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Abstract

Obstructive Sleep Apnea (OSA) is a widespread sleep disorder marked by repeated breathing interruptions
during sleep, resulting in oxygen desaturation, disturbed sleep patterns, and serious long-term health risks.
Conventional diagnostic methods such as polysomnography are expensive, intrusive, and unsuitable for
continuous monitoring. This paper presents a wearable device for real-time detection of Obstructive Sleep
Apnea and calming intervention using Artificial Intelligence (Al). The proposed system continuously monitors
physiological parameters including blood oxygen saturation (SpQ:), heart rate, respiration pattern, and body
movement through wearable sensors. These signals are analyzed using Al-based algorithms to accurately
detect apnea events. When abnormal breathing is identified, the system triggers a non-invasive calming
intervention, such as gentle haptic or auditory feedback, to assist in restoring normal respiration without
disturbing sleep. The device also enables wireless data transmission for remote monitoring and analysis for
upcoming medical check-ups. The proposed solution offers a portable, and non-invasive approach for
continuous sleep apnea monitoring and improved sleep quality.

Keywords Obstructive Sleep Apnea, Wearable Device, Artificial Intelligence, Sleep Monitoring, SpO: Sensor,
Heart Rate Monitoring, Respiration Analysis, loT-Based Healthcare, Calming Intervention, Real-Time
Detection, ESP3? Microcontroller, Haptic Feedback.

1. Introduction

Even while sleep is crucial for preserving both
physical and mental well-being, sleep disorders like
Obstructive Sleep Apnea (OSA) have a substantial
impact on both general health and sleep quality [1].
Repeated episodes of partial or total upper airway
blockage during sleep, which cause erratic breathing,
oxygen desaturation, and frequent sleep disruptions,
are the hallmark of OSA (Figure 1). If untreated, it
can result in major health issues like heart disease,
weariness during the day, and impaired cognitive
function [2]. Polysomnography, a conventional
diagnostic technique, requires monitoring multiple
physiological signs in a sleep laboratory. Despite
being precise, it is costly, unpleasant, and unsuitable
for continuous long-term  monitoring. The
development of portable solutions for continuous
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sleep monitoring is made feasible by recent advances
in wearable technology, artificial intelligence (Al),
and Internet of Things (loT) technologies. This
research suggests a device that can be worn that uses
artificial intelligence to identify obstructive sleep
apnea and provide a relaxing solution. Using
wearable sensors, the system tracks physiological
data such as blood oxygen saturation (SpO-),
breathing patterns, and bodily activity. In order to
identify abnormal breathing patterns, Al algorithms
examine these data in real time. When an apnea
episode occurs, a relaxing intervention, like soft
audio feedback, is triggered to restore normal
breathing. This wearable technology offers a useful
substitute for conventional sleep apnea diagnostic
techniques and permits ongoing home-based
monitoring shown in Figure 1.
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Figure 1 Normal Airway vs. Sleep Apnea
Airway Obstruction

1.1. History
The understanding and diagnosis of sleep apnea have
evolved from basic clinical observations to advanced
physiological monitoring techniques. Early methods
mainly relied on symptom reporting, which often
resulted in inaccurate diagnoses. The introduction of
polysomnography improved diagnostic accuracy by
analyzing multiple sleep parameters, but its high cost
and dependence on clinical settings limited long-
term use.

1.2.Applications
The proposed wearable technology can be used to
consistently monitor obstructive sleep apnea at
home, allowing for enhanced sleep management and
early detection. By providing long-term
physiological data for medical diagnosis and
treatment evaluation, it facilitates clinical decision-
making [9].The technology provides immediate
identification and calming intervention during apnea
episodes, making it particularly helpful for elderly
and high-risk individuals. Through intelligent
wearable technology, it can also be coupled with
telemedicine platforms for remote monitoring,
supporting preventive healthcare and better sleep
quality.
2. Existing Method
Existing methods for detecting Obstructive Sleep
Apnea primarily rely on clinical sleep studies using
polysomnography,  which  records  multiple
physiological signals such as airflow, oxygen

Blocked
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saturation, heart rate, and brain activity in a
controlled laboratory environment [10]. Although
this method provides high diagnostic accuracy, it is
expensive, uncomfortable, and unsuitable for
continuous or long-term monitoring. Some portable
monitoring devices and smartphone- based solutions
have been introduced; however, most of these
systems use fixed threshold-based techniques and
lack intelligent analysis, leading to reduced
accuracy and higher false alarm rates [4].
Additionally, existing systems focus mainly on
apnea detection and do not provide real- time
intervention to assist users during apnea events.
These limitations highlight the need for a
wearable, intelligent, and non-invasive solution
capable of continuous monitoring and timely
response.

3. Proposed Method

The proposed method offers a wearable device
that uses artificial intelligence to determine
obstructive sleep apnea in real time and provide a
therapeutic ~ solution.  Vital  physiological
indicators associated with sleep apnea, such as
blood oxygen saturation (SpO:), heart rate,
breathing rhythm, and body movement, are
continuously monitored by the system. Compact,
low- power wearable sensors that are integrated
with a microcontroller unit are used to collect
these parameters. An Al-based detection system
analyses the collected sensor data after it has been
preprocessed to eliminate noise and normalise
signal fluctuations. The artificial intelligence
model accurately detects episodes of apnea and
hypopnea by analysing temporal patterns and
correlations among the physiological variables
[5]. The technology verifies the occurrence of a
sleep apnea event when it finds aberrant breathing
patterns that surpass predetermined thresholds and
confidence levels. In order to urge the user to
resume regular breathing without abruptly
disrupting sleep, the device initiates a calming
intervention mechanism upon detection, such as
quiet aural stimulation.The suggested system
facilitates wireless data transmission via loT
connectivity in addition to real-time detection and
action, enabling remote.
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Figure 2 Architecture of the proposed method

monitoring and data visualization via a mobile or
web-based platform (Figure 2). This enables
consumers and medical professionals to monitor
sleep quality, apnea frequency, and the efficacy of
treatments over time. The suggested method's
wearable, non-invasive,  and intelligent
characteristics make it appropriate for
ongoing home-based monitoring, providing an
affordable and useful substitute for traditional
sleep apnea diagnostic techniques.

4. Implementation

4.1. Physiological Signal Acquisition

The implementation begins with the acquisition of
physiological signals related to sleep apnea using
wearable sensors. The device continuously
monitors blood oxygen saturation (SpO2), heart
rate, respiration pattern, and body
movement.These parameters are captured using
compact, low-power sensors integrated into the
wearable unit. Continuous data acquisition during
sleep enables real-time monitoring of breathing
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irregularities while maintaining user comfort and
minimal intrusion.

4.2.Signal Preprocessing And Feature

Extraction

The physiological signals acquired from the
earable sensors are prone to noise and motion
artefacts caused by user movement and
environmental interference. Therefore,
preprocessing techniques such as digital filtering,
smoothing, and normalisation are applied to
enhance signal quality. Low-pass filtering is
utilized to eliminate high- frequency disturbances
in SpO: and heart rate signals, while motion
artifacts are minimized through adaptive filtering
techniques. Following preprocessing, significant
features, including oxygen desaturation levels,
respiration pause duration, heart rate variability,
and body movement patterns, are extracted [11].
These features provide meaningful inputs for the
artificial intelligence-based detection model.

4.3. Al-Based Apnea Detection
The extracted features are analyzed using an
artificial intelligence algorithm designed to
differentiate between normal breathing patterns
and obstructive sleep apnea events. The model
evaluates temporal variations in oxygen
saturation, heart rate fluctuations, and irregular
respiration intervals to identify abnormal
breathing episodes (Figure 3). A confidence-based
threshold mechanism is incorporated to ensure
accurate detection while minimizing false alarms.
Continuous real-time monitoring enables early
identification of apnea events and improves
overall reliability compared to conventional
threshold-based systems.

4.4.Calming Intervention And lot Integration
Upon detection of an apnea episode, the system
activates a non-invasive calming intervention,
such as a gentle vibration motor, to help restore
normal breathing. The wearable prototype (Figure
4), integrates sensors, a vibration motor, and an
ESP32 microcontroller for continuous monitoring
during sleep. The ESP32 wirelessly transmits
processed data via Wi- Fi to a mobile or web
platform, enabling real-time visualisation, remote
monitoring, and long-term sleep analysis. This
wearable loT-based system provides a practical
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and affordable solution for continuous home- 5.1.Heart Rate Estimation (MAX30102)
based sleep apnea monitoring. The compact
wearable design also ensures user comfort and The  MAX30102?  sensor  measures

ease of use during overnight monitoring. photoplef] hy (PPG) signals. Heart rate is

caleulated from the time interval between

SLEEP APNEA EVENT REPORT CGﬂSBm]ﬁVE pulse peaks:
= — ~ — HR (bpm) = __60 )
s TRR (bpm) (1)
271 Normal Normal Whers:
' . TRR= time interval between two
A consecutive pulse peaks (seconds)
For discrete sampling:
SLEEP APNEA EVENT REPORT
o 19 8 25 HR= 60xfs @
: N
27:1 Apnea Apnea Where:
B Detected Detected ﬁ:.: Eamplmg ﬁ-equerlcy
N= number of samples between two
] B detected peaks. This method 1s standard in
Figure 3 Software output of the system PPG-based heart rate calculation.

showing (A) normal sleep monitoring and (B)
apnea detection.

5.2.Sp0O: Calculation (Ratio-of-Ratios
Method)

: : SpO: is estimated using red and infrared
' el N5 : light absorption.

Step 1: Compute AC/DC ratio
R=(ACred/DCred) (3)
(ACir/DCir)

Where:
AC = pulsatile component
DC = non-pulsatile component

Figure 4 Prototype hardware setup of the

wearable sleep apnea detection system. Step 2: Empirical SpO- equation

5. Mathematical Modelling and Detection SpO2=A-BxR (4
Algorithms

To ensure accurate physiological analysis, standard Typical calibration approximation:

sensor-based mathematical models  were

implemented for heart rate estimation, oxygen Sp02=110-25R (6

saturation calculation, motion detection, and snoring This formula is widely used in pulse

analysis. oximetry research.
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3) Motion Detection (MPU6050)

Acceleration magnitude is calculated using:

Amag =\Ax2+Ay2+Az2  (6)

Where:
Ax, Ay Az=accelerometer axis readings
Abnormal movement intensity:

Abnormal movement intensity:

Motion=|Amag - g| (7)
Where:
g~9.81 m/s"2 (8
4) Snoring Detection (Sound Sensor)

Sound intensity level 1s calculated as:

Sound Level=20log10 (Vref) (9
%

Where:
V = measured voltage
Vref =reference voltage

Snore event detection wusing amplitude
threshold:

Snore ={ 1if Amplitude = Threshold (10)

0 otherwise

5) Apnea Detection Logic

Apnea events are 1dentified using threshold-
based multimodal decision logic:

1.ifSp02<929% AND HR
Apnea = {

0, otherwise

This model aligns with clinically accepted
apnea indicators.
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Figure 5. Dataset showing physiological
parameters used for apnea detection based on the
proposed decision algorithm.

6. Results And Discussion
6.1.Sleep Apnea Detection Output

The proposed wearable device for obstructive sleep
apnea detection was tested to validate its continuous
monitoring and intervention capabilities. By
integrating hardware sensors with Al-based detection
algorithms,  the  system  reliably  recorded
physiological parameters such as SpO., heart rate,
respiration rate, body motion index, and snoring
intensity during sleepUnder normal sleep conditions,
SpO: levels remained within the clinically accepted
range of 95-100%, while heart rate was observed
between 50-70 bpm, indicating reduced cardiac
activity during NREM sleep. Respiration rate stayed
within 12-20 breaths per minute, body motion index
remained below 0.5 g during deep sleep, and snoring
levels were below 40 dB, confirming stable breathing
conditions and accurate baseline monitoring. During
detected apnea events, noticeable deviations from
normal physiological values were observed. SpO:

2484


https://irjaeh.com/
https://doi.org/10.47392/IRJAEH.2026.0332

N
‘:'0
\y

IRJAEH

levels dropped below the clinical threshold of 90%,
and breathing pauses exceeded 10 seconds, which are
key indicators of apnea. Increased heart rate
variability and higher snoring intensity were also
recorded in some cases. The multimodal detection
approach combining oxygen desaturation, respiratory
interruption, and motion analysis improved detection
reliability compared to single-parameter monitoring.
Additionally, the vibration motor successfully
provided calming stimulation during apnea episodes,
helping restore normal breathing while the loT
interface logged physiological changes for further
monitoring.

heart_rate,spo2,respiration_rate,body motion,temperature,apnea

84,94,18,2.48,28.90,8
69,95,15,4.90,28.10,8
73,91,16,1.10,28.20,1
67,97,12,3.20,28.80,8
77,96,13,1.50,28.40,8

63,98,13,4.30,28.20,8
85,98,18,1.88,27

77,91,18,3.60,27.
61,92,18,1.78,
69,92,15,3.
80,98,17,4.
72,94,13,4.20,27.20,
85,96,15,2.
68,93,19,4.
65,90,21,3.
72,97,15,2.

Figure 6. Dataset output showing binary
classification of apnea detection

6.2. Physiological Reference Values
Clinically, respiratory deviations and prospective
episodes of obstructive sleep apnea are indicated by
variations from the typical physiological ranges
described in Table 1. Hypoxemia is defined as a drop
in SpO: below 90%, which indicates an inadequate
oxygen supply brought on by airway blockage. One
of the main markers of the severity of sleep apnea is
recurrent episodes of oxygen desaturation. A
sympathetic nervous system reaction brought on by
breathing disruption is represented by an irregular rise
or fall in heart rate as you sleep, particularly abrupt
tachycardia after oxygen desaturation Clinically, an
apnea event is defined as a decrease in respiratory rate
or a total stoppage of airflow lasting 10 seconds or
longer. On the other hand, uneven or laborious
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breathing patterns could be a sign of partial airway
obstruction or hypopnea

Table 1 Normal Sleep Physiological

Values
Mormal
Fanga -
Parameater ; Unats
During
Sleep
Sp0-= o5 — 100 o
F= a;" Fats 6070 bpm
Fezspirahon 12 — 20 'hltea-t'hs
Fata (EE) S
Body MMotion =0.3 Elcr“i
IO ST R =4
Indeax b &)
Snormg .
= =40 dBE decibel=
Sound Leavel
Apnea = 20
Threshold {climicallh- Fo
(Sp0=) zignificant)
JthIE? Pause = 10 caconds
Duration
Body
Temperatura 32-35 "
(Skin)

Turbulent airflow and upper airway constriction,
which are hallmarks of obstructive sleep apnea, are
frequently linked to increased snoring intensity,
especially above 50 dB. Clinically, deviations from
the typical physiological ranges suggest the
possibility of obstructive sleep apnea and respiratory
instability. The two main markers of apnea episodes
are a drop in SpO: below 90% and breathing pauses
longer than 10 seconds. Airway blockage and
sympathetic arousal reactions are linked to abrupt
changes in heart rate and increased snoring intensity.
For the purpose of detecting apnea, both upward and
downward deviations from typical sleep values are
clinically relevant indicators (Figure 7) (Table 2).
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Figure 7 Comparison of physiological
parameters between normal sleep and apnea
conditions based on the collected dataset

Table 2 Normal Sleep Physiological Values

Parameter Monmal Bange Apmasz Fangs

Sp03(%) e a1
Heart Bata 3 3
{bpm)
Fespiration
Fais 145 19
{breaths min)
{E}

Conclusion

A wearable device that uses artificial intelligence and
physiological sensors to identify obstructive sleep
apnea has been proposed and evaluated. In order to
detect abnormal breathing patterns during sleep, the
device continuously monitors vital sleep- related
parameters like blood oxygen saturation, heart rate,
respiration rate, body motion, and snoring intensity.
Research has shown that wvariations in these
physiological values can reliably signal apnea
episodes, enabling prompt monitoring and detection.
Reliability increases when multiple sensors are
integrated with Al-based analysis compared with
single-parameter monitoring systems. To aid in the
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restoration of regular breathing, the calming
intervention mechanism also offers mild feedback.
Every aspect is considered; the suggested wearable
device provides a useful and non-invasive solution for
present home-based sleep apnea monitoring. It may
also help with early diagnosis and improved sleep
health management.

References

[1]. Ferrer-Lluis, 1., Castillo-Escario, Y., Glos, M.,
Fietze, I., & Penzel, T. (2021). Sleep apnea and
chronic obstructive pulmonary disease. IEEE
Engineering in Medicine and Biology Society
(EMBC), 15.

[2]. Zhou, G., Zhou, W., Zhang, Y., Zeng, Z., &
Zhao, W. (2022). Automatic monitoring of
obstructive sleep apnea based on multi-modal
signals by phone and smartwatch. IEEE
Engineering in Medicine and Biology Society
(EMBC), 15.

[3]. Jia, Z., Huth, H., Teoh, W. Q., Xu, S., Wood,
B., & Tse, Z. T. H. (2021). State-of- the-art
review of wearable devices for respiratory

monitoring. IEEE Transactions on
Biomedical Engineering and Sensors, 68.

[4]. Rossi, M., Sala, D., Bovio, D., Salito, C.,
Alessandrelli, G., Lombardi, C., & Mainardi, L.
(2023). SLEEP-SEE- THROUGH:
Explainable deep learning for sleep event
detection and quantification from wearable
somnography. IEEE Journal of Biomedical and
Health Informatics, 27.

[5].Hafezi, M., Montazeri, N., Saha, S., Zhu, K.,
Gavrilovic, B., Yadollahi, A., & Taati, B.
(2020). Sleep apnea severity estimation from
tracheal movements using a deep learning
model. IEEE Transactions on Biomaterials and
Biomedical Engineering, 12.

[6]. Leogrande, E., Tondo, P., Lacedonia, D., &
Dell’Olio, F. (2025). Novel wearable device for
non-invasive management of positional sleep
apnea: A proof-of-concept. IEEE Transactions
on Medical and Surgical Sciences, 19.

[7].. Ali, A, Jianjun, H., Jabbar, A., & Jabbar, M.
K. (2025). Multi-sensor wearable-based sleep
stage classification using federated learning for
enhanced privacy. IEEE Transactions on
Electronics and Communication Engineering,

2486


https://irjaeh.com/
https://doi.org/10.47392/IRJAEH.2026.0332

IRJAEH

11.

[8]. Ferrer-Lluis, 1., Montserrat, J. M., Jané, R., &
Castillo-Escario, Y. (2023). Analysis of
smartphone  triaxial ~ accelerometry  for
monitoring sleep-disordered breathing and sleep
position at home. IEEE Transactions on
Bioengineering, 13.

[9]. Abdulsadig, R. S., & Rodriguez- Villedas, E.
(2023). Sleep posture monitoring using a single
neck-situated accelerometer: A proof-of-
concept. IEEE Transactions on Biomedical
Circuits and Systems, 28.

[10].  Pitkdnen, H., Duce, B., Leppanen, T.
Kainulainen, S., Kulkas, A., Myllymaa, S.,
Toyras, J., & Korkalainen, H. (2022). Gamma
power of electroencephalogram arousal is
modulated by respiratory event type and
severity in obstructive sleep apnea. IEEE
Transactions on Biomedical Engineering, 69.

[11]. Nikkonen, S., Korkalainen, H., Leino, A.,
Myllymaa, S., Duce, B., Leppénen, T., &
Toyras, J. (2021). Automatic respiratory event
scoring in obstructive sleep apnea using a long
short- term memory neural network. IEEE
Journal of Biomedical and Health Informatics,
25.

[12].  Huang, X., Tang, J., Luo, J., Shu, F., Chen,
C., & Chen, W. (2023). A wearable functional
near-infrared spectroscopy (fNIRS) system for
obstructive sleep apnea assessment. IEEE
Transactions on Neural Systems and
Rehabilitation Engineering, 31.

[13]. Nakari, I, & Takadama, K. (2024).
Explainable non-contact sleep apnea syndrome
detection based on comparison of random
forests. IEEE Transactions on Biomedical
Engineering, 23.

[14]. Kanmani, R., & Praveena, S. M. (2025).
Novel framework design of MIMO-LTE
antenna for 4G-5G application. 2025 2nd
International Conference on New Frontiers in
Communication, Automation, Management and
Security (ICCAMS), 1-6.

[15]. Kanmani, R., & Praveena, S. M. (2025).
Bio-inspired multi-agent system for distributed
power and interference management in MIMO-

International Research Journal on Advanced Engineering Hub (IRJAEH)

International Research Journal on Advanced Engineering Hub (IRJAEH)

e ISSN: 2584-2137
Vol. 04 Issue: 04 April 2026
Page No: 2480-2487

https://irjaeh.com
https://doi.org/10.47392/IRJAEH.2026.0332

OFDM networks. Scientific Reports, 15, 13740.

[16]. Deepalakshmi, R., & Praveena, S. M.
(2026). A deep learning approach for classifying
the efficiency of dual-band wearable antennas in
remote healthcare. Journal of Electronic
Materials, 55, 2284— 2308.

2487


https://irjaeh.com/
https://doi.org/10.47392/IRJAEH.2026.0332

