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ABSTRACT
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This dissertation examines the implications of an aging global population on
the healthcare system, highlighting the increasing preference for aging-in-place and
the consequent burden on healthcare services and caregivers. With advancements
in healthcare enabling more individuals to live longer, the demand for supportive

care and rehabilitation services that allow older adults to remain in their homes



viii
is also increasing. This scenario emphasizes the critical role of ambient assistive
technology in facilitating aging-in-place, offering relief to caregivers and healthcare
providers who are under increasing pressure. Therefore, a strong case is made to
introduce modern, data-driven, approaches to facilitate more optimized strategies
for delivering at-home treatment and enable older individuals to monitor their health
and seek treatment before further health complications arise. Recognizing the vast
landscape of caregiving, digital health, and telerehabilitation, this study focuses
on three important areas: caregiving in the hospital setting, caregiving at home,
and therapy compliance monitoring. More specifically, the dissertation discusses
the implementation of teleoperated robots, controlled through smart devices in
healthcare settings, to offer care while reducing the risk of patient contagion. It
also examines the application of digital voice assistants and vision-based methods
for assessing range of motion. Furthermore, it investigates the use of smart devices
to monitor therapy, focusing on breathing and physical exercises. Finally, the
document explores how consumer wireless devices and smartphones can be utilized
for the indoor localization of elderly individuals, aiming to improve their safety and
autonomy. By investigating these domains, the dissertation aims to shed light on
innovative solutions that utilize consumer devices coupled with mechatronic and
robotic systems to support caregivers across settings and enhance the effectiveness
of therapy adherence among the elderly. Through a detailed exploration of these
topics, the research contributes to the broader discourse on leveraging technology
to meet the evolving needs of an aging population and the entities that provide

them with care.
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Chapter 1

Introduction

The advent of digital health marks a significant turning point in the evolution
of healthcare, representing a transformative shift that redefines the boundaries
of traditional healthcare systems, patient care, and health management. This
shift is characterized by a duality that benefits both patients and healthcare
providers. For patients, digital health offers alternatives that can rival conventional
treatments in efficacy, thereby promoting a sense of autonomy and empowerment.
For healthcare professionals, digital health presents an opportunity to refine and
accelerate the healthcare delivery process, optimizing treatment protocols, and
ultimately improving patient outcomes. Despite being relatively nascent, digital
health has the potential to unlock new possibilities for improving health outcomes,
enhancing patient experiences, and making healthcare systems more resilient. Thus,
digital health can not only address immediate healthcare challenges but also lay
the groundwork for a future where healthcare is more accessible, personalized, and
efficient.

This transition is further facilitated by the consistent reduction in the cost
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of technology and the miniaturization of electronic devices, coupled with an un-

precedented pace of innovation in new sensing techniques, user interfaces (UI), and
human-robot interaction (HRI). The advent of smaller, more powerful single-board
computers and the development of wearable devices and monitoring systems under-
score the onset of a new era in digital health and general well-being. The increasing
adoption of smartphone-based sensors and digital voice assistant (DVA) devices,
along with the exploration of these technologies beyond their initial applications, as
evidenced in recent studies [1], [2], indicates a future where digital health interven-
tions become an integral part of our daily lives. At the heart of this transformation
is the integration of traditional medical practices with advanced technologies such
as artificial intelligence (AI), machine learning, wearable devices, and the Internet
of Things (IoT). These technologies enable the development and deployment of
novel, data-driven therapeutic approaches in ways that were unimaginable just
a few decades ago. With the rapid development of new sensing modalities, data
science empowers healthcare providers to make informed, evidence-based clinical
decisions and generate personalized treatment plans. These technological strides
are particularly pertinent in addressing the challenges posed by an aging global
population, offering scalable solutions to improve the quality of life, and healthcare

delivery for the elderly.

1.1 Aging global population

With rapid advancements in modern medicine and improved standards of
healthcare, most of which were just achieved in the last century, the global average

human life expectancy is at an all-time high. This means that people, on average,
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tend to live longer now than at any time in recorded history. Although a major
achievement for humanity in terms of public health and economic development, an
aging global population also brings challenges. An increase in global average life
expectancy directly correlates with an increase in the global elderly population.
According to the United Nations [3], by the year 2050, almost 16% of the world
population will be above the age of 65 which is a 6% increase from the statistics
in 2022. This major shift in the demographics, along with global population
growth, are termed two of the four global demographic “megatrends” and they
pose challenges related to healthcare and wellness, among others.

The structure of the healthcare system in many developed countries, including
the United States, is not designed to deal with such a significant shift in the
demographic. Broadly speaking, healthcare systems in all countries rely on the
younger population to take care of the older population. However, this begs the
question, what happens when the older population surpasses the younger population
in society? In the United States for example, by the year 2035 for the first time
in history, the number of adults aged 65 years and above is projected to surpass
the number of children under 18, resulting in older adults making up 21% of the
population [4]. Dealing with such an increase would require fundamental changes
in the healthcare system in the long term and technology can play a vital role in
creating such a system.

To relieve some of the strain on an already overloaded healthcare system, e.g.,
that of the United States, recent advancements in sensing and connectivity can
be utilized for wellness, remote monitoring, and patient care. These sensors and
connected systems for healthcare applications enable patient-centric and individu-

alized treatment, and such systems are broadly classified under the umbrella term
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“Health-IoT” [5]. Such devices promote long-term patient assessment and the data
they gather can potentially be used for early diagnosis of several diseases and
health complications. Such a preemptive approach to healthcare can lead to more
optimized strategies for delivering at-home treatment, promote aging in place, and
enable older individuals to monitor their health and seek treatment before further

health complications arise.

1.2 Aging in place

Also called community-dwelling, aging in place refers to older adults living in
their homes with some level of independence. Living at home is a fundamental right
of every individual and the primary choice of most older adults [6, 7]. Aside from
relieving some burden from the healthcare system, it also helps the elderly maintain
their psychological well-being through social connectedness [8], which can mitigate
the detrimental physical and psychological impact of isolation [9]. To achieve this,
however, effective systems must be in place to ensure that the quality of care and
attention given to the elderly is not compromised in their homes. Professionally
trained caregivers can ensure the physical and mental well-being of elderly and help
them carry out activities of daily living. While the benefits of caregivers cannot be

overstated, their scarce availability is another problem entirely.

1.3 Caregiver shortage

The enduring problem of professional caregiver shortage, both globally and
in the US, has been studied extensively [10, 11, 12, 13, 14]. Despite the large

projected demand for healthcare support occupations for the period 2021-2031 [15],
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young caregivers remain a scarce human resource, as evident from the prevailing
healthcare support staffing shortages [14]. One alternative to professional caregivers
is the often-overlooked workforce of informal caregivers, comprising largely of family
and friends [16]. Although not professionally trained, such individuals provide
a valuable service by offsetting the burden from the healthcare system without
a monetary cost to the government. The primary tasks performed by caregivers
include: assisting the elderly with medication management, facilitating doctor visits,
aiding with activities of daily living, and monitoring overall well-being to identify
potential problems and track any disease progression [17]. These tasks necessitate
human intervention and supervision, yet several of these tasks, notably monitoring
the elderly, can be greatly supplemented with technologies that facilitate ambient
assisted living (AAL). In the face of a growing caregiver shortage, digital health
technologies, especially in the realm of Health-IoT and AAL, emerge as vital tools

to bridge the gap, ensuring continuous and personalized care.

1.4 Digital health in a post COVID-19 world

The importance of digital health has been further accentuated by recent global
health crises, such as the Coronavirus Disease 2019 (COVID-19) pandemic, which
accelerated the adoption of digital and robotic solutions for safer and more efficient
healthcare delivery [18, 19]. The deployment of digital tools for contact tracing,
outbreak surveillance, and the delivery of healthcare services has been instrumental
in curbing the spread of infections and in orchestrating efficient public health
responses. Moreover, the adoption of mechatronics and telerobotics for facilitating

remote monitoring and control of patients and medical devices alike can significantly
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enhance patient outcomes as indicated by previous research [20]. While direct
evidence pertaining to COVID-19 patients specifically is yet to be fully established,
insights drawn from these studies suggest that such approaches could be beneficial
in managing care for those affected by the virus, providing a promising direction

for future healthcare strategies.

1.5 Human-robot interaction

The push towards digital innovation in healthcare is not limited to software
and sensing technologies. The field of HRI represents a frontier where technology
meets tactile care, offering a glimpse into a future where robots augment human
healthcare providers. The last few decades have witnessed widespread adoption
of robotic solutions by several industries for operations that are considered dif-
ficult or dangerous for humans to perform [21]. In the automotive industry, for
example, heavy-duty industrial manipulators form an integral part of the assembly
line [22], and one would be hard-pressed to find an automotive manufacturing
facility that does not employ some sort of robotic assistance. Moreover, robots are
actively being developed, examined, and used for inspection, decontamination, and
decommissioning of nuclear plants [23, 24]; search and rescue operations following
natural, industrial, and man-made disasters [25]; and exploration in outer space
[26]. The above examples have one common thread, i.e., obviating the exposure to
harm and risk to human safety. Thus, when operating in hazardous environments,
in most cases the robots act as a physical extension of their human operators
to enhance their dexterity, sensory experience, and cognition [27]. Endowing a

human operator with the ability to utilize the robot to its maximum potential
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requires the development of intuitive user interfaces for HRI. In recent years, several
advancements have been made to render the HRI as seamless as it can be.

HRI is a rapidly advancing research field with several active areas of applica-
tion that include human-supervised control of robots, autonomous robot control,
and human-robot social interaction [28]. The human supervised control can be
further divided into proximal versus remote control, the latter of which includes
teleoperation and telerobotics [29]. In a hazard-prone, high-risk environment, the
use of remotely controlled robots is preferable over proximally controlled robots
because the human operator can perform the required tasks from a safe remote
location. Varied HRI modalities for telerobotics have been developed over the years
and each approach achieves a particular objective. Some early examples of HRI
for telerobotics include using a joystick for teleoperation [30], performing stroke
gestures on a touchscreen [31], and pointing gestures using a camera [32] and using
a wearable sleeve [33].

The journey through digital health advancements, from wearable technologies
to Al and robotics, circles back to the core aspiration of transforming healthcare
into a more accessible, personalized, and efficient system. Each technological stride,
be it in response to a pandemic or the integration of robots in care, layers onto the
foundation of digital health, promising a future where healthcare challenges are

met with innovative solutions.

1.6 Document organization

This dissertation is structured as follows. Chapters 2 to 5 present the core

findings from the research conducted. These chapters detail four key research
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initiatives: (1) remote control of a dialysis machine with mobile HRI (Chapter 2);
(2) range of motion (ROM) assessment using a digital voice assistant (Chapter 3);
(3) wireless earphone-based real-time monitoring of breathing exercises (Chapter
4); and (4) indoor localization of the elderly using ambient Wi-Fi (Chapter 5). The
dissertation concludes in Chapter 6 that summarizes the outcomes of aforementioned
studies and explores potential avenues for future investigation. Further details are

provided in the subsequent sections.

1.7 Collaborator contributions

The research presented in this dissertation was enriched by the contributions of
students and researchers from the Mechatronics, Controls, and Robotics Laboratory
(MCRL), including Anirudh Addagada, Mustafa Bhadsorawala, Dr. Sonia Mary
Chacko, Kshitij Gaikwad, Christian Lourido, and Zaid Waghoo.

e In Chapter 2, Dr. Sonia Mary Chacko, a recent NYU Tandon graduate and
former colleague, and fellow doctoral candidate Christian Lourido supported
the author in exploring mobile HRI for dialysis machine operation during
COVID-19. Lourido contributed to the programming and control of the
mobile manipulator, as well as user data collection. Dr. Chacko assisted in

organizing user studies and analyzing the data collected.

e In Chapter 3, Kshitij Gaikwad, a Master’s student at MCRL, aided in the
development of software for extracting 2D joint coordinates for human pose

detection and authored the initial program for exercise inference.

e In Chapter 4, Zaid Waghoo, a former Master’s student at MCRL now serving
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as an adjunct faculty member at NYU, played a crucial role in generating
synthetic data, training models, and model inference. His expertise was also

vital in network parameter tuning and model testing.

In Chapter 5, Anirudh Addagada and Mustafa Bhadsorawala, both Master’s
students at MCRL, contributed to the early design and testing of the Wi-Fi
localization system, including data collection. Bhadsorawala also developed
the filtering algorithm for the system using inertial measurement units (IMUs).
Both students laid the foundational work for this research during their Master’s

projects.
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Chapter 2

Remote control of a dialysis

machine with mobile HRI

2.1 Introduction

In recent years, as mobile devices (e.g., smartphones and tablets) have become
ubiquitous in our personal and work settings, users have gained increased com-
fort in utilizing the rear-facing cameras of mobile devices to interact with their
environments. Since mobile devices with well-endowed sensing, interaction, com-
munication, and computing functionality are readily available to the common user,
mobile mixed-reality interfaces have become greatly accessible and do not require
research-grade devices to implement algorithms that were previously thought to
be computationally expensive. Recent implementations of augmented reality (AR)
based approaches include tracking single or multiple fiducial markers on the robot
[34, 35] or its surroundings [36, 37] to determine the pose of the robot or objects

in its workspace. Other studies have used this approach for multi-robot tracking
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and control [38]. Although marker-based tracking has its merits, with the advent

of markerless technologies, e.g., Google’s AR Core [39, 40|, the tracking can be
performed in even unstructured environments while using highly intuitive user
interfaces. Studies such as [36] and [37] have explored the potential of directing
a robot manipulator to perform pick-and-place tasks using virtual elements in a
semi-autonomous manner with the aid of a human collaborator. Another study
suggests the use of virtual waypoints to guide a robot along a path [41]. With teler-
obotics and human-robot interaction (HRI) being used for myriad applications, we
propose to use these approaches in a healthcare setting and show that telerobotics
and intuitive HRI can obviate the need for patients and healthcare workers to be
exposed to high-risk interactions during a pandemic.

Medical caregivers such as doctors and nurses share physical space and inter-
act with patients routinely. These shared spaces have a higher concentration of
pathogens, making their occupants particularly susceptible to contracting bacterial
and viral infections. The situation is exacerbated in the case of an epidemic, or
more importantly, a pandemic, which can lead to a widespread shortage of personal
protective equipment (PPE) and increase the risk of contagion for both caregivers
and patients in a medical facility. A recent example of this situation was the
spread of the COVID-19 pandemic across the world, including in the United States.
In 2020, there was a massive global shortage of PPE, including face masks, eye
protection, respirators, gloves, and gowns [42]. This shortage became a major
barrier to responding effectively to the pandemic and in mitigating the resulting
spread of COVID-19. Thus, essential healthcare workers, such as first responders,
nurses, and doctors were forced to forgo or reuse PPE when working with patients

with or without COVID-19 to preserve their limited stocks. Additionally, the novel
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coronavirus was found to transmit asymptomatically, i.e., through infected patients
who do not yet display any symptoms [43], at a significant rate, thus markedly
increasing the likelihood of cross-contamination during the treatment and care of
all patients. Healthcare workers were additionally exposed to the risk of infection
through interaction and contact with fomites, including medical devices or instru-
ment panels, and subsequently transmitting the disease to coworkers [44]. Many
healthcare providers caring for COVID-19 patients were infected and even lost their
lives due to a lack of sufficient access to PPE [45]. In addition to increasing the
strain on an already overloaded healthcare system, such a lack of protection poses
a significant threat to the morale of healthcare workers and their families.

With the shortage of PPE, patients without COVID-19 who needed critical
and/or life-saving treatments also faced increased risk in healthcare facilities [46],
including patients on dialysis, who predominantly comprise the elderly [47]. Such
patients tend to be severely immunocompromised and are at a high risk of suffering
serious complications if infected by the virus, as reported in China [46]. To mini-
mize the risk of cross-contamination and infection, hospitals and dialysis centers
implemented strict protocols with multiple additional precautions in dialysis units
for staff members, patients, and their family members [46]. However, during the
COVID-19 pandemic, dialysis centers were plagued by staff, equipment, and PPE
shortages. In fact, at the peak of the pandemic in New York City, a headline in
the city’s paper of record The New York Times declared that “Dialysis Patients
Face Close-Up Risk From Coronavirus” [48]. During this period, healthcare work-
ers sought to minimize visits with dialysis patients by using baby monitors and
performing physical interaction with dialysis machines without fully entering the

patient rooms (see Figure 2.1A). To mitigate the plight of these patients and avoid
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healthcare worker exposure, concerned authorities, such as the Food and Drug

Administration (FDA), encouraged expanding the non-invasive remote monitoring
of such patients [49]. To remotely determine whether a specific patient requires help,
many healthcare device manufacturers started rolling out IoT devices to remotely
monitor bio-signals relating to their temperature, heart rates, respiration rates, etc.,
[50]. These remote systems are important tools for avoiding the overcrowding of
emergency rooms and hospitals and reducing the unnecessary exposure of vulnerable
people to pathogens during situations such as pandemics.

Historically, most of the research around medical robotics has concentrated on
surgical teleoperation robots such as the DaVinci robot (Intuitive Surgical, Mountain
View, CA), and is more focused on patient safety during surgical procedures by
mitigating human error and promoting minimally invasive procedures. Other
medical robotic approaches focus on augmenting the doctor’s vision with virtual
overlays to provide additional information [51, 52]. Some social and companion
robots are available that target the elderly [53] or serve as emotional support
[54], however there is a dearth of examples of telerobots that can be used to
manipulate medical devices using intuitive HRI. There are autonomous robots
that can deliver medications throughout hospitals [55], and a study explored the
development of a tele-nursing robot [56] that can navigate and interact with objects
in the environment, but these solutions are either not relevant to this work or are
cost prohibitive to be rapidly deployed in case of a pandemic.

In this work, we propose to create an emergency, non-invasive remote monitor-
ing and control response system that addresses the needs of a highly vulnerable
population: patients with severe kidney diseases. A viable solution for remotely

monitoring and controlling a dialysis machine’s instrumentation panel poses several



14

design challenges. Typically, dialysis centers consist of multiple reclining chairs or
beds with attendant dialysis machines placed next to them (see Figure 2.1B). Po-
tential solutions for remotely manipulating the dialysis machine’s instrument panel
include: (1) accessing embedded firmware of medical devices and (2) retrofitting the
machine with a teleoperated robotic manipulator. As medical devices are sensitive
instruments with proprietary firmware, varied software architectures, and individu-
alized system requirements, it is not feasible to create a generalized framework to
access the embedded firmware for remotely monitoring and controlling different
medical instruments using smartphone/tablet-based third-party apps, especially
as expeditiously as a pandemic emergency demands. Thus, retrofitting dialysis
machines with teleoperated robotic arms, which can be easily mounted or removed
as needed, is deemed the most viable option. We envision a remote-monitoring-
and-control framework wherein a camera-equipped robotic manipulator interacts
with the instrument control panel of the dialysis machine, thus reducing the risk
of COVID-19 exposure for both patients and healthcare providers. Our proposed
solution can address the shortage of PPE in healthcare facilities during a pandemic,
enabling patients who require dialysis to continue receiving the life-saving treatment
in isolation. At the same time, staff members in dialysis units can continue to
provide high-quality care with a relatively low risk of cross-contamination. This
work’s engineering merits involve piloting a framework to quickly retrofit available
dialysis machines with robust off-the-shelf four degrees-of-freedom (DoF') robotic
manipulators and supporting remote management of the device instrumentation
panel with high fidelity. Thus, in the proof-of-concept study of this work, we
recreate and live-stream the instrument control panel touchscreen (ICPT) of a

commonly used dialysis machine, the Gambro X-36 Phoenix (Baxter International
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Inc., Deerfield, IL) (see Figure 2.2), to replicate and access it on a remote user’s
tablet computer touchscreen (TCT). Moreover, we develop the control framework
for the robot manipulator to achieve precise and accurate remote manipulation
of the dialysis machine’s ICPT. We test our intuitive smartphone/tablet-based
interface with over 30 users.

The chapter is organized as follows. Section 2.2 elaborates on the materials
and methods used in the study. This section provides details on the design of the
robot manipulator and the user interface, the development of the communication
architecture and marker detection, and the robot operation. Section 2.3 explains the
system evaluation metrics used in this study. These metrics include a quantitative
study about the accuracy of the robot and the user interaction, as well as qualitative
studies about the user experience while operating the robot remotely. Following
this, the results of the system evaluation are provided and discussed in section 2.4,
and an improvement is suggested to render a distortion-free perception of the ICPT

on the user TCT. Finally, section 2.5 provides concluding statements.

2.2 Materials and methods

The method proposed in this work uses an off-the-shelf four-DoF robotic manip-
ulator equipped with a USB camera. The robot base and camera stand are fixed
on a board, making the system installation and operation simple, just requiring the
user to properly locate the robot in front of its workspace and point the camera
to a touchscreen (representing a dialysis machine ICPT) with which the robot
manipulator is required to interact. The HRI UI consisting of a mobile application

(App) is connected to the same wireless network as the robot manipulator system.



Figure 2.1: (A) Schematic representation of a dialysis patient receiving treatment at a hospital during the COVID-19 pandemic. The image
shows the use of baby monitors and the reluctance of healthcare workers to enter the patient room. (B) A typical schematic representation
of a patient receiving treatment at a dialysis center.
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To identify the surface plane of action of the robot, the mobile App uses the

camera’s video feed which includes a 2D image marker located in the plane of
the ICPT, in front of the robot manipulator. The mobile App determines this
plane of action (i.e., robot workspace) based on the dimensions of the robot and its
computed position relative to the image marker. With the mobile App executing on
a hand-held smartphone or tablet, when a user taps on the TCT at any location of
the displayed surface of operation, an algorithm transforms the tapped location’s
pixel coordinates to a corresponding location coordinate in the workspace and frame
of reference of the robot and sends it to the robot manipulator controller. Given
this commanded position, another algorithm on the robot manipulator controller
uses inverse kinematics to calculate a set of joint angles that can be used to attain
the given position and orientation of the robot end effector and provides a solution
to reach the specified location in space [57]. Then, in a sequence of steps, the
system plans a path, moves the robot manipulator to go to the desired location
on the ICPT, the robot taps on the desired location, and returns to its home
position to wait for the next instruction. Figure 2.3 illustrates the components and

interconnections of the proposed dialysis machine HRI environment.

2.2.1 Robot hardware

The robotic platform used in this study is a modified version of the Robotis
OpenManipulator-X [58]. Based on the Robot Operating System (ROS) framework,
this system is open-source and open-hardware, i.e., its controllers and CAD models
of most of its components are accessible and free to use (see Figure 2.4A). This
robot platform’s system configuration is a four DoF arrangement, with a pen holder

tool holding a stylus pen (see Figure 2.4B), which interacts with the ICPT during



User Interface 7~ Rf)bot \
Manipulator \

-I:-"‘
L I_I
ussc:;u'mery\ ICPT S/@

Figure 2.3: Schematic of a remote monitoring and control system for medical instruments. A healthcare worker interacts with the video
feed from a camera on a user interface (UI) hosted on a tablet computer touchscreen (TCT). The user commands are processed to control a
robot manipulator to interact with the instrument control panel touchscreen (ICPT) of a dialysis machine serving a patient.
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Figure 2.4: Robot manipulator prototype: (A) prototype CAD model and (B) built prototype.
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operation. For the controller to function correctly, its program has been altered

to account for the modified end effector, the number of actuators used, and each
link’s dimensions to accurately calculate the forward and inverse kinematics. The
modified manipulator consists of four Dynamixel XL430-W250-T servomotors and
two 3D-printed links made of polylactic acid (PLA) that are connected using metal
brackets (see Figure 2.4A). The end effector is a PLA 3D-printed pen holder that
holds the stylus pen to interact with the screen. The load capacity of the modified
manipulator is conservatively estimated to be 160 g which can easily accommodate
the 15 g end effector and 20 g stylus pen. A Raspberry Pi 4 (RPi4), with 4GB of
RAM and with ROS Melodic installed on Raspbian-Buster OS, controls the robot
manipulator using the ROS packages executing on it. Using this powerful and
cost-effective single-board microcomputer gives the system sufficient capacity to
control the robot and run computer vision algorithms without compromising the
system’s memory. Its small dimensions also make it simple to install and locate it
near the system without interfering with the robot manipulator workspace.

To determine the workspace of the robot manipulator, the forward kinematics
are first determined using the Denavit-Hartenberg (D-H) convention [59]. Then, the
Monte Carlo method is employed to generate the manipulator’s work envelope using
the forward kinematics equations along with a random sampling of permissible joint
angles [60]. This method produces a graphical representation of the manipulator
workspace [61] that in turn is used to determine the range of ideal positions to
install the robot relative to the medical device ICPT monitor. The allowable
maximum and minimum distances between the robot and the medical device ICPT
are determined to be 0.27 m and 0.20 m, respectively. The maximum distance

is determined as the maximum distance between the robot and the ICPT which
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ensures that the entirety of the ICPT lies within the estimated workspace of the

robot. The minimum distance is obtained by placing the ICPT as close to the
robot as possible while ensuring that all of the interactions and the fiducial marker
on the ICPT remain visible to the camera (see Figure 2.5).

To establish the achievable accuracy and repeatability of the robot, tests are
conducted by commanding it to move the end effector from its home position of
(x = 0.09,y = 0.0,z = 0.284) m to a test position and then returning the end
effector to its home position. This test is conducted for five test positions, one at
each corner of the ICPT and one at the center, with the position of each test point
measured relative to the lower left corner of the ICPT. Moreover, the process is
repeated 50 times for each test point and the computed accuracy and repeatability
are provided in Table 2.1. Note that the accuracy represents the distance between
the desired test position and the average of the achieved positions. Moreover, the
repeatability represents the radius of the smallest circle that encompasses all of the

achieved positions corresponding to a desired test position [62].

2.2.2 Camera calibration

The USB camera used in this setup is a C920 HD Pro Webcam, configured to
capture a 640 x 480 image. By executing the camera driver on the ROS System, the
webcam capture is made available as a ROS topic and becomes accessible to any
subscribing program. Next, we perform a one-time geometric camera calibration
using a pattern on a planar surface [63], allowing the system to correct the image
for lens distortion and to detect and measure objects in world units by determining
camera location in the scene. These calibration parameters are estimated using an

available ROS package for camera calibration and are stored as a file, to be later
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Table 2.1: Robot accuracy and repeatability test results

Py (u,v) Py (u,v) P3(u,v) Py(u,v) Ps(u,v)

Ideal (mm) (128.5,84.3) (55.1,151.6) (206,151) (204.5,18.1) (56,20)
Accuracy (mm) 0.55 0.06 0.21 0.19 1.00
Repeatability (mm) 1.29 1.13 0.88 1.76 1.03

used during operation by the HRI interface and estimate spatial coordinates.

2.2.3 Communication with HRI interface

Using the built-in Wi-Fi adapter of the RPi4, the information generated and
published by the nodes running on the ROS system is made accessible to all members
of the network on which the microcomputer is connected. Using a WebSocket
server node on ROS establishes a communication bridge and allows web interaction
with the ROS topics using an IP address and a port number. Upon joining as a
client, the mobile App used for the HRI interface communicates with the RPi4
server and accesses the information running on the ROS system. This mobile HRI
interface, developed using the Unity Engine (Unity Technologies, San Francisco,
CA) and a freely available ROS asset, lets the App publish and subscribe to ROS
topics (see Figure 2.6). When the application first starts on the mobile device, it
immediately looks for the IP address and port to establish communication with
the RPi4 microcomputer. The RPi4 and the mobile HRI interface are connected to
an ad hoc wireless network created using a Netgear Nighthawk X10 AD7200 Wi-Fi
router. For the laboratory environment of this study, the maximum range of the

wireless network is experimentally obtained to be 27 m.
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2.2.4 Reference marker detection
The approaches initially considered for the design of the HRI user interface in
this work can be distinguished by the number of reference markers affixed on the
medical device ICPT monitor, i.e., (1) four markers (projective transformation)

approach and (2) single marker approach.

2.2.4.1 Four markers approach

Using the projective transformation technique [64], this approach allows the
estimation of any location on the instrumentation control panel displayed in the
video feed on the touchscreen monitor. The four markers are placed on each
corner of the ICPT monitor (see Figure 2.7A) and detected from the USB camera
capture. The video feed of the camera is used to estimate its real-world 3D pose
(relative to the plane formed by the four markers) and subsequently to compute
the pose of any point on the ICPT monitor relative to the camera’s coordinate
frame. In this approach, the user can select each button of the ICPT by touching
the corresponding location of the button on the streaming video image shown on
the UI of the TCT (see Figure 2.7A, top panel). Moreover, the markers’ detected
points are used to correct the perspective distortion caused by the placement of
the camera relative to the ICPT monitor and to scale the image to fit it on the Ul
of the TCT display. This method relies on two assumptions: (1) visual markers
affixed to the ICPT monitor and interactive control elements (buttons and sliders)
of the instrument control panel are on the same plane (coplanar points) and (2)
the base location of the robot relative to the camera position can be estimated (see
subsection 2.2.5). Even though this approach can allow our system to interact with

any medical machine with an ICPT, regardless of the ICPT function arrangements,
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placement of four markers on the same plane as the machine screen, in some cases,
may block portions of the display containing important information for the machine

functionality:.

2.2.4.2 Single marker approach

This approach uses only one reference marker (see Figure 2.7B). The system
localizes the robot relative to the marker’s position using marker corners as corre-
spondences to perform a projective transformation, but reducing the accuracy of
the estimation (compared to the four markers approach) due to the lower number
of correspondences detected. With this in mind, the robot control needs to be
pre-programmed using the a priori knowledge about the locations of the on-screen
control elements (buttons and sliders) relative to the attached marker to establish a
one-to-one correspondence. For example, when the user touches button A on the Ul
of the TCT, the corresponding location (uy,v;) for the ICPT needs to be assigned
automatically as the intended location. The Ul executing on the TCT consists of a
streaming video panel and a button panel. For each button on the medical device
ICPT monitor, a corresponding button is available on the button panel of the Ul
on the TCT. This approach also assumes that the location of the robot relative to
the camera position can be estimated. However, requiring information about the
arrangement of control elements on the ICPT to pre-program the UI of the TCT
will limit the usability of this arrangement since the on-screen layouts of control
panels may vary between machines of different manufacturers and especially for
different medical machines. Moreover, not having the well-defined four corners of
the surface plane of action (as in the four markers approach) limits the system’s

ability to accurately correct perspective distortion (see Figure 2.7B, top panel).
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2.2.4.3 Hybrid approach

In this work, we present an early proof-of-concept that employs a hybrid approach
by building on the two methods discussed above (see Figure 2.8). By subscribing to
the image published by the camera driver node on the ROS system, the mobile App
gains access to its video feed that contains a single ArUco marker [65] placed on
the top-left corner of the screen and detects it using the open-source ArUco module
[66] of the Open Source Computer Vision Library (OpenCV). Instead of requiring
a pre-programmed control panel on the Ul of the TCT with known locations of
the control elements on the ICPT (as in the single marker approach), the Ul now
detects the reference marker’s corners, and an algorithm estimates the homography
[67] between the camera image to the surface plane of the reference marker. With
this transformation and the information from the camera calibration file, the mobile
App maps coordinates of a user-selected pixel on the the video streamed image on
the UI of the TCT to a spatial coordinate on the ICPT in world units, relative
to the camera’s reference frame. As in the previous approaches, this approach
assumes that the robot base location relative to the camera can be estimated. Its
functionality is similar to the four markers approach, letting the user select a control
element (button or slider) of the ICPT by touching its corresponding location on
the UI’s image on the TCT. However, its accuracy may be compromised due to the
limited number of correspondences detected.

As described above, the usability of the hybrid approach benefits the system by
not relying on the a priori knowledge of the arrangement of the control elements
on medical device ICPT or on risking portions of the ICPT being blocked by the
placement of multiple markers, however, it has less accuracy than the four markers

approach. The hybrid approach will also not correct the captured image’s
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perspective of the USB camera for the Ul displayed on the TCT.

2.2.5 Camera position and robot calibration

To allow the robot manipulator to interact with a point in its workspace (on
ICPT) corresponding to any point selected by the user on the mobile App screen (on
TCT), the robot controller requires the corresponding spatial coordinate specified
in the robot’s frame of reference (located on the center of the robot base). This
necessitates imparting the system knowledge about the camera’s pose relative to
the robot frame of reference (#Ty). Thus, a calibration routine is created and
implemented before the system starts any HRI operations. That is, this routine is
run immediately after the camera’s orientation has been established to capture the
robot’s workspace surface (i.e., the ICPT monitor).

We first locate the ArUco marker in a predefined pose relative to the robot’s
reference frame (see Figure 2.9). With this known pose (¥T)) and with the pose of
the marker relative to the camera reference frame (“T);), estimated by the mobile

App, the calibration routine computes 7T as follows

RBTe = BT (CTy) (2.1)

Now #T¢ is stored on and used by the mobile App to map the pixel location of
any point tapped by the user on the TCT to a spatial coordinate on the ICPT in
the robot’s reference frame.

To achieve a mapping from the TCT to an ICPT of any size, the user enters,
in millimeters, the width and height of the ICPT, and the u and v offsets of the

top left corner of the ICPT from the center of the fiducial marker, into the App.
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This creates an interactive region on the TCT that is the size of the ICPT as seen

on the video feed on the TCT. Next, to map any desired point on the ICPT to
the robot’s workspace, we first locate the fiducial marker of known size (40 mm
x 40 mm) on the ICPT surface. Based on the size and orientation of the marker
obtained using computer vision, the App obtains the marker’s pose relative to
the camera position. It uses this information to map any pixel coordinate to a
space coordinate relative to the camera frame. Finally, using the transformation
matrix (fT¢) obtained in the calibration step, the desired interaction point on
the ICPT is mapped to spatial coordinates in the robot arm’s coordinate frame.
This coordinate serves as the input to command the robot to move to the desired
position. As long as the ICPT is located within the robot workspace and its entire
screen (with the fiducial marker located on it) is visible to the camera, the robot
can reach any desired point. Finally, once the App maps the TCT coordinate into a
spatial coordinate, it is published to a ROS topic, making it available to the robot
manipulator controller. However, even if the calculation of T is accurate, there
may be slight residual errors in the end effector’s final position. To compensate for
this, the second part of the calibration routine consists of commanding the robot
to go to the center of the reference marker multiple times. The user moves the end
effector’s final position by tapping on the Ul screen at preprogrammed buttons,
which are displayed during the calibration routine, to manipulate the stylus pen’s
tip in the X, Y, and Z directions until it matches the marker’s center as precisely
as possible. The offset values needed to reach the actual desired position are stored

and used to increase accuracy during the operation.
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2.2.6 Robot operation

A program on the RPi4 runs a ROS node that uses the information from the
mobile App and uses the controller node of the manipulator robot to move it to
the user-specified location. After performing the calibration routines, the system is
ready to operate. The manipulator robot control program moves the robot to an
initial position and waits for a user-specified coordinate to be available on the ROS
topic where the mobile App publishes coordinates.

When the App starts, it immediately tries to communicate with the microcom-
puter. Once the communication is established, the touchscreen of the tablet device
running the App will show the streaming video from the camera located next to the
robot, capturing the images from the ICPT (see Figure 2.10A). With the detected
2D reference marker’s information, the App will wait for the user to tap on the
display of the TCT. The moment a new user-specified coordinate is received, using
a sequence of events, the robot control program: (a) moves the robot manipulator
to the desired location, just over the specified coordinate on the surface plane of
the ICPT; (b) performs a tapping action that consists of moving slightly toward
the ICPT until a contact occurs; and (c) returns to the initial position and waits
for any new coordinates to be made available. This robot control program reads
and responds to only one user-specified coordinate at a time and ignores any newly
sent user coordinates while performing the sequence of operations for a previously
received coordinate.

The complete system setup created for this proof-of-concept (see Figure 2.10B)
uses a Microsoft Surface Pro 4 computer as the ICPT, running an application that

mimics the functions of a dialysis machine instrument control panel.



Figure 2.10: (A) HRI interface and (B) complete robot system setup.
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2.3 System evaluation

An experimental study was conducted with participants to evaluate the perfor-
mance and usability of the proposed system. The study was conducted with two
groups of users, referred to hereafter as the in-person and remote groups. In the
in-person group, 17 participants performed the experiment in a room adjacent to the
room housing the robot, camera, and ICPT monitor. Alternatively, in the remote
group, 16 participants performed the experiment from a remote location via the
internet. See http://engineering.nyu.edu/mechatronics/videos/mhrifordialysis.html
for a video illustrating a user interacting with the prototype to complete a set
of tasks. Before performing the experiment, participants in both groups were
briefed individually on the purpose of the experiment, what it entails, and how
the interactions take place. They were informed that when the “Ready” prompt is
shown on the TCT, the user can issue a command to the robot and when the “Busy”
prompt is shown, it means that the robot is executing a task and will not accept
any user command until the task is completed. No pretrial was conducted and each
participant performed the experiment for only one time. This was done to ensure
that the participants did not have any prior knowledge about the capabilities and
the overall responsiveness of the system.

The participants who performed the experiment in-person were asked to use an
Android tablet device with a touchscreen and interact with its screen using a stylus.
During the experiment, the tablet device was connected to the same dedicated
wireless network that the robot was connected to, and each user performed the
experiment by staying in the same location in the room.

To test whether controlling the robot from a remote location has any influence

over the system usability, system performance, and the task load of the user, an
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online study was conducted wherein the participants were asked to command
the robot by assuming control of a computer connected to the dedicated wireless
network shared by the robot. The participants were briefed similarly to those in the
in-person experiment, and no pretrial was conducted for this group either. The only
major difference between the two groups was that the remote group of participants
interacted with the video feed using a mouse pointer on their computer, whereas
participants in the in-person group interacted with a tablet device using a stylus to
issue commands to the robot.

During the experiment, the participants were asked to read a set of instructions
on a PDF document and perform the experiment accordingly. The PDF instruction
document listed six numbered tasks and an accompanying annotated image of the
user interface (see Figure 2.11), where the six tasks correspond to six different
interactions that the users needed to perform. These tasks were designed to mimic
a set of user interactions that a healthcare worker typically performs on a dialysis

machine interface. The details of the interactions are as follows.

(1) Press the red ON/OFF button.

(2) Change the value of the left slider to ‘0" and the value of the right slider to
‘100"

(3) Press the toggle button.
(4) Increase/decrease the value displayed in the gray box using the arrow buttons.
(5) Select the RX MGMT button.

(6) Return to the Main Display using the MAIN PAGE button.
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After the participants performed the six tasks, they were asked to respond to two
questionnaires that assessed their experience for qualitative evaluation. The first
part of the evaluation required the participant to respond to the NASA-Task Load
indeX (NASA-TLX) [68] to assess the workload experienced by the participants
while using the system. The NASA-TLX is used to rate the perceived workload of
an individual while performing a task. It is divided into six categories that include
physical workload, mental workload, temporal workload, effort, frustration, and
performance. In this study, the Raw TLX (RTLX) assessment was performed in
which the TLX scores are unweighted and the overall load of the task is calculated
as the average score of the six categories in the NASA-TLX. In the second part of
the evaluation, the participants were asked to express their level of agreement on
a System Usability Scale (SUS) [69] questionnaire. The questionnaire consists of
the following five positive and five negative statements with responses on a 5-point

scale (1: strongly agree and 5: strongly disagree).

(1) I think that I would like to use this system frequently.
(2) I found the system unnecessarily complex.
(3) I thought the system was easy to use.

(4) I think that I would need the support of a technical person to be able to use

this system.
(5) I found the various functions in this system to be well integrated.
(6) I thought there was too much inconsistency in this system.

(7) I imagine that most people would learn to use this system very quickly.
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(8) I found the system to be very cumbersome to use.
(9) I felt very confident using the system.

(10) I needed to learn a lot of things before I could get going with this system.

The participants were provided Uniform Resource Locators (URL) to the NASA-
RTLX and the SUS questionnaires and were asked to complete them on the spot
immediately after completing the six-step interactive tasks provided above. The
questionnaires were kept anonymous and no personal information was asked from

the participants except their age group and their gender.

2.4 Results

The performance and the user experience of the proposed system was evaluated
by conducting a study with 33 participants, of whom 29 participants were either
engineering students or professionals working in a STEM-related field and the
remaining four were medical professionals. A majority of the participants (72.73%)
had operated or programmed a robotic system while the rest 27.27% had neither
operated nor programmed a robot prior to their participation in the study. Note
that the four medical professionals were part of the remote group and only one
of them reported to have programmed or operated a robotic system previously.
Furthermore, qualitative data obtained from the SUS questionnaire contained two
outliers and one participant from the remote group did not complete the NASA-
RTLX self-assessment. Thus, the data obtained from these three participants was
not used for system evaluation and a total of 30 participants’ data, 15 from each

group, was used for the results reported below.
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2.4.1 System performance
First, the performance of the system was evaluated by validating the accuracy
with which a user is able to select and interact with desired points on the ICPT
monitor using the proposed HRI interface on the TCT. We considered five reference
points on the ICPT. These points were located at the center (P;(u,v)) and near the
four corners (P;(u,v), i = 2,...,5) of the screen. The experiment was conducted
50 times by a single user for each of the five reference points. The user input when
interacting with TCT was recorded as pixel coordinates along the u and v axes
and referred to as the commanded value. The point at which the robot interacted
with the ICPT in response to the commanded value is referred to as the measured
value and it was also stored as pixel coordinates along the v and v axes. The pixel
coordinates for the commanded values were scaled up to the screen resolution of
the ICPT so that a direct comparison with the measured values could be made.
The performance of the AR interface was evaluated by calculating the absolute
difference between the commanded and measured values for each interaction. Then
the average absolute error was calculated for both the u and v coordinates. This
was done for all five reference points and the results are shown in Table 2.2. The
results indicate that for all five reference points, the highest average absolute error
was less than 18.54 pixels for the u coordinate and 26.98 pixels for the v coordinate.
Given that the resolution of the screen used for the ICPT is 2736 x 1824 pixels,
with a diagonal screen size of 12.3 inches (312.42 mm), the pixel-to-length ratio
was found to be 10.5 pixels/mm. Thus, the maximum average absolute error was
2.56 mm in the v coordinate of the fifth reference point Ps(u,v)). It is important
to note that there was a button located at each of the five reference points and all

50 tests conducted on each button were successful, i.e., the button was successfully
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pressed each time. The diameter of the buttons is 90 pixels which is approximately

equal to 8.6 mm. This particular size of buttons is chosen because it is considerably
smaller than all interactive elements on the touchscreen and the touchpad of a
dialysis machine and therefore proves to be a reliable indicator of the performance
of the system.

Table 2.2: Performance test results

Values in pixels P (u,v) Py (u,v) Ps(u,v) Py(u,v) Ps(u,v)

Ideal (1368,912)  (568,1612)  (2168,1612)  (2168,212)  (568,212)
Commanded (average) | (1367.4,912.1) (569.7,1601.6) (2166.9,1612.1) (2163.2,211.4) (595.9,215.9)
Measured (average) | (1385.9,905.7) (565.8,1596.9) (2162.6,1598.0) (2173.6,215.9) (599.8,189.1)

The time taken by the robot to complete an interaction is determined by the
task time programmed for the robot. In experimentation, it is measured as the
difference between the time when the robot receives a command and the time when
the robot returns to its home position after performing the interaction. The robot
took 12.036 s to complete an interaction, without any significant difference in the
times spent for different interactions. Next, the time it takes for a user to complete
an interaction on the ad hoc wireless network is calculated as the difference between
the time when the command is sent by the TCT and the time when the user receives
the “Ready” prompt again on the TCT. For each of the following three scenarios,

15 tests were performed to measure the user interaction completion time.
(1) The user holding the TCT and the robot are in the same room.
(2) The user holding the TCT and the robot are in different but adjacent rooms.

(3) The user holding the TCT is at the maximum working distance from the
wireless router (27 meters), with multiple rooms in between the user and the

robot.
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In all three scenarios, the average time to complete the user interaction showed
no significant difference and was found to be 12.077 s. Finally, in the last time
measurement experiment, we sought to determine the user interaction time when
performing interactions with the robot over the internet. With a user located at
a distance of approximately 1.5 mi from the robot, the average interaction time
for 15 tests was obtained to be 12.56 s. Note that while the task completion time
for the robot remains constant, the task completion time for the user and the
maximum allowable interaction distance from the robot can change depending on

user location and Wi-Fi signal strength, respectively.

2.4.2 User experience

While the results obtained using the system performance test validated the
utility of the proposed system from an accuracy and precision point of view, it is
important to consider the overall user experience when the participants operate
the system. Thus, three different methods were used to perform the qualitative
analysis of the user experience. The first method involved measuring the task
load of the experiment using the NASA-RTLX self-assessment. This was followed
by administering a system usability questionnaire, and finally the verbal/written

feedback given by the participants was reviewed.

2.4.2.1 Workload

The assessment of the workload was performed by analyzing the results obtained
from the NASA-RTLX self-assessment for the in-person and the remote participant
groups. All categories were scored on a scale of 0-100 and the overall score for each

participant was computed as a mean of the score for the six categories.
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The score for each category was averaged and these calculations were used to
compute the mean overall workload for both groups. Since there was no overlap
between both groups, and therefore both samples are independent, a Welch’s
unequal variances two-tailed t-test was performed on the individual categories
of the NASA-RTLX scores from both groups and the tests yielded p > 0.05 for
responses of in-person versus remote experimenters. Thus, it was concluded that
there was no statistically significant difference between the task loads experienced
by the participants in the two groups. The combined average task load for both
groups is computed and reported in Figure 2.12A.

The collective task load values for two groups (Figure 2.12A) and the raw
data indicate that the frustration score was the highest for the two groups. The
high frustration value can be attributed to the downtime that the participants
experienced during the “Busy” phase of the robot movement, when the participants
could not issue new commands to the robot. When we consider this factor with
the slow speed at which the robot moves, it is plausible that the frustration value
would increase as a result. Upon further examination of the raw task load data, it
was observed that among the six categories, the effort scores exhibited a relatively
high inter-group difference (in-person effort = 11.67, remote effort = 5.8). The
difference between the effort values of both groups can be explained as a result of
the type of interaction method with the robot. Participants in the remote group
issued commands to the robot via a mouse pointer on a computer. This gave them
very fine control with pixel perfect accuracy and a large screen size that definitely
helped in the experiment. On the other hand, participants in the in-person group
were asked to use a tablet device and a stylus to interact with the video-feed. The

stylus requires extra pressure to be applied on the tablet computer screen to register
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a touch input and the smaller screen size required the users to pay more attention

to where they were interacting with the screen of the tablet device.

2.4.2.2 System usability

To gain an insight into the user experience of the participants, they were asked
to complete a system usability questionnaire using a 5-point scale (1: strongly agree
and 5: strongly disagree). The participants’ individual responses were subjected to
an unequal variances two-tailed ¢-test and the responses for the in-person group
were compared with those of the remote group. Out of the 10 questions on the SUS
questionnaire, three questions [(1), (5), and (6)] showed a statistically significant
difference with p = 0.03, p = 0.03, and p = 0.001, respectively. Upon close
examination of the data, two in-person group participants’ responses were identified
as outliers due to the large distance between their responses and the mean response
for questions [(1), (3), (5), (7), and (9)]. Upon removing the outliers from the data,
an unequal variances two-tailed t-test was performed again on the responses from
the remaining 15 participants in the in-person and 15 participants in the remote

groups. The results are shown in Figures 2.12B,C.
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Out of the 10 questions, only question (6) showed a statistically significant

difference with p = 0.001. Although all participants in the remote group disagreed
or strongly disagreed that there was too much inconsistency in the system, some
participants from the in-person group had neutral responses on this question. The
neutral responses can be interpreted as participant reservations on the responsiveness
of the tablet device when interacting with it using a stylus. Since the stylus used in
this experiment had a relatively large tip, it is possible that some participants found
inconsistencies when interacting with the tablet device if they did not pay close
attention to where they touched the screen. This also explains why the participants
in the remote group did not find any inconsistencies despite controlling the robot
from a remote location. Since remote participants were using a mouse pointer on
a comparatively larger screen (using a laptop or desktop computer), they could
direct the robot more precisely, therefore reducing the human input error. A viable
solution that would alleviate the problems faced by the in-person group would be

to use a tablet device with a larger screen size, and/or use a stylus with a finer tip.

2.4.3 User comments

From the participants who tested the prototype, remotely and locally, we
obtained different insights about their experiences interacting with the system by
reviewing their comments and feedback. A total of 33 individuals participated
in this study, out of which 21 provided comments and suggestions about their
experience in controlling the manipulator. Some of the comments praised the
system as evidenced by the use of terms such as “helpful,” “efficient,” “easy-to-use,”
“pretty good,” “requires very little experience,” among others. Although several

other participants did not express negatively biased comments, they expressed
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some reservation with the speed of the robot in executing the received commands,
e.g., “the time taken by the robot to execute the command slows the process

7 There were also criticisms from users who tested the prototype from a

down.
remote computer and on-site with a mobile device regarding the smoothness of the
robot movements and the camera image shown in the HRI interface. Specifically, a
participant who tested the prototype in-person using a tablet, suggested making
the robot “more robust” and another participant who used the robot from a remote
computer, advised “make the system more accurate and more stable [...] decrease
the skew in the image from the camera.”

Since this study proposes a solution to be used by heathcare workers, we also
reached out to doctors who were willing to test the prototype and provide a review
based on their experience working during the COVID-19 emergency. A total of
four doctors remotely interacted with the proposed system and provided their
feedback which included suggestions, criticisms, and compliments about the system
and its utility as a viable solution for the control of dialysis machines during a
pandemic. For example, one of the participant doctors, who used the prototype
from a computer outside the United States, praised the system by commenting on
its ease of understanding, use, sensitivity, absence of errors, ability to avoid contact
with patient, etc. Another participant doctor offered insight into how this solution
is perceived from a medical perspective, i.e., “interesting” and “of enormous use,
especially when necessary to avoid physical contact.” He also advised to improve
the precision of robot because sometimes “it was necessary to select the same task

7

until it was completed successfully.” Additionally, another medical professional
expressed his interest in how this system would perform in a real situation. This

doctor provided a verbal review by stating that the system works very well but it
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will require testing on a real dialysis machine to see how it controls it.

We found that the difference in these reviewer experiences is partially explained
by the variations of internet connection speeds available on each participant’s
respective location (when controlling the system from a remote computer, off-site).
In some cases, this variable added delay to video streaming, which did not let the
users monitor how the robot was performing the tasks.

Figure 2.12D presents the percentages of each type of comments provided by
the participants using the proposed system. We categorized the comments into
“praise”, “suggestion”, and “criticism” categories. Positively biased comments
were categorized as praises and accounted for 34% of the commenters from the
in-person group and 50% of the commenters from the remote group. We categorized
as criticisms the comments that identified a shortcoming without providing a
recommendation. These accounted for 33% of the commenters from the in-person
group and 8% of the commenters from the remote group. Finally, comments that
provided recommendations to improve the system were categorized as suggestions
and accounted for 33% of the commenters from the in-person group and 42% of the
commenters from the remote group. It is seen that most participants were affected
enough by their participation in the study to leave meaningful comments. Moreover,
a sizable portion of participants was satisfied enough to praise their experience in
writing. We took these praises to confirm our arguments for integrating mobile
hardware and software as an effective way to interact with medical machines
remotely using robot systems, such as the one proposed in this study. Many of the
praises expressed the satisfaction of completing a set of tasks remotely, either using
a “click” on a computer screen or tapping a location on a mobile device screen.

On the other hand, criticisms gave us areas of opportunity on which we can
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focus to improve our prototype to deliver greater satisfaction in the use of HRI
interfaces to control robots remotely and to meet the expectations of the system
performance while executing a task. Observations regarding the smoothness of
the robot movements and precision allow us to understand better how a system
of this nature is perceived. Even if the users complete a set of tasks successfully,
the speed while performing this task or lack of smoothness on the manipulator
movements creates some distress. On the other hand, criticism about the skew of
the camera view confirms that there is also some level of discomfort when a user
perceives a distorted perspective of a surface (touch screen) with which interaction
is required. While many of these suggestions for improvements will be considered
in developing and testing future prototypes, below we offer one improvement to

render a distortion-free perception of the ICPT on the TCT.

2.4.4 Suggested improvement based on user tests

On the SUS questionnaire and in the comment section, several participants
provided written (and verbal) feedback concerning the skewed perception of the
camera video-feed. In response, we have explored the potential of including an
additional feature to the hybrid approach of this study, which uses a single reference
marker, to correct and improve the video-feed displayed on the TCT interface.
Specifically, as previously, when the users run the mobile Ul App on the tablet
device, the raw live-stream of the ICPT is displayed on the TCT with a distorted
perception. Next, the App prompts the user to touch (from the mobile device)
or click (from the remote computer) the four corners on the video-feed of the
surface plane of action of the ICPT in a clockwise manner, starting from the

corner closest to the fiducial marker (see Figure 2.13A). These user-selected pixel
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coordinates, corresponding to the corners of the ICPT, are used to get a perspective

transformation matrix and map the identified ICPT plane to fit the screen of the
TCT by performing a perspective correction. This correction technique allows the
user to be presented with a distortion-corrected view of the raw ICPT video-feed in
the HRI interface (see Figure 2.13B). When the user interacts with the corrected
image displayed on the TCT, the inverse of the perspective transformation matrix
computed above can be used to map the pixel coordinates of the user interaction
on the TCT to the original perspective view captured by the camera, allowing the
application to work without any additional modifications. Figure 2.13 illustrates
that it is feasible to implement such a perspective correction approach, however a
complete set of user-tests with this improved approach is beyond the scope of this
study and will be considered in a broader study with the two alternative approaches

suggested in subsection 2.2.4.

2.5 Conclusion

This chapter presents a system for remote control of a dialysis machine with
mobile HRI as part of the COVID-19 emergency response. The proposed approach
utilizes the capabilities of a smartphone/tablet device as a mode of interaction
with a 4-DOF robot and explores the possibility of manipulating the robot to
remotely interact with the instrument panel of a dialysis machine. This allows
medical professionals to maintain social distancing when treating dialysis patients,
preventing potential exposure to pathogens for both the healthcare staff and the

patients. Such a system will also help lower the use of PPE by doctors and nurses



Dialysis Control Panel

‘ 777“”"}‘”“” n

|
| pané
: s contro
D/a,’yfrlf; "
X . Toggle €

50

50 &

| [- ==

L

- :

" < > Q

Figure 2.13: (A) Raw image with corners selected by the user and (B) image with distortion corrected.

¢S



93

while performing routine, simple procedures that could be performed by a robot.
To evaluate the proposed system, its performance, and the user experience, a user
study was conducted in which participants remotely issued commands to a robot
via a tablet device or a computer. The participants received a live streaming video
of a mock dialysis machine ICPT that allowed them to command the robot to
manipulate the Ul elements of the ICPT by touching those elements on the video
feed on the TCT. Results of the study show that the participants were able to
remotely access the Ul elements of the ICPT and complete the tasks successfully.
Based on the feedback received on the SUS questionnaire from the participants,
an improvement to the proposed HRI interface was suggested and implemented
which corrected the perspective distortion of the live stream of ICPT and allowed
the user to interact with the corrected image for a more intuitive experience.
Overall, the live-streaming video of the instrument panel provides a very natural
and intuitive mode of interaction for the user and does not require prior experience
in programming or operating robots. Most importantly, there is no need to develop
a custom Ul for the TCT since the user directly interacts with the video feed from
the ICPT. This allows the proposed system to work with any touchscreen and the
development of custom TCT interfaces that only work with their corresponding
ICPT is not required. Finally, the proposed approach can be deployed very rapidly
and requires minimum preparation work in case of an emergency, therefore saving

valuable time and resources that can be directed elsewhere.
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Chapter 3

Range of motion assessment using

a digital voice assistant

3.1 Introduction

With the advent of smart devices, high-speed internet, and digital services, many
hospitals and clinics have embraced telemedicine and digital healthcare as a viable
service to the public. In fact, in the context of the COVID-19 pandemic, a large
majority of people in the US have started to receive virtual clinical services [70].
Currently, such services entail teleconferencing software, making the interactions
a virtual analog of an in-person visit to a doctor’s office. However, other aspects
of telehealth are yet to make their transition to the digital domain. One such
aspect is data-driven telemedicine and therapy compliance monitoring in elderly
care. A paradigm shift is waiting to unfold, since the technology to make it happen
is already available, albeit used for other purposes. DVAs are one example of

such a technology. The last decade has seen a growth in the adoption of DVAs,
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with 46% of the US population already using some kind of DVAs as of 2017 [71].

Recently, DVAs have started to ship with built-in cameras, which greatly increases
the potential of these devices. Yet, today the DVAs are used in a limited capacity,
e.g., video conferencing, information retrieval, smart home control, etc.

As indicated previously, in recent years, discussions about digital healthcare
and telehealth have come to the forefront [72] with an emphasis on geriatric health
[73]. Even as the use of DVAs as a modality for telehealth and telemedicine
remains a nascent concept, efforts are afoot to explore their utility and effectiveness
for synchronous and asynchronous healthcare delivery [74], in remote healthcare
monitoring [75], and as a conversational agent for the elderly [76]. The recent
integration of built-in cameras in the DVAs offers yet another opportunity to embed
novel modalities for therapy compliance into the DVA device ecosystem. Thus, this
work proposes a DVA application for the ROM measurement, which is traditionally
performed with sensor-based [77] or optical [78] methods. We demonstrate the
use of the built-in camera of a DVA device for ROM monitoring. This proof-
of-concept system can be explored further to develop more effective telehealth
solutions involving DVA devices, e.g., for remote monitoring of compliance with
physical therapy.

The chapter is organized as follows. Section 3.2 elaborates on the design and
development of the system used for ROM tracking. Section 3.3 discusses the results
based on the preliminary work and addresses the benefits and shortcomings of the

approach used. Finally, section 3.4 provides concluding remarks.
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3.2 Design and development

Our prototype is based on the Google Nest Hub Max DVA device. A computer
acts as a local server and uses the Nest API to access the live stream of the device’s
camera through a Real-Time Streaming Protocol. An if-this-then-that applet
accesses the Google Assistant in the DVA to respond to a user’s voice commands.
When the user issues a command, such as, “OK Google, start ROM app”, the
applet sends a GET request using the Flask web framework to the server. Once the
command is acknowledged by the server, it starts receiving the live stream from
the DVA camera, and the ROM measurement application starts on the server. A
confirmation is sent to the user as a voice response by the Google Assistant and
the user can start performing the exercise. Figure 3.1 shows the overview of the
proposed system and various alternative ways in which an overall system can be
constructed.

We consider a 3D pose estimation problem with a subject standing at a fixed
distance from the DVA camera. It is assumed that the subject’s frontal plane (see
Figure 3.2) is parallel to the camera image plane (see Figure 3.1). To determine
the 3D pose, 33 image coordinates (i.e., landmarks) in R? corresponding to the
body joints are detected using the MediaPipe library that utilizes the BlazePose
[79] pose detection model. To study the upper extremity ROM, we use eight of the
33 landmarks from the MediaPipe. Although the model provides the landmarks in
R3, the z-coordinate (corresponding to depth) is discarded as it has a high variance

in error when repeated tests are carried out for the same pose.
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Figure 3.2: Joint positions obtained from the MediaPipe and the vectors used to compute the joint angles: * and ~ denote points and
vectors, respectively.

8¢



59

3.2.1 Shoulder ROM measurement using camera image
Glenohumeral joint motion is modeled using spherical coordinates [80] where
the joint is at the center. We consider that the wrist skirts the periphery of a virtual
sphere. The three angles of interest are the thoracohumeral angle, i.e., the shoulder
elevation angle 6, the clavicular-humeral angle projected on the transverse plane,
i.e., the shoulder plane angle ¢, and the humeral rotation around the long axis,
i.e., the internal-external rotation angle ). The notation used and measurements
performed for the right arm in this work can be analogously extended to the left

arm. Figure 3.2 depicts the angles and their relation to the cardinal planes.

3.2.1.1 Calibration Step

First, the user stands in front of the DVA camera with arms down to the side in
a “rest pose”. The system calculates the length of the trunk vector T N S B — S M
the maximum length of the right arm vector Ap 2 Wyp-8 r, and the maximum
length of the right forearm vector Fr2Wp— Egin pixel space. These calculations
are performed for N = 50 samples and the length averages T',,,, Ar,.,, and Fg,,
are computed to mitigate any errors due to noise. The angle 6 (or ) calculation is
performed using the ratio of the length of the arm (or forearm) to the length of the
trunk for the rest pose in which it is maximum and denoted as the rest ratio a, (or

fr) shown below

A
4, = T and f, = e (3.1)

This step helps overcome any changes in the apparent arm (or forearm) length due
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to a shift in perspective. Next, for calculating ¢, we compute the stretch ratio a

with the user arm stretched to the side, yielding a; = a,|p=g00 s=0° -

3.2.1.2 Calculation step

We now determine the shoulder and elbow angles corresponding to various ROM
exercises. We begin by noting that for two arbitrary vectors v; = y; — 24, i = 1, 2,

the point of projection p of the vector ¥5 on the vector v; is given by

. Co Up Vo) Lo
P = projy, Uy + i1 = (W) T + 1. (3.2)
U1

Using (3.2), we can now determine the following quantities:

(i) the vertical and horizontal projections of the elbow Eg on the base vector

S p and the trunk vector T v, denoted as E, and E’y, respectively;

(74) the vertical and horizontal projections of the wrist W on Sp and Ty, denoted

as W, and Wy, respectively; and

(744) the vertical projection of the shoulder Sr on Sg, denoted as S,. See Figure

3.2 that shows the projections Ex, Ey, Wz, Wy, and S, for the right arm.

It can be shown that for a 2D projection of a vector rotating inside a sphere with
a radius equal to the length of the rotating vector, the change in the distance from
the vertical projection point of a vector (Ey or Wy) to Sy is directly proportional
to cos(f). Thus, € can be calculated for the shoulder abduction-adduction and
flexion-extension exercises as shown in (3.3). With the user at a constant distance

from the DVA camera and when # = 90°, ¢ can similarly be calculated as shown in
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(3.3). For the shoulder internal-external rotation exercise, let the upper arm point

downwards (i.e., 8 = 0°), and flex the elbow to 90° (i.e., elbow angle a = 90°).
Then the internal-external rotation (i.e., shoulder angle ) can be computed as
shown in (3.3). Finally, for the elbow flexion-extension exercise, the arm is kept
parallel to the camera image plane (i.e., ¢ = 0°), and the elbow angle «, between

the upper arm Uy and forearm Fy is calculated as shown in (3.3).

V, - E g F
Y =cos! We = B , a=cos ' qR o (3.3)
TNan fT UR FR

3.2.2 Experiment design

A virtual environment is created using the Unity Engine (Unity Software Inc.,
San Francisco, CA, USA) to compare the proposed system with the synthetic
ground truth data. The virtual environment comprises an SMPL-X [81] 3D human
model standing in front of a virtual camera. The SMPL-X model undergoes various
exercises for the right arm: () shoulder abduction-adduction (¢ = 0°, 6 € [0, 170]°);
(#i) shoulder flexion-extension (¢ = 90°, 6 € [0,170]°); (i) shoulder plane angle
(0 =90°, ¢ € [0,90]°); (iv) shoulder internal-external rotation (# = 0°,a = 90°,¢ €
[—50,50]°); and (v) elbow flexion-extension (¢ = 0,a = [0,130]°). To further
validate the system, the exercises are repeated by a neurologically intact individual
with nominal upper extremity ROM while the data is collected and results are
compared for the proposed approach vs. the Kinect. See Figure 3.3 for details.

For the ground truth data, measurements are timestamped and recorded in a
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Figure 3.3: Comparison between the data from (a) the synthetic ground truth vs. the proposed
method and (b) Kinect vs. the proposed method.
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text file. Simultaneously, the video feed from the virtual camera is processed by
the MediaPipe and the resulting 2D landmarks are also timestamped and recorded.
Figure 3.3 shows the graphs of the computed ROM angles for the ground truth
vs. the proposed method for various exercises. A similar data collection method
is used when a user performs the exercises for comparing the proposed method
vs. the Kinect-based measurements and these results are also shown in Figure
3.3. To mitigate noise effects, the data from the MediaPipe is filtered using a
moving average filter with a window length of 8, which time-shifts the data. In
post-processing, the data is time-aligned with the ground truth and Kinect data

for analysis.

3.3 Results and discussion

The results from the proposed method are compared to the ground truth using
the Bland-Altman test [82] to find the limits of agreement (LOA). Figure 3.3 and
Table 3.1 show the LOA for various exercises. The LOA for exercise 2 is seen to
be higher than for other exercises. This is explained by the arm motion out of
the frontal plane for exercise 2, where the lack of depth information causes the
proposed approach to be degraded especially near the extreme angles (6 = 0° and
0 = 180°). In exercise 3, a similar effect is seen at ¢ = 0°, but since the angle
never reaches ¢ = 180°, the LOA is lower in this case. In exercise 4, since only
the forearm moves out of the frontal plane, the lack of depth estimation does not
degrade the corresponding ROM estimate excessively.

Figure 3.3 and Table 3.1 also show the LOA between the proposed method vs.

Kinect. The LOA data has larger values for comparison with Kinect in contrast



Table 3.1: Limits of agreement for shoulder (S) and elbow (E) exercises.

No. Exercise vs. Synthetic data | vs. Kinect
1 S: abduction-adduction +4.3° +8.8°
2 S: flexion-extension +7.1° +12.6°
3 S: plane angle +3.3° +12.1°
4 | S: internal-external rotation +4.3° +15.6°
5 E: flexion-extension +2.9° +7.2°
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to the ground truth. One reason for this may be that the camera sensor suffers
from noise. Next, for exercise 1, the large LOA against Kinect may arise from
the discrepancy in the data for the low values of shoulder elevation angles, which
are normally the resting position of the arm and may not be significant for one’s
ability to perform activities of daily living. For the larger shoulder elevation angles,
the data from the proposed system closely follows the data from the Kinect. For
exercise 2, the large value of LOA can be attributed to the discrepancy in the
data for the low and high values of shoulder elevation angles, where the Kinect
measurements may suffer due to only small changes in depth. For exercise 3, the
large value of LOA can be attributed to data discrepancy for ¢ = 90° where the
Kinect sensor suffers from occlusion of the elbow joint. For exercise 4, the large
LOA value may arise from the moving average process used in the proposed method
that reduces the slope of the motion trajectory as the arm switches from internal
to external rotation. While this does not affect the peak values, a reduction in the
moving average window size is found to improve the LOA. Finally, for exercise 5,
the large LOA against Kinect may be caused by the pose prediction uncertainty

from the MediaPipe and the Kinect.
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3.4 Conclusion

This chapter introduced a ROM assessment system leveraging a DVA device
equipped with an integrated camera. By analyzing the real-time video feed, this
system tracks 2D joint landmarks to monitor ROM, focusing on shoulder and
elbow movements. The proposed system performs analytical computations of joint
angles, which were validated against synthetic ground truth and Kinect sensor
measurements. This method not only offers a novel avenue for ensuring therapy
adherence but also enables at-home monitoring, which can potentially enhance
patient engagement and compliance. Furthermore, the use of DVA devices with
built-in cameras presents opportunities for future research, including long-term
ROM assessment and the expansion of telehealth applications focused on therapy

compliance.
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Chapter 4

Wireless earphone-based real-time

monitoring of breathing exercises

4.1 Introduction

Deep breathing exercises have been shown to reduce conditions such as hyper-
tension [83] and anxiety [84]. Moreover, several therapy interventions for medical
conditions such as lymphedema [85], asthma [86, 87|, and chronic obstructive
pulmonary disease [88] rely on breathing exercises as a primary component. Thus,
tracking breathing using a monitoring device can support therapy compliance.

Respiratory rate, blood carbon dioxide level, and the volume of air inhaled
and exhaled by the lungs serve as vital indicators of health. In a clinical setting,
these indicators are measured using devices such as spirometers and capnographs
[89]. However, for general diagnosis and therapy compliance applications, metrics
such as the respiratory rate are often measured manually by counting the number

of chest expansions over a minute [89]. For such non-acute applications, several
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devices are commercially available including respiratory thoracic belts and pulse
oximeters with integrated respiratory rate monitoring [89]. A major drawback of
these devices is that they are considered specialized medical hardware that may
not be readily available at home. To address these issues, one viable alternative
is the use of commodity hardware to measure acoustic biomarkers for monitoring
therapy compliance.

Prior research has explored the effectiveness of acoustic data for administering
therapies such as breathing training [90] and for tracking metrics such as respiratory
rate [91, 92]. These studies rely on a user breathing directly into a microphone,
which limits their application for at-home therapy compliance monitoring, especially
when the therapy requires physical movement with breathing exercises. These
studies also do not distinguish between nasal and oral breathing, which is important
for some therapy interventions [85].

Recent advances in acoustic hardware design have led to the development and,
consequently, the widespread adoption of wireless earphones that are capable of
connecting to smart mobile devices. Almost all wireless earphones have a built-in
microphone and several latest models also include IMUs and proximity sensors.
These developments open new sensing modalities and research avenues for digital
healthcare and telerehabilitation. For example, recent research has used wireless
earphones for respiratory rate monitoring using audio [93] and the built-in IMU
[94] sensors of the earphone. Yet other studies have combined prior approaches to
integrate the audio signals and IMU data from the earphones for determining the
respiration rate and breathing channel (nasal vs. oral breathing) [95, 96]. All of
these studies utilize deep-learning models to detect respiratory rate and breathing

channel. It is pertinent to note that the aforementioned studies do not provide
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the dataset used to train their underlying neural network models, which makes it
impossible to reproduce their results.

To accurately monitor breathing exercises using wireless earphones, this work
creates a framework that has the potential for assessing a patient’s compliance
with an at-home therapy. The study builds upon [97] that developed an at-home
lymphedema therapy compliance monitoring system. Along with physical activity,
such therapies entail breathing exercises wherein a user performs nasal inhales and
oral exhales, which warrant accurate tracking of breathing phases (inhale/exhale)
and channels (nasal/oral). One such therapy is the optimal lymph flow (TOLF)
which is a therapeutic exercise program designed for post-operative patients to help
them reduce the risk of lymphedema. It includes both physical exercises, where
the user is required to move their limbs, and breathing exercises, where the user
inhales through the nose and exhales through the mouth. To monitor a patient’s
compliance with the TOLF program, it is important to accurately detect these
exercises as a patient performs them so that their compliance and therapy with
the program can be monitored. While solutions for human pose estimation are
discussed in Chapter 3, this chapter specifically focuses on detecting breathing

exercises. Two main contributions of this study are:

(i) a system for real-time detection of breathing phases and channels when the

user performs breathing exercises and

(74) an annotated breathing audio dataset, created using wireless earphones, to

facilitate the reproducibility of results and enable further research.

The chapter is organized as follows. Section 4.2 elaborates on the creation

of the dataset and the architecture and training of the system used for breath
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classification. Section 4.3 discusses the results based on the preliminary work and
addresses the benefits and shortcomings of the approach used. Finally, Section 4.4

provides concluding remarks.

4.2 Design and development

The proposed system is envisioned as an application (App) running on a smart
mobile device. Using a pair of wireless earphones connected to the smart device, the
system will receive audio signals in real-time and use them to infer the breathing
pattern of the user. Specifically, the App will detect (z) the breathing channel, i.e.,
nasal or oral, and (7i) the breathing phase, i.e., inhale or exhale. To begin using
the system, the user will launch the App on the smart device and wear the wireless
earphones. Next, the App will acquire the breathing audio recorded through the
wireless earphones and pass it through a neural network classifier that will infer the
channel and phase of breathing. Additionally, the classifier will detect any pause
between breathing and, thus, can be used to calculate metrics such as the total
number of breaths, respiratory rate, and breath-phase duration. Below we provide
details about a proof-of-concept system where the data-gathering process and the
architecture of the neural network have been implemented on an Apple iPhone and
a high-performance computing system, respectively. Porting the designed neural

network to the iOS environment will enable the App-based system.

4.2.1 Audio dataset creation

As of this writing, datasets of breathing audio sounds recorded with wireless

earphones are not publicly available. Moreover, a majority of the publicly available
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breathing audio datasets are either used for detecting pathologies of the respiratory
tract [98] or were recorded using contact microphones [99]. Finally, the data quality
of many public datasets is too low due to signal corruption from noise, distortions,
and audio artifacts, making the datasets unsuitable for our application. In response,
we sought to create a breathing audio dataset using wireless earphones.

To capture the audio data, a pair of wireless AirPods connected to an iPhone
were chosen due to their broad availability and popularity. Airpods operate under
three modes, i.e., noise cancellation, transparency, and off. To eliminate any
unwanted audio interference or amplification caused by the noise cancellation and
transparency modes, the off mode was used for audio recording. The recordings
were stored in the M4A audio file format and converted to the WAV format.

For the dataset collection, eight healthy individuals, aged between 23 and 34
years, were invited for two recording sessions. During each session, they were
asked to record two-minute-long audio clips each for nasal and oral breathing. The
recordings were done in a quiet room and each participant was given a demonstration
of the exercises before the recording session. Participants who owned AirPods
were encouraged to use them, the rest of the participants were provided with
AirPods and new ear tips. The data was obtained with the participants’ signed
consent and the research was approved by the NYU Institutional Review Board
(IRB-FY2020-4198).

To label the audio data, an initial dataset was recorded with two participants
who performed two sets of two-minute-long nasal and oral breathing exercises.
After being converted to WAV format, the audio files were manually labeled using
the open-source application “Audacity”. The labeling was performed by visualizing

the audio files as spectrograms and listening to the audio using earphones. The
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following categories were used for systematic labeling: pause (0), nose-inhale (1),
nose-exhale (2), mouth-inhale (3), and mouth-exhale (4). These labels were assigned
to the corresponding sections of audio, providing a structured representation of
the breathing patterns. The labels were exported as a text file where each row
contains the start time, end time, and label of the audio segment. Figure 4.1 shows
an example of annotated spectrograms for nasal and oral breathing.

To simplify the labeling for the recordings of the remaining six participants,
the labeling process was streamlined by training a binary convolutional neural
network (CNN) model to distinguish between two classes: pause (0) and breath
(70). This model achieved an accuracy of 90%, which significantly expedited the
labeling process. The pre-labeled files obtained through CNN underwent a round
of scrutiny to rectify any minor mistakes made by the model during inference, and
to provide the correct classes (1,...,4), for the data from the breath class (70),
based on the channel and phase of breathing. This classifier was re-trained after
the addition of each new participant’s data until an accuracy of 96% was achieved.
The architecture of this labeling classifier is identical to the channel classifier model
discussed in the next subsection with the exception that the labeling classification
head was modified to output two classes instead of three given by the channel

classifier. The dataset is made publicly available at: https://shorturl.at/jlrKU.

4.2.2 Training the model

The next steps entailed preprocessing the audio data, tuning model hyperpa-
rameters, and training the neural network to distinguish between channels and

phases of breathing.
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Figure 4.1: Audio spectrograms for (top) nasal and (bottom) oral breathing.
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4.2.2.1 Audio preprocessing

The WAV audio clips underwent several preprocessing steps before being used
to train the model. To begin with, the audio clips were resampled at 16 kHz to
standardize the input data. Next, the audio clips were segmented and labeled into
500 ms long intervals with a frame stride of 250 ms to allow overlap between adjacent
segments. The frame length of 500 ms was deemed to have enough information for
model training without adding too much delay to the system during inference. To
label each audio segment, the text file of labels for the corresponding audio clip
was used. We employed a multilabeling approach wherein the audio segments were
allowed to have more than one label. This is important because an audio segment
that contains, e.g., a transition from a pause to a nasal inhale should be assigned
labels for pause and nose-inhale. The labels were also one-hot encoded to prevent
the model from learning the ordinal relationship between the categories.

To improve the generalizability of the model, the training dataset was augmented
with noise taken from an audio clip that includes background noise from multiple
people talking. The noise was uniformly sampled across a range of signal-to-noise
ratios from 20 dB to 40 dB.

The segmented audio waveforms were converted to spectral features, i.e., mel-
spectrograms and mel-frequency cepstral coefficients (MFCCs) of sizes 128 x 126 and
40 x 41, respectively. The mel-spectrograms were divided into 128 mel-filterbanks,
with 2048 fast Fourier transform points, a window length of 2048, and a hop length
of 64. To create the MFCC matrices, the number of MFCCs was chosen to be
40. The mel-spectrograms and MFCCs were generated using the TorchAudio [100]

library from PyTorch.
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4.2.2.2 Model training pipeline

The problem statement for model training was split into two tasks. The first
task entailed classifying between pause, nasal breathing, and oral breathing. To do
this, a CNN classifier was designed with three convolutional blocks having filter
sizes of 8, 16, and 32, respectively. Each convolutional block’s convolutional layer
was followed by a batch normalization layer and a max pooling layer. Moreover,
four fully connected layers were added after the last convolutional block. The
neural network used a rectified linear unit as the activation function and each
convolutional layer had a 3 x 3 kernel size. As noted in subsection 4.2.1, this
model was also used to train the binary classifier for data labeling. The classifier’s
architecture is shown in Figure 4.2 and is denoted as ‘channel classifier’.

Having passed through the channel classifier, the audio data was classified as
either pause, nasal breathing, or oral breathing. If an audio segment was classified
as a pause, the system displayed the result to the user and began processing the
next audio segment. However, if the audio segment was classified as nasal or oral
breathing, then the audio segment was passed to a second classifier that sought to
determine whether it represented an inhale or exhale. This classifier had a single
convolutional block with a filter size of 4 and a 3 x 3 kernel size. The convolutional
block was followed by four fully connected layers. The architecture of the CNN is

shown in Fig. 4.2 as ‘phase classifier’.
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A binary cross-entropy loss function was used to train all models. In each
instance, the model was trained until the F1 score of the test dataset stopped
improving for 30 epochs, after which the highest F1 score was reported and the

corresponding model checkpoint was saved.

4.3 Results and discussion

To evaluate the system performance, we conducted k-fold cross-validation on
the dataset to provide a better estimate of the model performance on new data.
Specifically, we used a leave-one-out cross-validation (LOOCV) method where data
from seven subjects was used for training and the eighth subject’s data was used
for validation. This method prevents any data leakage between the training and
testing datasets, and it also aids us in identifying any limitations of the model and
detecting any shortcomings of the dataset.

With LOOCYV of the channel classifier, we observed that using mel-spectrograms
as an input feature produced the best results with an average F1 score of 93.98%
(SD=5.02%). In comparison, using MFCCs as input features produced an average
F1 score of 90.35% (SD=8.49%). When using mel-spectrograms, the highest F1
score of (97.99%) was obtained by excluding user #5 from the training dataset.
Conversely, the lowest F1 score of (82.45%) was obtained by excluding user #6
from the training dataset. When using MFCCs, the results were similar to the
mel-spectrograms case, with the highest F1 score of (97.50%) (by excluding user #5)
and the lowest F1 score of (75.93%) (by excluding user #2).

The phase classifier was evaluated using a similar LOOCV approach and a

comparison between mel-spectrograms and MFCCs as input features revealed that
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mel-spectrograms were a better input feature for training the phase classifier. The
average F1 score with mel-spectrograms was seen to be 76.20% (SD=8.76%) which
was higher than the average F1 score of 75.56% (SD=8.55%) with MFCCs. The
results also had a high standard deviation across the folds. Using mel-spectrograms,
the highest F'1 score of 89.46% was obtained by excluding user #4 from the training
dataset, and the lowest score of 63.33% was obtained by excluding user #6 from
the training dataset. When using MFCCs, the highest and lowest F1 scores
obtained were 87.35% (by excluding user #4) and 63.71% (by excluding user #5),
respectively.

The average F1 scores for phase classification were relatively low in comparison
to the average F'1 scores for channel classification. This suggests that either the
CNN is not a very effective architecture to classify breathing phases, or there is
insufficient variety in the dataset to fully capture the problem’s complexity. Overall,
the mel-spectrograms as input features performed better than MFCCs in training
a neural network for breathing channel and phase classification. Table 4.1 shows
the results of the experiments and provides a comparison between LOOCYV using
the two input features.

Table 4.1: Comparing mel-spectrograms and MFCCs as input features

: F1 Score (%)
Classifier Features Ave, (SD) | Max. | Min,
Mel-spectrogram | 93.98 (5.02) | 97.99 | 82.45
Channel MFCC 90.35 (8.49) | 97.50 | 75.93
Phase Mel-spectrogram | 76.20 (8.76) | 89.46 | 63.33
MFCC 75.56 (3.55) | 87.35 | 63.71
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4.4 Conclusion

This chapter presents a system for real-time detection of breathing channels
and phases by capturing audio signals from a pair of wireless earphones when
a user performs breathing exercises. Recognizing the challenges of monitoring
therapy adherence outside the clinical setting — where specialized equipment and
professional oversight are scarce — this research leverages consumer-grade hardware,
specifically earphones and smartphones, as a viable solution for at-home therapy
management. By employing two neural network classifiers trained on a custom
dataset, the system is capable of real-time detection of breathing channels and
phases, achieving significant accuracy. The efficacy of these classifiers, as evidenced
by k-fold cross-validation, showcases the feasibility of using common wireless
earphones for accurate, real-time breathing therapy monitoring. These findings
serve as a promising starting point, presenting a practical and efficient approach to
enhancing therapy compliance. Such compliance is vital for the successful outcome

of therapy, especially in settings where traditional clinical resources are unavailable.
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Chapter 5

Indoor localization of the elderly

using ambient Wi-Fi

5.1 Introduction

According to the United Nations, the global population aged 65 and above is
expected to double from 761 million in 2021 to 1.6 billion in 2050 [101]. By the
end of the current decade, 1 in 6 people in the world will be age 60 or above. As
the risk of developing comorbidities and chronic conditions grows with aging, a rise
in the aging population exacerbates challenges faced by the healthcare system in
general and caregivers in particular. A common solution proposed to address this
problem is to facilitate aging in place with the help of AAL.

The concept of AAL refers to the use of intelligent technologies to help improve
the quality of life for the elderly by enabling them to live independently and safely.
[lustrative applications of AAL include monitoring the subject’s vitals such as heart

rate [102, 103] and blood glucose level [103], tracking location [104], recognizing
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wandering behavior [105], detecting falls [106], recording health metrics such as

sleep quality [107] and ROM [108, 109], and recognizing activities of daily living
[110], among others. Before the advent of AAL, such information was gathered
manually and the responsibility of data gathering and analysis fell on the caregivers
and healthcare providers, respectively. As the Internet of Things (IoT) enabled
devices gain popularity, some of the aforementioned monitoring tasks are being
delegated to automated systems that require minimal user input, if any. Many
IoT devices operate in the background and do not get in the way of the user as
they perform their activities of daily living. The passive nature of these devices
supports the development of systems that promote AAL and enable the elderly to
live independently. This work focuses on telemonitoring of the elderly in an indoor
environment by proposing a non-intrusive solution for performing indoor localization
to facilitate AAL. Such an AAL telemonitoring system can allow caregivers to
monitor and assess daily patterns of space use by an elderly and help locate them
quickly and accurately in case of an emergency.

This chapter is divided into six sections. Section 5.2 examines previous literature
on this topic and makes a case for the system proposed in this work. Section 5.3
elaborates on the working of fine timing measurement (FTM) protocol and discusses
the approach used for the access point (AP) and mobile device localization. Section
5.4 discusses the experiments performed and presents the results. Section 5.5
discusses the practical considerations and limitations of the proposed solution.

Finally, section 5.6 provides some concluding remarks.
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5.2 Related work

Several indoor human monitoring and tracking systems have been proposed
over the years. These systems can be classified into three categories based on their
sensor type: (i) vision-based sensors, (ii) wearable sensors, and (iii) ambient sensors.
Vision-based telemonitoring systems include camera-based systems [111, 112] and
other optical sensors, such as infrared [113], to record and analyze the activities of
the subject. These systems detect and track objects by analyzing the image data
obtained from the image sensors. Despite gaining popularity in the past couple of
decades, these systems raise privacy concerns due to the sensitive nature of the data
collected by the sensors. This is a significant issue for vision sensors installed in a
home setting, forcing the end-user to trade-off between privacy and autonomy [114].
Additionally, traditional optical sensors are limited by line-of-sight constraints that
drive up the installation cost when ensuring effective coverage of the environment
for performing indoor localization.

The sensors in the wearable category mostly include IMUs that are either used
for motion tracking [109, 115] or as pedometers [116, 117]. These sensors are
usually embedded in consumer devices such as smartphones and smartwatches
[115, 118, 119] and are used in pedestrian dead-reckoning (PDR) systems. The use
of wearable sensors is preferable from a privacy standpoint, but IMUs are prone
to sensor drift and pedometer-based PDRs suffer from step misclassification, both
of which lead to error accumulation over time. Cases where specialized hardware
is used, such as foot-mounted pedometers, also entail proper installation and
maintenance. Thus, such systems are unreliable when used by untrained individuals
and require frequent error correction to function reliably.

The ambient sensor category includes a variety of wireless technologies such
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as Bluetooth [120], radio frequency identification (RFID) [121], ultra-wideband

(UWB) [122], Wi-Fi [120], etc. Based on the use case, several approaches can
perform indoor localization using wireless devices with varying degrees of success.
Some solutions utilize signal propagation path loss models and the received signal
strength (RSS) of a wireless AP to determine its distance from a receiver device.
This scheme is often supplemented with fingerprinting methods to locate the device
indoors [104, 118]. Although this approach works in principle, the high variance
in RSS data makes it impractical for use in small spaces, such as apartments
and homes, which require a localization accuracy of less than a couple of meters.
Moreover, fingerprinting techniques require the user to collect a large amount of
data and use it to train the system offline before it can be used. Several studies
have successfully used the channel state information (CSI) of wireless devices to
perform localization [123, 124]. However, this information is not readily provided
by commercially available mobile devices, making this approach infeasible for use in
home environments using commodity hardware. Methods using the F'TM protocol
are a viable alternative for locating a mobile device indoors with a high degree of
accuracy [125]. Several approaches have also combined FTM ranging with PDR
systems that utilize IMUs [126, 127] to improve the accuracy.

FTM is a relatively new technology and the consumer wireless AP devices have
only recently started to support it. Thus, some of the earlier studies used specialized
hardware in their experiments to perform FTM-based indoor positioning [128]. A
majority of the prior studies were conducted in a controlled environment and their
primary objective was to show sub-meter accuracy when performing localization
[129]. Finally, the prior studies either relied on a priori location information of the

wireless APs when performing localization [129] or utilized fingerprinting methods
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[129, 130], making them infeasible for use in unstructured environments. The
primary aim of this study is to explore the potential of the FTM technology in
the context of promoting AAL for the elderly by evaluating it in an unstructured
environment, i.e., the location of multiple APs in the vicinity of a subject is

unknown.

5.3 Wi-Fi fine timing measurement

Standardized by IEEE in 2016, FTM is a protocol that allows the measurement
of round trip time entailed in the exchange of data packets between Wi-Fi-enabled
mobile devices and Wi-Fi network APs [131]. The FTM protocol requires the Wi-Fi
devices to keep track of the timestamps, with nanosecond accuracy, corresponding
to each data packet’s arrival and departure. The total travel time taken for a
data packet to complete one cycle of FTM process is called the round trip time.
Since electromagnetic waves traveling at the speed of light form the basis of Wi-Fi
communication, the knowledge of round trip time can be exploited to determine
the distance between the transmitting and receiving Wi-Fi devices.

A complete cycle of the FTM process consists of the following steps. First, an
initiator (mobile device) requests an FTM session from a responder (AP). Then at
timestamp 1, a data packet is sent by the responder to the initiator. This packet
arrives at the initiator at timestamp 5, and a reply is sent back to the responder
from the initiator at timestamp t3. This reply is received by the responder at
timestamp ¢4, which completes one cycle of the FTM process. Since the clocks on
the initiator and responder devices are not synchronized, using the timestamps to

determine the distance between the two devices leads to errors in the calculation.
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Thus, each device calculates a time difference for the data packets, which obviates
the need for clock synchronization. Specifically, the initiator calculates the time
difference At; = t3—t, and the responder calculates the time difference At, = t,—t;.
The initiator’s time difference At; is included as part of the data packet sent by it
to the responder. Once a cycle of the FTM process is completed, the round trip

time computed by the responder is given by the following equation
Tr = At, — At;,

where Ty is the total time taken for the exchange of a data packet during one
cycle of the FTM process, excluding the processing time taken by the initiator and
responding devices.

With the timestamp measurements of FTM process yielding nanosecond res-
olution and Wi-Fi signals operating at the speed of light, a small error in the
round trip time determination can throw off the distance estimate. To mitigate
this challenge, the FTM cycles are performed in bursts. Specifically, a burst is a
short-duration transmission sequence where multiple cycles of the FTM process
are performed in quick succession. At the end of an FTM burst, the average of
all round trip times for the FTM cycles is calculated and considered as a more

accurate measurement. This can be expressed in the following equation

1 K
Tm = ?;TRM

where T, is the average round trip time of the signal and K is the number of FTM
cycles in an FTM burst. The average round trip time can be multiplied by the

speed of light to get the round trip distance estimate. It is standard practice to add
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a constant correction value ¢, either to the round trip time in nanoseconds or the
distance estimate in meters to account for the time it takes for the device hardware
to receive the data packet and assign a timestamp to it. Now, the separation

distance between the initiator and responding devices can be calculated as follows

where d is the estimated distance and c is the speed of light. Figure 5.1 provides a
pictorial representation of FTM calculation.

In principle, FTM localization involves the following three steps.

e Estimate the location of the APs if they are unknown
e Perform multilateration [132] to locate the mobile device

e Post-process the data to improve accuracy and reliability

AN

FTM request @
Mobile Device [~==--_____ Access Point
(Initiator) ~---__y| (Responder)
PSSR
1
. t /
Initiator Responder
Ati =t3 —t s Aty =ty —t
\ ta

Round Trip Time
Tr = At, — At;

Figure 5.1: FTM calculation.
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In prior works such as [129], the location of the APs was assumed to be known
with a high degree of accuracy. Such a priori knowledge helps improve the location
estimation of the mobile device because the AP locations act as ground truth
against which the estimated position of the mobile device can be verified. However,
in unstructured environments arising in the use case considered in this research,
it is not always feasible to place multiple APs at known locations and it is often
impossible to know the exact positions of one or more APs in the vicinity of the
mobile device. In such cases, estimating the AP location becomes crucial for
performing FTM-based localization. Thus, in the next section, the experimental
setup and the position estimation of APs are discussed before delving into the

FTM-based localization of the mobile device.

5.4 Experimental setup

The experiment was conducted inside and around the Mechatronics, Controls,
and Robotics Laboratory at New York University. The test area, where all FTM
measurements were performed, is fully furnished and covers 106 m2. The laboratory
is equipped with a significant amount of metallic test equipment and is actively
used by people, making it a suitable setting for conducting the experiment. The
total area, which includes the test area and the locations of all APs, spans 440 m?.

To validate the indoor localization system, FTM data were collected in the
test area using an Android mobile device at ten reference points (RPs) from six
APs located in the vicinity. Only commercially available consumer-grade hardware
was used for data collection. The Samsung Galaxy S20 Ultra 5G mobile device

running Android was utilized as the FTM initiator, and six Google Nest Wifi Pro
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Wi-Fi APs served as the FTM responders. Out of the six APs, only one (AP1) was

situated inside the test area. Figure 5.2 shows the test area, the locations of the

six APs, and ten RPs.

5.4.1 Analysis of indoor FTM measurements

Ideally, if environmental factors such as multipath propagation and signal
fading were non-existent, the FTM method described in section 5.3 would yield
perfect distance estimates. These estimates can then be translated into highly
accurate positional information. However, realistic indoor environments introduce
complexities that can significantly affect the accuracy of FTM measurements.

In an indoor setting, multipath interference occurs when signals reflect from
various surfaces before reaching the receiver, causing interference and phase shifting
of the signal, which can lead to signal fading. This can distort the perceived time
of flight of the signal, leading to errors in the distance measurement. Another
cause of errors in distance measurement is signal shadowing which occurs when
the signal is blocked by large obstacles such as walls, large metallic equipment, or
furniture, resulting in a weaker signal at the receiver and potentially inaccurate
distance estimates.

To assess the performance of FTM ranging in these realistic scenarios, an analysis
of indoor FTM measurements was performed under both line-of-sight (LOS) and
non-line-of-sight (NLOS) conditions. This process involved collecting a dataset
of FTM measurements where AP1 (primary AP) was in direct view (LOS) and
the rest of the APs were obstructed (NLOS). The collected data was subjected to
statistical analysis to ascertain the distribution of the FTM ranging measurements.

For each AP, a histogram and an empirical cumulative distribution function (ECDF)
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were computed to visualize the measurements to determine whether the system is
overestimating or underestimating the distances. Figure 5.3 shows the histograms
and ECDFs for the six APs at an RP 5.2 m from AP1 inside the test area.

As shown in Figure 5.3, inconsistencies were observed in the system when
estimating the distance of an AP from an RP. Notably, for AP2 and AP4, the system
significantly underestimated the distance, while for AP5, it slightly overestimated
it. This behavior is unusual, as distances are typically overestimated due to
multipath effects, which add additional time to the signal’s round trip time. This
discrepancy suggests that the Android device preprocesses the FTM ranging data
before providing it to the user, necessitating a different strategy to accurately
determine the positions of APs in the vicinity.

Another investigation involved determining whether the data follows a Gaus-
sian distribution. Although the mean error measurements occasionally deviated
significantly from zero, the error values themselves showed limited variation, sug-
gesting a potentially Gaussian distribution. However, the Shapiro-Wilk test [133]
revealed that the ranging measurements did not follow a Gaussian distribution.
Consequently, the median was used as a measure of central tendency to estimate

the distance of the AP from an RP.
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5.4.2 Access point localization

It is assumed that most residential establishments, such as apartments and
homes, have at least one AP located at a known position, this AP can be designated
as the primary AP. Next, the position of the primary AP is used to establish
a common coordinate system such that the positions of other neighboring and
detectable APs, whose exact locations are generally inaccessible to the user, can be
estimated with respect to this primary AP.

To perform the initial position estimation, within their apartment or home, the
user moves to several different RPs whose coordinates relative to the primary AP are
known. Next, the user collects FTM-based distance measurements to all available
APs at each RP for a chosen time duration. The coordinates of each identified
AP are estimated relative to the previously established common coordinate system
at the primary AP. As delineated below, to estimate the position of each of these
APs, the measured distances are used to perform multilateration using weighted
least squares approximation. Note that the weights used in the least squares
algorithm are the inverse of the estimated distance measurement for each AP at
the corresponding RP. This approach is based on the observation that, generally,
the likelihood of encountering significantly large outliers increases with greater
distances between the initiator and the responder [134]. Hence, assigning weights
inversely proportional to the estimated distances helps mitigate the impact of such
outliers, leading to more reliable localization results. Informed by the analysis in
subsection 5.4.1, the median of the distance measurements has been adopted as
the distance estimator for each AP from an RP, offering a robust measure against

outliers.
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To elaborate further, the i*" AP position p; = (p;,, pi,) is estimated using

N
p; = arg minz w;, (&)

where w;, is the weight associated with the i®® AP at the n'® RP, ¢;, is the distance
estimation error from the n' RP to the i*" AP, p; = (p;,,p;,) is the estimated
location of the i*" AP, and N is the total number of RPs, where N > 3 non-collinear
points are considered for the 2D case considered here. For the 3D case, N > 4

non-coplanar points are required. The estimation error e;, is defined as follows

e, = di, — \/(Pz'z —7)? + (i, — 7y )?

where d;, is the FTM-based measured distance at the n'® RP from the i** AP, and
Tn = (P, Tn,) 18 the known location of the n'™™ RP. Figure 5.4 shows an example of
AP localization with three RPs.

Once the initial estimation of AP positions is completed, the APs are considered
to be anchor nodes, i.e., their location is assumed to be fixed, and the user is
considered to be the mobile node, i.e., their location is dynamic. The accuracy
of the AP position estimates directly affects the subsequent position estimation
of the user. Thus, as time progresses and the user explores new locations in the
apartment or home, the estimation process can be repeated periodically to refine
and update the AP location estimates.

After conducting AP localization, we found that the most precise results were
obtained by employing multilateration with only the nearest four RPs to each AP.

This approach has been consistently applied across the entirety of this study. Table
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AP localization in 2 dimensions with three RPs.
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Table 5.1: Absolute positioning error for AP localization for both datasets.

Absolute positioning error (m)
AP1 | AP2 | AP3 | AP4 | AP5 | AP6

1 0.00 | 0.99 | 0.99 | 0.78 | 3.14 | 29.02
2 0.00 | 1.04 | 0.97 | 1.68 | 2.71 | 28.94

Dataset

5.1 presents the absolute positioning error when AP localization was performed
over data derived from two datasets collected within the test area. For each dataset,
data were collected at every RP over a duration of two minutes. Figure 5.5 provides
a visual depiction of these positioning errors.

It can be observed that the closest four APs yield the most accurate results

whereas AP5 and AP6 have high positioning errors.

5.4.3 Mobile device localization

After estimating the positions of the APs, the next step is to determine the
location of the mobile node, i.e., the user. This process is similar to the one described
in the preceding section, with a critical distinction: the APs now serve as fized RPs,
and the FTM ranging data between the APs and the mobile device are leveraged
to determine the mobile device’s location. At each moment, the mobile device’s
position is calculated using the weighted least squares method, capitalizing on the
fact that FTM bursts provide new ranging data every second. However, the system’s
accuracy diminishes if the user is in motion, owing to the increasing variance in
measurement, rendering it less viable for real-time indoor localization unless the
user is within LOS of multiple APs. Consequently, our analysis concentrates on
scenarios where the user remains stationary, akin to situations where an individual
might require urgent medical aid due to a fall. This specific scenario was simulated

by collecting data at three distinct locations, with the findings presented in Table
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Table 5.2: Absolute positioning error for three test points using estimated AP locations from two
datasets.

Absolute positioning error (m)
Test point 1 | Test point 2 | Test point 3
1 0.53 0.79 0.95
0.49 0.47 0.89

Dataset

5.2. At each of the three test points, the positioning error was less than 1 m which
is sufficient for indoor localization of a person. Additionally, it is important to note
that at each of the test points, data collection was limited to a duration of only 30

seconds.

5.5 Limitations of the proposed system

FTM-based localization solutions represent a significant advancement over RSSI-
based solutions, offering more accuracy and reduced susceptibility to multipath
effects. Despite these advantages, there are still limitations to consider, especially
when designing solutions for the elderly. The initial phase of data collection for AP
localization is critical, as the quality of FTM ranging data collected at each RP
greatly influences the precision of AP location estimates. A particular challenge
arises from the fact that the locations of most APs utilized by the system are
unknown, exacerbating the issue. Should any APs be relocated, a recalibration
becomes necessary. Moreover, the system’s functionality is compromised in the
absence of a sufficient number of APs within the vicinity. While this is less of a
concern in densely populated urban environments, it becomes more problematic in
suburban areas where residences are more dispersed. A possible solution can be the
installation of additional APs within a household. Another hurdle is the current

landscape of Wi-Fi infrastructure, where many homes have yet to upgrade to
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FTM-compatible routers. Although this issue may diminish over time as consumer
technology progresses, it remains relevant for contemporary application of the
technology. On its own, the system can provide a coarse estimation of a user’s
location in near real-time, which may suffice for caregivers seeking a general sense
of the elderly individual’s well-being. However, for more precise, real-time location
estimation, enhancements are needed either through increased sampling rates
or by incorporating additional sensors to improve the system’s accuracy. These
considerations are essential for tailoring the system to effectively meet the needs of

its intended users, ensuring both its current utility and future potential.

5.6 Conclusion

This chapter explores the utility of ambient Wi-Fi data for the indoor localization
of the elderly. Our experiments demonstrate that in static conditions, FTM ranging
proves to be a reliable method for achieving high accuracy in localization within
a short timeframe. Although the hardware both over and underestimated the
FTM measurements at several RPs, the use of the median as a measure for central
tendency helped achieve relatively low positioning error. Three test points in the
test area were chosen to test the algorithm. The positioning accuracy achieved was
below 1 m which is more than enough for localizing an individual indoors. This
approach holds promise for monitoring stationary positions, which can be critical

in various health and safety contexts.
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Chapter 6

Conclusions and future work

6.1 Summary and contributions

Chapter 1 outlines the transformative role of digital health in redefining health-
care, highlighting its benefits for both patients and providers. It emphasizes
the impact of technological advancements, such as artificial intelligence, machine
learning, and wearable technologies, in enhancing healthcare delivery and patient
outcomes. The chapter addresses the challenges and opportunities presented by
an aging global population, emphasizing the necessity for innovative healthcare
solutions like Health-IoT and AAL to support aging in place and mitigate care-
giver shortages. Additionally, it explores the accelerated adoption of digital health
technologies in response to recent global health crises, such as the COVID-19
pandemic, and the potential of human-robot interaction to improve healthcare
services. Through this discussion, it introduces the main focus of the dissertation
which is the advancement of digital health and telerehabilitation which sets the

stage for further exploration of digital health’s capacity to create a more accessible,
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personalized, and efficient healthcare system.

Chapter 2 follows by introducing a remote control system for dialysis machines
using mobile HRI, aimed at enhancing the COVID-19 emergency response. The
proposed system utilizes smartphones or tablets and allows healthcare professionals
to remotely operate a robot to interact with the dialysis machine’s touch control
panel, ensuring social distancing and reducing PPE usage. A study conducted
involving participants using a tablet to control the robot through a live video feed
demonstrated successful completion of tasks related to the remote manipulation of
the machine’s interface. The overall feedback for the device was positive and it led
to improvements in the system’s interface for a more intuitive user experience. This
system avoids the need for custom Ul development, enabling rapid deployment and
efficient use of resources in emergencies.

Chapter 3 explores the utility of DVAs equipped with cameras beyond their
intended use, employing them for ROM assessment. This approach uses real-time
video analysis to monitor joint movements, with a focus on the shoulder and elbow,
offering a promising alternative to traditional methods. The system, validated
against both synthetic data and Kinect sensor measurements, proves to be a reliable
tool for ensuring therapy adherence, highlighting its potential to enhance patient
care through at-home monitoring. It also demonstrates that commercially available
devices that are not originally designed for healthcare applications, can be effectively
repurposed to advance digital health and telerehabilitation.

Chapter 4 explores the use of accessible technology, such as earphones and
smartphones, as a viable solution for at-home therapy management. Using two
neural network classifiers trained on a custom dataset containing audio recordings

of breathing from healthy individuals, this system can accurately identify breathing
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channels and phases in real-time. The reliability of these classifiers was validated

through k-fold cross-validation, demonstrating the potential of off-the-shelf wireless
earphones for accurate monitoring of breathing therapies. Reflecting the findings of
Chapter 3, this chapter further highlights the utility of consumer-grade hardware
in facilitating tasks like therapy adherence monitoring.

Chapter 5 discusses the use of ambient Wi-Fi data for indoor localization of
elderly individuals, emphasizing the potential of FTM technology in unstructured
environments. Experimental analysis shows that FTM ranging is highly accurate
in static conditions, making it a viable solution for accurately determining a
person’s location within their home. This advancement provides caregivers with
an additional tool to enhance elderly care by facilitating the remote monitoring of
indoor movements without compromising their privacy.

To summarize, this dissertation makes several key contributions to the field of
digital health, leveraging emerging technologies to enhance healthcare delivery and
patient care. These contributions are a step forward in addressing contemporary
healthcare challenges, particularly those brought forth by global health crises such
as pandemics and the ongoing issue of an aging population.

Throughout this dissertation, the use of a diverse array of technologies—ranging
from using live video feeds from commercially available webcams as Uls to using
the cameras of DVAs for ROM assessments, from the use of standard earbuds for
detecting breathing phases and channels to leveraging ambient Wi-Fi signals for
indoor localization—demonstrates the versatility and potential of cross-disciplinary
technology applications in healthcare. By repurposing devices and data not initially
intended for medical use, such as DVAs and ambient Wi-Fi, this research highlights

the immense possibilities for crafting innovative, effective, and efficient healthcare
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solutions. This not only broadens the scope of digital health technologies but also

underlines the potential for innovative integration of everyday technologies into
healthcare practices and provide healthcare solutions that are both effective and

efficient.

6.2 Future research

Digital health encompasses a broad spectrum of research opportunities. Among
these, significant challenges specific to the geriatric population present urgent
and important problems warranting further exploration. Issues like incontinence,
dementia, depression, and loneliness are some of the most pressing issues affecting
the elderly. Addressing these problems through research not only represents a noble
endeavor but also a vital necessity. This dissertation has primarily concentrated on
AAL and the innovative use of existing technologies to enhance the accessibility
and efficiency of healthcare, pointing toward a future where digital health solutions
can significantly improve the quality of life for the elderly.

For the work presented in Chapter 2, the integration of force feedback control
on the robot’s end effector can be a promising next step. This will improve the
precision and reliability of the system by closing the control loop and making the
system more robust. Additionally, placing multiple fiducial markers on the ICPT
could substantially increase the robot’s accuracy. As technological advancements
continue to drive down the costs of hardware, the webcam used for visual input
can be replaced with a dedicated depth camera to eliminate the need for placing
fiducial markers on the ICPT. This can be aided by deep-learning-based methods

for the automatic detection and localization of the ICPT. The possibility of a mobile
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robot platform can also be explored, which would enable remote interaction with

various medical equipment within a given setting, vastly expanding the system’s
applicability and flexibility. Finally, additional intuitive modes of interaction
involving wearable technologies and AR could revolutionize the user experience,
enhancing efficiency and engagement while simultaneously reducing the cognitive
load associated with task execution.

The work presented in Chapter 3 can be further improved by exploring the
possibility of training deep learning models with DVA-based measurements to
perform ROM assessment and determine if such a model can detect and track
changes in the ROM of an individual over time. Such a system will be useful
for the elderly and it will help them prevent or, at the very least, slow down
the aging-related loss of ROM by ensuring adherence to therapy. Healthcare
providers can also use the data provided by the system to assign therapies tailored
to specific patients, which can lead to a more effective therapy outcome. Chapter 4
opens future research avenues for the design and development of at-home therapy
compliance applications involving breathing exercises. The system can be further
enhanced by utilizing advanced deep learning methods such as joint embeddings
for coupling audio and video data. Future work can explore the combination
of vision-based models with acoustic models to simultaneously detect and track
physical and breathing exercises for a holistic compliance monitoring solution.
Such work can lead to the development of a personalized therapy compliance
monitoring system that is tailored to specific users, furthering the scope of this
work in remote monitoring systems. Finally, the methodologies outlined in Chapter
5 could be enhanced by implementing on-device machine learning, since machine

learning models have the potential to better understand the complexities of the
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environment. With further engineering efforts, the frequency at which FTM data

is collected could be increased, leading to more rapid and accurate indoor position
estimations. Additionally, augmenting FTM data with other sensing modalities,
such as IMUs, could further improve positioning accuracy, making the system more
effective for localizing both stationary and moving individuals. There is substantial
potential in harnessing this localization data to analyze behavioral patterns of the
elderly. Such analyses could lead to early detection of behavioral anomalies or
shifts indicative of health issues, including depression. This advancement could
significantly improve the quality of care and monitoring for the elderly, offering
a more nuanced understanding of their daily activities and overall well-being.
Our work lays the groundwork for future research in this domain, highlighting the
necessity for more sophisticated models and technologies to address the challenges of
dynamic indoor localization. Further exploration and development of these systems
will be crucial in realizing the full potential of indoor localization technology in

elder care and beyond.
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