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Sanghoon and Eric were really great friends from the very first day in GT. We all went through

different hardships, some of which we shared, and I was very lucky to have them to share my

experiences with. I met Daniella Corporan and Norh Asmare via Joel Corporan. They were an

absolute treat to have met, and I am so glad I got the opportunity to meet them both. Joel on

the other hand... we met through a teaching course and remained friends since. Joel brings such

wonderful energy everywhere he goes, and he has helped me countless, but I mean COUNTLESS

times throughout the PhD. Joel has been nothing but a positive in my life.

There were a lot of other people who were a very positive influence for me, and provided

a lot of joy, support, and excitement. Jane Gong, Luis Rosa, Will Sealy, Nathan Glaser, Nauman

Ahad, Lane Dalan, Yash-yee Logan, Brett Ringel, and Emily Weigel made a huge difference in

my experience.

I would like to take the time to show appreciation to my friends who were not necessarily

involved in my graduate school experience but were very supportive in parallel to my experience.

Sandy Wu, Kate Lau, Angelica Quintana, Sasha Keisz, Peiqi Yang, David Wong, Josephine Seok,

Wilson Chau, Joe Small, Nevena Veljkovic, Katrina Suchoski, Lucas Orofino, Vitor Guilherme,

Agnes Wong, France Chan, Jacky Hong, Eddie Leon, Goyal Umadat, Hansol Choi, Mike Mones,

Shari Paltrowitz, Thuy Nguyen, Peggy Chern, Nicole Nowbahar,

To the folks from GT, I would like to thank you for making me feel like I belong, especially

given that I had no knowledge compared to any of you. There is the common trope of “imposter

syndrome” that often occurs in graduate school. I’ve always known that I didn’t have a single

drop of “imposter syndrome”. I knew I was the imposter, and you knew it too, yet you did not

treat me differently.

I would like to additionally give an extended thanks to the following people in chronological

iv



order: Sanghoon Lee, Mouhyemen Khan, Sandy Zhang, Krishna Sanka, Luis Ortiz, Uros Kuz-

manovic, Kenza Samlali, Giulia da Poian, Behnaz Eshaghi, Desmond Caulley, Bogdan Vlahov.

They were there for a very low point for me during my time in GT, and they were there to help me

through hard decisions, and if it wasn’t for each of them, my story could have been very different.

I would also really like to thank Brandon Lew, Dennis Delgado, Douglas Chau, and Siuka

Wong. I have already thanked you guys a few times, but I would like to re-iterate that I could

not be where I am without that huge push you all independently gave me back in Binghamton

University. I would like to also thank Kshitij for being the one to truly walk me through low-level

neural network programming, as it was a bit of a mess in my head, and he introduced those

concepts extremely clearly to me.

I think Georgia Tech is very well known for trying to squeeze as much money from the

students as possible and to hold a “sink-or-swim” mentality, thus the students understand that GT

doesn’t always have the students’ best interests first. A good number of the students understand

and accept that, and we build our own community to support each other. Matthieu Bloch played

a very significant role in my time in GT towards understanding that there are professors who

are there to help you. Matthieu gave me hope when things were looking downwards. He was

extremely kind in meeting me even when his schedule was tight and worked with me to find the

best solutions. I really appreciate Matthieu for his kindness throughout the time I’ve known him.

Chaitra Hegde was an essential part of my experience during my PhD and likely the most

important connection in my old lab. She was there pretty early on and she was a great emotional

support I could rely on. Chaitra was someone who I could vent to, practice presentations, share

ideas, come up with new ideas and really collaborate in many different aspects. There were many

positive and negative experiences we shared together, and I don’t think my experience would

have been as great if I didn’t have her in GT.

Desmond Caulley is someone who I’m eternally grateful for. Prior to meeting him, I felt

stuck. I felt so alone, and isolated in terms of research, and he was THE guy who helped most

helped me as a labmate throughout my PhD. When I first met him through Zoom during Covid,

v



a 30min turned into a 2:30h meeting, where we talked about a huge variety of topics, and not

even much about the work itself, which would come later. Desmond helped me understand so

many topics and helped me grow as a speech engineer in so many ways that I didn’t even know I

was lacking. I don’t think my work really started moving forward until I started talking to David,

and I don’t think I felt engaged with my work until I met Desmond. Desmond also took the time

to be super supportive when he really did not have to be, such as leaving me supportive notes

on my desk whenever he could.

I would like to give a special thanks to Mouhyemen Khan. Mouhyemen and I started together

in the teaching jumpstart for new TAs, and we soon found out we were taking the same Intro

to Robotics Research class together. The friendship started quite, as he would say, organically

and we maintained the friendship throughout the degree. He had my back when I was going

through a conflict, and he called me out when I was being unreasonable. He was there for the

bad times, and he was there for the joyous times. There was a lot of simultaneous growth that

we had together, and I am eternally grateful to have him as a friend during this time of my life.

Moving to a new country has many challenges; challenges that are unique and sometimes

hard to put into words, but it allows you to have a different appreciation for different aspects of

life. One of the first aspects of moving to the US that was a big change for me was how accessible

education is. I entered Bayside High School due to the music program, as that was the best way

for me to enter any school, having just immigrated to the US. In my first week, I was registered

to take an introduction to woodwinds class with Gagstetter, and by the end of the first week, I

was moved to a higher music class. I would however still see Gagstetter every day during my free

period, as Gagstetter used to have a music hang-out session during that period for anyone who

wished to come and play music. In the following years, I came to the realization that I could pick

up any instrument available in the music program and learn without having to pay a single dime,

which is when I realized how accessible education is in the US. However, a system by itself is

not enough to make changes to an individual. Gagstetter was the person who most enabled me

to change into someone who loved learning. He was always incredibly supportive towards us

vi



learning things, and being better, to the point he volunteered his time to show up to school at 7am

every day, and sometimes 6am simply to have us practice in the early morning. After spending 4

years with him, I went from someone who enjoyed doing things to having a passion for learning

new things. He is the reason why I had a full schedule from my 2nd year until my 4th year. He is

the reason why I would sit into classes I was not registered in throughout all of my undergraduate.

He is the reason why I was interested in learning more about different disciplines, leading me

to obtain multiple degrees in multiple disciplines. All because he made me love learning.

The first time I heard of Andy Fan was through some friends in BU who said that Andy

Fan just makes you change the way you think. When I took a class with Andy, it turned out

that that was true, Andy was the one who made me fall in love with optimization theory, and

who made me enjoy math and optimization before machine learning became “cool”. During

my time at BU, he taught me A LOT of things, and after I left BU, throughout my Ph.D., Andy

remained available to talk about research, to talk about experiments, and to talk about math when

I got stuck. Andy is one of the smartest and humblest guys I know, and he has been extremely

inspiring to me for years now. I am so glad I had the opportunity to be mentored by Andy.

Before acknowledging David, I would like to thank Vicki. David and Vicki Anderson would

host our lab at their home for games and hangouts, and Vicky was nothing but a positive pure

energy. She was extremely welcoming to a bunch of kids who had done nothing to deserve it.

She was kind and exciting, she was open-minded and there were so many topics that we could

speak to her about, and we would always learn something new from her. She has given me great

advice over the years, and she was incredibly supportive of everyone. Vicki is amazing. Plus,

everything she cooks (e.g. toffee, cookies) just keeps you wanting more and more and more, to

the point we can’t even play board games anymore because of how dirty our hands are. I am

so glad to have met David over the years, and one of the reasons is that, had I not met David,

I probably would never have met Vicki.

One thing that is always said when applying to a Ph.D. program is that an advisor can make or

break your Ph.D. and your experience. My experience with David Anderson started before I even

vii



found a lab in my first year. In my second semester at GT, I was a teaching assistant to a cohort of

professors for Introduction to Signal Processing, and on the day of the final exam (2018-01-12), I

had my very first interaction with David, as we handed out the exams. He was very open to talking

about his family, about his son who had just got into Brigham Young University and all the joys

in his life, and I quickly felt he was a very positive person to be around. Over the following years,

I started coming to him for external advice on some of my work, and he was always extremely

eager to help, discuss, and provide insightful advice, which I truly valued. Fast-forward some time,

he became my co-advisor as we were on a project where we needed some more audio insight, and

I thought he was a great fit. He then helped me through some shaky waters and soon became my

main advisor. As the years went from my first year to my last year, it is common for students or co-

workers to discuss their experiences with an advisor, and it is common for negative traits to come

out, after all, no one is perfect. What is not common is for many people to talk so positively about

an individual, which was the case for David. By many people, I do not mean 2-3 people; I do not

mean 5-9 people; I am talking about 15-20 people in different labs, in different departments, in

different positions, ranging from students to chairs; from professors to academic counselors. There

were so many people saying so many positive things about David that it was almost unbelievable.

Well... it is rather unbelievable until you start working with David. David has acted far and beyond

as a research advisor for me. He has been a mentor, someone who I could ask about life questions,

someone whom I could disclose personal problems, someone who was willing to get a pay cut

in order to ensure I had a teaching position over the summer term and could pay my bills, and so

much more than what a research advisor is intended to be. David has been nothing but a positive

influence on my Ph.D. and my life. He is extremely knowledgeable about many things in his field

AND outside of his field, and he taught me many more things than I expected. While I observed

many of my peers being exhausted by the end of their Ph.D.s, David alone was able to make

me excited about the work until my last day, and this speaks so much volumes about the type

of advisor he is. About the type of person he is. Every school has their golden eggs; these golden

people who are usually quiet, don’t make a lot of noise or do not emanate all of their positive

viii



attributes and/or successes to increase publicity, and it’s very hard to find them. But when you do

find them, in a world of 7 billion people, and 7 billion interactions, you realize how lucky you are

to have crossed paths with that individual. For Boston University, Andy Fan was that golden egg

for me. For Bayside High School, it was William Gagstetter for me. This is not to say that there

weren’t other golden eggs. There were, but those were the biggest for me. For Georgia Tech, I

HAVE to state as a fact that if you do not put the effort to get to know David, you are immediately

doing yourself a disservice. David, thank you for the wonderful time you’ve given me during

my time at Georgia Tech. If it wasn’t for you, my story would have been very different.

In child psychology, it is studied that there are three main factors that shape the individual: the

friends, the teachers, and the family. I think some people usually have a tendency to attributing

most of their success to their friends and mentors and often get desensitized by all of the help

that their parents and family have provided them, and the desensitization is that... “it’s their job”.

In my case, I have a wonderful sister and extremely amazing parents. When you have parents

who are present, wish you well, and help guide you through life, even after you’ve left their

home, to a great extent, you are a product of them. Friends/peers and teachers/mentors all play

an important role into your shaping as external influences, but when you are as lucky as I am

to have the parents and the sister that I have, all those external influences mean nothing without

your family as the base. My sister, Natalia, was extremely supportive of me throughout all of

my years. She always made sure to call when I was having a bad time, and we’d spend hours

talking about random things. All of my successes are a product of my family. All of my failures...

well... I’ll say they’re mostly from me. I thank my family for their patience with me. I understand

a graduation has been long overdue and they were tired of seeing me being a masochist and

continuing my education for this extended period of time. So thank you for supporting me, for

cheering for me during dark times, for providing me with knowledge, and for always reminding

me that you were rooting for my success even when I was going through some great failures.

Sandy Zhang was by far the most important person in my PhD. It is really hard to put into a few

sentences how important Sandy is and was throughout this journey. From the day I got accepted

ix



to the program and started wondering where I should go, I couldn’t have chosen to go through

the journey of Georgia without Sandy. Choosing to move to Georgia and do a long-distance

relationship was one of the hardest decisions I had to make, and I think Sandy choosing to let me

go was one of her hardest decisions as well. There were so many sacrifices that Sandy agreed to

make with me, and it really is priceless to have her in my life. People always said that long-distance

relationships suck and that most of the time they don’t last. I think it’s really common for a long-

distance relationship to be hard, but Sandy really made the relationship easy. She was cooperative,

understanding, and supportive and would always call on my crap whenever I was actually wrong

on my decisions. Sandy understood (I think) what I was going through at my highs and my lows.

She was supportive when I had my problems and encouraged me to move forward in a field that I

had close to no experience in. She committed to come visit me very often, and a number of times

came promptly when I was having a really bad time. She welcomed me in her home during the

pandemic and helped me in my research whenever I needed to bounce ideas off of someone despite

her not knowing the field. I think I could write another Ph.D. thesis on how supportive Sandy was

and why in the world she decided to be with me, but I think this is better left for future directions.

No one is self-made. Everyone is a product of those who surround them. The people men-

tioned above are far from the only people who deserve credit for the success of this thesis, but

they are some who made the most difference.

x



TABLE OF CONTENTS

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xviii

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xix

List of Acronyms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xxx

Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xxxi

Chapter 1: Introduction and Background . . . . . . . . . . . . . . . . . . . . . . . 1

Chapter 2: Design of Server . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2 Mapping the Interior of a Home . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2.1 LiDAR Sensor . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.3 Data Collection via Raspberry Pis and Microphone Arrays . . . . . . . . . . . 15

2.3.1 Raspberry Pis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.2 ReSpeaker Microphone Array . . . . . . . . . . . . . . . . . . . . . 15

2.4 Audiosockets: Networked communications between Raspberry Pis and a Server 17

2.4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.4.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

xi



2.4.3 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.4.4 Usage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.5 The Computing Server and Data Storage . . . . . . . . . . . . . . . . . . . . 25

Chapter 3: Networked Sensor Localization . . . . . . . . . . . . . . . . . . . . . . 26

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.2 Methods and Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2.1 Room . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.2.2 Agent . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2.3 Swarm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2.4 AgentUnicycle and SwarmUnicycle . . . . . . . . . . . . . . . . . . 34

3.3 Control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3.1 Lloyd’s Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.3.2 Avoiding Obstacles . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.3.3 Avoiding other Agents by Proximity Weights . . . . . . . . . . . . . 40

3.3.4 Increasing Coverage by Finding the Largest Boundary . . . . . . . . . 42

3.3.5 Increasing Coverage in Directional Sensors . . . . . . . . . . . . . . 43

3.3.6 Total Control Formulation . . . . . . . . . . . . . . . . . . . . . . . 46

3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.4.1 Lloyd’s Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.4.2 Lloyd’s Algorithm with Proximity Control, while avoiding obstacles . 48

3.4.3 Lloyd’s Algorithm with Proximity Control and Boundary Coverage Control 49

xii



3.4.4 Area Coverage using Grid Formation . . . . . . . . . . . . . . . . . . 50

3.4.5 Optimizing Number of Sensors at EP6 . . . . . . . . . . . . . . . . . 51

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

Chapter 4: Detection of Out-of-Class Samples for Auto-Enrollment in Speaker Iden-
tification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.2 X-Vector System Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.2.1 The Original System . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.2.2 Our Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.3 Prototypical Model as a Few-Shot Learning Procedure . . . . . . . . . . . . . 63

4.3.1 Data Loader . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.3.2 Prototypical Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.4 Neural Network Training of X-Vector System . . . . . . . . . . . . . . . . . 66

4.5 Detecting Out-of-Class Samples . . . . . . . . . . . . . . . . . . . . . . . . 67

4.6 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

4.7 t-SNE Projections . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.8 Varying Enrolled Speakers . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

4.9 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

Chapter 5: Hybridizing Auto-Enrollment and Few-Shot Speaker Identification for
Zero-Shot Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.2 Setting up the Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.3 t-SNE projections . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

xiii



5.4 Hungarian Algorithm to Match the Speakers . . . . . . . . . . . . . . . . . . 93

5.5 Development of Detecting and Re-Identifying Speakers . . . . . . . . . . . . 96

5.5.1 Baseline: Using the x-vectors and a queue to generate statistics . . . . 96

5.5.2 Utilizing the covariance of speakers with more than 41mins of audio as
the base covariance . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

5.5.3 Performing an Initial Enrollment via Model Covariance Adaptation . . 103

5.5.4 Using Algorithmic Statistics to Update the Statistics of Each Class . . 107

5.5.5 Performing an Initial Model Covariance Adaptation and Using Algorith-
mic Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.5.6 Performing an Initial Model Covariance Adaptation and Using Algorith-
mic Mean . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

5.5.7 Test Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

Chapter 6: Platform Development at Georgia Tech's Aware Home . . . . . . . . .124

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

6.2 Determining the Location of the Microphones . . . . . . . . . . . . . . . . . 125

6.3 Networked Communication Between Computers . . . . . . . . . . . . . . . . 127

6.4 Graphic User Interface for Visualizing the Collected Data . . . . . . . . . . . 129

6.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

Appendices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .135

Chapter A: Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .136

A.1 HDF5: Reading and Writing . . . . . . . . . . . . . . . . . . . . . . . . . . 136

A.1.1 Tutorial: Writing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

xiv



A.1.2 Tutorial: Reading . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

A.1.3 Full example for a ML problem . . . . . . . . . . . . . . . . . . . . 138

A.2 Viewing your HDF5 data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

Chapter B: Instructions on Using the Sound Pressure Level Meter Software . . . . 141

Chapter C: Calibration of Microphone Arrays . . . . . . . . . . . . . . . . . . . . 145

C.1 Collecting Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

C.2 Calibration Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

C.3 Directionality Invariance . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

Chapter D: Supplemental Results from Networked Control . . . . . . . . . . . . . 149

D.1 Coverage of EP6 using a Grid Formation . . . . . . . . . . . . . . . . . . . . 149

Chapter E: Additional Results from Ablation Study . . . . . . . . . . . . . . . . . 152

E.1 Example 1: Recording djqif . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

E.1.1 Using a base system . . . . . . . . . . . . . . . . . . . . . . . . . . 152

E.1.2 Using a well-defined covariance from VoxCeleb1 . . . . . . . . . . . 155

E.1.3 Computing Statistics in an Algorithmic form to Adjust the Statistics of
the Clusters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

E.1.4 Performing an Initial Model Covariance Adaptation . . . . . . . . . . 159

E.1.5 Adapting the Initial Model Covariance and Using Algorithmic Statistics 162

E.1.6 Adapting the Initial Model Covariance and Using Algorithmic Statistics 164

E.2 Example 2: Recording fkvvo . . . . . . . . . . . . . . . . . . . . . . . . . . 166

E.2.1 Using a base system . . . . . . . . . . . . . . . . . . . . . . . . . . 166

xv



E.2.2 Using a well-defined covariance from VoxCeleb1 . . . . . . . . . . . 168

E.2.3 Computing Statistics in an Algorithmic form to Adjust the Statistics of
the Clusters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170

E.2.4 Performing an Initial Model Covariance Adaptation . . . . . . . . . . 172

E.2.5 Adapting the Initial Model Covariance and Using Algorithmic Statistics 175

E.2.6 Adapting the Initial Model Covariance and Using Algorithmic Statistics 177

E.3 Example 3: Recording ldkmv . . . . . . . . . . . . . . . . . . . . . . . . . . 179

E.3.1 Using a base system . . . . . . . . . . . . . . . . . . . . . . . . . . 179

E.3.2 Using a well-defined covariance from VoxCeleb1 . . . . . . . . . . . 181

E.3.3 Computing Statistics in an Algorithmic form to Adjust the Statistics of
the Clusters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

E.3.4 Performing an Initial Model Covariance Adaptation . . . . . . . . . . 185

E.3.5 Adapting the Initial Model Covariance and Using Algorithmic Statistics 188

E.3.6 Adapting the Initial Model Covariance and Using Algorithmic Statistics 190

E.4 Example 4: Recording zcdsd . . . . . . . . . . . . . . . . . . . . . . . . . . 192

E.4.1 Using a base system . . . . . . . . . . . . . . . . . . . . . . . . . . 192

E.4.2 Using a well-defined covariance from VoxCeleb1 . . . . . . . . . . . 194

E.4.3 Computing Statistics in an Algorithmic form to Adjust the Statistics of
the Clusters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196

E.4.4 Performing an Initial Model Covariance Adaptation . . . . . . . . . . 198

E.4.5 Adapting the Initial Model Covariance and Using Algorithmic Statistics 201

E.4.6 Adapting the Initial Model Covariance and Using Algorithmic Statistics 203

Chapter F: Data Sheets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .205

xvi



References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .225

xvii



LIST OF TABLES

3.1 Results from placing the sensors in a grid formation and varying the distance
between the sensors, thus increasing the number of sensors in a space, and
computing the area covered by the swarm. . . . . . . . . . . . . . . . . . . . 51

4.1 Table provided by Snyderet al.[106] as Table 1. . . . . . . . . . . . . . . . . 62

4.2 Our architecture of the x-vector system. . . . . . . . . . . . . . . . . . . . . . 64

4.3 VoxCeleb1 dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.4 List of speakers in VoxCeleb who contained more than 2500 1s segments. Only
the ones belonging to the train split were used to build the Gaussian models. . . 73

5.1 VoxConverse dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

5.2 Quantitative results on the test set of VoxConverse . . . . . . . . . . . . . . . 119

6.1 Final locations of maximum coverage experiment for the Aware Home . . . . 125

xviii



LIST OF FIGURES

2.1 Schematics and dimensions of Slamtec's LiDAR . . . . . . . . . . . . . . . . 10

2.2 Custom setup of Slamtec's LiDAR on a camera tripod. . . . . . . . . . . . . . 11

2.3 Example of using our system on David Anderson's lab space on the Technology
Square Research Building's 5th floor. (Top) Camera picture of the lab space.
(Bottom) LiDAR recording of the space. . . . . . . . . . . . . . . . . . . . . 12

2.4 Visualizing the data collected from the LiDAR sensor. . . . . . . . . . . . . . 13

2.5 Reorganizing and aligning the data collected from the LiDAR sensor. . . . . . 14

2.6 Example of the system's results on the 5th floor of Technology Square Research
Building. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.7 Basic information on the microphone array . . . . . . . . . . . . . . . . . . . 16

2.8 Mechanism for the audiosockets package. The different colored superblocks
represent the different parallel processes which are operating and communicating
with each other. The superblock which contains circular shapes (i.e. Recorder
and Processors) are the clients, and the superblock with rectangular shapes
represents the local server which is to be deployed in a system. . . . . . . . . . 19

2.9 A simplistic overview diagram of the capabilities of the package . . . . . . . . 22

3.1 The floor plan for the Executive Park 6 building for the Cognitive Empowerment
Program . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 Rooms created to be used for development and evaluated for the frameworks
and experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3 A demonstration of calculation of the follow wall and avoid obstacles control vectors30

xix



3.4 Finding the visible region of an agent where the angular step equals the angular
width . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.5 Optimizing the hyperparameters to find the best visible region . . . . . . . . . 31

3.7 Single agent region assignment in a convex environment . . . . . . . . . . . . 33

3.8 Single agent region assignment in a convex environment . . . . . . . . . . . . 33

3.9 Intermediate results on development of the tessellation computation, where the
current system cannot account for non-simply connect environments. . . . . . 34

3.10 Substep results as dictated by the algorithm 1 . . . . . . . . . . . . . . . . . . 36

3.11 The results from algorithm 1. As it can be seen, there are a few segments that
are present in Figure 3.11a and not in Figure 3.11b, which are segments that are
disconnected from the main region. . . . . . . . . . . . . . . . . . . . . . . . 37

3.12 Computing centroids of the tessellation with two different examples. . . . . . . 37

3.13 Four different examples usingAgent , AgentUnicle , Swarm, andSwarmUnicycle 38

3.14 The barrier function chosen for weighing the unit vector of the avoid obstacle . 40

3.15 Energy functions used for distancing control over agents . . . . . . . . . . . . 42

3.16 Example of a control for increasing unexplored areas via finding the largest
boundary of its visible region to a completely unseen region by any of the agents. 44

3.17 Visual representation of howuri is computed . . . . . . . . . . . . . . . . . . 45

3.18 Visual representation of howuic is computed. The yellow region is the visible
area to an agentai , and the black region represents the region thatai can sense,
but that no other agent can sense it . . . . . . . . . . . . . . . . . . . . . . . 46

3.19 Usage of Lloyd's algorithm in a non-simply connected space. . . . . . . . . . 48

3.20 Adding the proximity control established in subsection 3.3.3 and the obstacle
avoidance (subsection 3.3.2) . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.21 Usage of Lloyd's algorithm (subsection 3.3.1), obstacle avoidance (subsec-
tion 3.3.2), proximity control (subsection 3.3.3), and boundary coverage (sub-
section 3.3.4) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

xx



3.22 An example of a grid formation with a distance of 6.95m between each sensor,
yielding 21 total sensors, and a coverage of 92.46% of the space. . . . . . . . . 50

3.23 Plotted results from Table 3.1 where the size of the markers are correlated
with the distance between the sensors, and the black dashed line represents the
targeted 100% coverage. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.24 Final tessellation of 3 agents for four different trials where the agents started in
randomized positions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.25 Entire coverage progression of the 3-agent swarm's tessellation in four different
trials where the agents started in randomized positions . . . . . . . . . . . . . 53

3.26 Final tessellation of 4-9 agents in the EP6 space, where the agents start in
uniformly random locations . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.27 Final tessellation of 10-15 agents in the EP6 space, where the agents start in
uniformly random locations . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.28 The covered area progressions for every trial in different swarms, ranging from
3 agents to 15 agents. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.29 Final coverage of 3-15 agent swarms under 8 different trials . . . . . . . . . . 57

3.30 Box plots of the values shown in Figure 3.29 for every number of agents in a
swarm, where the white rhombus represents the maximum value from the 8 trials.58

4.1 Training and testing framework. . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.2 Example of comparing the Euclidean distance with the Mahalanobis distance
to two distributions with two highly different covariance matrices . . . . . . . 70

4.3 Accuracies of the x-vector systems trained as prototypical networks over the test set72

4.4 Speaker embeddings for different speakers belonging to the test unseen split for
an x-vector system trained withK =5, NS =10, F =32 . . . . . . . . . . . . 74

4.5 The Mahalanobis distance from every embedding in the train seen and train
unseen to the speaker distributions on the train seen split. . . . . . . . . . . . . 75

4.6 Distributions of the Mahalanobis distances in comparison to every seen speaker. 76

4.7 The distributions of the seen and unseen speakers within the test seen and test
unseen splits. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

xxi



4.8 The metrics for the classification between seen and unseen speakers when
varying the Mahalanobis distance threshold. . . . . . . . . . . . . . . . . . . 79

4.9 The equal error rate performance for the task of classifying speech samples as
previously seen or unseen speakers . . . . . . . . . . . . . . . . . . . . . . . 80

4.10 F1 scores for the task of classifying speech samples as previously seen or unseen
speakers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.11 Two examples of long recordings from the dataset VoxConverse. . . . . . . . . 82

4.12 Two additional examples of long recordings from the dataset VoxConverse. . . 83

4.13 Two additional examples of long recordings from the dataset VoxConverse. . . 84

4.14 Using joint Mahalanobis distances (n = 5), the performance metrics of the
system when using different number of enrolled speakers. . . . . . . . . . . . 85

5.1 Number of recordings containingK number of speakers . . . . . . . . . . . . 89

5.2 Procedure of generating segment labels. Here, the x-ticks are the time stamps
of every Fourier Transform in a spectrogram, and each segment (i.e. window)
contains 4 points representative of a Fourier Transform. . . . . . . . . . . . . 90

5.3 Examples of t-SNE projections of the x-vectors of the segments in different
recordings from VoxConverse . . . . . . . . . . . . . . . . . . . . . . . . . . 92

5.4 Given that the system will be registering speakers without knowing the proper
labels, there is a need to match the predicted labels with the actual labels. . . . 94

5.5 An example of an assignment problem between plumbers and houses . . . . . 94

5.6 The resultant bipartite graph of assigning plumbers to jobs . . . . . . . . . . . 95

5.7 An example of the usage of the Hungarian algorithm and a greedy matching
algorithm on the example in Figure 5.4. . . . . . . . . . . . . . . . . . . . . . 96

5.8 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.1 on the recording cmfyw in VoxConverse.
The recording contains 6 speakers and the system detected 177. . . . . . . . . 98

5.9 Speaker identification after matching algorithms using the base system described
in subsection 5.5.1 on the recording cmfyw, which contains 6 speakers. . . . . 99

xxii



5.10 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.2 on the recording cmfyw in VoxConverse. The
recording contains 6 speakers and the system detected 177. . . . . . . . . . . . 101

5.11 Speaker identification after matching algorithms using the system described in
subsection 5.5.2 on the recording cmfyw, which contains 6 speakers. . . . . . . 102

5.12 Evolution of the model covariance matrix. Thex-axis represents each of the 32
eigenvalues of the covariance, and they-axis represents the values. . . . . . . . 104

5.13 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.3 on the recording cmfyw in VoxConverse.
The recording contains 6 speakers and the system detected 26. . . . . . . . . . 105

5.14 Speaker identification after matching algorithms using the base system described
in subsection 5.5.3 on the recording cmfyw, which contains 6 speakers. . . . . 106

5.15 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.4 on the recording cmfyw in VoxConverse.
The recording contains 6 speakers and the system detected 148. . . . . . . . . 111

5.16 Speaker identification after matching algorithms using the base system described
in subsection 5.5.4 on the recording cmfyw, which contains 6 speakers. . . . . 112

5.17 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.5 on the recording cmfyw in VoxConverse.
The recording contains 6 speakers and the system detected 22. . . . . . . . . . 114

5.18 Speaker identification after matching algorithms using the base system described
in subsection 5.5.5 on the recording cmfyw, which contains 6 speakers. . . . . 115

5.19 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.6 on the recording cmfyw in VoxConverse.
The recording contains 6 speakers and the system detected 12. . . . . . . . . . 117

5.20 Speaker identification after matching algorithms using the base system described
in subsection 5.5.6 on the recording cmfyw, which contains 6 speakers. . . . . 118

5.21 Comparison of the different systems for the ablation study on the distribution (via
letter-value plots) of the number of speakers each system registered for the test set.120

5.22 Comparison of the different systems on the distribution (via letter-value plots)
on the accuracies of the systems when using the Hungarian algorithm (top) and
a greedy matching (bottom) on the test set. . . . . . . . . . . . . . . . . . . . 121

xxiii



5.23 Accuracy performance on the train and test set when varying the number of
speakers present. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

6.1 Mapping representations of the Aware Home's first floor, which was to be used
to determine the optimal locations of the microphones. . . . . . . . . . . . . . 126

6.2 Final configuration in sensor localization for maximum coverage of the Aware
Home. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

6.3 Demonstration of 4 Raspberry Pis sending data over a network to the server. . . 127

6.4 Demonstration of the (left) server having 5 connections (4 RPis + 1 processor)
and (right) a processor showing the DoA, voice activity, and dimensions of the
x-vectors for different Raspberry Pis. . . . . . . . . . . . . . . . . . . . . . . 128

6.5 Demonstration of the UI of InfluxDB, displaying the direction of arrival angle
for three Raspberry Pis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

6.6 Infrastructure of the platform, portraying the Raspberry Pis in red and the server
in a light blue color. The solid arrows represent communications within a com-
puter, and the dashed arrows represent communications between computers. The
latter communications were done via audiosockets over a local area network. . 130

6.7 Time controls on the dashboard to determine the time window to which to query
the InfluxDB database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

6.8 Final version of the dashboard . . . . . . . . . . . . . . . . . . . . . . . . . . 132

A.1 Examples of using JupyterLab and h5web . . . . . . . . . . . . . . . . . . . 140

C.1 Distribution of uncalibrated dBA levels from four different directions (N,S,E,W)
shown in orange, green, blue, and red, respectively, where each subplot represents
the outputs from the same microphone. . . . . . . . . . . . . . . . . . . . . . 147

C.2 Distribution of calibrated dBA levels from four different directions (N,S,E,W)
shown in orange, green, blue, and red, respectively, where each subplot represents
the outputs from the same microphone. . . . . . . . . . . . . . . . . . . . . 148

D.1 Coverage results by using a grid formation with the distance between the sensors
ranging between 7.31m-5.49m . . . . . . . . . . . . . . . . . . . . . . . . . 150

xxiv



D.2 Coverage results by using a grid formation with the distance between the sensors
ranging between 4.75m-3.65m . . . . . . . . . . . . . . . . . . . . . . . . . 151

E.1 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.1 on the recording djqif in VoxConverse. The
recording contains 4 speakers and the system detected 129. . . . . . . . . . . . 153

E.2 Speaker identification after matching algorithms using the base system described
in subsection 5.5.1 on the recording djqif, which contains 4 speakers. . . . . . 154

E.3 Raw results from speaker detection and speaker identification using the sys-
tem described in subsection 5.5.2 on the recording djqif in VoxConverse. The
recording contains 4 speakers and the system detected 393. . . . . . . . . . . . 155

E.4 Speaker identification after matching algorithms using the system described in
subsection 5.5.2 on the recording djqif, which contains 4 speakers. . . . . . . . 156

E.5 Raw results from speaker detection and speaker identification using the sys-
tem described in subsection 5.5.4 on the recording djqif in VoxConverse. The
recording contains 4 speakers and the system detected 96. . . . . . . . . . . . 157

E.6 Speaker identification after matching algorithms using the system described in
subsection 5.5.4 on the recording djqif, which contains 4 speakers. . . . . . . . 158

E.7 Evolution of the model covariance matrix for djqif. . . . . . . . . . . . . . . . 159

E.8 Raw results from speaker detection and speaker identification using the sys-
tem described in subsection 5.5.3 on the recording djqif in VoxConverse. The
recording contains 4 speakers and the system detected 21. . . . . . . . . . . . 160

E.9 Speaker identification after matching algorithms using the system described in
subsection 5.5.3 on the recording djqif, which contains 4 speakers. . . . . . . . 161

E.10 Raw results from speaker detection and speaker identification using the sys-
tem described in subsection 5.5.5 on the recording djqif in VoxConverse. The
recording contains 4 speakers and the system detected 15. . . . . . . . . . . . 162

E.11 Speaker identification after matching algorithms using the system described in
subsection 5.5.5 on the recording djqif, which contains 4 speakers. . . . . . . . 163

E.12 Raw results from speaker detection and speaker identification using the sys-
tem described in subsection 5.5.6 on the recording djqif in VoxConverse. The
recording contains 4 speakers and the system detected 11. . . . . . . . . . . . 164

xxv



E.13 Speaker identification after matching algorithms using the system described in
subsection 5.5.6 on the recording djqif, which contains 4 speakers. . . . . . . . 165

E.14 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.1 on the recording fkvvo in VoxConverse.
The recording contains 10 speakers and the system detected 271. . . . . . . . . 166

E.15 Speaker identification after matching algorithms using the base system described
in subsection 5.5.1 on the recording fkvvo, which contains 10 speakers. . . . . 167

E.16 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.2 on the recording fkvvo in VoxConverse. The
recording contains 10 speakers and the system detected 450. . . . . . . . . . . 168

E.17 Speaker identification after matching algorithms using the system described in
subsection 5.5.2 on the recording fkvvo, which contains 10 speakers. . . . . . 169

E.18 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.4 on the recording fkvvo in VoxConverse. The
recording contains 10 speakers and the system detected 244. . . . . . . . . . . 170

E.19 Speaker identification after matching algorithms using the system described in
subsection 5.5.1 on the recording fkvvo, which contains 10 speakers. . . . . . 171

E.20 Evolution of the model covariance matrix for fkvvo. . . . . . . . . . . . . . . 172

E.21 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.3 on the recording fkvvo in VoxConverse. The
recording contains 10 speakers and the system detected 51. . . . . . . . . . . . 173

E.22 Speaker identification after matching algorithms using the system described in
subsection 5.5.3 on the recording fkvvo, which contains 10 speakers. . . . . . 174

E.23 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.5 on the recording fkvvo in VoxConverse. The
recording contains 10 speakers and the system detected 49. . . . . . . . . . . . 175

E.24 Speaker identification after matching algorithms using the system described in
subsection 5.5.5 on the recording fkvvo, which contains 10 speakers. . . . . . 176

E.25 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.6 on the recording fkvvo in VoxConverse. The
recording contains 10 speakers and the system detected 19. . . . . . . . . . . . 177

xxvi



E.26 Speaker identification after matching algorithms using the system described in
subsection 5.5.6 on the recording fkvvo, which contains 10 speakers. . . . . . 178

E.27 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.1 on the recording ldkmv in VoxConverse.
The recording contains 6 speakers and the system detected 204. . . . . . . . . 179

E.28 Speaker identification after matching algorithms using the base system described
in subsection 5.5.1 on the recording ldkmv, which contains 6 speakers. . . . . . 180

E.29 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.2 on the recording ldkmv in VoxConverse. The
recording contains 6 speakers and the system detected 411. . . . . . . . . . . . 181

E.30 Speaker identification after matching algorithms using the system described in
subsection 5.5.2 on the recording ldkmv, which contains 6 speakers. . . . . . . 182

E.31 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.4 on the recording ldkmv in VoxConverse. The
recording contains 6 speakers and the system detected 160. . . . . . . . . . . . 183

E.32 Speaker identification after matching algorithms using the system described in
subsection 5.5.4 on the recording ldkmv, which contains 6 speakers. . . . . . . 184

E.33 Evolution of the model covariance matrix for ldkmv. . . . . . . . . . . . . . . 185

E.34 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.3 on the recording ldkmv in VoxConverse. The
recording contains 6 speakers and the system detected 42. . . . . . . . . . . . 186

E.35 Speaker identification after matching algorithms using the system described in
subsection 5.5.3 on the recording ldkmv, which contains 6 speakers. . . . . . . 187

E.36 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.5 on the recording ldkmv in VoxConverse. The
recording contains 6 speakers and the system detected 35. . . . . . . . . . . . 188

E.37 Speaker identification after matching algorithms using the system described in
subsection 5.5.5 on the recording ldkmv, which contains 6 speakers. . . . . . . 189

E.38 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.6 on the recording ldkmv in VoxConverse. The
recording contains 6 speakers and the system detected 16. . . . . . . . . . . . 190

xxvii



E.39 Speaker identification after matching algorithms using the system described in
subsection 5.5.6 on the recording ldkmv, which contains 6 speakers. . . . . . . 191

E.40 Raw results from speaker detection and speaker identification using the base
system described in subsection 5.5.1 the recording zcdsd in VoxConverse. The
recording contains 5 speakers and the system detected 274. . . . . . . . . . . . 192

E.41 Speaker identification after matching algorithms using the base system described
in subsection 5.5.1 on the recording zcdsd, which contains 5 speakers. . . . . . 193

E.42 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.2 the recording zcdsd in VoxConverse. The recording
contains 5 speakers and the system detected 512. . . . . . . . . . . . . . . . . 194

E.43 Speaker identification after matching algorithms using the system described in
subsection 5.5.2 on the recording zcdsd, which contains 5 speakers. . . . . . . 195

E.44 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.4 the recording zcdsd in VoxConverse. The recording
contains 5 speakers and the system detected 207. . . . . . . . . . . . . . . . . 196

E.45 Speaker identification after matching algorithms using the system described in
subsection 5.5.4 on the recording zcdsd, which contains 5 speakers. . . . . . . 197

E.46 Evolution of the model covariance matrix for zcdsd. . . . . . . . . . . . . . . 198

E.47 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.3 the recording zcdsd in VoxConverse. The recording
contains 5 speakers and the system detected 38. . . . . . . . . . . . . . . . . . 199

E.48 Speaker identification after matching algorithms using the system described in
subsection 5.5.3 on the recording zcdsd, which contains 5 speakers. . . . . . . 200

E.49 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.5 the recording zcdsd in VoxConverse. The recording
contains 5 speakers and the system detected 35. . . . . . . . . . . . . . . . . . 201

E.50 Speaker identification after matching algorithms using the system described in
subsection 5.5.5 on the recording zcdsd, which contains 5 speakers. . . . . . . 202

E.51 Raw results from speaker detection and speaker identification using the system
described in subsection 5.5.6 the recording zcdsd in VoxConverse. The recording
contains 5 speakers and the system detected 15. . . . . . . . . . . . . . . . . . 203

xxviii



E.52 Speaker identification after matching algorithms using the system described in
subsection 5.5.6 on the recording zcdsd, which contains 5 speakers. . . . . . . 204

xxix



LIST OF ACRONYMS

BIC Bayesian information criterion

DNN Deep Neural Network

DoA direction-of-arrival

e-HMM evolutive hidden Markov model

EER equal error rate

FNR false negative rate

FPR false positive rate

GMM Gaussian mixture model

HMM hidden Markov model

JFA joint factor analysis

LiDAR light detection and ranging

MCI mild-cognitive impairment

PLDA probabilistic linear discriminant analysis

ReLU rectified linear unit

ROS Robot Operating System

RPi Raspberry Pi

RTTM Rich Transcription Time Marked

SPL Sound Pressure Level meter

t-SNE t-Distributed Stochastic Neighbor Embedding

TSRB Technology Square Research Building

UBM universal background model

xxx



SUMMARY

While many individuals naturally experience a natural cognitive decline due to old age, a

significant number of individuals experience a faster cognitive decline, which may manifest itself

as dementia. While there are many studies on preventative care for those individuals, the quantity

of social interactions for those individuals, on a daily basis, plays a large role in whether or not

they experience a rapid cognitive decline.

A monitoring system capable of identifying speakers with very little data would a crucial first

step to understand the nature of those interactions, but it is challenging to identify speakers with

close to zero training data. There have been many advancements in speaker identification in the

field of speech processing. Speaker identification is a different type of classification problem,

given that it requires an enrollment component to it. Some high performant frameworks may

sometimes need long durations of audio for each speaker, and while there has been progress on

diminishing the amount of training data to develop such speaker identification systems [1, 2, 3,

4], research on these topics are nevertheless important. A system capable of quickly enrolling

speakers for identification could lead to many more applications beyond preventative health care.

One example could be that movies, TV shows and other forms of media could have enhanced

subtitles. While present day subtitles inform the audience what is being said, it doesn't always in-

form who is speaking. Hard-of-hearing audiences suffer from such a visualization, as they can only

infer that the person speaking is present on the screen. If such a framework is capable of running

as an online algorithm, thousands of hours of videos/podcasts could be properly tagged to assist

deaf individuals. Additionally, if such a system was capable of running in real-time, journalistic

interviews, presidential debates, sports commentaries could also benefit from such an expansion.

This work builds the backbone and a functional system capable of doing speaker identification

in real-time, aiming to bridge the gaps for the purposes of monitoring the quantity of interactions

for at-risk populations. It paves a different pathway for an individual to map the interior of a

space (e.g. home, office), determine optimal locations to place microphone arrays, set up a server

xxxi



and edge nodes, and run the aforementioned autonomous system capable of detecting new classes

(i.e. speakers) with only 2.5 seconds of audio, auto-enrolling new speakers, and re-identifying

the speakers in real-time.
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CHAPTER 1

INTRODUCTION AND BACKGROUND

We all may know someone or know someone who knows someone who goes through dementia.

Dementia patients (e.g. Alzheimer's) may sometimes suffer from short-term or long-term memory

loss and may find themselves distraught not knowing what is occurring around them, or with

whom they are surrounded. Dementia is a devastating disease that occurs in many members

of society, but one does not simply fall into dementia overnight. While most people naturally

go through a natural cognitive decline, dementia patients undergo an intermediary period called

mild-cognitive impairment (MCI), which can be characterized by a steep progression [5]. There

are a lot of studies that focus on this period, where people may ask: “Is it possible to prolong

this period as much as possible so that individuals never go through dementia?”, or even “Is it

possible to avoid having individuals fall under MCI?”.

Many different factors may increase the risks of an individual falling into dementia. Negative

social interactions, such as being excluded from social events, receiving unsympathetic or insen-

sitive behaviors from others, or not receiving help when needed, can oftentimes increase the risk

factors up to 60% of getting dementia [6]. Aside from the quality of the social interactions, it's

been studied that the number of interactions an individual has daily greatly impacts their cognitive

decline. As an example, a study of 1000 European men over the age of 70 found that men who

lost a partner and lived alone experienced twice as much cognitive decline over a 10-year period

when compared to other men who did not live alone [7].

Therefore, we sought to study the quality and quantity of interactions of those who experi-

enced MCI. However, a lot of individuals have multiple interactions over the course of a day, with

their kids, grandchildren, and different caregivers for different days of the week, and it turned

out to be difficult to keep track of every interaction. As we looked more into interactions, we

found smaller but very non-trivial problems such as speaker identification.
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While speaker identification is used to identify a speaker given some audio segment, speaker

diarization acts as a temporal version of speaker identification, and it answers the question “who

spoke when”. There were many different approaches aimed at improving the speaker diarization,

which was broken in a number of subsequent tasks [8]. Common approaches of speaker diarization

start with detecting speech, and from then doing change detection. There were two main ap-

proaches to change detection. The first looked at adjacent windows of data and used the Bayesian

information criterion (BIC) to see if the data in a new window is better modeled as one distribution

or multiple distributions [9, 10]. The second used a method that represented each window by

a Gaussian distribution and checked the distance between them by Gaussian divergences [11, 12,

13]. After change detection, they sometimes made a gender classification to help with the down-

stream clustering or a bandwidth classification used for understanding the different mediums, such

as telephones or studios [14, 15]. Finally, the classification would be done via clustering methods.

While Gaussian mixture model (GMM)s were highly employed to cluster different speakers

[16, 17, 18], full covariances were also used to represent different speakers [19, 14, 11]. A lot

of these detections were done using BIC to check if a given audio segment and a previous cluster

belonged to the same distribution or different distributions. There were multiple approaches

that relied on clustering methods [10, 20, 21], and many of them relied on creating a universal

background model (UBM) to represent generic speakers, and in many different instances, they

would adapt the UBMs as part of their clustering of speakers. After this point, the different

clusters would be recombined and re-segmented to create speaker labels.

Many other works used HMM/GMMs, expectation maximization [22, 23, 24], but many of

them required the entire audio to be availablea priori. Other works took advantage of microphone

arrays and spatial beamforming to determine the speakers [25, 26], but we did not wish to rely

on array signal processing.

Instead of segmenting and clustering the audio at separate stages, it was possible to do so

jointly. An evolutive hidden Markov model (HMM) (e-HMM) was created capable of detecting

speakers, and as it would detect speakers, it would influence the detection of other speakers and
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the speaker boundaries [27, 28, 29]. In these works, the e-HMM started with two states: speech

and noise. Then, through an iterative process, the speakers would be detected one by one by

adapting the transition weights and by finding optimal indexing via a Viterbi algorithm. In these

frameworks, the algorithm would often ask at every iteration whether it was possible to create

a new speaker or not. This re-segmentation phase was repeated until the speaker labels no longer

changed, and the process of adding speakers (at every iteration) was also repeated until there

wasn't any additional gain in terms of comparable likelihood. This work achieved the hybridized

task of simultaneously detecting new speakers and identifying them (similar to ours), though they

relied on an iterative process of detecting speakers and were not shown to be applicable in online

scenarios. Other similar works were done in adjacent and/or more recent fields, however.

Many times, speaker diarization may be conceived by analyzing it from a speaker identifi-

cation task (i.e. more like a classification task). There were many different approaches to doing

so over the years. In the past, the concept of eigenvoices and eigenchannels was heavily explored

[30], which then was expanded with work on joint factor analysis (JFA) [31], where Kennyet

al. brought the eigenvoice and eigenchannel model together into a single model. The methods

for JFA built information about the speakers, and worked very well in other speech tasks, such

as language recognition. By building on [31], Dehaket alcreated the identity vectors (i-vectors)

[32]. Recent work has shown that i-vectors are able to identify the native language of a speaker

speaking a second language, indicating that they are capable of capturing information about the

accents of an individual [33]. Then, speaker identification has reached many achievements with

the recent growth in deep learning.

Deep learning gained momentum in the field of speaker identification due to its performance

[34], and there were many different approaches to the problem. The x-vector system is an

example where speaker identification was originally set as a classification problem. The network

was trained on a high number of speakers, such as VoxCeleb [35, 36, 37] or Speakers-in-the-Wild

[38]. One issue with many state-of-the-art speaker identification systems is that they sometimes

may require long durations of audio of each speaker in order to be enrolled for identification,
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meaning that one would need copious amounts of data for each individual. There has been a lot

of progress in reducing the amount of data required to train speaker identification systems [1, 2,

3, 4], and it is important to further develop this subdomain. As an example, the x-vector system

was expanded to have residual connections as well as attention layers [39] and was further used

in few-shot learning frameworks [40].

There has been a lot of work in speaker diarization involving deep learning [41]. Many works

have been able to operate on an offline inference mode. Some of them were limited to only

working with a fixed number of maximum speakers [42, 43], but others have been able to handle

a variable number of speakers [44, 45, 46, 47]. Many other works have indeed been carefully

constructed to perform online inferences. Some of them were limited to operating on a fixed

number of maximum speakers [48, 49], but a few of them were capable of handling various

numbers of speakers [50, 51, 45, 52] while doing online inferences.

von Neumannet al. [50] created a recurrent neural network capable of performing blind

source separation through separation masks and being able to track speakers even through silent

segments in time. Kinoshitaet al. [51] built on the previous work by using separation masks

to do speaker counting as well, and making it more robust to noise and reverberations, thus

more suitable for meeting analysis. Horiguchiet al. [45] created a framework using deep at-

tractor networks, where each attractor would be representative of different clusters. However,

the embeddings during overlaps (i.e. two or more speakers simultaneously speaking) would

find themselves between the two attractors. Hanet al.[52] built on [45] by using incremental

transformer encoders, which attended to the left of its contexts.

While the previous works had amazing and very creative approaches, we were interested

in an approach that relied on detection theory and leaned closer to speaker identification (in

other words, closer to a classification task). Additionally, we were interested to see if we could

decrease the size of our model, making it suitable for low computational resource settings. We

were interested in handling online inference problems, and that our system was able to detect

novel speakers basing itself on a few-shot learning framework. This strayed us away from the
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traditional approach of speaker diarization previously mentioned.

Although we were no longer involved with a previous bigger project, we found that there was

a lot of potential outside of just monitoring dementia patients. Another example is individuals

who lay on the autism spectrum disorder. Due to the nature of the disorder, many times autism

is associated with sleep disorder [53, 54, 55]. Therefore it is a common occurrence for those

individuals to wake up in the middle of the night, which may cause them to trip and fall. Autistic

children may also experience seizures in the middle of the night [55, 56, 57, 58]. Unfortunately,

due to the nature of their disability, they may not always feel inclined to report unnatural events

that may occur in the middle of the night. In these cases, it is virtually impossible to personally

observe them 24/7. It is possible to hire individuals to watch over their loved on in shifts, however,

this demands very high financial costs, making it infeasible for a majority of the working class

to afford it. If speaker identification systems were capable of performing auto-enrollment and

identifying speakers with zero training data, just as humans do, it would lead to many different

applications even outside of healthcare-related domains.

Movies, TV shows, and other forms of media, such as podcasts, remain somewhat inaccessible

to hard-of-hearing individuals. While we have subtitles in place to help determinewhat the

characters have said, it is still difficult for hard-of-hearing individuals to determinewhosaid those

phrases. It would be ideal if the subtitles could be displayed with a markup (i.e. colors or emphasis)

or even be prefixed by the speaker's identity to distinguish different characters. This problem

could be solved by a theoretical offline algorithm that can identify those speakers. However,

the problem would persist in real-time cases. Real-time cases, such as journalism content and

presidential debates, would still suffer from the same problem if an offline algorithm were to be

implemented. Although there are stenographers often working behind the scenes for real-time

media, they do not always identify the speaker. For those cases, an online algorithm paired with a

system capable of running inference in real-time would need to be implemented, which would also

be very applicable in offices for meeting transcriptions to know which team member said what.

With technology in mind, it would be ideal to have a surveillance system that could monitor
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individuals who need additional care. Unfortunately, the word “surveillance” is often thought

of video surveillance systems. In 2022, the global video surveillance market size was estimated

to be between US$53.7-56.9B, and it is expected to reach US$83.3B by 2028 with a compound

annual growth rate of 9.2-12.4% [59, 60]. There are, however, studies and editorials which show

how people are uncomfortable using cameras inside their homes. Naemiet al [61] show how

61% of individuals, in their sample population of 1007 people, are either uncomfortable or very

uncomfortable to have a video being recorded of them, and 61% of the individuals are either

uncomfortable or very uncomfortable to have a camera inside their homes, posing that a video

camera surveillance may not always be widely accepted by people.

There has, however, been an increase in a different sensor modality in people's homes:

smart speakers. Smart speakers have been welcomed worldwide across homes in the past recent

years, led by Amazon Alexa and Google Home devices [62]. In June 2022, Edison Research

estimated that approximately 116 million American adults (35%) own a smart speaker device

[63]. Furthermore, the global smart speaker market is projected to grow from US$7.1B in 2020

to US$15.6B by 2025 [64]. This indicates that there is a higher level of comfort in using smart

speaker technologies inside people's homes.

Although the technology behind smart speakers has pushed the boundaries of what is possible,

the unfortunate issue with them is their infrastructure. To ensure that their devices remain at a low

cost in the market, the tech companies set their infrastructure to rely on cloud computing, which

makes sense! By relying on cloud computing, they can sell devices, obtain data, improve their

algorithms, update the algorithms in the cloud, and make sure that the devices are still usable in

years to come. This way, it reduces the price of the devices themselves, making them affordable

to the consumer, without sacrificing compute power. For example, Amazon uses a wake-word

technology, where once the wake-word is triggered (i.e. “Alexa”), they start to record the audio

data, and a speech endpoint detector is used to identify when the end of a phrase occurred, which

sends off the recording to the cloud for inference. Amazon has also reported multiple times that

they do keep the recordings, where a fraction of the employees do sometimes listen to a minimal
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fraction of the recordings for “improvements of their systems” [65, 66, 67, 68, 69]. This then

poses a threat to people's privacies.

Over the years, there has been a significant increase in the usage of data, which has also

led to an increase in the number of data breaches [70]. Reports have shown how even Amazon

plugins (i.e. Skills) are prone to data leaks, where [71] have shown that in 2021, from the 90,194

unique skills, 23.3% of the skills don't fully disclose a privacy policy, allowing them to make

code changes after the user agreement approval, coaxing the users into revealing information.

Furthermore, there have been failures in the core system itself. In 2018, Kiro 7 News reported how

Amazon Echo once recorded a family's conversation and emailed the recording to the husband's

co-worker [72]. Some action capabilities, although may be very convenient, may unfortunately

lead to unwanted disasters related to privacy.

Overall, the common denominator for all these problems is that there is aneedfor a system

capable of working in real-time to identify speakers that it has never heard before. This can be

done with an auto-enrollment framework coupled with a speaker identifier capable of dealing

with new classes.

Originally inspired by solving the problem of monitoring systems, this thesis is set to build

a platform capable of performing real-time auto-enrollment and speaker identification in a closed

environment with low computational resources while maintaining privacy, It outlines the steps

necessary to go from a bare environment (e.g. home, office, clinic) to the deployment of an

autonomous self-sustaining platform which can be used by an analyst via a front-end dashboard

to examine activities within an environment.

Chapter 2 addresses hardware and software methodologies that can be employed to (1) obtain

a floorplan of a closed non-simply connected environment, and (2) deploy a communication

network between a central server and edge nodes to ensure real-time processing of multiple

simultaneous data streams. Chapter 3 addresses the problem of, in a non-simply connected

environment, where would be the optimal locations to place omnidirectional sensors (e.g. micro-

phones) such that it maximizes the covered area. Chapter 4 designs a novel methodology to detect
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never-before-seen classes by leveraging few-shot learning frameworks. Chapter 5 builds on the

concepts from chapter 4, and couples the detector with an auto-enrollment system and a speaker

identification system to enroll and identify speakers in an online algorithm setting. Finally, chapter

6 assembles the contents from chapters 2, 3, 4, and 5, and creates a platform capable of detecting

new speakers, enrolling the speakers in real-time, identifying the registered speakers, and adapting

the definition of each of the speakers. The final chapter also creates a front-end dashboard that

allows an end user to view the collected data without the capability of determining what was said.
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CHAPTER 2

DESIGN OF SERVER

2.1 Introduction

It was important to create an environment or an ecosystem that would allow the different

components of this thesis to operate together. There were many aspects to consider. For example, it

was important to build a server that would allow different data to be dropped from the microphones

to a data storage system. Additionally, it was important to consider which microphones were

going to be employed in the setup, and how they were going to communicate with the server.

In this chapter, each section describes the different components that allowed the completion

of this project. First was the hardware component that allowed one to quickly map the interior

of a home. Once the mapping stage was completed, this hardware would not be re-used. The

second section describes the single-board computers and microphones used to collect audio and

potentially do some minor edge computing before sending the data to the server. The third section

described the communication between the edge nodes and the server itself, and then the server

components and choices of data processing along with data storage.

2.2 Mapping the Interior of a Home

Mapping the interior of a home, or any space for that matter, can be very time-consuming, tedious,

and mundane. It is often that one does not possess an accurate floor plan of their own home, or

space of interest. There are different methods to quickly create a floor plan. One is able to use

automated systems such as Faro's Orbis [73], which uses a rotating LiDAR device. One may

even use the LiDAR on 2020's iPad Pro with Sitescape [74], though these options are rather cost

intensive. It is possible to use a regular metric tape and do it with a pen, but it is time-consuming.

This work uses a 1D LiDAR device. Because this work was projected to use microphone arrays
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Figure 2.1: Schematics and dimensions of Slamtec's LiDAR

(i.e. omnidirectional sensors), and we only cared about a two-dimensional floor plan, the method

of choice was to use light detection and ranging (LiDAR) sensors.

2.2.1 LiDAR Sensor

The LiDAR used was purchased from Slamtec, and it was the A1M8 model, shown in Figure 2.1.

It only covers two dimensions with an angular range of 360� with a working range of 12 meters.

It has a scanning frequency of 5.5 Hz with an angular resolution of1� . This device is often used

in robotics with Robot Operating System (ROS) integration.

For this work, the LiDAR was placed on a small piece of wood with screws, and it was

placed on top of a tripod, as shown in Figure 2.2. Over the course of 5 seconds, the range values

obtained for each of the angles (RT� 360, whereT represents the number of times the LiDAR

sampled ranges for every angle within 5 seconds) are averaged to obtain the range of values in

a given space, as shown in Figure 2.3. The catkin workspace requires Slamtec's rplidarros ROS

package, located at https://github.com/Slamtec/rplidarros
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