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“Smart Home” services offer to improve living conditions and levels of
independence for the elderly that require support with both physical and cognitive
functions via Activities of Daily Living (ADL). Due to human ethics and privacy
concern, ambient-based sensor technologies are preferred and deployed in the
environment. Nevertheless, as human activities gradually becoming complex and
thus complicate the inferences of activities especially involving multi-resident
within the same home premises that deploy solely ambient-based sensor
technology.

Existing works and solutions focused on separate models for recognizing the
residents, activities and interactions. On top of that, data association and algorithm
modification inherit drawbacks on recognizing the residents and interactions of
multi-resident complex activities. When the data are induced with the lower quality
model, the performance is also truncated. Furthermore, there is tendency that multi
label classifications used instead of traditional single label classification technique.
Consequently, this could cater the simple and complex activity recognition of
multi-resident in a separate model. Moreover, with the incremental numbers of
resident living together in the same smart home environment, the class-overlapping
sensor event sequence could occur and might share the same features for sub-
sequences that correspond to each individual activity. At the same time, the sensor
events are always uncertain and intricate in nature led to conflict occurs at its
interaction layer.



In accordance to the mentioned problem, Label Combination (LC) of multi label
classification is introduced because of its ability to transform the multi label
problem into 2% multi-class problem and exploit the correlation between the class
labels. On top of that, the label correlation can be solved with the Random Forest
(RF) as a base classifier due to its capability to produce the most probable class
from its majority-voting task as output. Nevertheless, the learning complexity of
classification is increased due to the increment number of residences and activities
are also intricate. Therefore, Adaptive Profiling (AP) for multi-resident involving
context information includes temporal and spatial information is proposed to
address the class-overlapping using Expectation-Maximization (EM) clustering.
The clusters parameter is adaptively generated from the active labelset from the
real-world data. The multi label relation method using Two-Stage Label
Construction (TSLC) is presented, resolve the conflicts in complex activity of
multi-resident is also outlined in this research.

Two publicly available datasets; WSU’s CASAS and ARAS Dataset are selected
and experimented to evaluate the proposed framework. About 26 pairs of volunteer
performing 15 scripted activities collected over four months’ time with almost
17,500 instances from CASAS. In addition, three days of house A from ARAS
dataset is also selected to evaluate its effectiveness. LC-RF is tested with other base
classifiers such as k-NN, SVM and HMM. However, LC-RF showed the most
promising results among others. Furthermore, its performance is also benchmarked
with previous work that used single label classification. Consequently, the obtained
results demonstrate the improvement of 2.4% increment in Hamming score as
compare with the highest results from the previous work. Experimental results have
significantly promised an improvement level in multi-resident simple and complex
activity recognition simultaneously, capable to cater the problems mentioned
specifically when the number of resident increase and reside together in the same
smart home environment.
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Perkhidmatan yang ditawarkan oleh “Rumah Pintar” adalah untuk memperbaiki
keadaan hidup dan tahap berdikari bagi warga tua yang memerlukan sokongan
dengan fungsi fizikal dan kognitif melalui Aktiviti Kehidupan Harian (ADL).
Disebabkan oleh etika kemanusiaan dan keprihatinan privasi, teknologi sensor
berasaskan ambien lebih disukai dan digunakan dalam persekitaran. Walau
bagaimanapun, aktiviti manusia secara beransur-ansur menjadi kompleks dan ini
menyukarkan pengecaman aktiviti terutama melibatkan pelbagai penduduk di
dalam premis rumah yang sama yang menggunakan teknologi sensor berasaskan
ambien sahaja.

Kerja dan penyelesaian yang sedia ada memberi tumpuan kepada model berasingan
bagi mengecam penduduk, aktiviti dan jenis interaksi. Di samping itu, persatuan
data dan pengubahsuaian algoritma juga menghadapi masalah dalam pengecaman
penduduk dan interaksi dalam aktiviti kompleks pelbagai penduduk. Apabila data
diinduksi dengan model berkualiti rendah, prestasi juga menurun. Selain itu, ada
kecenderungan klasifikasi pelbagai label yang digunakan dan bukannya teknik
tradisional, klasifikasi label tunggal. Oleh itu, ini dapat mengatasi masalah
pengecaman aktiviti mudah dan kompleks pelbagai penduduk dalam model yang
berasingan. Lebih-lebih lagi, dengan peningkatan jumlah penduduk yang tinggal
bersama dalam persekitaran rumah pintar yang sama, peristiwa sensor kelas turutan
yang bertindih boleh berlaku dan mungkin berkongsi ciri yang sama untuk sub-
turutan yang sesuai dengan setiap aktiviti individu. Pada masa yang sama, kejadian
sensor selalu tidak menentu dan rumit menyebabkan konflik terjadi pada lapisan
interaksi.
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Selaras dengan masalah yang disebutkan, klasifikasi Gabungan Label (LC) bagi
pelbagai label diperkenalkan kerana keupayaannya mengubah masalah perbagai
label ke dalam masalah 2L pelbagai kelas dan mengeksploitasi korelasi di antara
kelas label. Di samping itu, korelasi label boleh diselesaikan dengan Random
Forest (RF) sebagai pengelas asas kerana kemampuannya untuk menghasilkan
kelas yang paling mungkin dari tugas majoriti-undiannya sebagai keluaran. Walau
bagaimanapun, kerumitan pembelajaran pengelasan meningkat disebabkan oleh
peningkatan jumlah penduduk dan aktiviti yang rumit. Oleh itu, Profil Suai (AP)
untuk pelbagai penduduk yang melibatkan maklumat konteks termasuklah
maklumat temporal dan ruang yang dicadangkan untuk menangani kelas yang
bertindih menggunakan teknik pengawalan gugusan-Permintaan Pengoptimuman
(EM). Pembolehubah pengawal gugusan yang sesuai dihasilkan secara serentak
dari set label yang aktif dari data sebenar. Kaedah hubungan pelbagai label
menggunakan Pembinaan Label Dua Peringkat (TSLC) dicadangkan untuk
menyelesaikan masalah konflik dalam aktiviti kompleks oleh pelbagai penduduk
yang juga termasuk dalam kajian ini.

Dua set data yang tersedia secara umum; CASAS, WSU dan ARAS Set Data
dipilih dan dilaksanakan untuk menilai rangka kerja yang dicadangkan. Sejumlah
26 pasang sukarelawan melakukan 15 aktiviti skrip yang dikumpulkan dalam masa
empat bulan dengan hampir 17,500 contoh dari CASAS. Di samping itu, tiga hari
contoh rumah A daripada set data ARAS juga dipilih untuk menilai
keberkesanannya. LC-RF diuji dengan pengelas asas yang lain seperti k-NN, SVM
dan HMM. Walaubagaimanpun, LC-RF menunjukkan hasil yang paling
menjanjikan berbanding dengan yang lain. Selain itu, prestasinya juga diukur
dengan kerja sebelumnya yang menggunakan klasifikasi label tunggal.
Kesimpulannya, hasil yang diperoleh menunjukkan peningkatan kenaikan 2.4%
dalam skor Hamming berbanding dengan hasil kerja yang sebelumnya. Keputusan
eksperimen telah menjanjikan peningkatan tahap pengecaman aktiviti mudah dan
kompleks pelbagai penduduk pada masa yang sama, mampu menyelesaikan
masalah yang tersebut secara khusus apabila bilangan penduduk yang tinggal
bersama bertambah ramai dalam persekitaran rumah pintar yang sama.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Smart home established with aims of improving the quality, comfort and efficiency
in human life (Cook & Youngblood, 2004; Debes et al., 2016). It is well equipped
with sensor-based technologies including types of wearable, video camera and
ambient-based sensors (Ding et al., 2011). Applications and services associated
with smart home that are benefitting from the technology include surveillance and
safety, energy management, healthcare and Activities of Daily Living (ADL)
monitoring system. Hence, activity recognition is the key study to infer Human
Activity Recognition (HAR).

The mix and combine sensor technology are well accepted for this purpose.
However, due to privacy concern and non-obtrusive way, ambient-based sensors
are more preferred, especially for a smart home user with limited capability and
elderly to support independent living and ageing in place. Ambient-based sensor is
a bespoke sensor such as motion, door and pressure sensor installed and configured
in the environment (Cicirelli et al., 2016). It models the uncertainty at a lower-layer
sensor that has the ability of managing the reliability of the systems in term of
inference human activity.

Currently, smart home is customized to track and recognize the individual resident
in the environment (Cook, 2012; Wen & Zhong, 2015). However, with increased
population that stays together at home, much of the resident activities are becoming
diverse and complex (Crandall & Cook, 2009). Common Ambient Assisted Living
(AAL) and ADL detection systems are restrained for single-resident. About 28% of
older American citizens live in single-resident smart home. However, at about 57%
of elderly adult live with their spouse (Administration on Aging, Administration
for Community Living, & U.S. Department of Health and Human Services, 2014).
This indicates that high request is demanded for smart home systems that consider
the multi-resident standards. In addition, smart homes in Malaysia also shows
better acceptance in household penetration at 2.4% in 2018 and forecasted to hit
10.9% by year 2020 (Statista Market Forecast, 2016).

The ADL taxonomy has been proposed by Katz (1983) and Lawton & Brody
(1969). The ADL index tool in healthcare is utilized to assess cognitive and
physical capabilities of an elderly adult. The ADL is defined as routine activities
that people normally do in everyday basis without assistance from others such as
feeding themselves, bathing, dressing, grooming and work by the medical
community. ADL is used in smart home as an umbrella term encompassing self-



care and domestic activities or tasks (Urwyler et al., 2015). Daily assessment
measures are essential for physicians to evaluate the health stage of the elderly
adult to optimize medication and personal care.

In multi-resident activity recognition paradigms, ADL such as bathing, dressing as
well as grooming can be addressed as simple activity and often can be inferred by
sensor data directly. However interaction of activities such as cooperative and
parallel also occur due to each activity consist of temporally and coherently related
to the events, require more structured models (Liu et al., 2016). The interaction
types such as parallel and cooperative occurred due to human are socially
interacted each other thus, it can be categorised as complex activity. It is found that
most of the human activities are hierarchically structured and thus it is necessary to
improve model performance of activity recognition (Zacks & Tversky, 2001).
Other than that, the model should be able to track and identify the activity
performers in the smart home. Smart home that equipped and installed with the
only ambient-based sensor technology has difficulty to track and recognize the
identity of the resident. Hence, this type of technology is rather popular and well
accepted among the elderly adults who are resisting to bring the sensor together at
their body. Therefore, the model with the ability to track and recognize the activity
and its performers are necessary when the smart home premises only uses the
ambient-based sensor technology.

A smart home should be capable of granting efficient information about the
environment. The activity model should account for temporal and spatial structures
of complex activities and should convey the hierarchical of activity relations.
Hence, the sensor events itself is overlapping since the dataset contains is a
combination of individual, parallel and cooperative type activities (Cook et al.,
2010; Ni et al., 2015). Thus, this may cause inadequate accuracy of the model. In
this context, the activity model should consider the temporal and spatial structures
for complex activities from the interaction of the multi-resident. It happened as a
result from conflict detection from the sensor signals from its lower-layer structures
(Liu et al., 2015).

In regard to the complexity of the problem domain, the model is required to handle
the events uncertainties due to intricate events by the sensor. In this research, a
framework using multi label classification of Label Combination-Random Forest
(LC-RF) is proposed to cater the increment number in multi-resident and diversities
of activities. The class-overlapping and conflicts in interaction are needed to
address in order to solve the uncertainties and ambiguity of the sensor layers. The
framework is able to automatically detect and resolve the abovementioned
problems in order to attain overall satisfaction in AAL and ADL detection systems
for multi-resident in smart home environment.



1.2 Problem Statement

Generally, sensor-based activity recognition in smart home environment is divided
into various sensor layers such as sensor, contact and activity layers. McKeever et
al. (2010) address these layers as inference knowledge to infer human activity
using evidence theory. Hence, inferring human activities become a challenge when
involving more than one resident living in the same smart home environment. The
combination of the simple activity derived the notion of complex activity. Despite
of individual activity, the parallel and cooperative activity also may exist due to
social interaction of the multi-resident (Kim et al., 2010; Mohamed et al., 2017).
Consequently, the sensor contact layer and simple activity layer addressed as low-
level layer, while the high-level layer are considered as complex activity (Saguna et
al., 2013).

In addition, many approaches from the previous researches attempt to recognize the
simple, individual activities in this environment. Particularly, the approaches are
based on issues they want to tackle in separate way such as separate model for each
resident (Singla et al., 2010), manual data association (Hsu et al., 2010; Wilson &
Atkeson, 2005) and algorithm modification (Benmansour et al., 2017; Chiang et
al.,, 2010; Lu & Chiang, 2014; Tran et al., 2010, 2018). Each of the methods
mentioned has their own drawbacks. There are always incremental number of
residents that staying together within the same space. At the same time, there is a
need to recognize who is the performer of the particular activity from the installed
and embedded ambient-based sensors within the home premises. Nevertheless, it
still does not cater the sensor relations at its lower-layer that have relations with
higher-layer.

During activity recognition, class-overlapping also occurs when the features of the
instances are very similar for two or more classes, hence making it difficult to
distinguish between these classes (Ni et al., 2015). This condition happened due to
sensor events sequence share the same features for sub-sequences that correspond
to each individual activity in multi-resident paradigm. Therefore, when dealing
with binary and discrete (0, 1) state-change ambient-based sensor, some methods
are not always appropriate, worst case it affects the model performance. Hence,
there are some issues regarding the social interaction among the multi-resident that
has been unfulfilled in the sensor lower-layer of the smart home. Increasing
number of elderly population that stay together with other family members at
home, diversity and complexity in their activities resulted uncertainties and
ambiguity from sensor events to infer their activities as well as resident
identification at the higher-layer. Thus, this condition resulted the conflict
occurrence in interaction of complex activity in multi-resident paradigm.
Moreover, the approaches mentioned are for learning sensor event relations that
often lack of capability to handle uncertainties. Hence, some researchers ignore the
potential interactions in the ADL in order to simplify the problems and some
consider the individual and cooperative interaction same as parallel interaction
(Benmansour et al., 2017; Chen & Tong, 2014; Lu & Chiang, 2014; Tran et al.,



2018). This is due to the ambient-based sensor are unobtrusive, ambiguous and
noisy in nature. Thus, the tendency of conflict in interaction is always possible.

Besides, due to the increasing numbers of resident living together in the smart
home environment, the existing works using traditional multi-class single label
classification is no longer incapable to cater the mentioned problem. Hence, the
multi label classification technique is deemed fit to incorporate with the challenges
in smart home environment. Therefore, with growth of multi-resident in the same
smart home, numbers of difficulties have aroused which are summarized as follow:

1. Inefficient performance of existing works due to suffer from the
inflexibility of expressing intricate of the sensor events relations to detect
activity and track the performers.

2. Class-overlapping in datasets from the real-world setting causing ambiguity
in prediction, as several classes may be associated with several different
classes with similar probabilities.

3. Conflict at interaction layer in multi-resident complex activity due to
increments number of resident living in the same smart home.

1.3 Research Objectives

The main purpose of this research is to improve the accuracy of activity recognition
for multi-resident in smart home environment. In order to achieve this objective,
other sub-objectives are proposed as follows:

1. To propose Adaptive Profiling (AP) of multi-resident consist of context
information of spatial to cater the class-overlapping problem from the real-
world setting datasets in the pre-processing stage.

2. To propose a Label Combination (LC) of multi label classification
technique with Random Forest (RF) as base classifier to improve the
accuracy to cater activity recognition of more than one resident.

3. To propose a multi label relation algorithm with Two-Stage Label
Combination (TSLC) method to detect and resolve the conflict occurrence
in interaction of complex activity of multi-resident.



1.4 Research Scope

This works limited to:

1.

Environmental-based sensor also called ambient-based sensor embedded in
the smart home environment provided but not limited to motion, pressure,
items, cupboard and door with binary states (ON/OFF, OPEN/CLOSED,
PRESENT/ABSENT), discrete-event sensors.

The multi-resident involved consisting of two residents due to current
public dataset available with not more than two residents only.

The two publicly available dataset; CASAS and ARAS datasets are selected
due to these dataset contain interaction activity including cooperative and
parallel activity that are considered as complex activity.

The multi-resident datasets are consisting the various types of activities of
daily living (ADL) such as bathing, dressing, grooming at the same time
must have the overlap activity such as pay bills, play checkers, move
furniture etc. based on the ADL performed by the multi-resident. However,
there are not much types obtainable but are limited from the mentioned
available public datasets only.

1.5 Research Contributions

This research is carried out to recognize activity of multi-resident in smart home
using ambient-based sensor technology that are installed and embedded in the
environment. The main contribution of this study is to improve the activity
recognition of multi-resident at the same time the social interaction is also detected
by using context information based on the multi-resident profiling. Thus, the
contributions listed as follows:

The correlation between activity and interaction layer of the ambient-based
sensor layer are explored to differentiate between simple and complex
activity of multi-resident.

The context layer of the ambient-based sensor layer is investigated to
identify possible context information including the temporal and spatial
information that is related with the multi-resident profiling.

The generated feature from spatial region table in smart home is proposed
based on sensor signal triggered that installed within the smart home
environment.



4. The profiling for multi-resident consists of context information of temporal
and spatial information is proposed for the smart home domain. It contains
desirable features augmentation such as adaptively previous activity
information with possible number clusters based on active labelsets.

5. The probability-based spatial region scanned is introduced to detect
different regions of certain activity performed within the environment.

6. Temporal information is presented to enhance pattern of individual resident
profiling based on sequence pattern from the routine activity of multi-
resident.

7. The multi label classification technique using Label Combination with
Random Forest (LC-RF) method is introduced to accommodate with the
increment number of residents living together in the same environment due
to its robustness and simplicity. The accuracy level has been compared with
other different base classifiers including k-NN, SVM and HMM.

8. The label augmentation is proposed using Two-Step Label Construction
(TSLC) method to resolve the conflict at the interaction layer based on the
current activity of the multi-resident.

1.6 Organization of the Thesis

The thesis is organized and structured into six chapters.

Chapter 1 gives brief introduction on the background of activity recognition from
various perspectives. The current trend and challenges in activity recognition from
numerous viewpoints have also been discussed. Limitation of present work,
research objectives, scopes and contribution of this research are explained in this
chapter.

Chapter 2 provides the background knowledge of sensor-based activity recognition
in smart home environment, simple and complex activity and machine learning
techniques including traditional single label multi-class and multi label
classification technique in smart home. Moreover, related studies and mechanism
for context information and conflict resolution approaches were reviewed.

Chapter 3 presents the first part of methodology applied in this research. It
specifies the research design, introduces the multi label learning framework,
justification and explanation of the methods of the research. Identifying the
selected performance metrics and evaluation of the proposed framework are
elaborated in this chapter.



Furthermore, the proposed methods in the framework are narrated in this thesis. In
Chapter 4, the proposed method is discussed to tackle the class-overlapping
problem, conflict resolution and multi label classification technique that have been
proposed in this research. The Adaptive Profiling (AP) and Two-Stage Label
Construction (TSLC) methods are proposed to cater the class-overlapping and label
dependency problems that coexist from the real-world datasets. Label Combination
with Random Forest (LC-RF) also narrated in this chapter.

Chapter 5 is dedicated for experimental setup and results for the proposed
framework. Furthermore, the results from the experimentation will be presented for
evaluating the proposed methods of the framework in different directions. In this
chapter, the proposed framework also will be compared with previous works.

The last chapter, Chapter 6 covers the conclusions of the entire research to
ascertain that the problem highlighted is solved and is aligned with the objective
stated. The recommendation based on the work for upcoming research is also
presented.
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