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Abstract—Sleep apnea is a prevalent yet underdiagnosed
sleep disorder characterized by repeated interruptions in
breathing during sleep, leading to severe health
complications such as cardiovascular diseases and reduced
cognitive performance [8], [9]. Traditional diagnostic
methods such as polysomnography (PSG) are expensive,
time-consuming, and require clinical supervision, limiting
their accessibility for continuous monitoring [9]. This
paper presents an Al-based wearable system for real-time
sleep apnea monitoring that leverages advancements in
wearable technology, embedded systems, and the Internet
of Medical Things (IoMT) [2], [3]. The proposed system
integrates multiple physiological sensors, including heart
rate, blood oxygen saturation (Sp0:), respiratory rate, and
body movement, to continuously collect patient data during
sleep [5], [10]. These signals are preprocessed and
analyzed using machine learning algorithms to detect
apnea events with high accuracy [6], [7].

Index Terms—Sleep Apnea, Wearable Devices, Artificial
Intelligence (AI), Machine Learning, Internet of Medical
Things (IoMT), Biomedical Sensors, SpO: Monitoring,
Heart Rate Monitoring, Respiratory Signal Processing,
Embedded Systems, Real-Time Monitoring, Wireless
Communication, Cloud Computing, Health Monitoring
Systems, Smart Healthcare.

[. INTRODUCTION

Sleep is a fundamental biological process essential for
maintaining physical health and cognitive function.
However, sleep-related disorders such as sleep apnea
have become increasingly prevalent worldwide. Sleep
apnea is a serious medical condition characterized by
repeated interruptions in breathing during sleep,
leading to reduced oxygen levels, fragmented sleep,
and increased risk of cardiovascular diseases and
daytime fatigue [8], [9]. A large portion of affected

IJIRT 199425

individuals remains undiagnosed, highlighting the
need for effective monitoring systems [8].

Traditional  diagnostic =~ methods, such  as
polysomnography (PSG), are considered the gold
standard for sleep apnea detection. However, these
methods require overnight monitoring in specialized
sleep laboratories under clinical supervision, making
them expensive, inconvenient, and unsuitable for long-
term continuous use [9], [15]. This limitation creates a
demand for portable and cost-effective alternatives.
Recent advancements in wearable technology,
embedded systems, and the Internet of Medical Things
(IoMT) have enabled continuous health monitoring
outside clinical environments [2], [3]. Wearable
devices equipped with biomedical sensors can track
physiological parameters such as heart rate, blood
oxygen saturation (SpO-), respiratory rate, and body
movements in real time [5], [10].

II. RELATED WORK

Recent advancements in smart healthcare technologies
have significantly contributed to the development of
wearable systems for sleep apnea monitoring. The
integration of medical technology with intelligent
systems has improved healthcare quality and enabled
early diagnosis of critical conditions [1]. In particular,
the emergence of the Internet of Medical Things
(IoMT) has facilitated real-time data collection,
remote monitoring, and efficient healthcare delivery
(2], [3]-

Several studies have focused on the use of wearable
devices for monitoring physiological parameters.
Turanli ef al. developed a wearable system integrated
with a mobile application to track vital signs in real
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time, demonstrating the feasibility of continuous
health monitoring [5]. Similarly, Montes et al
validated the reliability of wearable bio-collection
devices, confirming their effectiveness in capturing
accurate physiological data during daily activities
[10].

Machine learning techniques have been widely applied
to enhance the detection of sleep apnea. Wang et al.
proposed a machine learning-assisted wearable system
capable of diagnosing sleep apnea with improved
accuracy by analyzing physiological signals [7]. In
addition, Gou et al. highlighted the growing role of
artificial intelligence in medical applications,
particularly in pattern recognition and predictive
analytics for disease detection [6].

Alternative non-invasive monitoring systems have
also been explored. Malakhatka et al. utilized
wearable devices such as the OURA ring combined
with environmental sensors to monitor sleep quality
and predict sleep-related disorders [11]. Cay and
Mankodiya introduced a smart mattress integrated
with IoT and e-textile technology for sleep apnea
management, offering a contactless monitoring
approach [12]. Similarly, sensor-based systems like
smart pillows have been developed to track cardio-
respiratory signals and body posture during sleep [13].
Research has also emphasized the clinical aspects and
prevalence of sleep apnea. Benjafield ef al. estimated
the global burden of obstructive sleep apnea,
indicating a significant number of undiagnosed cases
worldwide [8]. Studies by Tondo ef al. and Joosten et
al. discussed the pathophysiology and positional
effects of sleep apnea, highlighting the importance of
monitoring sleep posture and breathing patterns [9],
[17]. Earlier works by Cartwright demonstrated the
influence of sleep position on apnea severity and
frequency [18], [19].

Furthermore, embedded systems and real-time
monitoring technologies have played a crucial role in
the development of modern healthcare devices [4],
[14]. Continuous Positive Airway Pressure (CPAP)
therapy remains a standard treatment for sleep apnea;
however, its long-term usage and patient compliance
challenges emphasize the need for alternative
monitoring  solutions  [15].  Despite  these
advancements, existing systems face limitations such
as high cost, limited accessibility, and lack of
continuous  real-time  monitoring in  home
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environments. Therefore, there is a need for an
integrated, Al-based wearable system that provides
accurate, non-invasive, and cost-effective sleep apnea
detection.

III. EXISTING SYSTEM

The diagnosis and monitoring of sleep apnea have
traditionally relied on clinical and semi-clinical
systems. The most widely used method is
polysomnography (PSG), which is considered the gold
standard for detecting sleep disorders. PSG involves
monitoring multiple physiological signals, including
brain activity, eye movement, heart rate, respiratory
effort, and oxygen saturation in a controlled laboratory
environment [9]. Although highly accurate, this
method is expensive, time-consuming, and requires
specialized equipment and clinical supervision,
making it unsuitable for continuous and home-based
monitoring [15].

To overcome these limitations, several alternative
systems have been developed. Wearable devices
capable of monitoring vital signs such as heart rate and
SpO- have gained attention due to their portability and
ease of use. Studies have demonstrated that wearable
bio-sensing devices can provide reliable physiological
data, making them suitable for healthcare applications
[5], [10]. However, many of these systems are limited
to basic data collection and lack advanced analytical
capabilities.

In recent years, loT-based healthcare systems have
been introduced to enable remote monitoring and data
transmission. The Internet of Medical Things (IoMT)
allows integration of wearable devices with cloud
platforms, enabling real-time data access and analysis
[2], [3]. Embedded systems and wireless
communication  technologies  further  support
continuous monitoring and improve accessibility [4],
[14]. Despite these advancements, many existing
systems still face challenges related to data accuracy,
latency, and energy efficiency.

Several non-contact and semi-contact systems have
also been proposed, such as smart mattresses, sensor
pillows, and environmental monitoring devices. These
systems can monitor sleep posture, respiratory
patterns, and movement without requiring the user to
wear a device [12], [13]. While they improve user
comfort, they may lack precision compared to direct
physiological sensing methods.
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Machine learning techniques have been incorporated
into some existing systems to improve detection
accuracy. For instance, wearable wireless devices
combined with machine learning algorithms have
shown promising results in identifying sleep apnea
events [7]. However, many of these systems are still in
the research stage and may not provide real-time alerts
or user-friendly interfaces.

Additionally, conventional treatment methods such as
Continuous Positive Airway Pressure (CPAP) therapy
are widely used to manage sleep apnea [15]. Although
effective, CPAP devices can be uncomfortable for
patients, leading to low compliance rates. This
highlights the need for improved monitoring systems
that can assist in early detection and reduce
dependency on invasive treatments.

Existing System for Sleep Apnea Detection

9 Home Sleep Study

Hospital Sleep Study

Fig.1.Existing system for sleep apnea detection.
IV. PROPOSED SYSTEM

To overcome the limitations of existing sleep apnea
monitoring systems, this paper proposes an Al-based
wearable system designed for continuous, real-time,
and non-invasive monitoring of sleep apnea. The
proposed system integrates wearable sensors,
embedded processing, wireless communication, and
machine learning techniques to provide an efficient
and user-friendly healthcare solution

The system consists of a multi-sensor wearable device
capable of collecting physiological signals such as
heart rate, blood oxygen saturation (SpO:), respiratory
rate, and body movement. These parameters are
critical indicators for detecting sleep apnea events and
are widely used in modern wearable healthcare
devices [5], [10]. The collected data is preprocessed
using signal filtering and noise reduction techniques to
improve accuracy and reliability.
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Table I. Sensors used in the proposed system

S Component Function Purpose in
N'o Sleep Apnea
Detection
SpO: Sensor| Measures Detects
(PPG) blood oxygen| oxygen
1 saturation and| desaturation
pulse rate events during
apnea
episodes
Respiratory Measqres Identifies
2 | Monitoring breathmg' rate| apnea  and
Module and airflow| hypopnea
patterns events
Detects  body| Differentiates
movement normal
3 | Accelerometer motion from
respiratory
disturbances
Wireless Transfers
Bluetooth communication| processed
4 . data to
Wi-Fi Module .
mobile
dashboard

1. Wearable Multi-Sensor Unit

The unit consists of sensors to measure key
physiological parameters such as blood oxygen
saturation (SpQO2), heart rate, respiratory rate, and body
movement, which are essential indicators for
identifying sleep apnea events [5], [10]. Among these,
SpO: and respiratory signals play a crucial role in
detecting oxygen desaturation and breathing
interruptions associated with apnea [7], [9].

The wearable device is built using a low-power
embedded system that ensures efficient data
acquisition and processing while maintaining energy
efficiency for prolonged usage [4], [14]. Signal
preprocessing techniques, including filtering and
normalization, are applied to reduce noise and motion
artifacts, thereby improving the accuracy and
reliability of the collected data.

2. Data Acquisition via Serial Communication

Sensor data such as SpO: levels, heart rate, respiratory
signals, and body movement are first captured by the
wearable unit and processed by a low-power
microcontroller [4], [14]. The processed data is then
transmitted using serial communication protocols such
as UART (Universal Asynchronous Receiver-
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Transmitter), SPI (Serial Peripheral Interface), or [2C
(Inter-Integrated Circuit), which are widely used in
embedded healthcare systems due to their simplicity
and efficiency. Serial communication plays a crucial
role in ensuring real-time data transfer with minimal
latency, enabling continuous monitoring of
physiological parameters [4].

3. Signal Processing & Feature Extraction
The Signal Processing and Feature Extraction module
plays a vital role in transforming raw physiological
data into meaningful information for accurate sleep
apnea detection. The signals acquired from the
wearable multi-sensor unit, such as SpO:, heart rate,
respiratory signals, and body movement, often contain
noise and artifacts due to motion, environmental
interference, and sensor limitations. Therefore,
effective signal processing techniques are required to
enhance data quality and reliability [4], [14].
Initially, preprocessing techniques such as filtering,
normalization, and noise reduction are applied to
remove unwanted disturbances from the raw signals.
Common filtering methods include low-pass, high-
pass, and band-pass filters, which help in isolating
relevant frequency components associated with
physiological activities [5].

Signal Processing & Feature Extraction
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Fig. 2. Signal Processing and Feature Extraction
Pipeline for Sleep Apnea Monitoring
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4. Al-Based Decision / Detection Logic

The Al-Based Decision / Detection Logic module is
the core intelligence of the proposed system,
responsible for analyzing processed physiological data
and identifying sleep apnea events. This module
utilizes machine learning (ML) and artificial
intelligence (Al) algorithms to classify sleep patterns
and detect abnormalities with high accuracy.

The extracted features from physiological signals such
as SpO:, heart rate variability, respiratory patterns, and
body movement are used as input to the Al model.
These features provide critical information for
distinguishing between normal breathing and apnea or
hypopnea events [7], [9]. Machine learning algorithms
are trained on labeled datasets to recognize patterns
associated with sleep apnea conditions.

Commonly used algorithms for sleep apnea detection
include Support Vector Machines (SVM), Decision
Trees, Random Forest, and Neural Networks, which
have demonstrated strong performance in biomedical
signal classification tasks [6], [7]. These models
analyze complex relationships between multiple
physiological parameters, enabling accurate and
reliable detection of apnea events.

Various machine learning algorithms such as Support
Vector Machines (SVM), Decision Trees, Random
Forest, and Neural Networks are employed to perform
classification tasks [6], [7]. These algorithms are
trained using labeled datasets to recognize patterns
associated with normal and abnormal sleep conditions.
The trained model can then predict apnea events in real
time based on incoming sensor data.

5. Cloud Integration (IoT Platform)

The Cloud Integration (IoT Platform) module plays a
crucial role in enabling remote monitoring, data
storage, and intelligent analysis of physiological data
collected from the wearable device. By leveraging the
Internet of Medical Things (IoMT), the proposed
system ensures seamless connectivity between the
wearable unit, mobile devices, and cloud-based
healthcare platforms [2], [3].

In this system, physiological data such as SpO: levels,
heart rate, respiratory signals, and activity patterns are
transmitted from the wearable device to the cloud via
wireless communication technologies such as
Bluetooth or Wi-Fi [4], [14]. The cloud platform acts
as a centralized repository where large volumes of
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health data can be securely stored and managed for
long-term analysis.

The integration of cloud computing enables real-time
data analysis and remote monitoring, where healthcare
professionals and users can access health data through
web dashboards or mobile applications [2]. This is
particularly beneficial for sleep apnea patients, as it
allows continuous observation of sleep patterns and
early detection of abnormal conditions.

Furthermore, the cloud platform supports advanced
analytics and Al model deployment, where machine
learning algorithms process large datasets to improve
detection accuracy and system performance [6], [7].
Historical data stored in the cloud can be utilized for
trend analysis, predictive modeling, and personalized
healthcare insights.

To ensure data security and privacy, the system
incorporates encryption techniques and secure
communication protocols during data transmission
and storage [1]. This is essential for protecting
sensitive medical information and maintaining
compliance with healthcare standards.

Cloud Integration (loT Platform)

Data Tranmission |
(Bluetooth / Wi-Fi) |

Data Storage
& Analytics

Wearable Device

=Q, Do 0+ G

Data Storage loT-Based Real-Time
& Analytics Monitoring Alerts

g

User Device  Healthcare Provider
Fig. 3. Cloud-Based Data Transmission and Analytics
System

6. Real-Time Alert System

The Real-Time Alert System is a crucial component of
the proposed Al-based wearable system, designed to
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provide immediate notifications when abnormal
physiological conditions are detected during sleep.
The alert system operates based on the output
generated by the Al-based detection module, which
continuously analyzes physiological parameters such
as SpO: levels, heart rate, and respiratory patterns [7],
[9]. When the system detects critical conditions such
as significant oxygen desaturation, irregular breathing,
or prolonged apnea events, it triggers alerts in real
time.

Alerts are delivered through connected devices such as
smartphones, wearable displays, or cloud-based
dashboards, using  wireless  communication
technologies integrated within the Internet of Medical
Things (IoMT) framework [2], [3]. These notifications
may include audible alarms, vibration alerts, or visual
messages, ensuring that both the user and caregivers
are promptly informed of potential health risks. The
real-time alert mechanism relies on threshold-based
and Al-driven decision logic, where predefined
thresholds (e.g., low SpO:2 levels) and learned patterns
are used to identify abnormal conditions [6], [7].

REAL-TIME ALERT SYSTEM

LIVE SENSOR REAL-TIME
DATA PROCESSING

ALERT
GENERATION

# @5 | e
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EVENT DETECTED? ‘ & Email Notification
- - (& M/ Dashboard Alert

L —
IMMEDIATE ALERT DATA ALERT LOG & CLOUD RECORD
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Fig. 4. AI-Powered Real-Time Health Alert System

7. Wireless Communication

In the system, physiological signals such as SpO:
levels, heart rate, respiratory patterns, and body
movement data are transmitted wirelessly using
communication technologies such as Bluetooth, Wi-
Fi, or other low-power wireless protocols [4], [14].
These technologies are widely used in wearable
healthcare systems due to their reliability, low power
consumption, and ability to support continuous data
transmission.

Wireless communication enables the integration of the
wearable device with the Internet of Medical Things
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(IoMT), allowing real-time data sharing with mobile
applications and cloud-based platforms [2], [3]. This
connectivity facilitates remote monitoring by
healthcare professionals and ensures that patient data

can be accessed anytime and from anywhere.

Table II. Comparison of existing systems and
proposed systems

Parameters Existing Proposed
S. Systems (PSG /| AlBased
No Basic Wearable
Wearables) System
MOIllt.OI“IIlg Hospital / Hom.e-based
1 | Location Continuous
Sleep Lab o
Monitoring
2 | Cost Very High| Low-Cost,
(Clinical Setup| Affordable
Required) Wearable
3 Non-portable | Compact and
Portability (Bulky Fully Portable
Equipment)
4 | Sensors Used | Multiple wired| Multi-sensor
sensors (EEG,| integrated
ECG, airflow,| (SpO-,
etc.) Respiratory,
MEMS Mic,
Motion)
5 | Real-Time Limited Real-Time
Detection (Postanalysis | Al-Based
based) Detection
6 | Sleep Stage| Manual /| Automated
Classification| Semiautomated| Deep
(Technician Learning-
Dependent) Based
Classification
7 | Apnea High but| High with
Detection Labdependent | Edge Al &
Accuracy Sensor Fusion

V. METHODOLOGY

The proposed Al-based wearable system for sleep
apnea monitoring follows a structured methodology
consisting of data acquisition, processing, analysis,
and alert generation.
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A. Data Acquisition

The first stage involves collecting physiological
signals using a wearable multi-sensor unit, which
includes sensors for SpO, heart rate, respiratory
activity, and body movement. These parameters are
essential for identifying apnea-related abnormalities
such as oxygen desaturation and irregular breathing
patterns [5], [10]. The sensor data is captured
continuously during sleep and transmitted to the
processing unit through serial communication
protocols [4], [14].

B. Signal Preprocessing

The raw physiological signals often contain noise due
to motion artifacts and environmental interference.
Therefore, preprocessing techniques such as filtering,
normalization, and noise removal are applied to
improve signal quality [4]. This step ensures that only
relevant and clean data is used for further analysis,
thereby enhancing system reliability.

C. Feature Extraction

After preprocessing, significant features are extracted
from the signals. These include oxygen desaturation
levels (SpO-), respiratory rate, heart rate variability
(HRV), and movement patterns, which are critical
indicators of sleep apnea [7], [9]. Feature extraction
reduces data dimensionality and improves the
efficiency of machine learning algorithms [6].

D. Al-Based Detection

The extracted features are fed into machine learning
models such as Support Vector Machines (SVM),
Decision Trees, or Neural Networks to classify sleep
patterns and detect apnea events [6], [7]. The Al model
is trained to recognize abnormal physiological
patterns, enabling accurate and automated detection of
sleep apnea in real time.

E. Wireless Communication & Cloud Integration

The Wireless Communication & Cloud Integration
module enables seamless transmission, storage, and
analysis of physiological data collected from the
wearable multi-sensor unit. This module plays a vital
role in ensuring real-time connectivity between the
device, mobile applications, and cloud-based
healthcare platforms.

The processed data is transmitted via wireless
communication technologies such as Bluetooth or Wi-
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Fi to a mobile application or cloud platform [2], [3].
The cloud system stores and analyzes the data,
enabling remote monitoring and long-term health
assessment. This integration supports the Internet of
Medical Things (IoMT) framework for smart
healthcare applications.

Wireless Communication and Cloud
Integration Architecture for Sleep Apnea Monitoring

0T Platform
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Data Storage loT-Based User Device
& Analytics Monitoring & App Alert
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Data Storage \oT-Based Real-Time Alert Log & Cloud Record
& Analytics Monitoring Alerts

m Timestamp
l ‘ E '+ Sensor Snapshot
« Event Type &
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Fig. 5. End-to-End Wireless Data Transmission and
Cloud Monitoring System

F. Real-Time Alert Generation

Based on the AI model’s output, the system generates
real-time alerts when abnormal conditions such as low
oxygen levels or irregular breathing patterns are
detected [7]. Notifications are sent to users or
healthcare providers through mobile devices, ensuring
timely intervention and improved patient safety.

VI. IMPLEMENTATION

The implementation of the proposed Al-based
wearable system for sleep apnea monitoring involves
the integration of hardware components, software
modules, and communication technologies to enable
real-time data acquisition, processing, and analysis.
The system is designed to be compact, energy-
efficient, and suitable for continuous home-based
monitoring.
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A. Hardware Implementation

The hardware setup consists of a wearable multi-
sensor unit integrated with sensors for measuring
SpO2, heart rate, respiratory activity, and body
movement. These sensors are connected to a low-
power microcontroller, which is responsible for
collecting and managing the sensor data [5], [10]. The
use of embedded systems ensures efficient operation
and low energy consumption, making the device
suitable for long-duration usage [4], [14].

The Hardware Implementation of the proposed Al-
based wearable system focuses on designing a
compact, energy-efficient, and reliable device capable
of continuously monitoring physiological parameters
for sleep apnea detection.

B. Sensor Integration and Data Acquisition

All sensors are interfaced with the microcontroller
using serial communication protocols such as 12C,
SPI, or UART, enabling synchronized data collection
[4]. The acquired physiological signals are
continuously monitored and temporarily stored in the
device for further processing. Proper calibration and
synchronization of sensors are performed to ensure
accurate data acquisition.

Sensor Integration and Data Acquisition
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Processing Unit
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Fig.6. Wearable sensor data flow diagram
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C. Software Implementation

The software component includes signal processing,
feature extraction, and Al-based detection algorithms.
The raw sensor data is preprocessed using filtering
techniques to remove noise and artifacts [4]. Relevant
features such as oxygen saturation levels, respiratory
rate, and heart rate variability are extracted and used
as input for machine learning models [6], [7].

D. Wireless Communication

The wearable device is equipped with wireless
communication modules such as Bluetooth or Wi-Fi to
transmit data to external devices [2], [3]. This enables
real-time connectivity with mobile applications and
cloud platforms, allowing users and healthcare
providers to monitor patient data remotely.

Cloud integration enables advanced analytics and Al
model deployment, where large volumes of
physiological data can be processed to improve
detection accuracy and system performance [6], [7].

E. Cloud Integration and Data Storage

The transmitted data is stored in a cloud-based
platform, where it can be accessed for long-term
analysis and monitoring [2]. Cloud integration enables
scalable data management, advanced analytics, and
remote accessibility. Historical data can be used to
improve Al model performance and provide
personalized health insights.

F. Real-Time Alert System

The system includes a real-time alert mechanism that
notifies users when abnormal conditions such as low
SpO: levels or irregular breathing patterns are detected
[7]. Alerts are generated through mobile applications
or connected devices, ensuring timely intervention and
improved patient safety.

G. System Integration and Testing

All hardware and software components are integrated
and tested to ensure proper functionality. The system
is evaluated for accuracy, reliability, and real-time
performance under different conditions. Testing
includes validation of sensor data, communication
reliability, and Al model performance in detecting
sleep apnea events.
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VII. RESULT AND DISCUSSION

The proposed Al-based wearable system for sleep
apnea monitoring was implemented and evaluated to
analyze its performance in terms of accuracy,
reliability, and real-time monitoring capability. The
system integrates multi-sensor data acquisition, signal
processing, machine learning, and cloud-based
analytics to detect sleep apnea events effectively.

A. System Performance

The system demonstrated efficient real-time
monitoring of physiological parameters such as SpO-,
heart rate, respiratory rate, and body movement. The
wearable device successfully captured continuous data
with minimal delay and transmitted it to the processing
unit and cloud platform without significant data loss
[4], [5]. The integration of wireless communication
ensured seamless connectivity and real-time data
availability.

B. Accuracy of Detection

The Al-based detection model showed high accuracy
in identifying apnea events, primarily due to the use of
multi-sensor data and effective feature extraction
techniques [6], [7]. The combination of SpO:
desaturation levels, respiratory irregularities, and heart
rate variability improved classification performance
compared to single-parameter systems. Similar studies
have also demonstrated improved diagnostic accuracy
using machine learning-based wearable systems [7].

C. Real-Time Monitoring and Alerts

The system effectively generated real-time alerts when
abnormal conditions such as low oxygen saturation or
irregular breathing patterns were detected. Alerts were
delivered through mobile devices and cloud platforms,
enabling timely intervention and improved patient
safety [2], [3]. The low latency of the system ensured
immediate response to critical conditions.

D. Comparison with Existing Systems

Compared to traditional systems such as
polysomnography, the proposed system offers greater
portability, lower cost, and continuous monitoring
capability [9], [15]. While clinical systems provide
high accuracy, they lack real-time accessibility and
user convenience.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 12685



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002

E. Reliability and Efficiency

The system maintained stable performance over
extended monitoring periods, with reliable data
acquisition and processing. The use of embedded
systems and optimized algorithms ensured low power
consumption and efficient operation [4], [14]. Cloud
integration further enhanced system scalability and
data management capabilities.

F. Limitations and Future Improvements

Despite its advantages, the system has some
limitations, such as potential inaccuracies due to
motion artifacts and dependency on sensor quality.
Future improvements may include the use of advanced
deep learning models, improved sensor calibration,
and larger datasets to enhance detection accuracy and
robustness [6]. Additionally, integrating personalized
models could further improve performance for
individual users.

VIII. CONCLUSION

This paper presented an Al-based wearable system for
sleep apnea monitoring, designed to provide a cost-
effective, non-invasive, and real-time solution for
detecting sleep-related breathing disorders. The
proposed system integrates multi-sensor data
acquisition, signal processing, machine learning
algorithms, and cloud-based IoMT technologies to
enable continuous monitoring of physiological
parameters such as SpO., heart rate, respiratory
activity, and body movement [5], [10].

Unlike traditional diagnostic methods such as
polysomnography, which are expensive and limited to
clinical environments, the proposed wearable system
offers portable and home-based monitoring,
improving accessibility and user comfort [9], [15]. The
incorporation of artificial intelligence enhances the
system’s ability to accurately detect apnea events by
analyzing complex physiological patterns and
improving diagnostic performance [6], [7].
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