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Abstract

Sleep disorders, such as obstructive sleep apnea (OSA), pose serious health risks, impacting
cardiovascular, neurological, and cognitive functions. OSA, one of the most prevalent sleep
disorders, is characterized by repeated episodes of partial or complete airway obstruction
during sleep, leading to intermittent hypoxia, sleep fragmentation, and excessive daytime
sleepiness. If left untreated, OSA is associated with an increased risk of hypertension, stroke,
heart failure, metabolic disorders, and impaired cognitive function. Traditional diagnostic
methods, such as polysomnography (PSG), are expensive, complex, and inconvenient for
large-scale screening or home-based monitoring. This thesis addresses these challenges by
developing wearable sensor-based systems and employing machine and deep learning models
to improve the detection and early prediction of sleep disorders using various physiological

signals.

One of the primary contributions of this research is the development of a wearable respi-
ration monitoring system that utilizes an Inertial Measurement Unit (IMU), Electrocardio-
gram (ECG), and Photoplethysmogram (PPG) sensors to capture the corresponding phys-
iological signals related to sleep apnea. The system’s performance was validated through
extensive experimental trials, demonstrating its effectiveness in detecting subtle respiratory
variations associated with OSA. The temporal parameters derived from IMU, ECG, and
PPG were benchmarked against traditional PSG-based methods, and signal processing tech-
niques were employed to minimize noise and improve signal quality. A comparative analysis
was conducted using statistical, machine learning, and deep learning models to evaluate the
contribution of each sensor modality to sleep apnea detection. The findings indicate that
integrating multiple physiological signals significantly enhances the accuracy and reliability

of respiration estimation, offering a promising alternative to traditional PSG-based diagnosis.
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In addition to respiration-based analysis, this thesis introduces a novel feature-engineering
approach for sleep apnea detection using single-lead ECG signals. A comprehensive machine
learning framework was developed to extract key cardiac features such as heart rate variabil-
ity (HRV) and R-R intervals. Furthermore, previously underutilized features (time domain,
time-frequency domain, and nonlinear entropy-based features) were incorporated to enhance
the discriminatory power of the model. The framework was tested with multiple machine
learning classifiers across independent datasets, and the results demonstrated its robustness
and reliability in detecting sleep apnea in diverse scenarios. The lightweight nature of the
model ensures efficient real-time processing, making it highly suitable for integration into

wearable and home-based diagnostic systems.

Building upon machine learning methodologies, this research further explores the appli-
cation of deep learning techniques to automate sleep apnea detection. Various architectures,
including Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and
Transformer-based models, were evaluated for their effectiveness in processing physiological
signals. Unlike traditional methods that rely on manually extracted features, deep learning
models can automatically learn and extract intricate patterns from raw physiological data,
leading to improved classification performance. The models were optimized for real-time
deployment, ensuring seamless integration into wearable devices for continuous, non-invasive
sleep monitoring. The results underscore the effectiveness of deep learning in sleep apnea

detection, providing a scalable and robust solution for real-world applications.

Beyond sleep apnea detection, this thesis also presents a preliminary study on sleepwalk-
ing detection using a wearable IMU-based gait analysis system. Sleepwalking is a complex
parasomnia disorder characterized by abnormal nocturnal movements, yet its objective de-
tection remains challenging. In this study, an IMU sensor mounted on the shank was used
to monitor gait phases and events in healthy individuals. Three machine learning classi-
fiers—Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Linear Discrimi-
nant Analysis (LDA)—were employed to identify gait events and temporal parameters. The
system demonstrated stable performance across different sensor locations and individual vari-

ations, highlighting its robustness. While this study was conducted on healthy participants,



the findings lay the foundation for future research aimed at detecting sleepwalking episodes
in individuals with diagnosed sleep disorders. This research paves the way for a non-invasive,
home-based diagnostic tool that could aid clinicians in assessing and managing sleepwalking

more effectively.

The overarching goal of this thesis is to bridge the gap between traditional sleep disor-
der diagnostics and modern wearable technology by developing accessible, cost-effective, and
efficient solutions for real-world implementation. The integration of wearable sensor tech-
nology with machine learning and deep learning models has the potential to transform sleep
disorder diagnosis, enabling real-time monitoring, early detection, and large-scale screen-
ing. The findings from this work have significant implications for clinical practice, as they
provide alternative methodologies for diagnosing and managing sleep disorders without the
need for complex and expensive PSG-based assessments. By offering a scalable, user-friendly
approach, this research contributes to the growing field of digital health and telemedicine,

paving the way for future advancements in sleep disorder diagnosis and management.
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Abbreviations

OSA
IMU
WRMS
EQO2
MAE
BREA
RMSE
DCNN
SB
Tlpp
PPG
PR

RR
PSG
SFFS
ECG
TFD
EDR
HRV
MSDA
WLTD
PMCR
WT
cdl

Obstructive Sleep Apnea

Inertial Measurement Units

Wearable Respiration Monitoring System
Equivital system

Mean Absolute Error

Breathing Rate Estimation Accuracy
Root Mean Square Error

Deep Convolution Neural Network
Sensor Belt

Time Interval Between Peak to Peak
Photoplethysmography

Predicted Respiration

Respiration Rate

Polysomnography

Sequential Forward Feature Selection
Electrocardiogram

Time and Frequency Domain
Electrocardiogram-derived Respiratory
Heart Rate Variability

Multiscale Dilation Attention
Weighted-loss Time-Dependent
Phase-Modulated Continuous Wave Radar
Wavelet Transform
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rcl
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DL
CNN
BN
MP
FC
FSR

Sleep Breathing Disorder
Auto-regressive Coefficients
Autoregressive
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Machine Learning

Deep Learning

2D convolutional neuralnetwork
batch normalization

Pooling layer,

Fully Connected Layer
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