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EDGE AI-ENABLED DIGITAL TWIN FRAMEWORK FOR
REAL-TIME SLEEP APNEA DETECTION AND PREDICTION
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Abstract

Sleep apnea is an important but often undiagnosed
disorder, which causes frequent pauses in breathing during
sleep and can pose significant health risks if left undetected at
an carly stage. Conventional diagnostic approaches, like
polysomnography, are expensive, laborious, and restricted to
clinical environments, which made long-term monitoring
cumbersome. In this paper, we address these issues by
introducing E-DTSA-Net (Edge-based Digital Twin Sleep
Apnea Network), which enables real-time detection and
prediction via wearable sensors. The proposed system
captures physiological signals such as oxygen saturation,
heart rate, respiration patterns, and snoring data. The ceramic
processor utilizes Edge Al methods to preprocess the data on-
device, extract features using 1D CNN, and conduct real-time
classification with LightGBM to ensure low latency and
drastically reduced data transmission. In a cloud digital twin,
the patient's respiratory behavior is modeled, and it
continuously updates from incoming data. A GRU model is
used to predict breathing patterns, and an autoencoder system
identifies anomalies from it. The system accurately detects
apnea events and generates instantaneous alerts for early
intervention. With experimental results showing improved
performance, lower latency, and enhanced ability for
continuous monitoring on the same chip, rendering it
attractive for cost-effective and scalable healthcare
applications.

Keywords : Edge Al, Digital Twin, Sleep Apnea Detection,
Wearable Sensors, E-DTSA-Net, Real-Time Monitoring,
Predictive Healthcare.
I. INTRODUCTION
Sleep apnea is a common sleep disorder that involves
repeatedly stopping and starting breathing during sleep,
resulting in lower oxygen levels and potential life-threatening
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consequences if untreated. Early detection is important, but
conventional diagnostic techniques like polysomnography
are expensive, time-consuming, and limited to clinical
environments[1]. The latest wearable sensors and loT
(Internet of Things) technologies allow gathering
physiological signals in ecological environments.
Nonetheless, real-time analysis of such data is a great
challenge primarily because of latency and resource
limitations[2]. Edge Artificial Intelligence (Edge AI)
provides a viable alternative by allowing real-time data
processing with low latency, while Digital Twin uses virtual
modeling of patient health status for continuous observation
and forecasting. This enables the development of smart, real-
time, and cost-effective systems for early diagnosis and
management of sleep apnea[3].

Despite its serious effects on cardiovascular health,
cognitive function, and overall well-being, sleep apnea
remains vastly underdiagnosed owing to the absence of
continuous, accessible, and cost-effective monitoring
systems[4]. Traditional diagnostic methods, including
polysomnography, fail with limitations of high cost, clinic
dependence, and inflexibility in the long-term monitoring of
real-life habitual sleep environments. The advent of wearable
sensors and loT devices allows us to collect enormous
quantities of physiological data in real-time, yet such large
amounts are often not analyzed in an efficient manner due to
bandwidth and latency issues[5]. This urges the need for some
intelligent system that ensures accuracy and scalability while
performing low-latency real-time detection. Edge AT allows
on-device processing to minimize response time and security
breaches of sensitive health data, whereas digital twin
technology enables continuous simulation and prediction of
patient dwelling conditions[6]. Through the combination of
these two emerging technologies, this work aims to develop a
proactive, reliable, and personalized sleep apnea monitoring
system that promotes early diagnosis, minimizes health care
burden, and improves patient outcomes[7].

Current studies focusing on sleep apnea detection are
mostly based on machine learning and deep learning models
for physiological signals like ECG, SpO-, and respiration.
Several works applied different models (CNN, SVM, and
Random Forest) for apnea event classification, achieving
reasonable results[8]. But many existing methods rely on
centralized cloud-based processing, which has latency and
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limits real-time use cases. Many of the aforementioned
studies are limited to polysomnography datasets, which may
make them less suitable for continuous home-based use.
Wearable sensor-based solutions have also been vetted, but
they are mostly non-predictive and fail to deliver personalized
insights. Even less frequently, existing systems leverage the
digital twin approach for continuous simulated and forecasted
processing[9]. These limitations emphasize the need for an
integrated framework that provides support for real-time,
low-latency detection, as well as predictive and personalized
healthcare monitoring[10].

On-demand detection and prediction of sleep apnea
using wearable sensors is presented in this proposed work: E-
DTSA-Net (Edge-based Digital Twin Sleep Apnea Network).
Physiological signals, including SpO-, heart rate variability,
respiratory patterns, and snoring data, are continuously
obtained and processed at the edge device. Noise is first
removed using a Kalman filter, and the features are then
extracted to label the input speech signal by a compact 1D-
CNN model. They are at that point instantaneously classified
by LightGBM, giving the low latency and device-free
processing. The processed data is then less stitched with a
cloud-based digital twin, which continuously conducts the
patient's respiratory behavior for monitoring purposes.
Predictive analysis is performed by a GRU model, while
anomaly detection is done using an autoencoder, which helps
to trigger alerts early and promote preventive healthcare.

The key contributions of this paper are:
The work proposed is the novel E-DTSA-Net
framework that utilizes edge Al and digital twin

technology into a single lens for real-time sleep apnea
detection and prediction.

It ensures low-latency apnea detection with a
lightweight, deployed Light GBM model on edge
devices while minimizing cloud processing.

Creating a patient-specific digital twin to monitor
respiratory behavior continuously for personalized
healthcare assessment.

It incorporates several algorithms like Kalman Filter,
1D-CNN, LightGBM, GRU, and Autoencoder for data
preprocessing, feature extraction, classification
/prediction, and anomaly detection.

It allows prediction, in the context of passive and
preventive healthcare, enabling an ability to predict
possible dates for future apnea events.

Wearable sensors can provide continuous monitoring
and real-time physiological data analysis.

Thus, the end-to-end framework obtains high accuracy,
low latency, and scalability for real-time healthcare
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applications.

The rest of this paper is organized as follows: Section 11
provides an overview of the relevant related works on sleep
apnea detection and other similar/related technologies. The
proposed E-DTSA-Net and system architecture and
methodology are discussed in Section I11. Section I'V presents
the experimental results and performance evaluation of the
introduced method, and Section V concludes the paper with
discussions about future work.

The remainder of this paper is organized as follows:
Section II reviews the existing literature on sleep apnea
detection and related technologies. Section III presents the
proposed E-DTSA-Net framework along with the system
architecture and methodology. Section IV discusses the
experimental results and performance evaluation, followed
by conclusions and future work in Section V.

II. RELATED WORK

Wankhede et al. [6], 2025, proposed Al-based
noninvasive health diagnostic systems for early disease
detection via sensor-driven data analysis in 2025 frontiers. By
providing accurate detection, this study provided effective
screening for diagnosis of health conditions noninvasively.
But high-quality sensor data and real-time edge-based
implementation are the main constraints for this method [11].

In this work, wearable sensing systems powered by Al to
monitor various physical attributes of human beings and
improve human well-being over long periods. With the use of
wearable technologies, the system was able to successfully
acquire data in real-time and track health status. However, the
limitations of this framework, such as scalability and inability
to forecast future health using predictive digital twin
modeling, are still unresolved [12].

Al-integrated wearable bioelectronic solutions for
digital healthcare implementation, is part of the statement on
connecting these devices to integrate health data for
intelligent monitoring. The findings were the improved
integration of biosensors and AI for better healthcare
decision-making. But the system is primarily data-collection
oriented with little latent edge processing [13].

An Al-driven smart cockpit between patients with
chronic disease, which expands the application further to
sudden illnesses and health risk intervention provided by Al-
driven smart cockpit systems. The technique showed real-
time monitoring and early-stage risk detection performance
validity in dynamic settings. The system has a lack of
personalization in digital twin modeling and limited cases for
continuous healthcare home monitoring, despite its
merits[14].

AnToT-based digital health framework for personalized,



Edge Al-enabled Digital Twin Framework For
Real-time Sleep Apnea Detection And Prediction

interoperable, and secure healthcare systems. The research
showcased enhanced connectivity and effective health data
handling spread over various devices. The approach,
however, does not bring real-time edge intelligence and lacks
digital twin-based predictive analytics for proactive
healthcare elements[15].

An smart health care systems based on a web of medical
things (IoMT) combined with ambient intelligence for
continuous monitoring of patients. The research showed
better healthcare automation along with real-time data
collection to improve decision-making. Nonetheless, this
approach does not provide distributed real-time processing on
the edge and lacks digital twin-based predictive analytics for
personalized healthcare use cases[16].

III. PROPOSED WORK

The work suggested E-DTSA-Net, which is an edge Al-
enabled digital twin-based real-time portable sleep apnea
detection and prediction system based on wearables.
Physiological signals, including SpO-, heart rate variability,
respiratory patterns, and snoring data, are continuously
sampled and sent to an edge device. Kalman filtering is
applied to this raw data after its acquisition to ensure that
noise and a stable signal have been cleanly removed from the
results. Combining a lightweight 1D-CNN model and the
processed signals, this study extracts significant temporal
features. A LightGBM model deployed at the edge for low-
latency apnea detection classifies these features. A cloud-
based digital twin simulates the patient's respiratory behavior,
which is being updated with processed data for continuous
monitoring. Whereas the GRU model is used for predictive
analysis, the autoencoder detects the anomaly and raises
alerts as early as possible, which enables proactive healthcare.

Working Flow of Proposed E-DTSA-Net Framework
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Fig 1. Block diagram of proposed model

A. Physiological Data Acquisition
(Wearable Sensor Integration)

The system starts with continuous collection of
physiological signals via wearable sensors that are connected
to the patient. Examples are a pulse oximeter measuring the

blood saturation of oxygen (SpO:) and a heart rate sensor
recording heart rate variability. Respiratory measures are a
few motion or airflow sensors and some snoring sounds,
which are captured by embedded microphones.
Accelerometers were used to monitor body position, and
nocturnal posture was taken into account for identifying
posture-related apnea events. Sensors for a wide variety of
data, which operate in real time and output multimodal time-
series streams. Low-power communication protocols are
used to transmit the collected signals to a nearby edge device.
This is done for signals from different sensors to be in time.
This stage offers excellent and continuous input data, which is
necessary for precise apnea identification. Accurate data
acquisition is pivotal to guarantee the efficiency of later
processing steps.

B.Edge-Level Preprocessing (Kalman Filter)

Advanced data quality control (DQC) algorithms are
needed to clean the often currently raw physiological signals
collected from the sensors, as they contain noise, motion
artifacts, and signal inconsistency. In order to deal with this,
the preprocessing is done on the edge device itself to keep
latency low. It is used to smooth and denoise the signals by
estimating the true signal values using a Kalman filter. This
filtering helps to increase the quality of signals, especially
SpO: and similar respiratory patterns. The signals are scaled
after noise removal as inputs to various sensors need to be on a
consistent scale. This data is then grouped based on fixed time
windows to perform the analysis. Interpolation techniques are
used to deal with missing or corrupted values. This cleaned
and structured data is then passed to the feature extraction
process. This allows for operations to be carried out at the
edge, minimizing data transmission overhead and improving
overall system performance.

C. Feature Extraction (1ID-CNN)

After preprocessing the signals, useful features are
extracted using a lighter one-dimensional CNN model. Time-
series data go into the model to detect patterns associated with
breathing irregularities and oxygen fluctuations. Because of
their weight sharing and multiple convolutional layers, they
can also capture local temporal dependencies in the signals.
Pooling layers help lower the dimensionality while
maintaining rich features. It (self) Platform: The network
learns features like apnea duration, snoring intensity, or
oxygen desaturation trends. An activation function provides
non-linearity, which is crucial for the model to learn patterns
better. The feature vectors extracted depict the physiological
condition of the patient. The compact nature of these features
makes them appropriate for real-time classification. 1D-CNN
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processing leads to efficiency in edge devices with very few
resources.

D. Real-Time Apnea Detection (Light GBM)

The LightGBM classifier is used at the edge device
using these features. This model provides quick and accurate
identification of respiratory conditions. It sorts the input data
into either normal breathing or apnea events. LightGBM is
selected for its time efficiency and low computational
complexity. It handles feature interactions well, increasing
classification accuracy. Apnea events are detected in real-
time. Inference is optimized for lowest latency, generally in
the sub-millisecond range. This allows detecting and
generating alerts on time. Edge-based classification further
adds an advantage of data privacy reduction and less
dependency on the cloud.

E. Digital Twin Construction (Cloud-Based Modeling)

Once detected on the edge, processed data is sent to the
cloud to construct a digital twin of the patient. The digital twin
serves as a virtual model of the patient's pulmonary system. It
constantly recalibrates with real-time physiological
information. This model keeps current and historical health
information. None allow for simulation of patient-specific
respiratory behavior over time. This is a hermetically sealed
view of health conditions. It enables personalized monitoring
and analysis. ILE (Integrated Logic Elements).In integrated
logic elements, data is stored and synchronized efficiently in
the cloud. This step allows for enhanced analytics beyond just
real-time detection.

F. Predictive Analysis (GRU)

A GRU model is leveraged for predictive analysis inside
the digital twin environment. Sequential data input to train the
model on temporal dependencies of breathing. It leverages
historical and live data to predict future apnea events. GRU is
selected due to its effectiveness and ability to manage time-
series data. It requires fewer parameters than LSTM. From
there, the model predicts potential risks like dips in oxygen or
pauses in breathing. This allows for early intervention, before
severe conditions arise. The predictive analysis makes the
system proactive. It shifts the paradigm from reactive
identification to proactive medicine.

G.Anomaly Detection (Autoencoder)

We use an autoencoder model for respiratory anomaly
detection. In training, it learns what is normal for
physiological signals. When in operation, it attempts to
reconstruct your input data and measures how well it can do
so. High error means abnormal or different behavior. This

assists with the identification of events like irregular
breathing or a sudden loss of oxygen. The model runs 24/7 and
monitors for deviations. ShGR also adds to the classification
model by allowing unseen anomaly detection. This makes the
system more robust and reliable. Anomaly detection enables
vigilant oversight of patient health.

H. Alert Generation and Visualization

(Rule-Based System)

The last step is alert generation and result display to end
users. On the rule-based decision system, finite outputs from
detection and prediction modules can be evaluated. Any
abnormal situation triggers alerts, which are detected and
acted upon in real time. Patients or clinical practitioners are
then notified via mobile/web applications. Visual dashboards
with real-time and historical data. It clearly shows trends and
levels of risk. This allows for rapid decision-making and
timely medical intervention. It adds a more interactive touch
to the user and system usability. Together at this stage,
effective communication of critical health information is
enabled.

IV. RESULT ANALYSIS

The proposed E-DTSA-Net significantly outperforms
existing methods using all evaluation metrics. It reports high
accuracy, precision, recall, and Fl-score that guarantees
reliable sleep apnea detection without errors. Latency is
highly lessened, thanks to Edge AT integration, with real-time
and fast action. Latency metrics analysis indicates robust
performance, well within a low response time range. By
harnessing the power of data, the digital twin provides
predictive capability, making it possible to make proactive
healthcare monitoring scalable. The proposed framework
tackles continuous detection of sleep apnea and works
without any special equipment in real-time on mobile.

Table 1. Accuracy comparison table

Model Accuracy (%)
SVM 85.6
Random Forest 88.9
CNN 91.3
LSTM 92.5
CNN + LSTM Hybrid 93.8
Proposed E-DTSA-Net 95.6
S Porformance rnmparlqnn of F- DTSA Nor wirh F)(\';l'\ﬂg Maodels
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Fig 2. Accuracy Comparison graph of E-DTSA-Net
with Existing Models
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The performance results of chosen models such as
SVM, Random Forest, CNN, LSTM, and hybrid-based
approaches are shown in Table 1: Comparison of E-DTSA-
Net with existing models. E-DTSA-Net can achieve 95.6%
accuracy, which is the best among all baseline models. A
convergence of edge Al and digital twin with hybrid learning
methods has led to this advancement. Fig. Figure 2 depicts a
bar chart comparison, demonstrating an apparent upward
trend in performance across the models from traditional to
advanced. The proposed model showcases high efficiency
and reliability that makes it well suited for real-time
applications of sleep apnea detection.

Table 2. Precision comparison table

Model Precision (%)
SVM 83.2
Random Forest 87.5
CNN 90.2
LSTM 914
CNN + LSTM Hybrid 92.6
Proposed E-DTSA-Net 94.8

Precision Comparison of E-DTSA-Net with Existing Models

Precision (%)

Random Forest CNN + LSTM

posea:
Hybrid EDTSA-Net

Fig 3. Precision Comparison graph of E-DTSA-Net with
Existing Models

Model performance comparison is shown in table 2,
which includes precision results for each model (i.e., the
proportion of true apnea detected in all predicted apneas). As
compared to other black-box machine learning models, such
as SVM and Random Forest, and deep learning methods,
namely CNN and LSTM, the proposed E-DTSA-Net
exhibits superior results with a precision of 94.8%. The fact
that MAM-SQUE boosted the performance shows that it is a
better model to avoid false positives, which is very important
in medical diagnosis. Fig. Further, Fig. 3 provides a graphical
representation of precision comparison, evidencing clear
progression in performance from the conventional to the
advanced model. It has been proposed that the E-DTSA-Net
with higher precision validates the effectiveness of accurate
and real-time sleep apnea detection.
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Table 3. Recall comparison table

Model Recall (%)
SVM 84.5
Random Forest 88.1
CNN 89.8
LSTM 91.0
CNN + LSTM Hybrid 92.9
Proposed E-DTSA-Net 95.2

Recall Comparison of E-DTSA-Net with Existing Models
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Fig 4. Recall comparison graph

Recall (or sensitivity), which indicates the ability of
each model to capture actual events of sleep apnea, was used
as a metric and displayed in Table 3. Experiment results also
show that the E-DTS A-Net has reached new heights of recall,
getting a score of 95.2%, compared with SVM and Random
Forest traditional methods and CNN and LSTM deep
learning models. This means few missed detections of true
apnea cases, therefore implying the proposed model is very
powerful. Fig. Even though the models made an average
performance during the test, as shown in Fig. 4, which is a
graphical representation of these results obtained for recall
comparison through a 3D bar chart, we can clearly infer a
progressive improvement between one model and another.
The colored bars provide an additional handy interpretation,
while our E-DTSA-Net outperforms the rest by being able to
achieve a great recall performance, which proves its
effectiveness for sleep-long prediction.

Table 4. F1-Score comparison table

Model F1-Score (%)
SVM 83.8
Random Forest 87.8
CNN 90.0
LSTM 91.2
CNN + LSTM Hybrid 92.7
Proposed E-DTSA-Net 95.0
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F1-Score Comparison of E-DTSA-Net with Existing Models
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Fig 5. F1-Score Comparison graph of E-DTSA-Net with
Existing Models

CNN+LSTM
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Table 4 shows the comparison of various models in
terms of F1-Score, which is a combination measure of
precision and recall. As found, the Deep E-DTS A-Net model
outperforms all classical models, including SVM and
Random Forests, as well as traditional neural networks such
as CNN and LSTM, in terms of F1-Score with 95.0%. This
means that the proposed model is well balanced between
making false positive and negative predictions. Fig. 5 shows
the Fl-score comparison in a more visual manner,
highlighting the general tendency of improvement across
models. The proposed E-DTSA-Net showed superior results,
which indeed proves its efficacy and reliability for accurate
and real-time sleep apnea detection.

Table 5. Latency (ms) comparison table

Model Latency (ms)
SVM 220
Random Forest 180
CNN 140
LST™M 160
CNN + LSTM Hybrid 130
Proposed E-DTSA-Net 78

Latency Distribution of E-DTSA-Net
-1 g TE

-=- p50-78.33ms
-=- p30-B4.21 ms
=== pg5-91.25 ms
-=- p35-104.34 ms

Fig 6. Latency (ms) comparison graph
This demonstrates significant efficiency for the E-
DTSA-Net in real-time settings, with an average inference
time close to 78 ms (see Table 5). Fig. 6 shows the model's
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latency distribution, which concentrates most values around a
mean latency, displaying stable performance. As for the
percentile markers (p50, p90, p95, and p99), this means that
most predictions execute in a very low response time range.
The small uptick in higher percentiles denotes sporadic
processing lags at particular conditions. In conclusion, the
evaluations demonstrate that E-DTSA-Net scores low
latency with superior reliability, which is a promising
advancement for real-time sleep apnea detection.

V. CONCLUSION

In Conclusion, by integrating Edge AI with Digital Twin
technology, it confirms an intelligent and efficient solution for
real-time sleep apnea detection and prediction, utilizing the
proposed E-DTSA-Net framework. With an accuracy,
precision, recall, and F1-score of over 90% combined with
low latency, this system can also be used for continuous
healthcare monitoring and real-time usage. Through the
combination of wearable sensors and lightweight edge-based
processing, this allows for a minimal computational burden as
well as high data privacy. It can provide predictive insights
and personalized health tracking. While significant progress
has been made, further exploration is required in utilizing
larger and more heterogeneous datasets for better
generalization, utilizing advanced deep learning architectures
like Transformers to improve prediction performance, and
refining energy usage of the process for real-time wearable
applications. Down the line, this could involve real-world
clinical validation and user-friendly mobile applications to

facilitate consistent patient monitoring and easy interaction.
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