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ABSTRACT

Sleep is a critical component for overall health of a human be-
ing. Despite it’s importance, a majority of the population is sleep
deprived leading to several physical and mental health issues. Tradi-
tional methods of sleep monitoring are expensive and not scalable,
limiting access to important health information. The advent of the
Internet of Things and mobile sensing devices provides an opportu-
nity for more accessible and scalable sleep monitoring. Community-
scale sensing has the potential to enable aggregate public health
monitoring and informed decision-making for individuals. How-
ever, scaling mobile health sensing technologies to the community
level presents several challenges including data availability, model
generalizability, robustness etc.

This thesis focuses on addressing the challenges of sleep monitor-
ing at the community level by developing non-intrusive, scalable,
personalizable, and robust sleep detection techniques. The first
technique, called WiSleep , a system that utilizes an unsupervised
machine learning approach that detects sleep durations from WiFi
activity of mobile devices. WiSleep leverages the strong correlation
between a phone’s network activity and sleep periods and uses an
ensemble of Bayesian models designed to handle irregular sleep pat-
terns. The second technique, called SleepLess, is a semi-supervised
machine learning approach that enables personalized sleep estima-
tions for users without labeled data. Finally, I propose an approach
combining uncertainity quantification with explainability to handle
prediction inaccuracies from sleep prediction models. Overall, this
research aims to provide innovative solutions to the challenges
of mobile sleep monitoring and contribute to the broader field of
mobile health sensing.

1 INTRODUCTION

Sleep is a vital activity that significantly impacts human well-being,
productivity and performance [23]. Prior research has shown that
30% of the adult population does not get enough sleep, with many
adults sleeping less than 7 hours per day [8, 16]. Both work-related
stress and the increasing use of mobile devices throughout the day,
particularly in the evenings, have increased sleep disorders [26].
The repercussions of sleep deprivation leading to serious health
consequences such as heart disease, stroke, and depression [1, 20]
has become a public health burden. The American Academy of
Pediatrics confirms sleep deprivation as a public health epidemic,
especially among students [10, 20].

Numerous solutions have emerged for sleep monitoring. Polysomnog-

raphy is a gold standard in medical research [24] practical for short-
term monitoring. Contactless methods utilizing doppler radar and
RF signals have been proposed [15, 21], but they require specific in-
strumentation in building infrastructures. With the recent advances
in Internet of Things (IoT), it is now easy to deploy low-cost sensing
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mechanisms for sleep monitoring. IoT-based sensing (known as
mobile health sensing) can take two forms: wearable sensing, which
leverages on-body sensors [18], and contactless sensing, which lever-
ages sensors in the environment or passive sensors [30] such as
smartphones [2]. Smartphones are ubiquitous and can offer afford-
able sleep sensing through microphones, cameras, phone activity
and screen usage [5, 11, 13, 19, 22, 34].

Sleep is an intimate experience; hence many sleep monitoring
technologies are highly personalized for individual use. Monitor-
ing data sources specific to sleep are challenging to acquire for
public health understanding and benefits [20]. Such information
could benefit professional health administrators to keep abreast of
a community’s needs and well-being. In particular, college students
residing in campus dormitories make an insightful study popula-
tion of irregular sleepers due to overwhelming academic demands.
Further, many college campuses, such as in the United States, are
known for their social events during the semester. The active party
culture exacerbates bad sleeping habits among students [27]. These
irregular habits can significantly and negatively impact students’
concentration and academic performance [17].

While mobile health (mHealth) technologies have revolution-
ized our ability for personalized sleep monitoring, the next frontier
in mHealth involves scaling the sleep monitoring technologies to
monitor a community or population of users. The combination of
community scale monitoring, which enables aggregate sleep moni-
toring of large groups and personalized health monitoring, which
enables fine-grain sleep monitoring of individuals, will provide in-
sights into broader health problems. Realizing this vision involves
addressing new challenges that require mobile health technologies
to be scalable, easily personalizable and robust while addressing
the needs of both personalized and large scale sleep monitoring.
Three main challenges are (1) data availability - outside laboratory
settings, collecting clean and noise-free labeled data at a large scale
is difficult and expensive. (2) generalizability - while we develop
sleep prediction models using mobile device data, one prediction
model will not be able to give accurate predictions for all users in
a population due to the heterogeneity in the device and human
behaviors. (3) robustness - data collected from mobile devices is
often noisy, has outliers, and may experience data drifts. These fac-
tors can significantly impact the prediction model’s performance,
leading to inaccurate predictions, and decreased reliability.

In this thesis, I seek to address the above challenges in developing
scalable and personalizable mobile health sensing techniques that
can be employed both to monitor the sleep activity of a community
(a public health concern) and those of individuals (a personalized
health monitoring issue).



2 BACKGROUND
2.1 Smartphone based Sleep Sensing

Smartphones are ubiquitous and have become a necessary part of
our everyday life. By leveraging the device’s advanced sensing and
computational capabilities, researchers and healthcare providers
can gain valuable insights into human behavior and health, which
can lead to improved outcomes and quality of life for individuals.
One of the significant benefits of smartphones is their ability to
collect data in real-time and over extended periods. By using the de-
vice’s built-in accelerometer sensor, researchers can track physical
activities such as walking, running, and climbing stairs [3]. How-
ever, developing a robust classifier for physical activity tracking is
difficult due to the differences across users and smartphone devices.

For sleep sensing using smartphones, researchers use a combi-
nation of techniques used for physical activity tracking, mobility
patterns and phone activity and ambient condition detection. Some
of the efforts utilize an array of phone sensors such as accelerometer
[19, 25], light sensor [19, 25], microphone [13, 19, 22, 25], proxim-
ity sensor [19], and WiFi network activity rates [31]. The works
above have proven rich (unlabeled) data we can use to predict sleep.
However, collecting labeled ground truth of users continue to be a
big challenge [6].

2.2 Machine Learning for Sleep Monitoring

Machine learning techniques are widely used for sleep monitoring
applications Most of the techniques described in the prior section
are based on supervised learning approaches, whereby models
require large amounts of training data to build accurate prediction
models. Several works developed separate models for each user
in the study which require at least 2 weeks of labelled data with
sleep/wake-up estimation errors less than 40 minutes [31]. On the
other hand, unsupervised methods have been explored specifically
to do away with requiring training data. For example, Cuttone et.
al develop a Bayesian approach to infer bed time and wake-up time
from smart-phone screen events. Although convenient, these works
have reported bed time and wake-time errors in the range of 1-2
hours and they don’t offer any form of personalization.

Our investigation on semi-supervised learning approaches began
via Self Training, followed by other standard techniques such as Co-
Training, Auto Encoder, Data Generative, and Adversarial Training.
These approaches have been adopted by prior work to solve sleep
stage classification [14, 29, 33, 36]. In understanding self-training,
Zhang et al. reported error accumulation as a potential problem
[32]. In contrast, other works have reported lesser error accumu-
lation with co-training [28, 35], including successful detection of
everyday human behavior such as walking, running, and climbing
stairs [12]. In fact, much work in human activity recognition has
utilized adversarial learning [7] and autoencoder [4, 9] to develop a
generalizable and robust classification model for everyday human
behavior.

3 CONTRIBUTIONS
3.1 Community Scalable Sleep Monitoring

In the first component of my thesis, I present the design and im-
plementation of WiSleep, a novel population-scale sensing system

for sleep monitoring of a large cohort of on-campus students. The
primary objective of this work is to address the challenge of scal-
ability in sleep monitoring by adopting a network-side approach
that leverages WiFi and smartphones.

The key insight of WiSleep is that a strong correlation exists
between a phone’s network activity and sleep periods. This corre-
lation is analogous to the well-established relationship between a
user’s screen usage and sleep patterns, demonstrated in prior client-
side methods. WiSleep takes advantage of the coarse-grain network
activity data available from WiFi Access Points (APs), which can
detect and record AP association and disassociation events, to infer
when a user is asleep. WiSleep uses an unsupervised learning ap-
proach based on an ensemble of Bayesian models that are designed
to handle irregular sleep patterns common among college students.

By adopting a network-side approach, WiSleep overcomes many
limitations of traditional sleep monitoring methods, which are often
cumbersome and intrusive and can only be applied to a small num-
ber of participants. WiSleep has the potential to provide valuable
insights into sleep patterns and behaviors for large-scale studies,
which could ultimately lead to improved sleep health and well-being
for individuals and populations.

3.2 Personalized Sleep Monitoring

While public-health monitoring of communities requires general
models for health sensing that works across a range of users, it is
also desirable that these models be accurate and handle idiosyn-
crasies exhibited by the users. However, the major challenge here is
the collection of labeled data from the users to develop personalized
models. As the unlabelled data from smartphones is easy to gather,
in the second component, I design SleepLess, a semi-supervised
machine learning approach to enable personalization in the sleep
prediction models using WiFi activity data collected from smart-
phones. Specifically, it uses a pre-trained model on an existing set of
users to produce pseudo-labels for unlabeled data of a new user and
achieves personalization by fine-tuning over selectively picking the
pseudo-labels. Our user study among 23 users found model yielding
around 96% accuracy, between 12-27 minutes of sleep time error
and 18-25 minutes of wake time error. Comparison against other
approaches that sought to predict with fewer labeled data found,
similarly yielding best performance.

3.3 Uncertainty Aware Sleep Monitoring
[Proposed Work]

Accurate predictions are essential for any human activity recogni-
tion model especially when it is used for clinical decision making
or personal recommendation systems. However, due to noisy data
or outlier data, sleep prediction models using smartphone data
may produce inaccurate predictions. To effectively handle such
inaccuracies, we can rely on uncertainty quantification and model
explainability techniques. By identifying uncertain predictions and
distinguishing between in-distribution and out-of-distribution data,
we can selectively pick highly confident results and also work on
model refinements and improvements. I propose to compare vari-
ous uncertainty quantification and model explainability techniques
on various sleep datasets and identify/develop a suitable method to
handle inaccurate predictions for sleep monitoring.
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