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Abstract
A long-standing vision in computer science has been to evolve computing de-

vices into proactive assistants that enhance our productivity, health and wellness, and
many other facets of our lives. User digitization is crucial in achieving this vision
as it allows computers to intimately understand their users, capturing activity, pose,
routine, and behavior. Today’s consumer devices – like smartphones and smart-
watches – provide a glimpse of this potential, offering coarse digital representations
of users with metrics such as step count, heart rate, and a handful of human activ-
ities like running and biking. Even these very low-dimensional representations are
already bringing value to millions of people’s lives, but there is significant potential
for improvement. On the other end, professional, high-fidelity comprehensive user
digitization systems exist. For example, motion capture suits and multi-camera rigs
that digitize our full body and appearance, and scanning machines such as MRI cap-
ture our detailed anatomy. However, these carry significant user practicality burdens,
such as financial, privacy, ergonomic, aesthetic, and instrumentation considerations,
that preclude consumer use. In general, the higher the fidelity of capture, the lower
the user’s practicality. Most conventional approaches strike a balance between user
practicality and digitization fidelity.

My research aims to break this trend, developing sensing systems that increase
user digitization fidelity to create new and powerful computing experiences while
retaining or even improving user practicality and accessibility, allowing such tech-
nologies to have a societal impact. Armed with such knowledge, our future devices
could offer longitudinal health tracking, more productive work environments, full-
body avatars in extended reality, and embodied telepresence experiences, to name
just a few domains.
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Chapter 1

User Digitization

1.1 De�ning User Digitization

The desire to digitize the human body to glean insights about the various aspects of the user dates
back to 1780 when Abraham-Louis Perrelet created the �rst mechanical pedometer to measure
the steps and distance while walking. Since then, digitization technologies have matured to cap-
ture a user's every motion and facial expression to create their digital replicas for movies, drive
avatars in games or create doppelgangers for holograms. In the modern era of computing, with
the growing proliferation of smart devices, each and everyone of us is surrounded by technologies
that digitize our bodies.

“User digitization” refers to the process of creating a digital representation of an individual. It
can encompass various aspects of their identity, attributes, behaviors, and interactions. This can
include personal information, preferences, activities, and even physiological or biometric data.
User digitization often involves the sensing, collection, analysis, and storage of data to create a
comprehensive digital model of a person, which can be used for various purposes such as person-
alization, health monitoring, improved productivity, virtual avatars, and embodied telepresence
experiences, to name just a few domains.

1.2 Spectrum of User Digitization

User Digitization technologies can span across a wide spectrum of granularity. It can be some-
thing as simple as a touchscreen that can capture the position of our �ngertips. Or a wearable like
a smartwatch that can estimate metrics such as heart rate, step count, and a handful of activities
such as running or biking. Even these low-dimensional representations are already immensely
popular. Millions of people around the world use such devices for tracking their productivity,
health, and �tness. On the other end of the spectrum, we have specialized Motion Capture sys-
tems that capture a high-�delity digital representation of the user comprising of their full-body
pose and mesh. These have made them very popular to drive life-like avatars in movies and
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Figure 1.1: Spectrum of user digitization richness going from lower-order user digitization (on
the left) to higher order digitization (on the right).

games, and many human-computer interaction tasks. Further, motion capture technology is at
the cutting-edge of clinical movement research, from helping stroke and cerebral palsy patients
with rehabilitation, to understanding how to better treat those with Parkinson's and Arthritis.
Looking at these technologies, it is evident that user digitization is a continuum. Let's look at
this schematically by focusing on two very important dimensions of user digitization.

1.2.1 Digitization Richness

The �rst dimension is Digitization Richness or Fidelity, which encapsulates the degree of captur-
ing an exact and faithful representation of our physical selves. Figure 1.1 conveys the richness of
different technologies on the user digitization spectrum. We have low-order digitization such as
step counts on one end to higher-order digitization such as full-body pose and mesh on the other
end.

1.2.2 User Practicality

The second dimension is User Practicality. Importantly, practicality is not one thing, it is multi-
faceted. A practical system would have the following characteristics:

• Low invasiveness: A minimally invasive system would require practically zero bootstrap-
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ping from the user. It would have no calibration or initialization steps, and would have a
form factor that is not discomforting to the user.

• Privacy-aware: The digitization paradigm should be designed with privacy as one of its
core tenets. An ideal system would be one that captures no user privacy compromising
data, processes data on edge devices and denatures any collected features.

• Minimal instrumentation : We want systems to have as few points of instrumentation as
possible (ideally no instrumentation at all).

• Works on-the-go: Typically, a lot of the sensing systems work in highly constrained,
lab conditions. Ideally, we want these to work when people are mobile and outside of
controlled settings.

• Low hardware cost: We ideally want approaches that have a low hardware cost - some-
thing that can be a consumer product in the near future.

1.2.3 Relationship between Digitization Richness and User Practicality

Both richness and practicality are key dimensions of user digitization. Usually, as the richness
of the sensing system increases, so does the number of dimensions it can capture and the more
aspects of our life it can support. Ideally, we want these rich user digitization systems without
commensurate practicality trade-offs. Unfortunately, in general, human sensing practicality de-
creases in lockstep (Figure 1.2, diagonal line), to the point where they have limited consumer
adoption. For example, the gold standard of full-body user digitization such as Vicon and Opti-
Track are generally associated with blockbuster �lms and games, using expensive multi-camera
rigs and special suits with markers. On the other end of the spectrum, we have technologies such
as the pedometer which can only track steps but are non-invasive and can be easily implemented
on ubiquitous devices such as smartphones and smartwatches.

We can plot these two dimensions – digitization richness vs. user practicality – as a high-level
design space (Figure 1.2). At a high level, we see an inversely proportional trend that the higher
you go in richness, the less practical it is for users. The dashed line denotes this conventional
axis occupied by conventional approaches (Figure 1.2 red dots), balancing user practicality and
digitization richness. But what we ideally want are systems that are practical and rich. Such
techniques would lie above the conventional approaches diagonal line and occupy the upper left
quadrant of our design space (Figure 1, green region). In this thesis, I will describe my efforts of
such sensing systems that start to pull away from the line and towards this idealized domain.

This would enable consumer devices to calculate a continuous comprehensive representation
of the user. Such a digital representation can go beyond a simple step count and capture a
user's gait cycle, dexterity, balance, posture, and active range of motions of joints, providing
contextualized behavior and pose insights in every day practical scenarios that even a once a day
visit to a Motion Capture studio would fail to provide. Using this holistic continuous information,
a user can get �ne-grained wellness data and even enable doctors to remotely monitor their
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Figure 1.2: A design space plotting digitization richness vs. user practicality. Most approaches
lie along the diagonal, where practicality decreases as richness increases. Ideally, we want sys-
tems that offer higher richness without commensurate practicality trade-offs.

patients, for example, tracking a user's recovery after surgery, and even chances of injury and
relapse. It will also be able to inform the design of future consumer devices that enable full-
body avatars for telepresence, interactions in extended reality and to create more productive and
collaborative work environments.

1.3 Glossary

In order to enhance the clarity and comprehension of this document, a glossary of key terms and
their de�nitions has been included. This glossary serves as a reference guide to assist readers in
understanding the terminology and concepts discussed within the text.

• User Digitization: The process of creating a digital representation of an individual, en-
compassing various aspects of activity, intent, behavior, and interactions.

• Motion Capture: Technology to record and translate human movements into digital data
for applications like �lms, games, and simulations.

• Virtual Reality (VR): Immersive technology creating computer-generated virtual envi-
ronments for users to interact with.

• Augmented Reality (AR): Technology overlaying digital information onto the real world
data modalities.

• Extended Reality (XR): Encompasses VR and AR, blending physical and virtual envi-
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ronments.

• Inertial Measurement Unit (IMU): A device that combines multiple sensors to measure
orientation, angular velocity, and acceleration.

• Avatar: Digital representation of a user or character in virtual or digital environments.

• Human Digital Twin: A virtual replica of a person, capturing physiological and behav-
ioral aspects for analysis.

• Activity Recognition: Identifying and categorizing activities performed by users.

• Pose:Position and orientation of a body or body parts.

• Design Space:A conceptual framework that visualizes relationships and trade-offs be-
tween dimensions, such as digitization richness and user practicality, to guide system de-
sign and innovation.

• Telepresence:The technology enabling a user to feel present or interact in a remote loca-
tion as if they were physically there, often involving avatars or digital representations.

• Digitization Richness: A dimension that measures the degree of capturing a faithful rep-
resentation of physical attributes and behaviors in user digitization technologies.

• User Practicality: The multidimensional characteristic of a user digitization system, en-
compassing but not limited to factors such as non-invasiveness, privacy awareness, mini-
mal instrumentation, mobility, and low hardware cost.

1.4 Organization of Thesis

In this thesis, I will focus on my research towards making rich and practical user digitization
solutions. Chapter 2 provides an overview of the literature and prior work domains that intersect
with my thesis work.

In Part II, I describe my works that improve the digitization richness of user digitization sys-
tems while maintaining user practicality. I start by exploring techniques that advance activity
recognition to create a vocabulary to digitize and express a users behavior routine. I then delve
into pose sensing, focusing on head pose, eye-gaze, hands and �nally full-body pose capture
systems that are mobile and provide a holistic representation of the user on-the-go. A com-
mon thread across all these works is that they make use of existing ubiquitous devices (such as
smartphones) and require no additional hardware while enriching user digitization capabilities.

Part III even further advances the �eld, with the focus on user digitization systems that further
improve upon the user practicality while retaining or even advancing digitization richness, for
instance by making them less invasive or more privacy aware. Finally, I summarize my key
insights, takeaways and contributions.
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Chapter 2

Background

My work on user digitization intersects with many diverse areas of human-computer interaction
research, including activity detection, touch sensing, context-aware computing, pose estimation,
computer vision, wearables and ubiquitous computing. Here I focus on the most highly related
work that was in�uential.

2.1 Human Activity Recognition

There has been extensive research done in detecting human activities from sensors such as micro-
phones [112, 141, 142], IMUs [33, 134, 138, 139, 243], cameras [248], powerline sensors [94],
pressure-sensors [86] and other multimodal sensing approaches [140, 195]. Refer to [60, 93, 228]
for a detailed survey. In this section, I focus on video, audio, motion and multimodal methods,
that most closely resemble my efforts.

2.1.1 Camera-Based Human Activity Recognition

Computing devices equipped with cameras are becoming increasingly prevalent in our daily
lives. The high �delity afforded by them make them a powerful sensor for activity recogni-
tion.Researchers have explored different motion and temporal feature representations of videos
learned by 3D Convolutional Neural Networks (CNNs) [55, 105, 255]. In addition to CNNs,
long short-term memory (LSTM) models are popular, taking advantage of dependencies across
video frames [76, 149, 210, 274].

Instead of using raw visual information, researchers have also explored the idea of relying on
high-level semantic representations for human activity. For example, using body pose [35, 77,
115, 250, 263, 292], motion of semantic keypoints [70], and joint representations [78, 101, 157,
209, 221].
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2.1.2 Audio-Based Human Activity Recognition

Researchers have leveraged the ubiquity of microphones to build numerous audio based human
activity recognition systems. In the past, these systems were designed to recognize a limited set
of activities. For instance, in SoundSense [160], Lu et al. made use of a smartphone micro-
phone and a scalable classi�cation architecture to classify between speech, music and ambient
sound. Thomaz et al. [237] showed that eating activities could be effectively detected using wrist
worn acoustic sensing. Along similar lines, BodyScope [270] trained a support vector machine
with data collected from a wearable acoustic sensor which recorded throat sounds, in order to
distinguish between user activities such as eating, drinking, speaking, laughing and coughing.

Recently, with the advent of more advanced machine learning techniques, there has been
widespread success in building more general purpose human activity recognition systems. Stork
et al. [227] used non-markovian ensemble voting on Mel-frequency cepstral coef�cients to clas-
sify activities performed in the bathroom and kitchen contexts, such as using a blender, mi-
crowave, hairdryer or a toothbrush. DeepEar [136] proposed a deep learning based approach
to acoustic sensing, supporting tasks such as ambient scene analysis, stress detection, emotion
recognition and speaker identi�cation. Laput et al. [141] further built a plug and play acoustic
activity recognition system to detect thirty different daily activities, employing a convolutional
neural network trained with augmented data from sound effect libraries. Liang et al. [152] and
Wu et al. [261] further build upon these techniques to improve robustness.

2.1.3 IMU-Based Human Activity Recognition

A large number of activity recognition systems rely on inertial sensors such as accelerometers,
gyroscopes and magnetometers present in smartphones, smartwatches and other wearables to
detect human activity. Similar to acoustic activity recognition, in the past, motion based activ-
ity recognition systems were generally constrained to detect coarse human activities, such as
walking, running and biking [134, 243]. Refer to [93, 224] for a detailed survey. With the re-
cent widespread adoption of wearables, especially wrist-worn smartwatches, researchers have
developed more general purpose activity [135, 170] and gesture recognition [139] systems.

These include multi-device systems such as that of Shoaib et al. [213] that use the accelerom-
eter from a smartphone in conjunction with one from a smartwatch to detect 13 activities such
as smoking and drinking coffee. Single wearable approaches have also seen renewed interest
with the advent of deep learning. For instance, by using a wrist-worn smartwatch accelerometer
sampled at 4 kHz, Laput et al. [138] detected �ne grained hand activities.

2.1.4 Multimodal Human Activity Recognition

Multimodal deep learning systems have seen widespread adoption in other communities for tasks
such as image captioning [18, 76, 120, 162], pose estimation [9, 200] and autonomous driving
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[45, 51]. While this �eld is much more nascent for human activity recognition, a number of
systems have adopted similar techniques.

Synthetic Sensors [140] used a sensor board containing 9 different sensors (such as an ac-
celerometer, magnetometer, microphone, etc.) to create sensory abstractions that could be com-
bined together to create context-sensitive applications. In [195], Radu et al. presented a case
study of different challenges and approaches to multimodal deep learning for human activity
recognition. GestEar [39] proposes the use of sound and motion from a smartwatch for gesture
classi�cation (e.g. snapping, knocking, clapping).

2.2 Body Pose Capture

Full-body motion capture has a long history, dating back to at least 1878 with Muybridge's
“The Horse in Motion” [79]. This �lm is widely regarded as the start of chronophotography, a
photographic technique for the scienti�c study of movement and especially locomotion. Later
pioneers, such as Max Fleischer, used rotoscoping as a way to capture and then transform com-
plex movements, such as locomotion, for use in early 20th century animated �lms. Today, digital
technologies have enabled a wide variety of highly-automated and precise techniques for human
motion capture. I now review this literature, paying particular attention to systems that capture
continuous full-body pose, as opposed to techniques for tracking just �ngers or hands in free
space.

2.2.1 External Body Pose Capture

There have been signi�cant strides in capturing the user's pose with external sensors. Com-
mercial systems such as Vicon [244] and OptiTrack [179] make use of retrore�ective markers
tracked by high-speed external infrared cameras. These systems are considered the golden stan-
dard and have been extensively used for character animation, games and movies as they provide
low-latency and accurate motion capture (MoCap).

In recent years, with the advent of deep learning, computer vision based pose estimation sys-
tems have become increasingly popular. These include systems that make use of RGB cameras
[16, 53, 188], depth sensors such as Kinect, OpenNI [187] and Intel RealSense [109], and sys-
tems that combine the RGB and depth [167, 291]. Researchers have also considered non-optical
tracking systems, utilizing modalities such as RF [283], capacitive sensing [214, 280], magnetic
�elds [182, 193], mechanical linkages [230] and sound-based sensing approaches [7] among
others. These systems have limited range and precision when compared to their visual modality
counterparts.

In VR settings, the use of outside-in tracking (i.e., an external sensor looking at the user) has
been explored in many systems such as the HTC Vive [246], Oculus Rift S [198] and PlayStation
VR [222]. These systems typically track the headset and two-handheld controllers, and can
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roughly estimate the remainder of the joints with inverse kinematics [189, 204]. More faithful
full-body tracking can be achieved by placing extra sensors on the limbs, such as HTC VIVE
trackers, or bolstering capture with external cameras such as the Kinect.

2.2.2 Worn Body Pose Capture

Worn body capture systems generally offer greater ease-of-use and mobility to users, allowing
for body digitization on-the-go and with less setup. While there are innumerable specialized
systems that focus on digitizing the hands [91, 125, 279] and face [5, 111, 236], more related to
my work are worn, self-contained approaches that attempt whole-body pose estimation. A wide
variety of sensing techniques have been explored for whole-body, ranging from exoskeletons
[166], magnetic trackers [62] to ultrasonic beacons [247]. Distributed sensor based approaches
are also prevalent that instrument multiple points of the body with the same sensor. IMU's
[13, 103, 264], cameras [212] and RFID's [118] have been explored for these purposes.

Researchers have also explored instrumenting various body parts with cameras, for instance,
Back-Hand-Pose [260] makes use of a wrist-worn �sheye camera for hand pose estimation. [32]
instruments the shoe with a depth sensor for hand gesture recognition. Similar camera arrange-
ments have also been explored in a pendant [226] and ring [58, 178, 269] form factor for hand
and �nger tracking.

In terms of body tracking, there are handful of self-contained, worn systems able to capture
full body pose. The �rst is EgoCap [197], which used a pair of downward-facing �sheye cameras
cantilevered from the head, proving a suf�cient view for a computer vision pose model to extract
a body skeleton. Mo2Cap2 [268] is virtually identical, except it uses just a single �sheye camera.
Instead of requiring extra cameras, MeCap [6] shows that the rear camera of a smartphone placed
into a low-cost VR headset can capture full body pose with a clip-on mirror accessory. Finally,
and perhaps most practical, are [12, 239], which demonstrate that the wide-angle RGB cameras
contained in VR devices could be used to capture a wearer's body skeleton. Equally practical
is [68], which uses a smartphone's user-facing camera and IMU for 3-DOF localization of the
device with respect to the user's body for around body interaction. Later, [124] extended this
idea and added a depth camera to improve tracking accuracy and capture the user's shoulders.
Finally, [31] uses two smartphones in a 3D printed case to provide tracking of a user's hand
holding the device, along with the user's head position, relative to a distant display using inside-
out tracking.

12



Part II

Improving Digitization Richness while
maintaining Practicality
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Chapter 3

Overview

3.1 Utility of Higher-order User Digitization

The advancement of digital representations that can faithfully mirror the intricate nuances of
human behavior, from minute gestures to complex movements, has led to a plethora of innovative
technologies. The traditional way to improve digitization richness has been to add more points of
instrumentation either on the user or in the environment. Along these lines, the gold standard of
user digitization still remains motion capture techniques such as Vicon and OptiTrak that make
use of multiple cameras, markers, and specialized suits. While they have been instrumental in
capturing high-�delity data, they are however cumbersome, restrictive, and resource-intensive.

Thus, the pursuit of improving digitization richness has always been met with a critical chal-
lenge: the delicate balance between improving �delity and ensuring user practicality. My re-
search shows that full-body pose is not exclusive to the realm of specialized and external de-
vices, but can now be enabled on mobile consumer devices. This affords my approach with
superior practicality and wide applicability to work in unconstrained settings in the wild, over
methods that require special hardware or external instrumentation. To achieve this I add layers
of intelligence to increase the �delity of existing practical and ubiquitous sensing platforms.

I further note that higher-order digitization have a trickle down effect to other lower-order
digitization representations. For example, if I know the pose of a person, I can use that informa-
tion to improve the precision of fall detection systems. Similarly, I can also inform new insights,
rather than just predicting whether the user has fallen, I can detect what led to the fall, estimate
the severity of it and also track how the user will recover from such an injury. Let's take a look
at the following three scenarios wherein modeling a higher-order digitization unlocks new new
applications and uplifts other lower-order representations.

3.1.1 Objective Measurement of Hyperactivity in Children

Globally, Attention-De�cit Hyperactivity Disorder (ADHD) affects approximately 5% children
and adolescents [80, 220]. ADHD is a neurodevelopmental syndrome that often leads to in-
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creased inattentiveness, impulsivity, and hyperactivity. Children with ADHD start showing these
signs as early as four years of age. In school-age children, 55% of all ADHD cases show hy-
peractivity symptoms [256]. The current standard of measurement of hyperactivity in children
depends on subjective reports via questionnaires from parents or teachers. These questionnaires
are convenient as they save time, money, and effort. However, research has also shown very
low inter-rater reliability for these surveys between parents and teachers (� = 0.11) [258]. The
inherent subjectivity of these tests and physicians' lack of contextual awareness often lead to
misdiagnoses. This is problematic as overdiagnosis leads to unnecessary treatment, and under-
diagnosis can lead to delayed treatment. Thus, there is a need to add some objectivity to the
diagnosis and measurement of hyperactivity.

Researchers have used commodity sensors to measure the amount of body motion and corre-
late it with hyperactivity. For example, Lin et al. [154] tracked children's arm movement using
smartwatches, comparing children with and without hyperactivity. They found a signi�cant dif-
ference in the measured acceleration signals between the two conditions. Several other works
have developed similar machine-learning (ML) models to detect hyperactivity in children from
passively sensed acceleration data. However, these works assumed the measurements happened
while children were in speci�c activities, such as a 1-hour session at a clinic [186] or taking
a test [90]. Finding such settings for children is often not practical, especially given that the
condition is chronic and requires frequent measurement and management. Moreover, a clinical
examination does not cover a full spectrum of a child's behavior and condition during a typical
day or how their behavior changes on different days (e.g., weekendsvs.school days).

While all prior approaches only looked at acceleration data of the wearers arm (a very low-
level digitization of user), adding activity context enabled me to identify hyperactivity symptoms
in children without putting any behavioral constraints on children. For this, I ran a preliminary
study [27], wherein we gave smartwatches to 61 children out of which 25 had a hyperactivity di-
agnosis. Analyzing this pilot data across participants, showcased that hyperactivity is dependent
on the activity context. In particular, the different in hyperactivity between ADHD and control
group manifests itself only in certain activity classes throughout the day. Our ML pipeline to
estimate the risk of hyperactivity achieves a detection accuracy of 85.2% (F1-score = 81.6%)
when using sensor data from activity moments labeled as “quiet” or “sitting”. Without such
contextualization, the model accuracy drops to 67.2% (F1-score = 63.0%). Further clinicians
stressed the need to contextualize hyperactivity. Here, the use of a higher-order digitization (ac-
tivity context) augmented the capabilities of a lower-order digitization (average motion), wherein
both were sensed from the same acceleration sensor. Further, as the activity context limits the
search space, we need to collect less data for training, which is great as collecting medical data
is very challenging.
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Figure 3.1: Future smart homes and of�ces are envisioned to contain many “smart” devices able
to respond to voice commands. However, without device-speci�c wakewords, multiple devices
may try to respond to generic queries (left). Ideally, users would be able to face and speak
to a device, more akin to human-human interaction (center and right). Thus, there is a need
for Speaker Head-Pose estimation approaches, especially those than can run locally on self-
contained devices, without having to install extra sensors in the environment or rely on multi-
device interoperability, which does not appear to be forthcoming in the near future.

3.1.2 Speaker Head-Pose Estimation for Augmenting Speech Interaction

Where a person is looking is an important social cue in human-human interaction, allowing
someone to address a particular person in conversation or denote an area of interest. For several
decades, human-computer interaction researchers have looked at using gaze data to ease and
enhance interactions with computing systems, ranging from social robots to smart environments.
However, to capture gaze direction, special sensors must either be worn on the head (unlikely for
consumer adoption) or external cameras are used (which can be privacy invasive).

In this research, I explored a practical approach - utilizing speech as a directional communi-
cation channel. In addition to receiving and processing spoken content, I propose that devices
also infer the Direction of Voice (DoV) with is akin to modeling the user's head pose with respect
to the target device of interaction. Note this is different from Direction of Arrival (DoA) algo-
rithms, which calculate from where a voice originated. In contrast, DoV calculates the direction
along which a voice was projected.

This helps devices with microphones not only infer the activity of the user but also infer their
head orientation to the device. Such estimation innately enables voice commands with address-
ability (Figure 3.1), in a similar way to gaze, but without the need for cameras. This allows
users to easily and naturally interact with diverse ecosystems of voice-enabled devices, whereas
today's voice interactions suffer from multi-device confusion. With DoV estimation providing a
disambiguation mechanism, a user can speak to a particular device and have it respond; e.g., a
user could ask their smartphone for the time, laptop to play music , smartspeaker for the weather,
and TV to play a show. Another bene�t of DoV estimation is the potential to dispense with
wakewords (e.g., “Hey Siri”, “OK Google”) if devices are con�dent that they are the intended
target for a command. This would also enable general commands – e.g., “up” – to be innately
device-context speci�c (e.g., window blinds, thermostat, television).
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Figure 3.2: Video and audio from classroom cameras �rst �ows into a scene parsing layer which
captures the user's pose, before being featurized by a series of specialized modules.

DoV's approach relies on fundamental acoustic properties of both human speech and mul-
tipath effects in human environments. The machine learning model leverages features derived
from these phenomena to predict both angular direction of voice, and more coarsely, if a user
is facing or not facing a device. The software is lightweight, able to run on a wide variety of
consumer devices without having to send audio to the cloud for processing (thus helping to pre-
serve privacy). Thus, modeling the speaker's head-pose unlocks new capabilities in current smart
speakers and smart devices equiped with microphone arrays.

3.1.3 Pose-driven Activity Recognition for Practical Classroom Sensing

Here I showcase how modeling the pose of a user unlocks new insights for lower-order represen-
tations such as discrete activity modeling. I explore this through the lens of classroom sensing
by modeling the pose of instructors and students in the classroom.

Providing university teachers with high-quality opportunities for professional development
cannot happen without data about the classroom environment. Currently, the most effective
mechanism is for an expert to observe one or more lectures and provide personalized formative
feedback to the instructor. Of course, this is expensive and unscalable, and perhaps most criti-
cally, precludes a continuous learning feedback loop for the instructor. Here, I present EduSense,
a comprehensive sensing system that produces a plethora of theoretically-motivated visual and
audio features derived from a user's pose. They are correlated with effective instruction, which
could feed professional development tools in much the same way as a Fitbit sensor reports step
count to an end user app.

Augmenting Activity Recognition

Pose can be used to derive insights for lower-order representations such as activities and posture.
Here, I showcase how the user's pose can be used for such tasks.
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• Sit vs. Stand Detection:This featurization module uses body pose keypoints to predict if
a person is sitting or standing. It requires seven keypoints to make an accurate prediction:
neck (1), hips (2), knees (2), and feet (2). The relative geometry of these points is encoded
by computing direction unit vectors between all pairs of these keypoints. To this feature
vector, I also add the ratio of distances between the chest and foot, and chest and knee for
both legs. This combined feature vector is passed to an MLP classi�er.

• Hand Raise Detection:In addition to occlusion, hand raise detection is even more chal-
lenging due to the variation in the way students participate. This module ingests eight
body keypoints per body: neck (1), chest (1), shoulder (2), elbow (2), and wrist (2). I com-
pute direction unit vectors between all pairs of these points. I also compute the distance
between all pairs of points, normalized by the distance between the nose and neck points.
Note these features are essentially scale invariant to both body distance from camera and
physical body size. These values are used as input to an MLP classi�er, which predicts
either hand raised or not.

• Upper Body Posture: Body posture can be indicative of student affective and atten-
tional state. To explore the feasibility of sensing similar attributes, but in a non-invasive
computer-vision driven manner, I trained an upper body posture classi�er. For this module,
I utilize the same eight upper body keypoints we found to be successful in the hand raise
detection module. As before, I compute direction unit vectors between all pairs of points,
and distance between all pairs of points, normalized by the distance between the nose and
neck points. These values are used as input to a multiclass MLP model (sklearn, default hy-
per parameters), which was trained during development to predict three proof-of-concept
classes: arms at rest, arms closed (e.g., crossed), and hands on face.

• Smile Detection:As a proof-of-concept of class-scale facial affect analysis, I built a mod-
ule that detects smiles. For this, I use ten mouth landmarks on the outer lip and ten land-
marks on the inner lip. I compute direction unit vectors from the left lip corner to all other
points and use a SVM (sklearn, poly kernel with degree 3, default parameters) for binary
classi�cation.

• Mouth State Detection: Audio based speaker identi�cation is challenging especially
when multiple speakers are present. As a potential, future way to identify speakers, I
developed a module that estimates if a mouth is open, the con�dence of which could be
tracked over many frames (per person) to produce a talking con�dence. I use a binary
SVM (sklearn, linear kernel, default parameters) and two highly descriptive features: the
height of the mouth to the left and right of center, divided by the width of the mouth.

New applications based on Pose

Apart from augmenting lower-order digitization, the pose itself can enable of a multitude of new
features. Here are some listed below.
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Figure 3.3: EduSense Gaze and Classroom Topology. Left: Percentage of student gaze across
various classroom foci (whiteboards, projector screens, lectern) at the end of a class session.
Center: Heatmaps of students gaze across the same foci. Right: Heatmap of the instructor gaze
aggregated across a class session.

• Head and Gaze Estimation: Head orientation can be used as a coarse proxy for gaze
attention; e.g., toward the instructor and other classroom foci. Using a custom CNN [10]
that inputs the face and its landmarks, EduSense produces the 3D orientation of the head
for each body. Once found, head orientations for individuals can be aggregated into a
classroom histogram of foci, or even a combined mean gaze vector.

• Body Position and Classroom Topology:The gaze estimation module not only predicts
the 3D orientation for each head, but also an estimated 3D position in real world coor-
dinates (Figure 3.3). This can be used to reveal the classroom topologies (i.e., student
layout), and in the future, help illuminate spatial patterns in the class (e.g., fewer hand
raises in the back of class or where the instructor spends the most time).

• Synthetic Accelerometer: Worn accelerometers have been used previously to infer stu-
dent engagement and affect. To achieve a similar result, but without the need for worn
sensors, I simply track the motion of bodies across frames. Similar to the previous mod-
ule, I use the 3D head position produced during scene parsing, and calculate a delta X/Y/Z
normalized by the elapsed time since the previous frame. This affords a 3D motion and
acceleration vector in real world units (e.g., m/s).

3.2 Organization

In this part, I showcase my research projects that pave the path towards improving user digitiza-
tion richness while maintaining user practicality. I work my way up the user digitization richness
spectrum (Figure 1.1) focusing on techniques that digitize a particular aspect of a user.

My interest in user digitization was informed and shaped by my initial explorations into
activity recognition. Thus, I start with activity sensing 4 as a way to digitize and express a users
behavior routine. I start off by exploring the topic of acoustic activity recognition. I then expand
my focus towards camera-based sensing systems that can detect activities across multiple people
simultaneously and also pro�le them over time.
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I then delve into pose sensing 5, as it offers a continuous and more comprehensive represen-
tation of the user over discrete and pre-de�ned activities. I start with approaches that model indi-
vidual body parts such as head-pose, eye-gaze, hands and upper body, building up to approaches
that capture a holistic full-body representation of the user. A common theme that unites all these
pose-sensing approaches is that they make use of commodity and ubiquitous consumer devices
such as smartphones so that the advances in user digitization can be practical and accessible to
all.
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Chapter 4

Advancing Activity Recognition in
Unconstrained Settings

4.1 Introduction

Activity recognition is an important cornerstone of user digitization. It not only helps glean
insights about what the user is doing, but also contextualizes it with respect to the environment.
It can enable a plethora of applications ranging from health sensing, informatics, smart assistants
and assisted living to name a few.

Thus, a user's activities are the basic building blocks for digitizing and expressing their be-
havior routine. We are already seeing a glimpse of this in consumer devices. Take the Apple
Watch for example - it is one of the best commercial devices available, already selling by the
millions for its �tness and health features. At the time of writing this thesis (2023) it can auto-
matically detect only a handful of exercises such as swimming, walking, running, and cycling.
However, there are many many more activities of interest, that are more than just exercises, which
occur in our daily lives, that these consumer devices around us are oblivious to.

Figure 4.1: Ubicoustics enables real-time activity recognition across diverse hardware platforms,
including smart speakers (A), smartwatches (B), tablets (C), phones (D), IoT sensors (E) and
laptops (F).
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4.2 Preliminary Work

Microphones are the most common sensor found in consumer electronics today, from smart
speakers and phones to tablets and televisions. Despite sound being an incredibly rich infor-
mation source, offering powerful insights about physical and social context, modern computing
devices do not utilize their microphones to understand what is going on around them. For ex-
ample, a smart speaker sitting on a kitchen counter-top cannot �gure out if it is in a kitchen,
let alone know what a user is doing in a kitchen. Likewise, a smartwatch worn on the wrist is
oblivious to its user cooking or cleaning. This inability for “smart” devices to recognize what is
happening around them in the physical world is a major impediment to them truly augmenting
human activities.

Real-time, sound-based classi�cation of activities and context is not new. There have been
many previous application-speci�c efforts that focus on a constrained set of recognized classes.
I sought to build a more general-purpose and �exible sound recognition pipeline – one that
could be deployed to an existing device as a software update and work immediately, requiring
no end-user or in situ data collection (i.e., no training or calibration). Such a system should be
“plug-and-play” – e.g., plug in your Alexa, and it can immediately discern all of your kitchen
appliances by sound. This is a challenging task, and very few sound-based recognition systems
achieve usable end-user accuracies, despite offering pre-trained models that are meant to be
integrated into applications.

Ubicoustics is a novel approach that brings the vision of plug-and-play activity recognition
closer to reality across a myriad of practical form factors (Figure 4.1). The process starts by
taking an existing, state-of-the-art sound labeling model and tuning it with high-quality data
from professional sound effect libraries for speci�c contexts (e.g., a kitchen and its appliances).
I found professional sound effect libraries to be a particularly rich source of high-quality, well-
segmented, and accurately-labeled data for everyday events. These large databases are employed
in the entertainment industry for post-production sound design (and to a lesser extent in live
broadcast and digital games).

Sound effects can also be easily transformed into hundreds of realistic variations (syntheti-
cally growing our dataset, as opposed to �nding or recording more data) by adjusting key audio
properties such as amplitude and persistence, as well mixing sounds with various background
tracks. I show that models tuned on sound effects can achieve superior accuracy to those trained
on internet-mined data alone. I also evaluate the robustness of our approach across different
physical contexts and device categories. Results show that Ubicoustics can achieve human-level
performance, both in terms of recognition accuracy and false positive rejection.

Thus, Ubicoustics showcases the power of acoustic activity sensing across a myriad of smart
devices. However, it is limited in its �delity as it cannot detect simultaneous activities across
a multitude of people in the environment. Camera-based activity recognition approaches can
overcome this due to their wider �eld-of-view and thus ability to track multiple people. Further,
they can provide a continuous capture of these activities and provide temporal insights.
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4.3 Modeling Continuous and Temporal Activities

4.3.1 Introduction

Detecting, recognizing and tracking simultaneous activities in unconstrained scenes is a chal-
lenging task. As an exemplar to showcase the utility of activity recognition I pick gyms as a
setting to monitor exercises of multitudes of people. To this end, I presentGymCam(Figure 4.2),
a vision-based system that uses off-the-shelf cameras to automate exercise tracking and pro-
vide high-�delity activity analytics, such as repetition count, without any user- or environment-
speci�c training or intervention. Instead of requiring each user in the gym to wear a sensor on
their body,GymCamis an external single-point sensing solution,i.e., a single camera placed in
a gym can trackall people and exercises simultaneously.

While using cameras enables accurate exercise tracking that is not limited to certain kinds
of motion, it of course also raises privacy concerns. These are important to address in order
to attain rich digitization system which are also practical to the user. Thus, to mitigate these
privacy concerns, the �rst step of the classi�cation pipeline converts the raw video into optical
�ow trajectories. With this processed signal, GymCam can detect exercises, but sensitive user
information is not easily recoverable. Indeed, with on-camera compute power, this could be the
only data transmitted from the device, or perhaps the entire classi�cation pipeline could be run
locally.

To develop and evaluate the machine learning algorithms, I collected data in the university's
gym for �ve days. In total, I recorded 42 hours of video and annotated 597 different exercises.
I did not record the number of gym users because the protocol required immediate anonymiza-
tion of the data (i.e., faces blurred). Users of the gym were informed that a research team was
recording video, but there was no other interaction with participants, minimizing observer effects
(e.g.,intentional or unintentional changes to their routine). I note this problem often affects re-
search studies where users are aware they are part of an exercise tracking research study, and the
evaluation setting is constrained [173]. I believe GymCam presents the �rst truly unconstrained
evaluation of exercise tracking.

The overall process of GymCam is as follows:

1. Detect all exercise activities in the scene (acc. = 99.6%), then

2. Disambiguate between simultaneous exercises (acc. = 84.6%), then

3. Estimate repetition counts (� 1.7 counts)

4. Recognize common exercise types (acc. = 93.6% for 5 most common exercise types).

4.3.2 Theory of Operation

I now discuss the underlying premise behind GymCam that allows it to: (1) detect motion, (2)
cluster motions into separate exercises, and (3) identify and track individual exercises.
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