBN 84.01 83.87 83.36 83.03 82.06
DT 81.06 80.75 80.42 79.63 78.59
SVM 80.65 80.21 80.10 79.56 79.21
HMM 83.26 81.67 81.89 82.13 80.56
Dataset 1
CL-HMM 81.32 84.24 84.00 83.13 82.42
CNN 88.45 88.21 87.89 87.12 86.89
DNN 87.57 87.62 87.32 87.02 86.91
LSTM 89.32 89.69 88.92 88.32 88.17
GRU 87.43 88.58 87.25 86.74 86.89
NB 87.22 87.23 87.18 87.21 87.15
DBN 95.20 95.09 95.04 94.81 94.42
DT 96.22 96.32 96.12 95.23 94.97
SVM 94.45 94.84 94.36 93.78 92.42
HMM 94.73 94.32 94.66 95.12 95.10
Dataset 2
CL-HMM 93.65 94.45 93.14 93.64 93.54
CNN 95.78 95.20 95.18 95.08 94.92
DNN 96.76 96.60 96.59 96.52 96.38
LST™M 97.24 97.04 97.11 97.15 96.94
GRU 96.85 97.53 96.35 96.53 95.64
NB 83.96 83.98 83.93 83.95 83.86
DBN 96.06 95.87 95.75 95.48 94.56
DT 94.26 94.45 94.14 93.99 93.58
SVM 92.84 93.29 93.03 92.84 92.21
Dataset 3 HMM 95.64 94.37 94.58 95.31 94.52
CL-HMM 96.23 96.20 95.52 96.02 93.92
CNN 96.12 96.43 96.29 95.21 94.98
DNN 96.56 96.52 96.34 96.22 95.92
LSTM 97.43 97.39 96.66 96.35 95.89
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GRU 95.64 96.26 94.67 95.00 94.10

NB 32.94 32.92 32.95 32.83 32.80
DBN 70.61 70.39 70.19 69.99 66.13
DT 57.19 55.44 55.79 56.60 50.78
SVM 63.84 62.14 61.95 61.29 61.06
HMM 64.59 64.12 64.09 62.15 58.47
Dataset 4
CL-HMM 76.89 75.75 74.67 74.23 73.43
CNN 80.53 80.32 80.16 80.04 79.99
DNN 84.86 83.05 83.54 82.89 82.23
LSTM 84.93 84.25 84.16 84.06 83.53
GRU 83.57 82.19 83.56 83.10 82.59

The second part of our static sliding-window segmentation experiment explored the static
sensor-based approach. The performance of the sensor-based method was evaluated on the same
datasets using the same classification methods as the static time-based approach [39]. The number
of sensor events was ranged from 10 to 100. The results are shown in Table 3-6. The classification
methods delivered their best performance for 10 or 20 sensor events. These results show that the
parameter range of the optimal window, providing the highest performance on each dataset, was
similar among the algorithms. The sensor-based window segmentation significantly improved the
accuracy in most cases. The optimally segmented LSTM achieved 97.43% accuracy on Dataset
3. However, the results of Dataset 4 remained poor. The performance of NB was catastrophic;
after segmentation, the accuracy of this algorithm was only 32.95% on Dataset 4.

Both data segmentation methods improved the accuracy of activity recognition. To
determine a more practical approach, we compared the results of the time-based and sensor-based
methods. The average accuracy of the two segmentation methods were compared on the different
datasets, and the results are shown in Figure 3-6. Observing this figure, the static time-based
window approach performed slightly better than the static sensor-based window approach, and
the results on Datasets 1, 2, 3 and 4 were 9.92%, 0.98%, 1.6%, and 1.42%, respectively,
illustrating that the different segmentation method yields different results on different datasets.
Although the time-based segmentation method outperformed the sensor-based method in the
present experiments, we cannot judge that the time-based approach is better than the sensor-based
approach, because we tested specific parameters in the four datasets. Whether these parameters
define the optimal windows for each dataset is unconfirmed. We can only confirm that both

methods improve the accuracy of multi-resident AR.
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Figure 3-6 Comparison of average accuracy improvements after time-based and sensor-based
static sliding window segmentations

3.4.3 Dynamic Correlation-based Window Segmentation

As shown in the previous two experiments, segmentation can significantly improve the
accuracy of multi-resident AR, but choosing the optimal parameters is a difficult task. Therefore,
we dynamically segmented the sensor events based on the sensor-correlation and time-correlation
algorithm proposed in [15]. In this experiment, the sensor and time correlations were calculated
simultaneously, and the sensor events were partitioned into different groups. The approach was
verified by cycling the training series through 10-fold cross-validation [48]. The accuracies of the

four classification algorithms after dynamic correlation segmentation are presented in Table 3-7.

Table 3-7 Dynamic Correlation Segmentation

Datasets Approach Accuracy F-measure
NB 93.33 92.49
DBN 94.50 93.81
DT 91.45 90.80
SVM 92.42 92.32
HMM 93.89 92.72

Dataset 1
CL-HMM 94.32 93.94
CNN 97.13 96.78
DNN 97.76 96.87
LSTM 97.82 97.26
GRU 98.53 97.75
NB 93.19 89.16
DBN 96.53 91.13
DT 97.64 92.22

Dataset 2
SVM 95.75 95.43
HMM 96.89 91.96
CL-HMM 97.32 96.86
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CNN 98.02 97.76

DNN 98.09 97.67
LSTM 98.23 98.05
GRU 98.14 98.02
NB 94.57 94.32
DBN 96.58 96.47
DT 93.34 94.30
SVM 94.24 94.02
HMM 95.37 95.30
Dataset 3
CL-HMM 95.87 95.32
CNN 96.89 95.89
DNN 96.92 96.05
LSTM 97.64 96.97
GRU 98.24 97.96
NB 61.59 62.17
DBN 77.46 76.40
DT 60.02 60.59
SVM 69.85 65.28
HMM 70.45 70.85
Dataset 4
CL-HMM 83.53 83.21
CNN 85.89 85.82
DNN 87.78 86.87
LSTM 89.53 89.12
GRU 89.84 88.83

Asrevealed in Table 3-7, all segmented algorithms achieved high accuracies and F-measures
on Datasets 1 to 3. These classification models accurately identified multiple activities, and their
algorithms were relatively stable (as evidenced by F-measures). The accuracies of all
classification models exceeded 90% on the first three datasets, ranging from 91.45% (DT on
dataset 1) to 98.53% (GRU on Dataset 1). However, the accuracies of all methods were much
lower on Dataset 4 than on the other three datasets. The highest and lowest accuracies were 89.84%
(GRU) and 60.02% (DT), respectively. Figure 3-7 shows the accuracy improvements of all the
algorithms on the four datasets after the dynamic correlation-based window segmentation
comparing with static time-based segmentation. The improvement after dynamic data
segmentation was especially apparent on Datasets 1 and 4. The dynamic method achieved higher
accuracies than either of the static methods and conserved the runtime by reducing the number of
configurations of different parameters.

Through the experiments described above, we found that even when using the general
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segmentation methods, we were able to achieve incredible results on Datasets 1,2, and 3, which
is nearly impossible for recognizing multiple complex actions, especially parallel and
collaborative activities. So, we also investigated the issues by examining the dataset itself. After
studying the dataset, we found that although Datasets 1 to 3 are multi-resident datasets, the
activities in them are relatively simple, and most of the time they are sequential actions of a single
person, in which one person finishes one job, and another person does another job. There are
rarely parallel actions and much fewer collaborative activities, so they are closer to the
identification of sequential actions of a single person.

30%

25%

20%

15%

Accuracy

10%

S%

0%

m Dataset 1 Dataset 2 Dataset 3 Dataset 4

Figure 3-7 Accuracy improvement in the dynamic correlation-based window segmentation
(relative to static time-based segmentation)

Table 3-8 Comparison of the Proposed Method with Other Segmentation Methods

Results Overall accuracy (%)
Time-Based Dynamic
Sensor-Based Proposed
Dataset Model Sliding Correlation
Sliding Window Segmentation
Window Segmentation

NB 91.77 76.26 93.33 92.78
DBN 93.56 84.01 94.50 97.39
DT 91.18 81.06 91.45 95.19
SVM 91.32 80.65 92.42 96.32
Dataset 1 HMM 92.47 83.26 93.89 97.63
CL-HMM 93.55 84.24 94.32 96.42
CNN 96.73 88.45 97.13 98.58
DNN 97.67 87.57 97.76 98.41
LSTM 97.82 89.69 97.82 98.22
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GRU 96.87 88.58 98.53 98.89

NB 94.16 87.23 93.19 95.64
DBN 94.54 95.2 96.53 96.48

DT 95.7 96.32 97.64 98.09

SVM 92.42 94.84 95.75 96.89

HMM 94.89 94.73 96.89 97.34

Datasel2 1 MM 9532 94.45 9732 98.53
CNN 97.89 95.78 98.02 98.02

DNN 97.94 96.76 98.09 98.54

LSTM 98.53 97.24 98.23 98.98

GRU 98.51 97.53 98.14 98.87

NB 95.99 83.98 94.57 94.39

DBN 96.62 96.06 96.58 98.53

DT 95.76 94.45 93.34 93.29

SVM 93.94 93.29 94.24 97.32

HMM 96.23 95.64 95.37 97.65

Dataset 3 CL-HMM 96.14 96.23 95.87 97.85
CNN 96.17 96.43 96.89 97.01

DNN 96.58 96.56 96.92 97.04

LSTM 97.26 97.43 97.64 98.65

GRU 97.64 96.26 98.24 98.24

NB 52,91 32,95 61.59 67.23

DBN 73.70 70.61 77.46 82.00

DT 4354 57.19 60.02 63.56

SVM 68.83 63.84 69.85 75.99

HMM 63.98 64.59 70.45 76.45

Datasetd 1 MM 82.14 76.89 83.53 87.75
CNN 80.76 80.53 85.89 89.65

DNN 83.12 84.86 87.78 92.65

LSTM 83.76 84.93 89.53 93.62

GRU 81.43 83.57 89.84 94.53

Despite the significant accuracy advances after dynamic data segmentation, the performance
on Dataset 4 remained deficient. The activities are more involved in this dataset than in the other
datasets. Some of the 15 actions in Dataset 4 are interleaved; a single resident concurrently
performs others. More importantly, some activities (such as packing picnic food) are collaborative
and involve multiple people. Therefore, the performance of the algorithms on this dataset are
relatively low. Next, we use our proposed segmentation model to evaluate the multi-resident AR

to judge whether our proposed model is effective, and compare with other state-of-the-art
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segmentation techniques with the best parameter to observe the performance. The results are shown
in Table 3-8.

From the table, we can find that our proposed segmentation model is superior to any other
segmentation techniques, regardless of which multi-resident dataset or which classification model.
In Dataset 1 to Dataset 3, the accuracies of the model we proposed are higher than that of other
models, but it is relatively insifigicant. The reason is that although the first three datasets are also
multi-resident AR, the actions taken are relatively simple, and in most cases, there are no
collaborative activities between two people, which makes them less difficult in recognition. We
also see that the proposed segmentation technique combines with LSTM model acquired the best

performance in Dataset 2, which is 98.98%
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Figure 3-8 Accuracy of Segmentation Methods on Dataset 4

At the same time, we pay more attention to Dataset 4 (Figure 3-8), because in this dataset,
residents' activities are more complex, including a variety of single-person activities and
collaborative multi-resident activities, and the proposed model also greatly improves the accuracy
of identification. Compared with the traditional machine learning models, the performance of the
deep learning models is higher. CNN, DNN, LSTM, and GRU achieved 89.65%, 92.65%, 93.62%,
and 94.53% respectively on this dataset. From the technical analysis, the proposed model can
separate the activities of different residents according to the location of sensors, which makes it
impossible to separate the activities that occur together into two separate sensor events. Although
in the process of division, there will also be the activities of two residents who are very close

together, such as collaborative activities, the change point detection algorithm can help us detect
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the occurrence of transition as well, which can improve the overall recognition performance in the
multi-resident environment. What is more, we observe from Figure 3-9 that the F-measure results
also illustrate the importance of segmentation techniques for multi-resident recognition and the

stability of these segmentation techniques as evidenced by their relatively stable performance.
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Figure 3-9 F-measure of Segmentation Methods on Dataset 4
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Figure 3-10 Results of accuracy per label by using GRU
Table 3-9 List of Activities Performed by the Multi-Resident

Resident A Resident B
1 Filling medication dispenser 2 Hanging clothes
4 Reading magazine 1 3 Moving furniture
6  Sweeping floor 5 Watering plants
9 Setting Table for Dinner 7 Playing checkers
10 Reading magazine 2 8 Preparing dinner




12 Gathering picnic food 11 Paying bills

13 Getting dishes from a cabinet 13 Getting dishes from a cabinet

14 Packing Supplies for picnic food 15 Packing picnic food

For multi-resident AR, the most important are parallel as well as collaborative activities. For
Dataset 4, Table 3-9 lists the activities performed by resident A and resident B, respectively Figure
3-10 depicts the accuracy of each action identified using our proposed segmentation technique,
and the GRU model was used as the classification model as this model achieved the highest
accuracy. The results show that our proposed segmentation method can accurately segment the
multi-resident sensor events and improve the performance of AR. For example, watering plants,
preparing dinner, reading magazines, sweeping floor activities staying in a different location that
is exclusive from other activities, so they are very well recognized. Conversely, activities like
retrieving dishes from the cabinet, packing supplies for picnic food, if the actions occurring are in
the same location or very close together, and the recognition will be slightly less accurate. A
fundamental reason may be that when multiple people perform collaborative activities, the
probability case is that the actions they perform are geographically the same or similar, and it is
difficult for the segmentation algorithm to delineate precisely which inhabitant triggered the
sensor, so we find that the accuracy of collaborative activities is lower than the accuracy of parallel

activities.

3.4.4 Statistical comparison

Through the results, we can easily see that dynamic correlation segmentation and our
proposed hybrid fuzzy C-means CPD-based method perform better comparing with the other two
traditional static sliding windows approaches. In this section, we applied a Wilcoxon signed-rank
test, which is a famous nonparametric test for paired or matched data to prove that our proposed
method is superior in multi-resident AR than the dynamic correlation method [106]. The different
scores are taken into account by analyzing the signed differences.

First of all, we compute the difference d; between the accuracy in the segmentation of two
algorithms on the four datasets. Secondly, these differences are ranked based on their absolute

values. Table 3-10 displays various values of segmentation and ranks corresponding to the two

79



methods. Next, we calculate R* and R~, where R™ is the sum of the ranks for positive and R~
indicates negative. The values of Rt and R~ are 799 and 21, respectively. Based on critical
values for the Wilcoxon signed-rank test with a confidence level of a = 0.05, the difference between
the two algorithms is significant if the smaller of the sums is less than or equal to 218. Therefore,

we can conclude that our proposed method is superior to the dynamic correlation method.

Table 3-10 Comparison of the Proposed Method with the Correlation Segmentation Method

Model Proposed  Correlation Difference  Rank
NB 92.78 93.33 -0.55 1
DBN 97.39 94.5 2.89 26
DT 95.19 91.45 3.74 29.5
SVM 96.32 92.42 3.9 32
3 HMM 9763 9389 374 295
<§ CL-HMM  96.42 94.32 2.1 23
CNN 98.58 97.13 1.45 20
DNN 98.41 97.76 0.65 14
LSTM 98.22 97.82 0.4 10
GRU 98.89 98.53 0.36 9
NB 95.64 93.19 245 25
DBN 96.48 96.53 -0.05 3.5
DT 98.09 97.64 0.45 12
SVM 96.89 95.75 1.14 18
% HMM 97.34 96.89 0.45 12
<§ CL-HMM  98.53 97.32 1.21 19
CNN 98.02 98.02 0 5.5
DNN 98.54 98.09 0.45 12
LSTM 98.98 98.23 0.75 16
GRU 98.87 98.14 0.73 15
NB 94.39 94.57 -0.18 2
DBN 98.53 96.58 1.95 21
DT 93.29 93.34 -0.05 3.5
SVM 97.32 94.24 3.08 27
E) HMM 97.65 95.37 2.28 24
<§ CL-HMM  97.85 95.87 1.98 2
CNN 97.01 96.89 0.12 75
DNN 97.04 96.92 0.12 75
LSTM 98.65 97.64 1.01 17
GRU 98.24 98.24 0 5.5
NB 67.23 61.59 5.64 38
DBN 82.00 77.46 4.54 35
+ DT 63.56 60.02 3.54 28
% SVM 75.99 69.85 6.14 40
2 HMM 76.45 70.45 6 39
CL-HMM  87.75 83.53 422 34
CNN 89.65 85.89 3.76 31
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DNN 92.65 87.78 4.87 37
LSTM 93.62 89.53 4.09 33
GRU 94.53 89.84 4.69 36

3.5 Conclusions and Future Work

This paper comprehensively evaluates the segmentation approaches that improve the
performance of multi-resident AR in smart home environments. We evaluate and compare our
proposed Hybrid Fuzzy C-means CPD-based Segmentation method with the well-known
segmentation methods including static time-based, static sensor-based, and dynamic correlation-
based segmentation. Our method can accurately segment multi-resident sensor events and
significantly improve the overall performance (in terms of both accuracy and F-measure) of
complex activities. At the same time, we also observe that the recognition performance of the
parallel activities is higher than that of the collaborative activities. In the future, we plan to improve
the dynamic sensor-events segmentation algorithm to evaluate our method in a more complex

setting and a larger number of people involved by doing our own data collection.
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Chapter 4 Transformer with Bidirectional GRU for
Non-intrusive, Sensor-based Activity Recognition in

a Multi-Resident Environment

Several techniques for Human Activity Recognition (HAR) in a smart indoor
environment have been developed and improved along with the rapid advancement of
sensor technologies. However, recognizing multiple people's activities is still challenging
due to the complexity of their activities, such as parallel and collaborative activities. To
address these challenges, we propose a Transformer with a Bi-directional GRU deep
learning method, called TRANS-BiGRU, to efficiently learn and recognize different types
of activities performed by multiple residents. We compare the proposed model with the
state-of-the-art models and various deep learning (DL) models, such as Ensemble2LSTM
(Ens2-LSTM), Bidirectional Gated Recurrent Units (Bi-GRU), and traditional machine
learning (ML) models, such as Support Vector Machine (SVM). Our experimental results
based on the CASAS and ARAS public datasets show that our model significantly
outperforms the existing models for complex activity recognition of multiple residents.

Chapter 4 has been submitted to IEEE Internet of Things Journal.
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4.1 Introduction

Our global aging trend is increasing, with the number and proportion of older adults increasing
significantly in most countries around the world. By 2050, the number of people aged 60 will reach
2.1 billion [1]. As they grow older, many of them are likely to suffer from some geriatric diseases,
such as dementia or Alzheimer's, which will make them more challenging to live independently
[2]. Due to the shortage of caregivers and the imperfection of available healthcare infrastructure,
many studies have begun to establish the assisted living system to help monitor activities of daily
living (ADLSs) [3, 4]. Especially, Human Activity Recognition (HAR) is a vital research area that
focuses on identifying human actions based on the information obtained from various kinds of
sensors used for activity monitoring [107].

There are two main types of methods for HAR: sensor-based and video-based [43]. Although
video-based activity recognition is instrumental and well-studied in the field of human activity and
behavior recognition, it is deemed not preferable for a smart home environment due to
intrusiveness and privacy concerns [108, 109]. Therefore, we focus on non-intrusive sensor-based
HAR, which can be divided into two sub-categories: wearable sensors (e.g., mobile phones and
smart bracelets) and infrastructure sensors (e.g., motion sensors including Passive Infrared Sensors
(PIRs), contact and temperature sensors) [110, 111]. Many studies used wearable sensors, which
provide straightforward access to individual, personal details [112]. However, their shortcomings
are apparent. Some people, especially elderlies, are unwilling to wear a body-attached sensor or
often forget to do so, thus causing data loss and inaccuracy [69]. In contrast, infrastructure sensors
can provide an advantage that individuals' privacy is not violated, thus achieving non-intrusive
monitoring. For example, some studies placed PIR sensors on the ceiling or other sensors attached
to an object in the environment (e.g., door sensors) [44]. With these non-intrusive ambient sensors,
residents can live more safely, and their daily life is unaffected by the surrounding technology [45].

Most of the existing HAR studies have focused on single resident recognition in a smart home
[4, 89, 113]. However, in a real-life situation, more than one person may stay in a home
simultaneously, even if it is usually occupied by a single resident (for example, visited by family
members or caregivers) [114]. HAR in a multiple residents (multi-resident) environment is more

challenging than in a single-resident situation as a single person usually only performs sequential,
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interleaving, and concurrent activities [44]. In contrast, a multi-resident situation not only gets
involved with these types of activities performed by the individuals, but they can also conduct
parallel and collaborative activities [35]. A parallel activity refers to many activities performed by
different people in the same living space at the same time. For example, one person is making tea
in the kitchen while the other resident is making a phone call [7]. Collaborative activities are
another type of activity in multi-resident recognition. It refers to multiple persons joining an effort
together in a synergic manner so that each resident performs one same activity together (e.g., two
people moving a dining-table together), or they work separately but to meet the same objective
(e.g., two people are preparing dinner together in the kitchen [7].

The main challenges of multi-resident HAR include accurate recognition of every action and
identifying a correct person who performed the activity. Several works have solved the problems
of multi-resident HAR using data collected from non-intrusive, sensor-based technology. For
example, in [7], a variant of a combined label approach based on a Hidden Markov Model (CL-
HMM) and a linked version of HMMs (LHMM) were proposed for multi-resident HAR. In [12],
a coupled Hierarchical Dynamic Bayesian Network (HDBN) was proposed. In [115], the latest
deep learning-based technology CascadeEnsemble (CascEns-LSTM) and Ensemble2L.STM
(Ens2-LSTM) were proposed to model multi-resident activities. Ens2-LSTM is the best among the
others as it can achieve 94.24% accuracy on the Milan dataset.

Multi-resident activity recognition is still in infancy due to its complexity. Many challenges
still exist in single residents and need to be addressed before concentrating on the multi-resident
situation. In addition to this, there are no studies on complex multi-resident HAR using advanced
deep learning models. Our research further advances the multi-resident HAR research focusing
on recognizing multi-resident complex activities, which are the vital components in a multi-
resident environment. Specifically, our paper makes the following contributions:

e We propose a new Transformer with a Bidirectional GRU deep learning method, called
TRANS-BiGRU, to efficiently learn and recognize complex activities of multi residents.

e We evaluate our proposed model by comparing it with the state-of-the-art models, traditional
machine learning (ML) methods, and other deep learning (DL) models proposed for multi-
resident HAR. The results show that our TRANS-BiGRU can significantly achieve the better

performance than the existing models.
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The remainder of this paper is organized as follows. Section 4.2 introduces related works in
recent years. Section 4.3 describes our proposed HAR method. Section 4.4 discusses different DL
and ML models' evaluation performance based on the CASAS and ARAS public datasets. Section

4.5 concludes this chapter.

4.2 Related Work

In general, a typical multi-resident HAR framework includes data collection, data pre-
processing, and classification. Most of the studies focus on various classification models to
improve the performance of identification. This section discusses the existing works on sensor-

based multi-resident classification models.
4.2.1 Traditional Machine Learning Models

Recently, many studies on multi-resident HAR in the non-intrusive sensor-based environment
have been conducted. Yin et al. [9] applied the Naive Bayes (NB) classifier to recognize some
simple daily activities of multi-resident such as watching TV and making meals. Some non-
intrusive ambient sensors such as motion sensors, temperature sensors, power sensors, and
humidity sensors were installed in a smart home environment. The experimental results show that
NB has achieved the best accuracy of 73.01%. However, basic NB can be used to model some
temporal processes. Therefore, Dynamic Bayesian Networks (DBN) is proposed to address the
limitation [44].

Alam et al. [12] proposed a coupled Hierarchical Dynamic Bayesian Network (HDBN) for
recognizing multi-resident activities. Some ambient sensors such as mobile phones and passive
infrared sensors were installed in the smart home environments to collect daily activities. A real-
world dataset CACE and CASAS dataset were used for evaluating the performance of the coupled
HDBN model. The experimental results show that the proposed model can achieve 95% of
accuracy and outperforms the recognition performance.

Prossegger et al. [67] proposed a decision tree-based algorithm named E-ID5R to recognize
multi-residents’ daily activities. Leaf nodes are added to the algorithm and can be multi-gagged.

The algorithm E-ID5SR gradually introduces decision trees to adapt to new instances and new
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collaborative activities over time. They evaluated the performance based on a real-world dataset
ARAS and the experimental results show that the proposed E-ID5SR model performs better and
achieved 82% of accuracy.

Roy et al. [69] combined ambient sensor data and smartphone data to recognize daily activities.
In this research, motion sensors were used to confirm the residents’ location in the room. This
location information was combined with smartphone data to recognize the residents’ activity more
accurately. They used CHMM because two different acceleration data streams were connected with
different observation sequences. The concurrent activities of occupants were imposed
spatiotemporal constraints by using ambient motion sensor data. They used two separate activity
datasets in the experiment. The results prove that this modeling method increases complex activity
recognition accuracy by more than 30% compared with only smartphone-based solutions.

Alemdar et al. [5] proposed a Factorial Hidden Markov Model (FHMM) to model the hidden
observations using multiple activities sequence chains. In this research, the primary purpose is to
recognize multi-residents’ concurrent activities. Many non-intrusive ambient sensors collect the
residents’ daily activities information. The experimental results show that FHMM achieved a better
result compare with HMM and CRF in some specific activities such as taking a shower, relaxing,
and going outside.

Benmansour et al. [7] proposed a CL-HMM method to recognize multi-residents’
collaborative activities and parallel activities in a smart home environment. The CL-HMM was
proposed based on HMM theory and combined activity labels of each resident to produce the new
labels. They compared the CL-HMM model to the other two models, CHMM and Parallel HMM
(PHMM). The results show that CL-HMM achieved the best accuracy (88.03%) in the
collaborative activities.

Tran et al. [116] proposed an ensemble of HMMs mixed-dependency models (MDM) for
recognizing multi-resident activities. This hybrid model is a combination of six variants of the
HMM model. The authors evaluated six models and a hybrid MEM model using CASAS dataset,
and the experimental results show that the MEM was superior to the other HMM models. The
authors also compared the MEM model with the deep learning models Long Short-Term Memory
(LSTM) and Gated Recurrent Units (GRU). The deep learning model achieved better performance

than MEM.
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Recently, Li et al. [35] utilized the Markov Logic Network classification approach to
recognize residents’ types in a multi-resident environment. The activity preference mainly
includes duration and period, time sequence, and action events location preference. Based on the
resident type (e.g., gender, age bracket, job), this approach performed further reasoning on the
family role (e.g., father, mother, daughter, and so on). This combined data-driven and knowledge-
driven method is effective in identifying user identification, especially in cases where the number

of users is uncertain.

4.2.2 Deep Learning Models

Liciotti et al. [115] applied Long Short-Term Memory (LSTM) for modeling spatiotemporal
sequences acquired by smart home sensors. They proposed two new deep learning-based models
called CascadeEnsemble (CascEns-LSTM) and Ensemble2LSTM (Ens2-LSTM). Experimental
results performed on the Milan dataset (one of the CASAS datasets) show that the proposed
LSTM-based approaches outperformed existing DL and ML methods, which achieved accuracy
94.24% in the Milan dataset, giving superior results compared to the existing literature. However,
the proposed model does not consider the data association, which means that it cannot recognize
parallel and collaborative activities.

Ignatov et al. [117] proposed a solution for individual HAR problems based on the
Convolutional Neural Networks (CNN). Some statistical features were used to evaluate the
performance using the UCI and WISDM datasets. The results show that CNN based method can
significantly improve the performance of recognizing simple individual activities such as jogging,
walking, upstairs, downstairs, sitting, and standing. Especially in the UCI dataset, the overall
accuracy reached 97.63%. However, this research only focuses on the individual and specific
activities scenario. Whether the proposed model can be applied in a complicated multi-resident
situation still need to be investigated.

Munkhjargal et al. [49] used some binary sensors and a Deep Convolutional Neural Network
(DCNN) unobtrusive HAR classifier to recognizing the elderly’s individual activities. They
employed Aruba (CASAS) dataset to evaluate some daily activities recognition. In their
experiments, eight activities were segmented using different sliding windows parameters, then

the data were converted into activities’ images, and the DCNN model was applied to classify the
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activities. The results show that the proposed DCNN model outperformed the existing HAR
models with an Fl-score of 95.1% (excluding Leave Home and Wash Dishes). Nevertheless,
there are ten daily activities in the Aruba dataset, and for all activity recognition, they only
achieved an F1-score of 79% in total.

Tran et al. [42] applied the LSTM and Gated Recurrent Unit (GRU) models to CASAS and
ARAS multi-resident datasets for experimental comparison. The experiment identified resident A
and resident B's activities separately, and the average accuracy was calculated. The experimental
results show that the GRU model outperformed the LSTM in multi-resident HAR. However, the
accuracy of the recognition is only 77.2%.

In summary, the existing works on multi-resident HAR utilize traditional machine learning
techniques, while the application of deep learning techniques has been relatively sparse. We have
summarized the advantages and disadvantages of these models, as shown in Table 4-1. Our
proposed hybrid model leverages the strengths of both Transformer and Bi-GRU models to
significantly improve recognition performance. In the following subsection, we will describe our

proposed model in detail.

Table 4-1 Advantages and Limitations of Various Classification Models

Model Dataset Advantages Limitations

1. Only some of the simple activities of

The model is simple and runs data fast. multiple residents were recognized.
NB [9] Real-world data
2. Low performance in multi-resident
activity recognition.
CASAS It has a high performance in identifying

The problem of data association in multi-
HDBN [12] CACE (Real-world  shared activities (such as Move Furniture
resident identification is not solved.
data) and Play Checker).

House A presents a quite challenging
E-ID5R can predict parallel and
E-ID3R [67] ARAS task. The classification rate is
cooperative activities of multiple people
insignificantly as much low as 40%.

CASAS The complexity of the model is
CHMM is effective in multi-resident
CHMM [69] PUCK increased, and the processing time of the
collaborative activities.
OPPORTUNITY training set is also increased.

FHMM performs better for some
The computation time increase when
FHMM [5] ARAS activities such as taking a shower, being
increasing the number of residents.
outside, and relaxing.

1. Solved the problem of data association. ~ The model is poorly scalable, and labels
CL-HMM [7] CASAS
Turn the multi-label problem into a need to be re-labeled when the number of
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single-label problem. residents is added.
2. CL-HMM performed the best in the

case of collaborative activities.

It has a long-time memory function, so it
The excessive number of parameters
has a greater advantage for time series
CASAS increases the complexity of the model,
LSTM [42] data like sensor events with multiple
ARAS and it takes longer to recognize multiple
residents' activities and is easy to
residents' activities than other models.
implement.

1. It has fewer parameters and faster —The standard GRU network processes

activity recognition compared to LSTM. the sequence in chronological order,
GRU [42] CASAS 2. The recognition performance of ignoring the future context. So there is
ARAS multiple residents is superior compared to ~ still room for improvement in

LSTM. recognition performance.

4.3 Proposed Deep Learning Approach

In this section, we first illustrate the Transformer architecture. Then, we introduce the
Bidirectional GRU network. Besides, we present our proposed Transformer with a Bidirectional
GRU (TRANS-BiGRU) approach for HAR using non-intrusive sensors in a smart home

environment.
4.3.1 Transformer Architecture (TRANS)

The Transformer mechanism was first proposed by Vaswani [118] in 2017. The traditional
CNN and Recurrent Neural Network (RNN) are discarded in Transformer, and the whole network
structure is entirely composed of an attention mechanism. More precisely, Transformer only
consists of feed-forward and self-attention neural network. A Transformer-based trainable neural
network can be built by stacking the Transformer. The authors' experiments were conducted by
building Encoder-Decoder with six layers each of encoder and decoder for 12 layers and achieved
anew high bilingual evaluation understudy (BLEU) value in machine translation. The reason why
the authors adopted the Attention mechanism is that the computation of RNN (or LSTM, GRU,
etc.) is restricted to be sequential, which means that the RNN-related algorithms can only be
computed sequentially from left to right or from right to left, and this mechanism poses two
problems. First, the computation of time slice ¢ depends on the computation results at time #-1,
limiting the parallelism capability of the model. Besides, the structure of gate mechanisms such

as LSTM can only alleviate the problem of long-term dependence to a certain extent, but it does
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not solve the problem fundamentally.

The proposed Transformer solves the above two problems by first using the Attention
mechanism to reduce the distance between any two positions in the sequence to a constant.
Secondly, it is not an RNN-like sequential structure, so it has better parallelism and is compatible
with existing GPU frameworks. A Transformer architecture has been used in many applications
and has shown its advantages such as machine translation, sentence classification, and question
answering. LSTM, GRU, and other RNN-based models have been shown to work well with
temporal sequences of sensor data, and with Transformer is optimized on top of this, it combines
the advantages of self-attention and RNN, and the attention mechanism has been shown to assist
well in processing sensor data, so we believe that the Transformer helps improve the overall
performance via its multi-head attention mechanism. Figure 4-1 shows the framework structure
of the Transformer.

Output probabilities
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¢ Linear )
v e
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Input Embedding

t
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Figure 4-1 The Transformer architecture

The Transformer is essentially an Encoder-Decoder structure. An encoder is a stack of
multiple identical layers. There are two sub-layers in each layer. First through a multi-headed self-
focus mechanism, followed by a simple, positional, fully connected feedforward network. The
decoder is also composed of multiple layers of the same stack [118, 119]. In contrast to the encoder,
the decoder inserts a third sub-layer used to perform multi-headed attention on an encoder stack's
output.

Self-attention is the core element of the Transformer using the weight of each sensor event
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of the input vector, expressed by Eq. (4.1):

. QK"
Attention(Q, K, V) = softmax \% (4.1)

Jax

In self-attention, it first transforms input sensor events into an embedding vector, and the
three vectors, Query vector (Q), Key vector (K), and Value vector (V) are obtained from the

embedding vectors. Then, a score is calculated for each vector: score = q - k. For gradient
stability, the Transformer uses score normalization, i.e., dividing by +/dj. Next, the softmax

activation function is applied to the score. Softmax dot product value v, to obtain the weighted
score v for each input vector. The final output is obtained after summing.

Multi-Head Attention is equivalent to the integration of n different self-attention (ensemble).
It can efficiently process the three vectors Q, K, V in parallel and get the final value by
concatenated and computing. The formula can be seen from Eq. (4.2):

MultiHead(Q, K, V) = Concat(heady, ..., head,,)W©°

where head; = Attention(QWiQ, KWiK, VWiV) (4.2)

where the projections are parameter matrices W,¢ € RmoderXdk K e Rmoder*dk 1) €
R%modelXdy gnd WO € R™*%v*dmodel

However, the abandonment of RNN and CNN in the architecture also deprives the model of
capturing local features. Therefore, we believe that the Transformer+RNN-based model will

achieve superior results.
4.3.2 Bidirectional Gated Recurrent Units (Bi-GRU)

Simple Recurrent Unit (SRU) is a simple type of recurrent unit employed to establish an
RNN [73]. However, the RNN model is challenging for training and may suffer from exploding
or vanishing gradients, limiting its application in simulating long-term activity sequence and time
correlation in sensor data [17]. Therefore, variations of RNN such as GRU and LSTM were
proposed. Both models integrate varieties of memory cells and gates to capture temporal activity
sequences. LSTM combines with a memory unit to store context information, to control
information flow into the network. With the addition of input gate, function gate, output gate, and

other storage units and learnable weights, LSTM can build time-correlated models in time series
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data to improve recognition performance through specific feature extraction [110].

Despite the inherent advantages of LSTM, they observed that too many parameters need to
be updated in the training process, which increases the calculation complexity of LSTM. To
reduce the parameter update, they introduced a recursive gating unit with fewer parameters,
making the implementation faster and simpler [115]. LSTM and GRU are different in updating
the next hidden state and content exposure mechanism. While LSTM is updated by summation,
GRU associates it according to the amount of time required to save it in memory to update the
next hidden state. Besides, the recent performance comparison between LSTM and GRU shows
that GRU is slightly better than LSTM in most ML applications [73].

In this structure, GRU has a rest and update gates. Both gates enable GRU to pass information
across multiple time windows for better classification or prediction. More specifically, weights
and data are stored in memory for use with a given state to update future values. The typical
structure of GRU is shown in Figure 4-2. As mentioned earlier, GRU consists of an update gate
and reset gate [17]. In the update gate, GRU computes z; at a given time t to solve the

vanishing gradient problem using the following formula:

htT
he 1l
H\ ) @N >
Tt Z¢ ilt
(o] [o] [tanh]
1
J
Tt

Figure 4-2 Gated Recurrent Unit (GRU) [73]

z; = c(W,[he—q, ] + b,) (4.3)
Whereas, in the reset gate, GRU calculates z; ata giventime t to illustrate how much past
information to forget. The gate executes the following calculation:
1 = oW [he—1, %] + ;) (4.4)
The current storage content stage is calculated according to the following formula:

Fl = tanh(W[Ttht_l,xt]) (45)
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Finally, h;, is calculated in the final memory of the current time step to store the current unit
information for calculating the output vector o, as follows:

he = (1 —z)he_q + 2Ry (4.6)

0y = ag(Wyh; + by) 4.7)

For many sequence modeling tasks, it is helpful to access future and past contexts. However,

the standard GRU network processes the sequence in chronological order, ignoring the future

context. Bidirectional GRU networks extend the unidirectional GRU network by introducing a

second layer, in which the hidden connections flow in reverse chronological order [120]. As a

result, the model can take advantage of past and future information, as shown in Figure 4-3.
Output @\
Layer
Backward \
Layer
Forward
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Input \ / N\ \
Xt 1

Layer

Figure 4-3 Bidirectional Gated Recurrent Unit (Bi-GRU)

4.3.3 Our Proposed HAR Framework

The proposed multi-resident HAR approach includes raw sensor data input, data
preprocessing, deep feature extraction & model building, and activity inference stages. The input
data are collected from different kinds of ambient sensors, such as temperature sensors (T), motion
sensors (M), door sensors (D), and Passive Infrared Sensors (P). Our preprocessing stage comprises
data filtering and segmentation from the CASAS and ARAS datasets. Data filtering is a significant
task of reducing the noise or errors from collected data. In HAR, data filtering includes invalid
activities cleaning, error label handing, and so on. All sensor events have two states,
OPEN/CLOSE or ON/OFF in the CASAS dataset. We use 1 for OPEN/ON and 0 for OFF/CLOSE.
In our framework, the combined label (CL) approach is used for multi-resident identifications, so
the action labels of resident 1 (R1) and resident 2 (R2) need to be merged to produce a new label
to represent each of the activities they perform. Segmentation is a method to segment the whole

sensor events into a small chunk which can improve the performance of HAR. We use a static
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time-based segmentation method which divides the sensor data into smaller groups of every 60
seconds that will be fed into our TRANS-BiGRU model. We add a Bi-GRU in parallel to the
encoder in the Transformer structure, the Bi-GRU and Transformer’s encoder layer are merged by
using concatenation operation. The concatenation operation is used as it can learn a different set of
parameters from each of the two models to improve the model's capabilities. By adding a parallel
Bi-GRU model, self-attention and Bi-GRU can be integrated more effectively to create a better
framework for joint models [121]. Figure 4-4 shows our proposed multi-resident HAR architecture,

and the pseudocode of our proposed architecture is shown in Algorithm 1.
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Figure 4-4 Our proposed multi-resident HAR architecture

Algorithm 1 Pseudocode for TRANS-BiGRU

Input : Duain: dataset training, Y: target class,
n_enc_layers: N encoder layers, n_dec_layers: N decoder layers,
epoch: total maximum epoch, dp: dropout probability,

Output: model

1. for I=1 to epoch

2. for data in Diin

3. for i in range (n_enc_layers):

4. attn]l = multi_head_attention(Q,K,V)
5. attn1 = dropout(dp)

6. attn] = layer_normalization(dp + attn1)
7. attn2 = Bi-GRU (Dain)

8. attn = merge (attnl,attn2)

9. end for

10. for i in range (n_dec_layers):

11. Xout = attnlout + attn2ou

11. output = softmax (Xout)

12. loss = compute_loss(output, Y)

13. end for

14. end for

15. end for
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4.4 Experiments and Results

In this section, we discuss smart home datasets, our experimental setup, and the evaluation
results. We evaluate our proposed TRANS-BiGRU model and compare it with other well-known
deep learning models such as Deep Belief Networks (DBN), CNN, LSTM, and GRU to evaluate
the recognition performance of multi-resident activities. Apart from that, we also compare
TRANS-BiGRU with traditional ML models proposed in the HAR research, such as Decision Tree
(DT), Support Vector Machine (SVM), Naive Bayes (NB), and Factorial Hidden Markov Model

(FHMM), to evaluate the performance of multi-resident HAR.
4.4.1 Home Datasets

There are standard benchmarking datasets used by researchers who work in the field of multi-
resident HAR. We introduce some of the datasets collected from various kinds of non-intrusive
sensors installed in our experiment's smart homes. Although there are many other datasets in a
multi-resident environment, we choose these datasets because they collected more complicated
residents' activities, which can be seen from Table 4-2. Our purpose is to identify the residents'

complex activities closer to real life.

Table 4-2 Non-Intrusive Sensor-based Datasets

# of # of # of
Dataset Duration
Residents Sensors Activities
Multi-resident ADLs
2 2 months 37 15
(CASAS)
ARAS (House A) 2 30 days 20 27
ARAS (House B) 2 30 days 20 27

Table 4-3 Setting and Activities in CASAS Dataset

Multi-resident ADLs (CASAS)

# of Ambient Sensors 37 of 7 different types
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Two bedrooms, one living room, one kitchen,
House Information
one bathroom

Residents 2
Duration 2 months
# of Activities 15

Filling medication dispenser, Moving furniture,
Watering plants, Hanging up clothes, Playing
Activities checkers, Preparing dinner, Reading magazine,
Gathering and packing picnic food, Sweeping

floor, Setting the table, Paying bills

This research first uses the Center for Advanced Studies in Adaptive Systems (CASAS)
dataset established at Washington State University in 2007. Up to now, there are more than 20
datasets published by CASAS, and some of them are related to multi-resident datasets. For example,
one dataset named “Multiresident ADL Activities” represents two people in the apartment while
performing fifteen ADL activities in the apartment. The activities include sequential activity,
interleaving activity, parallel activity, and collaborative activity. The details of activities are shown
in Table 4-3. Besides, seven types of sensors are applied to this scenario: motion sensors, item
sensors, cabinet sensors, water sensors, burner sensors, phone sensors, and temperature sensors.
Figure 4-5 depicts the specific deployment of sensors in this room. For the second experiment, we
use public benchmark ARAS HAR datasets to collect data from real-life scenarios in two different
houses. ARAS contains two famous datasets used in the multi-resident HAR research and was

released by Hande Alemdar in 2013 [80].
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Figure 4-5 Specific deployment of sensors in the CASAS dataset

Compared with the CASAS dataset, ARAS datasets perform more complex actions, so in our
scenario, ARAS is also chosen for evaluation. ARAS can be divided into two separate datasets,
House A and House B. Each house is equipped with 20 different types of interactive binary sensors.
A month's worth of sensor-reading data was collected from each house, together with ground
activity labels for two residents [80]. The residents themselves provide ground truth for activity
labels during data collection. Each dataset contains a comprehensive list of 27 different activities.
Because the data is based on real-life activities, there are no restrictions on the residents' activity
selection, and some of the planned activities are not performed. For instance, there is a dishwashing
activity on the list, House B has a washing machine, but the residents didn’t prefer to annotate the
activity during data collection. Basic attributes of housing, demographic information, sensor
infrastructure details, and activities are shown in Table 4-4, and the layout of the homes and their
sensor placement are shown in Figure 4-6 [80]. Unlike other similar multi-resident HAR studies,
each ARAS dataset consists of two sensor events readings that share the same room's furnish and
decorate. We believe that such no movement restrictions environment can better reflect real life
because it can explain the majority of people living with spouses, family, and friends, and it will

also provide an opportunity to study the social interaction between couples.

Table 4-4 Settings and Activities in ARAS Datasets

House A

House B

# of Ambient Sensors

Size of the House

House Information

Residents

Duration

# of Activities

20 of 7 different types
50m?

One bedroom, one

living room, one

kitchen, one bathroom

2 males both aged 25

30 full days

27

20 of 6 different types
90m?

Two bedrooms, one

living room, one

kitchen, one bathroom

Married couple.

Age average 34

30 full days

27

Other, having breakfast, having lunch, toileting
Activities napping, having a shower, brushing teeth,
preparing dinner, having dinner, having a snack,

sleeping, watching TV, preparing lunch, using
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the Internet, washing dishes, reading a book,
laundry, talking on the phone, listening to music,
shaving, preparing breakfast, studying,
cleaning, going out, having a conversation,

having guest, changing clothes

!

¢ Force
Base station .Phomcell @ Distance t+ Sensitive Contact IRRe(elver Temperature

Figure 4-6 Layouts of Houses A (up) and B (down) in the ARAS datasets [80]

4.4.2 Experimental Setup

Our experiments are conducted based on the CASAS and ARAS datasets. For the CASAS
dataset, 17,258 sensor events are collected. For the ARAS dataset, sensor-reading data are
recorded in units of seconds, so a total of 86,400 sensor sequence data are captured per day and
continue for 30 days. We also apply a sliding window method to segment sensor event sequences
and At = 60 s intervals in discretizing sensor data, thus T = 1,440 data points generated for
each day. The 10-fold cross-validation method is used in our experiments. We conduct two sets

of evaluations. First, we compare our model with the existing DL models. Second, we compare it
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with the traditional ML models used for HAR. We use a standard evaluation matrix, which
includes accuracy, recall, precision, and F-measure.

In our proposed TRANS-BiGRU model, for the Transformer architecture, we choose the
same experimental settings as [118]. The encoder and decoder are composed of a stack of N=6
identical layers. Two hidden layers of GRU cells are applied for the Bi-GRU model, and all the
GRU cells were fully connected with these inputs and were repeatedly connected with other GRU
cells. We choose a dense output layer to classify the labels with Dropout = 0.5, Epochs = 200,
Batch_Size =40, Units = 64, the RMSProp optimiser and Softmax function are chosen for training
the network. For DBN, we apply three fully connected dense layers with 64 units in the hidden
layers and a dense output layer with the Softmax function to perform classification, and the
RMSProp optimizer is selected in our evaluation. For CNN, the 1D Convolutional Neural
Network with two layers is used for training, and the RMSProp optimizer is also used. For
traditional ML models applied in our experiment, DT uses an entropy function to perform training,

SVM employs the Gaussian kernel, and the Viterbi algorithm is used in FHMM.

4.4.3 Results of Various DL Models

We first evaluate our model against commonly used DL models for HAR, including DBN,
CNN, LSTM, GRU, Ens2-LSTM, LSTM+CNN, CascEns-LSTM, Bi-LSTM, Bi-GRU, and the
Transformer architecture. Figure 4-7 and Table 4-5 show the performance results obtained from

all the DL models using 10-fold cross-validation.

Table 4-5 Different DL Models on Three Multi-Resident Datasets

Metric (%)  Model Dataset
CASAS ARAS House A ARAS House B
R1 R2 CL R1 R2 CL R1 R2 CL Average
CNN 84.21 83.45 80.32 80.84 84.64 78.76 80.95 77.54 75.23 80.66
DBN 85.56 85.76 83.05 75.78 79.33 73.45 75.80 72.93 70.28 77.99
LSTM 89.42 87.42 82.16 78.23 85.59 80.34 84.91 80.74 79.40 83.13
GRU 92.25 87.75 83.66 79.79 86.93 80.32 86.85 81.02 78.94 84.17
Accuracy
Ens2-LSTM 89.23 87.84 85.43 80.92 87.94 80.65 87.30 82.95 79.44 84.63
LSTM+CNN 85.56 83.45 82.92 78.06 80.83 78.81 81.06 79.25 78.30 80.92
CascEns-LSTM 88.84 88.41 85.65 80.20 85.93 80.29 86.25 83.49 80.26 84.37
Bi-LSTM 91.53 88.94 85.33 84.95 83.12 79.93 85.93 83.04 80.85 84.85
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Bi-GRU 93.34 90.12 87.92 85.29 90.29 85.30 88.05 84.73 84.03 87.67
Transformer 89.15 90.44 86.85 85.76 92.21 84.25 89.34 84.89 83.14 87.34
TRANS-BiGRU 93.28 92.73 92.86 89.70 91.63 89.48 91.76 90.93 90.59 91.44
CNN 84.19 82.94 79.94 80.34 84.65 77.34 79.86 76.45 75.98 80.19
DBN 83.58 84.94 81.82 74.65 78.85 72.54 74.71 71.84 69.86 76.98
LSTM 89.40 87.35 82.12 78.20 85.62 80.31 84.81 80.78 79.30 83.10
GRU 90.25 88.75 82.97 75.95 85.94 80.15 85.76 79.93 76.85 82.95
Ens2-LSTM 90.23 85.84 87.12 82.74 85.48 80.43 86.21 81.86 79.15 84.34
Precision LSTM+CNN 85.40 82.75 82.64 79.76 80.42 79.86 80.36 79.65 78.56 81.04
CascEns-LSTM 87.95 88.23 85.45 80.02 85.52 79.36 85.52 83.15 80.10 83.92
Bi-LSTM 91.47 88.91 85.30 84.91 83.02 79.73 85.53 83.10 80.65 84.74
Bi-GRU 93.32 90.10 87.87 85.28 90.19 85.10 88.15 84.56 84.13 87.63
Transformer 87.65 88.44 85.94 84.36 92.06 83.39 88.25 83.80 82.66 86.28
TRANS-BiGRU 93.20 91.73 91.08 88.84 90.85 89.75 90.67 89.84 89.79 90.64
CNN 84.20 83.43 80.56 80.68 84.33 78.45 80.08 76.67 75.12 80.39
DBN 85.46 85.56 83.23 75.62 79.02 73.19 74.93 72.06 70.09 77.68
LSTM 89.34 87.25 82.11 78.27 85.54 80.32 84.95 80.72 79.46 83.11
GRU 92.55 87.45 84.75 79.63 86.62 80.22 85.98 80.15 78.84 84.02
Ens2-LSTM 89.53 87.23 85.75 80.76 87.63 80.34 86.43 82.08 79.33 84.34
Recall LSTM+CNN 85.42 82.77 82.62 79.71 80.40 79.83 80.32 79.61 78.52 81.02
CascEns-LSTM 87.92 88.21 85.40 79.97 85.50 79.31 85.49 83.11 80.02 83.88
Bi-LSTM 91.50 88.87 85.31 84.92 83.11 79.92 85.78 83.14 80.75 84.81
Bi-GRU 93.26 90.12 87.90 85.24 90.23 85.31 88.04 84.70 84.12 87.66
Transformer 88.74 89.84 87.06 85.60 92.20 84.43 88.47 84.02 83.13 87.05
TRANS-BiGRU 93.16 92.12 92.58 89.54 91.32 90.14 90.89 90.06 90.53 91.15
CNN 84.19 83.18 80.25 80.51 84.49 77.89 79.97 76.56 75.55 80.29
DBN 84.51 85.25 82.52 75.13 78.93 72.86 74.82 71.95 69.97 7733
LSTM 89.37 87.30 82.11 78.23 85.58 80.31 84.88 80.75 79.38 83.10
GRU 91.39 88.10 83.85 71.75 86.28 80.18 85.87 80.04 77.83 83.48
Ens2-LSTM 89.88 86.53 86.43 81.74 86.54 80.38 86.32 81.97 79.24 84.34
F-measure LSTM+CNN 85.41 82.76 82.63 79.73 80.41 79.84 80.34 79.63 78.54 81.03
CascEns-LSTM 87.93 88.22 85.42 79.99 85.51 79.33 85.50 83.13 80.06 83.90
Bi-LSTM 91.48 88.89 85.30 84.91 83.06 79.82 85.65 83.12 80.70 84.77
Bi-GRU 93.29 90.11 87.88 85.26 90.21 85.20 88.09 84.63 84.12 87.64
Transformer 88.19 89.13 86.50 84.98 92.13 83.91 88.36 83.91 82.89 86.67
TRANS-BiGRU 93.18 91.92 91.82 89.19 91.08 89.94 90.78 89.95 90.16 90.89
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Figure 4-7 Accuracy of various DL models

Firstly, from averaging the three dataset’s performance, our proposed model outperforms the
other DL models on all four metrics, accuracy, precision, recall, and F-measure. Specifically, our
proposed model achieves average accuracy of 91.44%, which outperforms CNN, DBN, LSTM, GRU,
Ens2-LSTM, LSTM+CNN, CascEns-LSTM, Bi-LSTM, Bi-GRU and Transformer by approximately
10.78%, 13.45%, 8.31%, 7.27%, 6.81%, 10.52%, 7,07%, 6.59%, 3.77% and 4.10% respectively. The
performance of DBN is worse than that of the other DL models because it is the most basic DL
model, which is a full connection between layers, and there is no specific consideration of time
dependency in time series. CNN achieves an average accuracy of 80.66% in three datasets. CNN
has been proved to be one of the best models for image activity recognition, but for the time-
series data, compared with the RNN-based model, it cannot predict the action very well.

From the detailed analysis of the three datasets CASAS, House-A, and House-B, we found
that our proposed model achieves better performance in most cases, and the performance is more
stable regardless of the individual identification of the R1, R2, and CL method [7, 39, 70]. In the
CASAS dataset, Bi-GRU achieves the highest accuracy of 93.34% in the identifying R1, which
is slightly higher than our proposed model. However, for R2 recognition, our model is more
accurate. Besides, our proposed model is much higher than Bi-GRU when using the CL approach,
so it can be said that our model is more stable in the CASAS dataset.

As for the ARAS dataset's performance, the Transformer framework achieves the highest
accuracy of 92.21% for R2 on the House A dataset, but it is only 0.58% more accurate than our

proposed model. However, our proposed model outperforms the Transformer framework by 3.94%
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and 5.23% for R1 recognition and using the CL approach respectively. Besides, our proposed
model outperforms all other DL models in terms of accuracy, achieving 91.76%, 90.93%, and
90.59% for recognition under R1, R2 on the House B dataset and the CL method, respectively.
Therefore, we can conclude that our proposed model achieves better and relatively stable
performance in different multi-resident recognition datasets.

We also find that our proposed model does not always achieve the best performance.
Specifically, the Bi-GRU's recognition accuracy for R1 in CASAS and the Transformer's
recognition accuracy for R2 in ARAS House A are better than that of our model. Further
examination of the datasets does not reveal any significant differences of the activities performed
by the residents, and the performance of our proposed model is very marginally lower (less than
1%) than the other two models, while our model achieves better performance in the majority of
cases. Therefore, we believe that our proposed model has better stability.

Meanwhile, our experiments show that the RNN-based models and hybrid deep learning models
(LSTM, GRU, Ens2-LSTM, LSTM+CNN, CascEns-LSTM Bi-LSTM, and Bi-GRU) can better
predict time-series data than CNN, DBN models. In these models, Bi-LSTM, Bi-GRU and Ens2-
LSTM perform better than LSTM and GRU. Technically, Ens2-LSTM combines the output of a Bi-
LSTM and Uni-LSTM to generate a new LSTM-based model. In this way, the layer of the model is
increased. A basic LSTM can be used to identify simple information. Also, Bi-LSTM can be applied
to store past and future information, improve identification accuracy, and be superior to a single LSTM
model. Bi-GRU has an additional backpropagation layer than GRU, so the model can utilize past and
future information to improve recognition accuracy. However, not all hybrid DL models are better than
individual DL models, and we see that hybrid models of LSTM+CNN have lower performance than
the LSTM model. Therefore, we found that not simply stacking the number of layers of deep models
can improve the performance. For the Transformer framework, it breaks the limitation that RNN
models cannot be computed in parallel. Moreover, compared to CNN, the number of operations
required to compute the association between two locations does not grow with distance. The
Transformer framework's disadvantage is also apparent, and the local information acquisition is
not as substantial as RNN and CNN-based models. Therefore, our proposed TRANS-BiGRU
model can solve this problem well, and our experiments also show that our proposed model can

achieve better performance.
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4.4.4 Results of Various ML Models

Figure 4-8 and Table 4-6 illustrate the comparison between our TRANS-BiGRU method and
other existing ML approaches proposed for multi-resident HAR. We averaged the recognition
performance of the R1, R2, and the CL method separately for each dataset. The results show that
our proposed TRANS-BiGRU model outperforms all those ML methods when applying to three
datasets. Besides, we observe that SVM achieves the highest performance in traditional machine
learning with an accuracy of 83.83% in CASAS, 84.26% in House A, and 84.51% in House B,
which are even better than CNN and DBN, but it is still unpromising from the model we proposed.
FHMM has also achieved relatively poor performance, with an accuracy of 78.98% in CASAS,
79.25% in House A, and 79.65% in House B. The performance of DT and NB is not stable, DT
can only get 63.54% of accuracy in CASAS but 73.50% of accuracy in House B. On the contrary,

NB performs much better in CASAS and House A than in House B.

Table 4-6 Different ML Models on Three Multi-Resident Datasets

Metric (%) Model Dataset
CASAS ARAS ARAS
House A House B
Accuracy DT 63.54 69.92 73.50
NB 72.91 75.54 61.46
SVM 83.83 84.26 84.51
FCRF 75.22 70.43 71.86
FHMM 78.98 79.25 79.65
TRANS-BiGRU 92.96 90.27 91.09
Precision DT 63.34 54.57 73.12
NB 72.77 75.96 73.19
SVM 83.67 84.22 84.47
FCRF 75.13 70.32 71.79
FHMM 78.76 79.04 79.76
TRANS-BiGRU 92.00 89.81 90.10
Recall DT 63.31 69.92 83.50
NB 72.56 75.54 61.45
SVM 83.74 84.26 84.51
FCRF 75.04 70.19 71.65
FHMM 78.56 79.25 79.65
TRANS-BiGRU 92.62 90.33 90.49
F-measure DT 62.82 60.18 77.27
NB 72.66 72.45 65.78
SVM 83.70 84.23 84.48
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Figure 4-8 Accuracy of various traditional ML models and our proposed model

4.4.5 Statistical Comparison

According to the classification results, it can be easily seen that the Bi-GRU model and our
proposed TRANS-BiGRU model are outstanding comparing with other DL and ML models. We
apply a famous nonparametric test, Wilcoxon singed-rank test, to prove that the proposed DL
model is superior in a multi-resident environment to other classification models. We analyze the
singed of differences by calculating the different scores.

In the test, we calculate the difference d; between the accuracy in TRANS-BiGRU and Bi-
GRU models on three datasets first. Then, absolute values are utilized for differences ranking.
Table 4-7 presents various accuracy of classification models and ranks corresponding to the two
approaches. Afterward, RT and R~ are calculated, where R* is the sum of the ranks for
positive and R~ refers to negative. In this case, the values of R* and R~ are 44 and 1,
respectively. According to the Wilcoxon signed-rank test's critical values with a confidence level
of a = 0.05, the difference between the two models is considered significant if the smaller sums
are equal to or less than 8. Therefore, we conclude that our proposed TRANS-BiGRU model is

statistically superior to the state-of-the-art Bi-GRU model.

Table 4-7 Comparison of Our Proposed Method with Transformer Architecture

Dataset Resident TRANS-BiGRU  Bi-GRU Difference Rank

R1 93.28 93.34 -0.06 1
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4.5 Discussion and Conclusion

This paper proposes a Transformer with a Bidirectional GRU deep learning method,
TRANS-BiGRU, which leads to an apparent improvement in a multi-resident environment
Human Activity Recognition (HAR). In particular, after a comprehensive comparison of various
HAR models, RNN-based models (LSTM, GRU, Ens2-LSTM, Bi-LSTM, and Bi-GRU)
outperforms other DL models (DNN, CNN), and the most commonly used ML models (FHMM,
NB, DT) in the CASAS and ARAS datasets, which also indicate that RNN-based models are
propitious to the classification of time series data.

We compared these RNN-based models, LSTM, GRU Ens2-LSTM, Bi-LSTM, Bi-GRU,
Transformer architecture, and our proposed TRANS-BiGRU. The results show that Bi-GRU and
Transformer slightly outperform LSTM and GRU. Ens2-LSTM model combined a basic LSTM
and a Bi-LSTM model, where the LSTM model is applied to study the simple activities, and Bi-
LSTM is utilized to analyze the complicated activities and improve the performance. Our
proposed model integrated Transformer architecture and Bi-GRU to recognize the involved
activities and achieved the best performance comparing with other HAR models.

In the future, we will explore multi-resident HAR in a more complex real-world situation.
Instead of using an extensive benchmark dataset only, we will apply and enhance our proposed

DL model on real-life, long-term activity monitoring.
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Chapter 5 Locally-weighted Ensemble Detection-based
Adaptive Random Forest Classifier for Sensor-
based Online Activity Recognition for Multiple

Residents

In recent years, various approaches for multi-resident Human Activity Recognition (HAR) in
a smart indoor environment have been developed and improved along with the rapid development
of sensors and Al technologies. Research in data stream-based Online Learning (OL) for multi-
resident HAR is relatively new and a majority of the existing works have been developed based
on training batches of data which cannot recognize real-time activities. To address the challenges
of online learning for multi-resident HAR, we propose a novel online learning architecture based
on a locally-weighted ensemble detection-based adaptive random forest classifier (LED-ARF).
We conduct a comprehensive comparison for the performance of eight famous online learning
classification techniques and our LED-ARF method. The comparison is evaluated based on the
two benchmarking CASAS and ARAS datasets. Our experimental results show that the LED-ARF
achieves the best performance with the highest robustness for online multi-resident HAR.

Chapter 5 has been submitted to IEEE Internet of Things Journal.

106



5.1 Introduction

The global population has entered the aging phase and the proportion and number of older
people has been increasing around world. As they age, many older adults may suffer from a
variety of diseases, such as Alzheimer's or coronary heart disease. Due to the lack of caregivers
and the high cost of care, not all seniors have access to specialty care services. Recently, with the
rapid development of the Internet of Things (IoT) and various sensors, there has been a lot of
research into the creation of intelligent assisted living systems to help monitor activities of daily
living (ADLSs) so that caregivers or their families can be quickly notified when danger occurs [36,
69]. Particularly, Human Activity Recognition (HAR) covers the field of using various sensor
data and machine learning techniques to identify human activities and has achieved excellent
recognition performance in a smart home environment.

With the rise of the IoT, many advanced sensors have sprung up, such as video sensors,
wearable sensors, and infrastructure sensors [34]. Although video-based sensors can accurately
identify behavioral movements of multiple people, they are not suitable for use in a home
environment due to their invasive nature and privacy concerns. Wearable sensors also have a great
advantage of having direct access to personal data, which can be used to make behavioral
judgments [108]. For HAR in a multi-resident environment, wearable sensors can be used to
distinguish between different residents and to solve data association problems. However, many
older adults are reluctant to carry wearable sensors or they may forget to carry them, leading to
missing out from being monitored. On the contrary, infrastructure type of sensors, which can
attached to the surface of an object, can address both the privacy concern and the applications for
sensitive people such as elderlies not feeling under surveillance from surrounding sensors, so they
can live in such a home-only environment without interference [43].

In reality, an elderly or person under care in the family usually do not live by themselves,
there may be their spouse, or pets. Sometimes, their relatives or caregivers come to visit them at
home. Therefore, HAR in an multi-resident environment considers real-world problems. In
recent years, there have been many studies using machine learning (ML) and deep learning (DL)

techniques to address some of the existing multi-resident HAR issues, especially around
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recognizing parallel and collaborative activities [7, 42]. Almost all current multi-resident HAR
studies use offline learning methods. Offline approaches generally consist of five steps: data
collection, data processing, segmentation, feature extraction, and classification. Classifiers are
first to be trained offline and then they can be used to classify streaming data coming from various
sensors. However, offline trained classifiers are not suitable for a long-term use of multi-resident
HAR because a person's activities and habits may change and vary from one person to another,
and new guests may arrive at home, making the originally trained classifier unable to identify the
changes and new people [19]. Therefore, classifiers need to be constantly updated to adapt to
newly generated changes in order to accurately identify different inhabitants and their activities.

Multi-resident HAR is still in the initial stage of research due to the complexity brought about
by the different habits and activities of different residents. There are still many challenges in the
field of multi-resident recognition, such as data association and recognition of collaborative
activities [ 10, 12]. In addition, there are also many challenges in the study of online learning (OL).
One of the main challenges in online learning for multi-resident HAR is about recording of
activity labels of new sensor event to update a classifier. First method is to ask all the residents to
give constant feedback when they perform new activities, but this is not a wise solution because
it would take too much energy from the residents. Another solution is to use surveillance cameras
for real activity labeling. However, this method tends to consume a lot of energy and memory,
and it invades the privacy of the residents in a smart home environment, which can make them
feel very uncomfortable [30, 45]. Another key challenge is to ensure that a classifier is
continuously updated to improve activity recognition performance rather than degrade it when
new sensor data arrives [122].Most importantly, sensor data triggered by multiple people at the
same time increases the complexity on this challenge.

To address the second challenge mentioned above, this paper focuses on processing multi-
resident activity sensor events in real-time and classifying the activities. We combine the online
classification model Adaptive Random Forest Classifier (ARF) with the Locally-weighted
Ensemble Detection (LED) algorithm to process sensor events in real-time and continuously
update the parameters of the classification model based on the LED results, thus improving the
performance of online recognition. Specifically, our paper makes the following contributions:

e  We proposed a novel Locally-weighted Ensemble Detection-based Adaptive Random Forest
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Classifier (LED-ARF) for online learning of multi-resident activity recognition.

e We conduct a comprehensive evaluation and comparison for the performance of eight popular
online learning classifiers and the experimental result shows that our LED-ARF model
achieves the best performance on online multi-resident HAR based on the two well-known
benchmarking CASAS and ARAS datasets.

The remainder of this paper is organized as follows. Section 5.2 introduces related works in
the recent years. Section 5.3 discusses our proposed online HAR method. Section 5.4 evaluates
and discusses different state-of-the-art and online learning model’s' performance based on the

CASAS and ARAS datasets. Section 5.5 concludes the paper.

5.2 Related Work

In general, a multi-resident HAR framework includes data collection, data pre-processing,
and classification. Most of the studies focus on developing various offline classification models
to improve the performance of activity recognition. There have not been any studies applying
online learning to multi-resident recognition, although several studies have proposed online
learning for single-resident HAR. This section discusses the existing works on sensor-based
multi-resident classification models and online learning for HAR.

Fatlawi et al. [123] evaluated various stream data processing models to find the optimal
model for Biomedical Data. These evaluated models include two categories, one is individual
stream data processing models, such as Naive Bayesian, Hoeffding Tree, and KNN classifiers. the
other is Ensemble model classifier, including Oza Boosting, Adaptive Random Forest, and Oza
Bagging classifiers. Their experimental results show that Adaptive Random Forest achieves
superior performance.

Abdallah et al. [124] proposed a phone-based online recognition framework to process the
relevant data streams to recognize resident activities. Their framework combines active learning
and incremental learning for recognizing real-time activities, and adaptation in streaming
environments. In this framework, there are two phases, offline and online. The offline phase
model is trained on the labeled data and recognizes different activities. The online phase updates

the model to recognize unlabelled stream data. However, this framework still requires a large
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amount of labeled data for training.

Mohamad et al. [125] proposed active learning approaches to query resident-specific activity
tags to label newly generated stream data and improve the accuracy of recognition. They propose
a semi-supervised classifier combined with an active learning approach based on Bayesian stream
data for online activity recognition. The proposed model is also compared with the traditional
machine learning models (support vector machines and decision trees) and the performance of
the proposed model is superior. However, their model is based on a continuous analog signal
based on wearable sensors, and whether the proposed model can be used under non-intrusive
environment-based sensor signals still needs to be investigated.

Asghari et al. [19] proposed an online activity recognition model based on Hidden Markov
Model to recognize current activity on the sensor events stream. The model consists of two phases:
in the first phase, a related data stream is segmented based on the activity patterns, and HMM is
implemented to receive the ongoing activity observation. The second phase is an update phase to
correct the provided label for the sensor stream based on a statistical method. Besides, the
proposed model can be used to recognize interrupted activities.

All the existing multi-resident recognition techniques have been developed for offline
recognition. Benmansour et al. [7] proposed a Combine Label approach to recognize the parallel
and collaborative activities For every possible combination of two activities,they (labels) are
merged into one. By using this method, the problem of data association between residents can be
addressed and different activitites of different residents can be recognized simultaneously. They
evaluated their proposed model with other state-of-the-art models such as Parallel HMM (PHMM)
and CHMM. The results illustrate that the CL-HMM model achieved the best accuracy (88.03%)
in the collaborative activities.

Tran et al. [42] evaluated basic Recurrent Neural Network (RNN), Long-Short-Term-
Memory (LSTM), and Gated Recurrent Unit (GRU) models based on the CASAS and ARAS
multi-residents datasets. The experiments recognize resident A and resident B’s activities
separately and the Combine Label approach is performed for comparison. The experimental
results show that the GRU model performs best compare with other models such as RNN, LSTM,
HMM, and CRF. Besides, the Combine Label method is more effective than a separate label

method. However, the average recognition accuracy is only 77.2%.
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Recently, several works have investigated Group Activity Recognition (GAR) [126-129]. For
example, Yan et al. [126] proposed a Participation-Contributed Temporal Dynamic Model (PC-
TDM) to recognize group activity, a Bidirectional LSTM (Bi-LSTM) was applied to improve
GAR performance and the proposed method is superior to the state-of-the-art methods. Tang et
al. [127] proposed a coherent constraint graph LSTM (CCG- LSTM) with the functions of Spatio-
Temporal Context Coherence (STCC) and Global Context Coherence (GCC), which can
effectively identify group activities by modeling the relevant movements of individuals while

suppressing irrelevant movements.

5.3 Proposed Online Multi-Resident HAR Approach

In this section, we discuss our online learning method for multi-resident HAR which consists

of Adaptive Random Forest (ARF) and Locally-weighted Ensemble Detector (LED).
5.3.1 Proposed Multi-Resident Online HAR

Our online multi-resident HAR architecture proposed in this paper, as show in Figure 5-1,
consists of four components: data input, data pre-processing, online recognition model building,
and activity inference. The input data can come different ambient sensors, such as door sensors
(D), Motion Sensors (M), and temperature sensors (T). The data pre-processing phase includes
data filtering and data transformation. Data filtering is very essential for HAR recognition because
noisy data and missing data can significantly affect the recognition performance [54]. The purpose
of data transformations is to convert the incoming raw data from the sensor into a data stream
type that can be used for online analysis. The stream data is then passed into our online learning
model. If the LED finds a drift, we re-tune the model and adjust the parameters to ensure the

accuracy of the recognition.
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5.3.2 Adaptive Random Forest (ARF)

Random forests (RF) are part of the Bagging method in ensemble learning. Many decision
trees form a random forest, and the number of different decisions is not necessarily related to each
other [32]. After the new sample input, we let each decision tree in the random forest perform the
judgment and classification separately when we perform the classification task. Each decision
tree will get its own classification result, and the random forest will give the final result to the one
with the most classification results [130]. We draw N times from a sample size of N, one at a time,
so that NV samples are generated. These selected samples are used for decision tree training and as
the root node of the decision tree.

Random forests have many advantages. For example, it can provide high-dimensional data
without downscaling and feature selection, as well as determine the importance of features and
the interaction between different features, is not prone to overfitting, is faster to train, and is easy
to make into a parallel method. [123]. For unbalanced datasets, they can balance the error and still
maintain performance if a large portion of features are missing. However, the RFs also has its
drawbacks, overfitting in some noisy regression or classification problems. When the attributes
with more value divisions, the random forest receives more influence, so the attribute weights of
the random forest on such data are not accurate and cannot be used for real-time analysis of data
streams.

The upper bound on the generalization error (GE) of the random forest converges to the

following expression Eq. (5.1) when the number of decision trees is sufficiently large.

112



p(1-152)

where p is the average correlation coefficient between trees, S is a measure of the

G (5.1)
"strength" of the tree classifier, the strength of a set of classifiers is the average performance of
the classifier, and the performance is measured in terms of the residual of the classifier M using
the probabilistic algorithm, seen in Eq. (5.2).
MX,Y) =P(Yy =Y) — maxP(¥y = Z) (5.2)
where Y, is the prediction class of X made by the classifier constructed from the modal
random vector 6, and Y and Z are not equal. The larger the margin, the higher the probability that
the classifier correctly predicts the given sample X. From the formula defining the upper bound
of the generalization error, it is clear that the upper bound of the generalization error tends to
increase as the relevance of the tree increases or the strength of the combined classifier decreases.
Therefore, a way to improve the generalization error of the combined classifier is to increase the

randomness, as it can help to reduce the correlation between decision trees.
5.3.3 Locally-weighted Ensemble Detector (LED)

Many machine learning models are rely on stable probability distribution data samples, and
as the probability distribution of the sample data changes, the accuracy of the model decreases.
In contrast, Drift Detection Method (DDM) is a method for detecting events changes in the
probability distribution of sample data [106]. The idea of DDM is to control an (online) error rate
of a machine learning model. If sample data are uninformedly distributed, the error rate of the
model will gradually decrease and when the probability distribution changes, the error rate of the
model will increase [131].

The DDM uses two threshold values for the error rate, one is warning and the other one is
drift. When the error rate reaches the warning value at the wy, data input in the sample data, it
indicates a precursor of a change in the sample probability distribution. If the error rate is not
reduced by successive data inputs and it reaches the drift value at the dy data input, it is determined
that the sample’s probability distribution has been changed [123]. In order to adapt to the new
sample data, the model will then learn with the data after w; and if the successive input data makes

the error rate decrease, it is a false alarm, which can be seen in Figure 5-2.
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Figure 5-2 Drift Detection Method

The locally-weighted ensemble detector (LED) was proposed by Zhang et al [132], the
detection of its relative performance is a semi-supervised method by assigning different weights.
In each training session, the goal of the training is to learn various weights and assign them to
each base detector through a local weighting mechanism. The local weighting mechanism works
as follows:

From Figure 5-1, we can see that the false positives and detection delays are calculated firstly
for each basic detector and then the related results are stored in the dataset. After that we can
normalize the detection delays and false positives separately and then calculate the vectors’
weights separately. In this way, for each basic detector, two sets of weights are generated
separately, with false positives denoted as FP and a detection delay denoted as DD. For any
detector that does not detect a correct drift, the vectors’ weights in both FP and DD are set to
0. Next, we use the following formula to combine the two sets of weights FP and DD to obtain
a single weight.

W = aFP + (1 - a)DD (5.3)

where «a is a fusion parameter (the parameter between 0 and 1), a larger value of a indicates

that fewer false positives are more significant compared to shorter detection delays. There is a
trade-off between reduced detection delay and increased false positives. If a is set to 0, it indicates
that we focus entirely on the shorter detection delays, and the number of false positives is ignored.
If a is set to 1, we care more about false positives, and the detection delays may be ignored. In
our experiments, we set the value of a to 0.5 to balance the detection delays and false positives.
Then the weights learned in the current training course are merged with the set of weights learned
in the previous training course in order to obtain a final weights of the ensemble, based on the

following formula:
Wy =B W, + (1~ BW; (5.4)

where 8 is a smoothing parameter (the user-defined parameter ranging from 0 to 1) that is used
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for balancing the significance of history information with current information. The more the value
of B tends to 1, the higher the importance of the current information, and the more it tends to 0,
the higher the importance of the historical information. Our model assumes that current

information is as important as historical information, so the value of f is set to 0.5.

5.4 Experiments and Results

In this section, we discuss the two well-known smart home CASAS and ARAS datasets, our
experiment setup, and evaluation results. We evaluate the LED-ARF model and compare it with
other well-known online learning models such as Hoeffding Tree (HT), Hoeffding Adaptive Tree
(HAT), KNN, Naive Bayes (NB), Online Boosting (OBo), Oza Bagging (OzBa), and Adaptive

Random Forest (ARF) to evaluate the performance of multi-resident HAR.
5.4.1 Smart Home Datasets

In the field of multi-resident activity recognition, there have been many non-intrusive sensor-
based datasets released. Our research is dedicated to solving complex activity recognition among
multiple inhabitants in order to be more relevant to real life. The datasets used in this study can be

seen in Table 5-1.

Table 5-1 Non-intrusive Sensor-based Datasets

# of # of # of
Dataset Duration
Residents Sensors Activities
Multi-resident ADLs
2 2 months 37 15
(CASAS)
ARAS (House A) 2 30 days 20 27
ARAS (House B) 2 30 days 20 27

Table 5-2 Settings and Activities in CASAS Datasets

Multi-resident ADLs (CASAS)

# of Ambient Sensors 37 of 7 different types

Two bedrooms, one living room, one kitchen,
House Information
one bathroom
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Residents 2

Duration 2 months

# of Activities 15

Filling medication dispenser, Moving furniture,
Watering plants, Playing checkers, Preparing
Activities dinner, Reading magazine, Gathering and
packing picnic food, Hanging up clothes,

Sweeping floor, Setting the table, Paying bills

In this study, we used two datasets, one is the Multiresident ADL dataset published by the
Centre for Advanced Studies in Adaptive Systems (CASAS), and the other is the ARAS (Activity
Recognition with Ambient Sensing) dataset published by Alemdar et al [80]. The CASAS dataset
consists of 15 types of activities of two residents being monitored for two months via 37
environmental sensors. The activities collected include included sequential, interactive, parallel,
and collaborative activities, which are shown in Table 5-2 . In addition, the CASAS’s data contains
seven different ambient sensors, such as motion sensors, water sensors, and temperature sensors,

which are listed in Table 5-3.

Table 5-3 Sensors in CASAS Datasets

Sensors Number
Motion sensors 27
Door sensors 8
[tem sensors 2

The ARAS dataset is divided into two sub-datasets, House A and House B. Twenty different
types of environmental sensors were installed inside each house, and multi-resident activity data
were collected over a period of one month. The data collection process was completely free of any
external interference, and the residents performed their activities exactly as they wish. There were
27 pre-designed activities, but during the actual data collection phase, some activities did not occur.
For example, there is a dishwashing activity on the list, House B has a washing machine, but the
residents did not prefer to annotate the activity during data collection. The activities in the ARAS

datasets are shown in Table 5-4. We believe that the data collected from such unrestricted multi-
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resident activities can give a realistic representation of the situations in real-life and are therefore

suitable for the study of multi-resident complex HAR. Table 5-5 lists the sensors used in different

houses.

Table 5-4 Activities in ARAS Datasets

House A House B
-Watching TV -Napping
-Going out -Toileting
-Other -Shaving
-Sleeping -Having shower

-Having breakfast
-Preparing breakfast
-Studying

-Having lunch
-Preparing lunch
-Washing dishes
-Having dinner
-Having snack

-Preparing dinner

-Cleaning

-Reading book
-Changing clothes
-Brushing teeth
-Having conversation
-Laundry

-Listening to music
-Using Internet
-Talking on the phone

-Having guest

Table 5-5 Sensor Infrastructure Used by ARAS

House A

House B

1 Wardrobe photocell

1 Convertible couch photocell
(Resident 2’s bed)

1 TV infrared receiver

2 Couch force sensors

2 Chair proximity sensors

1 Fridge photocell

1 Kitchen drawer photocell

1 Wardrobe photocell

1 Bathroom cabinet photocell
1 House DCS

1 Bathroom DCS

1 Shower cabinet DCS

1 Hall sonar distance

1 Kitchen sonar distance

1 Tap proximity sensor

1 Water closet proximity sensor
1 Kitchen temperature sensor

1 Bed force sensor

2 Kitchen cupboards CSs

1 House DCS

2 Wardrobe DCSs

1 Shower cabinet DCS

1 Tap distance sensor

3 Chair force sensors

11 Fridge photocell

2 Kitchen drawer photocell
2 Couch pressure mat

1 Bed pressure mat

1 Armchair pressure mat

1 Bathroom door sonar distance
1 Kitchen sonar distance

1 Closet sonar distance
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5.4.2 Experiment Setup

Our experiments are conducted based on the CASAS and ARAS datasets. For the CASAS
dataset, 17258 sensor events are collected. For the ARAS dataset, sensor-reading data is recorded
in units of seconds, so a total of 86400 sensor sequence data are captured per day and continue
for 30 days. We treat each sensor time as a data stream and continuously update the model by
analyzing each data stream. We evaluate and compare the performance of different online learning
models based on the accuracy, recall, precision, and f-measure.

For parameter settings, we use the default parameters of various online models in the Massive
Online Analysis (MOA) platform. Specifically, for Hoeffding Tree Classifier, grace peried = 200,
split_criterion = Information Gain, leaf prediction = Naive Bayes Adaptive. For Hoeffding
Adaptive Tree, we apply the same settings with Hoeffding Tree, and additional ADWIN drift
detection is used for detecting the performance decreases. For KNN, n_neighbors = 5 and
leaf size = 30. For Online Boosting Classifier, KNN with ADWIN concept drift is applied and
the size of the ensemble = 10. Adaptive Random Forest (ARF) use ADWIN (delta = 0.001) for
drift detection and n_estimators = 10, split_criterion = Information Gain. We used the same

parameters as [132] in Locally-weighted Ensemble Detection (LED).

5.4.3 Results of Various OL Models on CASAS Dataset

We evaluate our model against commonly used OL models for HAR, including HT, HAT,
KNN, NB, OBo, OzBa, and ARF. Figure 5-3 and Table 5-6 show the performance results obtained
from all the OL models using single label and combine label (CL) methods. Figure 5-4 shows an
example of online recognition by using the LED-ARF model on the CASAS’s R1 data as in

CASAS, R1, R2 and CL methods have the similar performance.

Table 5-6 Models Comparison on CASAS Dataset

Metric (%) Model R1 R2 CL
HT 80.58 79.54 82.13
HAT 81.25 80.36 83.66
KNN 70.22 70.34 71.85

Accuracy NB 75.25 78.21 78.12
OBo 81.32 80.45 82.98
OzBa 78.78 79.48 80.69
ARF 82.68 83.47 83.27
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LED-ARF  83.54 84.11 85.82

HT 75.22 74.18 76.717
HAT 77.55 76.66 79.96
KNN 67.32 67.44 68.95
NB 71.57 74.53 74.44
Precision
OBo 79.19 78.32 80.85
OzBa 75.93 76.63 77.84
ARF 80.00 80.79 80.59
LED-ARF  81.40 81.97 83.68
HT 75.55 74.51 77.10
HAT 7791 77.02 80.32
KNN 67.86 67.98 69.49
NB 71.91 74.87 74.78
Recall
OBo 79.84 78.97 81.50
OzBa 76.51 77.21 78.42
ARF 80.23 80.02 80.82
LED-ARF  81.83 82.40 84.11
HT 75.38 74.34 76.93
HAT 77.73 76.84 80.14
KNN 67.59 67.71 69.22
NB 71.74 74.70 74.61
F-measure
OBo 79.51 78.64 81.17
OzBa 76.22 76.92 78.13
ARF 80.11 80.90 80.70
LED-ARF  81.61 82.18 83.89
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Figure 5-3 Accuracy of multi-resident HAR in CASAS dataset
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Figure 5-4 Online recognition results by using LED-ARF (CASAS R1). The blue realization
indicates current performance and the orange dashed line indicates tied performance.

We can see that our proposed model outperforms the other online recognition models.
Specifically, our recognition accuracy reached 83.54% for R1, 84.11% for R2, and 85.82% using
the CL method. The CL method is slightly higher than identifying R1 and R2 separately. The
KNN model achieved the worst performance, with the recognition accuracy of 70.22%, 70.34%,
and 71.85% for R1, R2, and CL, respectively. Because the KNN model is particularly dependent
on the training data, it is too error-tolerant to the training data. If there is data in the training
dataset that is wrong, this will directly lead to inaccurate prediction data if the next data is to be
classified. In addition, HAT and Obo achieve relatively good performance, with the accuracy
exceeding 80% for both the individual recognition of each resident and the overall recognition.
From the technical point of view, Hoeffding tree is a decision tree-based stream classification
method, which can guarantee the mining efficiency while achieving the requirements of some
necessary operations on data streams when processing them. The algorithm only needs to check
each sample in the data stream once and generate the decision tree step by step as these samples
are updated in the decision tree without storage. Only the information about the decision tree
needs to be kept in memory, because the information needed to extend the decision tree is stored
in the leaf nodes, the information in the decision tree can be used to make predictions when
processing the training data. The drawback of the Hoeffding Tree model is that there is no design
in terms of decision tree adjustment.

From our experiments, we can see that our proposed model can accurately recognize the
activities of multiple residents. Next, we evaluate our proposed model with a more complex
ARAS dataset.
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5.4.4 Results of Various OL Models on ARAS Datasets

As reported in Figure 5-5 and Table 5-7 for the ARAS dataset's performance, we can see that
AREF achieves the highest accuracy of 84.88% for R1 on House A and 83.43% on House B, but it
is marginally 0.12% and 0.13% more accurate than our LED-ARF model. However, the LED-
ARF model outperforms the ARF by 1.88% and 0.77% for R1 recognition and using the CL
approach, respectively. Besides, LED-ARF outperforms all other OL models in terms of accuracy,
achieving 83.40%, 84.12%, and 85.60% for recognition of R1 and R2 on House B and the CL
method, respectively. Therefore, we can conclude that our LED-ARF classifier achieves better
and relatively stable performance in different multi-resident recognition datasets.

KNN and NB have achieved bad performance, with lower accuracy compared to the other
models. Interestingly, although the ARAS dataset includes more activities and is more complex
than CASAS, the performance obtained on ARAS is similar to that of CASAS. Our observation
is that the ARAS dataset has more types of sensors used on different objects, which enables a high

probability of better and accurate activity segmentation thus improving the recognition accuracy.
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Figure 5-5 Accuracy of various OL models on ARAS datasets
Table 5-7 Different OL Models on ARAS Datasets

Metric (%) Model ARAS House A ARAS House B
Rl R2 CL Rl R2 CL
HT 78.45 80.64 82.81 75.13 77.54 80.35
HAT 78.68 81.93 81.84 78.32 79.48 80.85
Accuracy KNN 68.65 70.62 71.90 69.41 70.55 71.03
NB 73.31 74.65 76.02 70.32 70.18 71.68

OBo 80.41 81.33 82.46 80.15 80.14 81.86
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OzBa 77.82 78.67 77.44 79.89 80.48 78.60
ARF 84.88 82.63 81.79 83.43 82.10 83.32
LED-ARF 84.76 84.51 82.56 83.40 84.12 85.60
HT 73.09 75.28 77.45 69.77 72.18 75.22
HAT 74.98 78.23 78.14 74.62 75.78 77.55
KNN 65.75 67.72 69.00 66.51 67.65 67.32
NB 69.63 70.97 72.34 66.64 66.50 71.57
Precision
OBo 78.28 79.20 80.33 78.02 78.01 79.19
OzBa 74.97 75.82 74.59 77.04 77.63 75.93
ARF 83.20 80.95 80.11 81.75 80.42 81.00
LED-ARF 82.62 82.37 80.42 81.26 81.98 81.40
HT 73.42 75.61 77.78 70.10 72.51 75.55
HAT 75.34 78.59 78.50 74.98 76.14 7791
KNN 66.29 68.26 69.54 67.05 68.19 67.86
NB 69.97 71.31 72.68 66.98 66.84 71.91
Recall
OBo 78.93 79.85 80.98 78.67 78.66 79.84
OzBa 75.55 76.40 7517 77.62 78.21 76.51
ARF 83.43 81.18 80.34 81.98 80.65 81.23
LED-ARF 83.05 82.80 80.85 81.69 82.41 81.83
HT 73.25 75.44 77.61 69.93 72.34 75.38
HAT 75.16 78.41 78.32 74.80 75.96 77.73
KNN 66.02 67.99 69.27 66.78 67.92 67.59
NB 69.80 71.14 72.51 66.81 66.67 71.74
F-measure
OBo 78.60 79.52 80.65 78.34 78.33 79.51
OzBa 75.26 76.11 74.88 77.33 77.92 76.22
ARF 83.31 81.06 80.22 81.86 80.53 81.11
LED-ARF 82.83 82.58 80.63 81.47 82.19 81.61
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1 ;|
o s
0 10000 20000 30000 40000 50000 60000 70000 80000
Precision
5§14 — ’|
0 10000 20000 30000 40000 50000 60000 70000 80000
Recall
— 14 ;|
[
0 10000 20000 30000 40000 50000 60000 70000 80000
F1 Score
L1 v ]
3 ]
¢ 04 T T T T T T T T
0 10000 20000 30000 40000 50000 60000 70000 80000

Samples

Figure 5-6 LED-ARF model on ARAS A R1

122



5.4.5 Statistical Comparison

According to the classification results, the ARF model and the LED-ARF model are
outstanding compare with the other OL models. We apply a famous nonparametric Wilcoxon
singed-rank test, to evaluate which OL model is significantly better. We analyze the singed of

differences by calculating the different scores of each model.

Table 5-8 Comparison of Our Proposed Method with ARF Model

Dataset Resident LED-ARF ARF Difference Rank
RI 83.54 82.68 0.86 5
3,’ R2 84.11 83.47 0.64 3
S CL 85.82 83.27 2.55 9
< R 84.76 84.88 0.12 1
‘é’ % R2 84.51 82.63 1.88 6
< T CL 82.56 81.79 0.77 4
< R 83.40 83.43 -0.03 2
‘é’ % R2 84.12 82.10 2.02 7
< T CL 85.60 83.32 228 8

In the test, we calculate the difference d; between the accuracy of the LED-ARF and ARF
models on three datasets first. Then, absolute values are utilized for differences ranking. Table 5-8
presents various accuracy of classification models and ranks corresponding to the two approaches.
Afterward, Rt and R~ are calculated, where R* is the sum of the ranks for positive and R~
refers to negative. In this case, the values of Rt and R~ are 42 and 3, respectively. According
to the Wilcoxon signed-rank test's critical values with a confidence level of o= 0.05, the difference
between the two models is considered significant if the smaller sums are equal or less than 10.

Therefore, we conclude that the LED-ARF model is statistically superior to the ARF model.

5.5 Discussion and Conclusion

Data analytics systems contribute effectively to behavior recognition and smart homes,
driving the development of these technologies. Since data streams are an important source for
these analyses, developing techniques to handle online data streams rather than batch data sets is
a logical choice for current data science research interests. This paper attempts to investigate
popular online data stream classification techniques for the recognition of multi-resident activities,
especially adaptive random forest classifiers, achieving advantages including in handling large

amounts of data. It also uses the technique of concept drift to improve the performance of
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recognition.
In the future, we will explore the use of active learning techniques to label multiple labels in

multi-resident recognition and more complex online multi-resident HAR problems.
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Chapter 6 Conclusion and Future Work

In this thesis, we solve three subproblems of multi-resident activity recognition,
namely, segmentation, classification, and online recognition. In this chapter, we first
summarise the contributions of this thesis and answer the research questions in detail.
Based on the current research, we then propose future work.
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6.1 Summary of Contributions

This thesis focused on improving the performance of multi-resident HAR. Specifically, we
studied three subproblems: 1) improving the performance by segmenting the sensor events
method; 2) improving the performance using an advanced deep learning model; 3) recognising
multi-resident activities in real-time.

Chapter 2 comprehensively surveyed multi-resident activity recognition in non-intrusive
sensor-based environments. We extensively reviewed and analysed existing work related to
activity segmentation techniques and classification approaches, highlighting their advantages and
limitations. We then discussed evaluation methods and presented publicly available datasets for
non-intrusive sensor-based multi-resident HAR. Finally, we summarised the research challenges
and open issues requiring further study in this field.

Chapter 3 studied the problem of segmenting the sensor events. We comprehensively
evaluated the segmentation approaches that improve the performance of multi-resident AR in
smart-home environments. We evaluated and compared our proposed Hybrid Fuzzy C-means
CPD-based Segmentation method with the well-known segmentation methods, including static
time-based, static sensor-based, and dynamic correlation-based segmentation. Our method can
accurately segment multi-resident sensor events and significantly improves the overall
performance (accuracy and F-measure) of complex activities. At this time, we observed that
parallel activities gained higher recognition than collaborative activities. In future work, we plan
to improve the dynamic sensor-events segmentation algorithm and evaluate our method in a more
complex setting with a larger number of involved people. For this purpose, we will perform our
own data collection.

Chapter 4 studied the problem of applying an advanced deep learning model. We proposed a
Transformer with a Bidirectional GRU deep learning method, TRANS-BiGRU, which apparently
improves HAR in a multi-resident environment. After a comprehensive comparison of various
HAR models, it was found that RNN-based models (LSTM, GRU, Ens2-LSTM, Bi-LSTM, and
Bi-GRU) outperformed other DL models (DNN, CNN) and the most commonly used ML models
(FHMM, NB, DT) on the CASAS and ARAS datasets, indicating that RNN-based models profit

the classification of time series data.
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The performances of the RNN-based models (LSTM, GRU Ens2-LSTM, Bi-LSTM, Bi-GRU,
and Transformer architecture) were then compared with that of our proposed TRANS-BiGRU.
The Bi-GRU and Transformer models slightly outperformed LSTM and GRU. The Ens2-LSTM
model combines a basic LSTM and a Bi-LSTM model. The LSTM model is applied to simple
activities, and Bi-LSTM analyses more complicated activities and improves the performance. Our
proposed model integrates the Transformer architecture with Bi-GRU to recognise the involved
activities and boost the HAR performance.

Chapter 5 studied the problem of recognising multi-resident activities in real-time. We
investigated the ability of popular online data-stream classification techniques to recognise multi-
resident activities. Adaptive random forest classifiers were advantageous for handling large
amounts of data. The concept drift technique improves the recognition performance. We also
proposed a novel Locally-weighted Ensemble Detection-based Adaptive Random Forest
Classifier (LED-ARF) for online analysis of multi-resident identification. We comprehensively
compared the performances of eight popular online learning classification algorithms. In the
experiments, our LED-ARF model achieved the highest performance on online multi-resident

HAR.

6.2 Limitations

In this research, we addressed three problems in multi-resident activity recognition. Although
our proposed methods significantly improved the performance of multi-resident HAR, the
following limitations should be rectified in future: (1) The datasets contain only some simple daily
activities collected from non-intrusive ambient sensors, and only two residents were engaged in
the activities; (2) The recognition performance requires improvement; (3) The proposed methods
can only identify the current activity; they cannot predict the upcoming activity. Each of these

limitations is discussed below.

(1) The datasets contain only some simple daily activities of two residents collected from non-

intrusive ambient sensors.

Multi-resident activity recognition should be performed not only for simple activities (eating,

working, sleeping) of two residents only but also for complex activities of three or more residents.
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Whether our proposed model can effectively recognise the activities of three or more residents is

not certain. The proposed models should be evaluated on more sophisticated datasets in the future.
(2) The recognition performance must be improved.

Although both our proposed segmentation method and classification model showed higher
recognition performance than state-of-the-art methods, there is still much room for improvement.
The HAR framework includes data collection, data processing, classification, and action
prediction. Any inappropriate data processing or model parameter adjustment may degrade the
performance. Specific data processing and model parameter tuning to improve the recognition

performance will be attempted in future.

(3) The proposed methods can only identify the previous and current action; they cannot predict

future activities.

Our study uses both offline and online learning models to identify the activity currently
performed by the resident. However, in real life, activity recognition must also predict possible

abnormal future activities that have not yet occurred.

6.3 Future Work

The limitations of the research were discussed in the previous section. Based on these
limitations, this section presents some research avenues requiring further exploration. Open to
discussion are evaluations on complex high-level activity datasets, improving the recognition
performance, and predicting upcoming actions. The research directions on these critical themes

are suggested below.
(1) Datasets for non-intrusive complex activities of multi-residents

Quantitative comparisons of multi-resident activity recognition approaches are not
straightforward as different studies relay on different datasets [40]. The lack of standardised
benchmarks hinders the fair and exhaustive evaluation of multi-resident HAR methods. Most of
the existing studies are tested on the CASAS and ARAS datasets [7, 42] which are limited in

scope. Both datasets contain only a portion of the daily activities performed by at most two
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residents. More datasets containing the activities of more than two people performing various
complex activities are needed. Also, the existing datasets use simple environmental sensors,
which are rather impractical and inconvenient to install. As sensor technology evolves, its
effectiveness must be evaluated in further research. In particular, we must trial different sensor
technologies and assess whether the number of sensors can be minimised to improve the ease of

deployment without degrading the recognition performance.
(2) Improving the performance of multi-resident HAR

The study of multi-resident activity recognition is still in its infancy. Actions between
different residents interfere and are much more complicated than single-resident actions,
increasing the difficulty of recognition. Although our proposed segmentation method and
classification method outperformed the state-of-the-art methods in recognition tasks, there is still
massive room for improvement. In future work, we will build an ensemble recognition
architecture that combines a segmentation algorithm and classification model to improve the

recognition performance.
(3) Prediction of future activities

Current solutions can only recognise past and current activities, but real situations require
more intelligent solutions that can recognise more kinds of activities, abnormal activities, and
potential future activities [43]. Current HAR systems can recognise many actions and bring
benefits to many real-life situations, but whether they can predict future activities is an interesting
and challenging question. This function is critical, especially in applications such as fall detection
and prevention. A possible research direction is building a HAR system that can predict future

activities based on past activities [92].
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