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Abstract—Sleep is essential for maintaining overall physical
and mental health, yet analyzing sleep patterns manually is a com-
plex and time-consuming process that requires expert knowledge
and is often prone to subjectivity. In this study, an automated and
efficient deep learning-based approach is developed to classify
sleep stages using the Sleep-EDF dataset. Physiological signals
such as Electroencephalogram (EEG), Electrooculogram (EOG),
and Electromyogram (EMG) are pre-processed and segmented
into fixed-length epochs for analysis. These segments are then
fed into models including Convolutional Neural Networks (CNN),
Long Short-Term Memory (LSTM), and a hybrid CNN-LSTM
architecture, which effectively capture both spatial and temporal
features of the signals. The system classifies sleep into stages
such as Wake, N1, N2, N3, and REM accurately and robustly.
Among the implemented models, the proposed hybrid CNN-
LSTM model achieved the best performance with an accuracy of
94.67 %. A basic analysis of sleep stage patterns is also performed
to observe possible irregularities. Overall, this work presents a
scalable solution for sleep stage classification using deep learning
techniques.

Keywords—Sleep stage classification; EEG; EOG; deep learn-
ing; CNN; LSTM; sleep disorders; polysomnography

I. INTRODUCTION

Sleep is an important process that must happen in the body
to allow the brain to work, to keep a person’s feelings in control
and ensure physical health levels are high. Clinical issues
caused by abnormal patterns of how we sleep are important
because the World Health Organization says that there are
over 1 billion people in the world who have problems with
sleep, and many sleep disorders are related to problems with
heart disease, problems with metabolism, and problems with
how the brain works [1]. The standard method for assessing
sleep is via polysomnography (PSG), which records several
different signals from the body over a long period of time
(one night). To perform PSG, a person must go to a sleep
laboratory and be assessed under the supervision of a qualified
health care provider. This means that PSG assessments are
expensive and are often not available (due to costs) or practical
(due to travel distance) for many people. Some people use
wearables for sleep tracking because of their convenience;
however, these devices have not been validated for clinical

(diagnostic, treatment) purposes because they do not provide
high-fidelity data on the same kind of signals as PSG studies
do [2]. In recent years, deep learning has been identified as a
powerful tool for analyzing signals in medicine. In this type
of analysis, convolutional neural networks (CNN) can extract
local spatial features from all types of raw signals, but recurrent
neural networks (RNN), particularly long short-term memory
(LSTM) networks, are also very good at learning the long-
range temporal relationships/time dependencies that exist in
the long periods of time a person is asleep [3]. By combining
both types of neural networks, it is possible to build a model
that automatically learns from raw physiological signals with
very little manual feature engineering required.

Electroencephalograms (EEG) record an individual’s elec-
trical brain activity using scalp electrodes, yielding characteris-
tic patterns such as alpha waves, sleep spindles, K-complexes,
and delta activity throughout the five distinct sleep stages:
Wake, N1, N2, N3, and REM [4]. The electrooculogram
(EOG) captures eye movement activity and provides addi-
tional information that can be used to estimate heart rate
variability (HRV). Specifically, HRV values are elevated during
deep NREM sleep and become irregular during REM sleep;
however, they can also reflect cyclic patterns associated with
apnea events [5]. In this study, we describe a multi-modal deep
learning pipeline that integrates EEG and EOG data for the
simultaneous classification of sleep stages and identification
of sleep disorders.

Sleep disorders have become a significant global health
challenge due to their association with cardiovascular diseases,
neurological disorders, obesity, depression, and reduced cog-
nitive performance. Accurate sleep stage classification is es-
sential for diagnosing disorders such as insomnia, narcolepsy,
and sleep apnea. Traditionally, sleep staging is performed
manually using polysomnography (PSG) recordings, where
experts analyze EEG, EOG, and EMG signals according to
standardized sleep scoring rules. However, manual sleep scor-
ing is time-consuming, labor-intensive, and subject to inter-
observer variability. Recent advances in deep learning have
enabled automated and highly accurate sleep stage classifica-
tion systems using physiological signals, particularly EEG and
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EOG recordings.

There has been a recent global health concern regarding
the rise in cases of sleep disorders because of their relationship
with heart disease, brain disorders, obesity, depression, and low
ability to think clearly. Also, accurate sleep stage classification
is very important for diagnosing sleep disorders such as
insomnia, narcolepsy, and sleep apnea. Presently, sleep stage
classification is done using the manual method of analyzing
polysomnography (PSG) data by specialists, who look at EEG,
EOG, and EMG signals based on scoring rules; however,
this leads to medical professionals spending large amounts
of time working with each PSG record. This requires many
specialists to analyze each PSG record manually. There are
many different types of PSG records, which is why there is a
large degree of variability between specialists in how long they
spend analyzing each record. The introduction of deep learning
technology has enabled automated, high-accuracy methods for
conducting sleep stage classification; these methods utilize
physiological signals obtained from EEG and EOG records.

CNNs, LSTMs, ResNets and Transformer-Based Archi-
tectures have demonstrated exceptional abilities in extracting
temporal/spectral features from raw physiological signals au-
tomatically without requiring manual feature engineering [6],
[7], [8]. Hybrid Deep Learning Frameworks (SSNet, CTC-
Net) have been shown to enhance classification accuracy
and the efficiency of sleep stage detection by combining
CNNs, Transformers and Capsule Networks [9], [10]. Recent
developments in sleep monitoring are centered on refining
multi-modal data processing, developing self-supervised learn-
ing approaches, improving attention modeling, and creating
lightweight real-time systems that can be used on wearable
health devices. Examples include research from Sleep DIF
Former and NeuroNet, both of which have leveraged trans-
former architectures and self-supervised learning to improve
generalization across different data subsets and reduce the
need for large labeled datasets [11], [12]. Similarly, multi-
modal processing using both electroencephalography (EEG)
and electrooculogram (EOG) datasets has been used to reduce
confusion between rapid eye movement stages of sleep and
increase the robustness of classifications when characterizing
sleep in general [13], [14]. Newer methods such as Sleep
Boost and Sleep-EGAN have been developed to improve
classification performance on imbalanced datasets typified by
those associated with sleep [15], [16].

Contrastive learning and feature reduction, two areas of
focus for improving computing resources and model inter-
pretability in the analysis of clinical sleep data, have also been
receiving significant attention in recent years [17], [18]. Based
on these advances, the proposed framework has the potential
to have deep-learning-based sleep stage classification systems
have the potential to deliver reliable and efficient solutions
for detecting sleep disorders at an early stage and delivering
intelligent healthcare monitoring systems across the continuum
of care.

The contribution of the work presented here includes:

e  Utilizing separate models for independent processing
of EEG and EOG data streams before combining the
features into a single data stream referred to as feature
fusion.
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e A unified model that performs both five-class
sleep/wake classification and two-class sleep disorder
detection simultaneously.

e  Pipeline construction combining separate band filter
processing before segmenting 30 seconds of data into
epochs using standards established by the American
Academy of Sleep Medicine.

e An evaluation process that is reliable for both general-
izability and variability across subject populations has
been established.

A. Motivation

The effectiveness of sleep analysis is increasing in today’s
healthcare system, yet much of the sleep data produced through
traditional means goes underused because of the challenges
connected with manually scoring sleep stages. Scoring sleep
stages traditionally entails analyzing several physiological sig-
nals through expert human annotation, causing long delays
and many instances of incorrect or biased classification due to
human error. Consumer electronics are good options for ease
of use; however, they lack sufficient clinical reliability [2].
Therefore, there is a need for a fully automated, scalable
system that can reliably interpret the complex data from EGG
and EOG and accurately classify the sleep stage of each
occurrence without the constant necessity of human effort. The
CNN-BiLSTM framework proposed will accomplish this by
capturing both time-dependent and location-dependent signal
features.

The rest of this study is structured as follows: Section I will
provide an Introduction. Section II will include a Literature
Review. Section III will outline the Problem Statement and Ob-
jectives. Section IV will describe the proposed Methodology.
Section V will include the System Design Architecture. Sec-
tion VI will explain Results and Discussion, while Section VII
will be used to conclude and describe the Future Scope of the
work.

II. LITERATURE REVIEW

Sleep disorders have a large impact on your health and
well-being, making it increasingly important to have automated
and accurate systems to classify sleep stages. Traditional meth-
ods for scoring sleep based on electroencephalogram (EEG)
and electrooculography (EOG) data using polysomnography
(PSG) are cumbersome and subject to error due to differences
between scorers. Many researchers have used machine learning
(ML) or deep learning (DL) tools to analyze sleep data. For
example, Taher and Ayon [1] compared classical classifiers
on lifestyle-determined sleep disorder data and found that the
gradient boosting algorithm performed comparably; however,
their findings were limited by using information from only one
source. In addition, Gan et al. [19] trained a long short-term
memory (LSTM) network to predict sleep quality using Fitbit
data on a small scale. Finally, Jamunadevi et al. [20] used
frequency domain (FD) features with traditional classifiers
(such as k-nearest neighbor) to analyze sleep using EEG data
but were limited by the size of their dataset. In [21], Tao
presented a multi-modal RSNNT model to classify cross-
modality data (EEG and EOG) and showed improvement with
cross-modality attention. In [3], Li combined CNN and LSTM
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with EEG (spectrogram) data through the EEGSNet to produce
strong classification results but reported difficulty classifying
the N1 stage of sleep. Wan [22] created a hybrid deep
learning model using a Transformer architecture to predict
both sleep and obstructive sleep apnea (OSA) and achieved
78.7% accuracy; however, it was difficult to generalize across
different sleep disorders. Fonseca et al. [5] used artificial neural
networks (ANNs) and respiratory effort signals along with
EOG signals to estimate OSA severity; therefore, this method-
ology is feasible for home-based monitoring. Limitations in
previous work (single-modality classification, limited temporal
modeling for N1 classification, and a lack of cross-sleep-
disorder classification capability) led the authors to propose
a dual-branch CNN-BILSTM architecture that utilizes both
EEG and EOG data to classify multiple categories of sleep
disorder(s) simultaneously.

A study summarized many different ways machine learn-
ing and deep learning have been used to classify different
stages of sleep using multiple types of EEG, EOG, and
EMG signals [23]. The authors found that fusing more than
one type of signal provided significantly better classification
performance than having only one type of signal to work with.
Another study reviewed automatic scoring systems used to
score sleep stages and noted that the development of deep neu-
ral networks (DNNs), including CNNs, RNNs and transformer-
based architectures, has become increasingly important for
providing accurate sleep analyses [24]. Additionally, this re-
view explained some of the challenges around interpretability
and increasing use in clinical settings with greater ease than
previous technologies. Finally, [25] analyzed deep learning
methods used to classify sleep stages from EEG signals and
noted that hybrid models like CNN-LSTM were very effective
at extracting both spatial and temporal characteristics from the
physiological data.

To automatically classify sleep stages using single-channel
EOG signals, Fan et al. [26] created EOGNet, a deep learning
framework. The research illustrated that it is possible to obtain
nearly as good classification accuracy using EOG signals alone
and thereby decrease the complexity of obtaining these signals.
For different EEG configurations, Hanna and Floel [27] created
a flexible deep learning-based sleep stage classifier capable of
handling heterogeneous EEG configurations; their framework
strengthens the model’s generalization and applicability to
real-world scenarios. Using EEG, EOG, and EMG signals,
Almutairi et al. [9] introduced SSNet, an end-to-end CNN-
LSTM architecture, which performed well on the Sleep-
EDF and ISRUC-Sleep datasets. Demonstrating state-of-the-art
performance as well as interpretability, NeurLingua [28] de-
signed a hierarchical Transformer model that incorporated both
EEG and EOG signals using attention and graph convolution
techniques. SleepDIF-Former [11] introduced a multivariable
differential Transformer model to facilitate joint learning of
EEG and EOG representations, increasing model robustness
across multiple datasets with different characteristics. ECG-
SleepNet [29] introduced a deep learning framework to classify
sleep stages using ECG signals, obtaining encouraging results
by combining different techniques to imitate their features and
augment the dataset.

The use of CNN (Convolutional Neural Network), LSTM
(Long Short-Term Memory Network), and hybrids for Deep
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Learning Approaches to Automatically Classify Sleep Stages
(Wake Stage, REM Sleep Stage, NREM Sleep Stage) from
PSG (Polysomnography) has been successful [30]. Articles
highlight a growing trend toward Explainable Al (XAI) in the
automatic analysis of sleep disorders. The use of Attention-
based Models and Transformer Architectures aids in the In-
terpretation of Sleep Data by providing the ability to iden-
tify Meaningful Temporal Relationships or Dependencies and
Sleep Micro-events (Sleep Micro-Events) [31]. Public Data
Sets (Sleep-EDF, ISRUC-Sleep, MASS, and SHHS) are com-
monly used to Benchmark Deep Learning Models in the
Automatic Classification of Sleep Stages. Yet, there are still
significant research challenges, such as cross-dataset validation
and Subject Variability associated with these Automatic Sleep
Stage Classification Algorithms [25].

Deep Learning approaches, especially CNN-LSTM Hybrid
Algorithms, Attention-based Models, and Transformer Archi-
tectures, have significantly advanced Automatic Sleep Stage
Classification and the Early Detection of sleep disorders using
EEG (Electroencephalogram) and EOG (Electrooculogram)
signals. However, further research is still needed on computa-
tional complexity, Real-Time Implementation, Interpretability,
and Generalizability across different datasets. Table I summa-
rizes key prior works in terms of modality, methodology, and
limitations.

III. PROBLEM STATEMENT AND OBJECTIVES

Traditional polysomnography Sleep stage classification is
traditionally performed manually using physiological signals
such as EEG and EOG, which is time-consuming and prone
to inconsistencies. With the increasing volume of sleep data,
manual methods are inefficient and not scalable. Therefore,
there is a need for an automated approach that can accurately
classify sleep stages using deep learning techniques.

The main objectives of this work are:

e To collect EEG and EOG sleep data and prepare it for
deep learning analysis.

e To develop and implement a dual-branch CNN-
BiLSTM model for accurate classification of sleep
stages and simultaneous disorder detection.

e  The dataset used to evaluate model performance con-
sists of actual, real-world sleep data from three pub-
licly available datasets, stratified for cross-validation.

IV. METHODOLOGY
A. Data Collection and Pre-processing

The labeled EEG (Electroencephalogram) and EOG (Elec-
trooculogram) waveforms. The raw data must first be processed
in the following way using three consecutive steps:

e  Band Pass Filtering: EEGs are band-pass filtered be-
tween 0.5 and 30 Hz to include only those frequencies
from delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-12
Hz), sigma (12-16 Hz), and beta (16-30 Hz) bands.
EOGs are band-pass filtered between 0.5 and 40 Hz to
include the QRS complexes and components related
to Heart Rate Variability (HRV), while eliminating
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TABLE I. SUMMARY OF EXISTING SLEEP DISORDER DETECTION METHODS AND LIMITATIONS

Ref. | Modality Method

Limitation

[1] Lifestyle Data

Random Forest (RF), AdaBoost, Logistic Regression (LR)

Single-source dataset bias

[19] Wearable (Fitbit) LSTM on wearable signals

Small subject pool; limited signal fidelity

[20] | EEG (PSG)

LR, Decision Tree (DT), RF, SVC with FFT

Limited dataset diversity; no deep temporal modeling

[21] | EEG + EOG

Multi-modal RCNN with Squeeze-Excite Fusion

Signal fusion complexity

[32] Cardiorespiratory Signals Random Forest, Temporal Stacking

Requires deeper learning integration

[22] EEG Transformer + CNN + CRF Limited cross-disorder generalization

[33] EEG Multi-output Deep Learning (CNN) Sleep staging performance still needs improvement

[4] EEG SG-STGCN with FSTG Graph Challenges in long-term dependency modeling

[3] EEG CNN + BILSTM (EEGSNet) N1 stage classification remains difficult; model complexity
[34] | EEG CNN + STFT + Epoch Extension Not optimized for real-time applications

[5] ECG + Respiratory Signals | ANN for OSA Severity Estimation Very small dataset (14 subjects); no multi-disorder support
[35] | ECG Hybrid AI (RF, DT, LDA) Requires deep learning integration
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Fig. 1. Time-varying EEG, EOG, and EMG signals showing the variation in
signal amplitude across different physiological processes and sleep stages.

interference from powerline (60 hertz) and motion
artifacts.

e  Normalization: Each EEG and EOG signal will be
individually normalized using a Z-score so the model
can more easily “train” based on the input patterns.

e  Epoch Segmentation: Each sleep record will be split
into 30-second epochs based on the rules outlined in
the AASM’s sleep scoring criteria. When processed
through this pipeline, each record will result in a
tensor that is 17" x C', where T is the total number of
time samples, and C' is the total number of channels
(EEG + EOG).

The time-varying characteristics of the EEG, EOG, and
EMG data in Fig. 1 are visually reviewed to show how
the amplitude of these signals varies across physiological
processes and sleep stages. Additionally, Fig. 2 shows how
the data is distributed across sleep stage classes and highlights
the class imbalance; this eventually led to the rectification of
the class imbalance as part of pre-processing, which improved
model generalization and classification performance. Fig. 3
illustrates the percentage representation of each sleep stage,
highlighting the differences between the actual distributions
of sleep patterns in the dataset. Lastly, Fig. 4 contains the
raw multivariate time-series signal used for the proposed deep
learning framework (input signal), which contains complex and
dynamic features of physiological sleep signals.

B. Model Architecture

A deep learning system will automatically classify sleep
stages and detect sleep problems in their early stages. The first

Distribution of Sieep Stages
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Fig. 2. Distribution of sleep stage classes illustrating the class imbalance
present in the dataset before preprocessing.

Sleep stage 4 /
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Movement time

Sleep stage W
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Fig. 3. Percentage representation of each sleep stage in the dataset.

component of the architecture is a gateway for the raw data
that will be recorded in this sleep study. The sleep dataset will
contain multi-channel EEG and EOG recordings as the basis
for acquiring the sample biosignal (sleep state). All biosignals
(from the EEG and EOG) will go through a general preparation
or pre-processing phase before they can be used to build a
model to improve biosignal quality and make it easier for
the model to learn from the biosignal. The first step of the
pre-processing is to remove the noise that may be present
in the raw biosignal through a noise-cleaning module. Next,
the raw biosignal is divided into segments and standardized.
The second step of pre-processing is to annotate and balance
the dataset created in the first step by assigning sleep-state
identifiers: W (Wake), N1 (Stage 1), N2 (Stage 2), N3 (Stage
3), and REM. After the sleep states have been assigned,
methods to reduce or eliminate the bias due to class imbalance
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Fig. 4. Raw multivariate physiological time series used as input to the proposed deep learning framework.

will be applied to the data. After the raw biosignal has been
pre-processed, the refined biosignal will then be sent to the
model’s training and classification stage. The model training
and classification stage consists of multiple deep learning
models/architectures to be utilized for feature extraction and
temporal sequence modeling. The CNN model/architecture
will be utilized to capture the spatial (2D) and frequency (1D)
representations of both the EOG and EEG biosignals, while
the LSTM model/architecture will be utilized for predicting
future values (sleep state transitions) based on previously ob-
tained long-term sequential dependencies associated with sleep
state transitions. Finally, a hybrid CNN-LSTM architecture is
developed to improve sleep-stage classification by integrating
spatial feature extraction with bidirectional temporal learning
to improve the accuracy of sleep state transitions by using both
spatial and temporal learning strategies.

The outputs of these models will be classified and merged
via voting mechanisms for aggregation, producing robust pre-
dictions. Once model performance has been evaluated through
metrics such as accuracy, precision, recall (Fl-score), and
confusion matrix analysis (results from evaluating each model
individually), the sleep analyzer module generates hypno-
grams, sleep score calculations, and clinical recommendations
for evaluating sleep quality and producing a total measure
of sleep health through visual displays of hypnograms via
a comprehensive sleep-health report and the comprehensive
quality assessment dashboard, both of which provide intel-
ligent monitoring of sleep and the ability to identify sleep-
related disorders before clinical intervention as demonstrated
by Fig. 5. Algorithm 1 provides an overview of the two-
branched training algorithms; each branch will have collected
data through processing one data modality.

Algorithm 1 Dual-Branch CNN-LSTM Training

Require: Raw EEG signal F, Raw EOG signal C, labels
Ystage> Ydisorder
Ensure: Trained model M
1: Apply band-pass filter to £ (0.5-30 Hz) and C' (0.5-
40 Hz)

2: Z-score normalize each channel

3: Segment into 30-second epochs {(e;,c;)} Y

4: Initialize dual-branch CNN-LSTM model M

5: for each fold £ =1 to 5 do

6: Split subjects into five folds using subject-wise strati-
fied sampling

7: for each epoch until convergence do

8: feeg — CNN-LSTMEE(‘,(GZ‘)

9: feog — CNN-LSTMEO(}(CZ*)

10: f < Concat( feeg, feog)

11 Ustage <— Softmax(Dense( f))

12: Udisorder < Sigmoid(Dense(f))

13: L+ ECE(gstagea ystage) + EBCE(@disorder, ydisorder)

14: Update M via Adam optimizer

15: end for

16: Record accuracy, precision, recall, Fl1-score, and con-
fusion matrix

17: end for

18: Compute the mean and standard deviation of the evaluation
metrics across the five folds and report the aggregate cross-
validation performance

The EEG branch consists of three 1D convolutional layers
with 64, 128, and 256 filters, each with a kernel size of 7,
stacked with an activation function (ReLU) and batch normal-
ization, followed by max pooling to extract the feature maps
produced by each layer. The feature maps produced by these
convolutional layers are then fed through a two-layer BiLSTM
with 128 units (forward and backward) to learn the forward
and backward temporal dependencies of the data. For the EOG
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Fig. 5. Proposed dual-branch CNN-BiLSTM architecture for automated sleep stage classification and sleep disorder detection.

branch, the processed data will have the same convolutional
structure, but only two 1D convolutional layers (64 and 128
filters) with a kernel size of 5 and one 64-unit BILSTM will
be used due to the significantly lower dimensional complexity
of the EOG than that of the EEG. After both branches produce
feature vectors, the feature vectors from both branches will be
concatenated and passed through two dense layers (256 and
128 units), preceded by a dropout (0.4 rate) as a regularization
method. After all the data is fed through the two dense layers,
the combined feature representation will then be split into two
separate outputs:

e The Sleep Stage Head, which produces probabilities
based on a softmax function of the following five sleep
stages: (Awake, N1, N2, N3, REM).

e The Disorder Head produces binary probabilities for

the sleep disorders for which reliable ground-truth
annotations are available in the experimental dataset

C. Training Procedure

The implementation of the Adam optimizer prepares the
model with a starting learning rate of 1 x 10~2, which will be
decreased if the validation loss plateaus. The loss function for
the multi-task learning consists of equal parts of categorical
cross-entropy (for sleep stage classification) and binary cross-
entropy (for the detection of sleep disorders) combined as such:

L= Lstage + A Ldisordeﬁ A=1.0 Q)
The softmax classifier output can be defined:
p = exp(z;) 2

2. exp(z))

where, z; represents the pre-softmax output from the neural
network, the sparse categorical cross-entropy error will be
calculated as follows:

L=="Y yilog(i) 3)

where, y; is the true label and ; is the predicted probabil-
ity.

Subject-wise stratified five-fold cross-validation was used
to prevent epochs from the same subject from appearing in
different folds. All epochs belonging to a given subject were
assigned to a single fold. This procedure reduces potential

data leakage caused by the high correlation among consecutive
epochs from the same recording
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Fig. 6. Power Spectral Density (PSD) of a representative EEG signal after
band-pass filtering.

V. SYSTEM DESIGN ARCHITECTURE
A. System Architecture

The end-to-end pipeline consists of four principal modules:
1) a User Interface for data upload and result visualization;
2) a Pre-processing Module for noise removal, normalization,
and segmentation; 3) a Model Inference Engine housing the
dual-branch CNN-BiLSTM; and 4) a Display Module present-
ing sleep stage hypnograms, disorder flags, and performance
metrics including confusion matrices.

B. Data Processing and Preparation

The EEG and EOG files uploaded via the interface pass
sequentially through the pre-processing module, where signals
are filtered, normalized, and segmented. Pre-processed epoch
tensors enter the model inference engine, which outputs stage
probabilities and disorder predictions. Results are rendered
in the frontend while the backend logs training metrics for
ongoing evaluation. Fig. 6 shows the Power Spectral Density
(PSD) of a representative EEG signal after band-pass filtering.

Fig. 7 shows the corresponding EEG spectrogram, where
color intensity indicates the power of different frequency bands
across time.

C. Feature Extraction

Feature extraction is performed to obtain meaningful in-
formation from physiological signals. Various statistical and
frequency-domain features are computed from the segmented
signals. Time-domain features (mean, variance, skewness, kur-
tosis) are extracted to capture signal characteristics. Frequency-
domain features, including band power in the delta, theta,
alpha, beta, and gamma bands, are computed using spectral
analysis. Non-linear features such as entropy capture signal
complexity. These features serve as supplementary inputs for
model interpretability.

D. Feature Analysis

A correlation analysis was performed to understand the
relationships between different physiological channels. Fig. 8
shows the resulting correlation heatmap. Values closer to 1
indicate strong correlation between channels, while values near
0 indicate independence.
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Fig. 7. EEG spectrogram showing the distribution of frequency power over
time.
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Fig. 8. Correlation heatmap of extracted physiological features.

VI. RESULTS AND DISCUSSION
A. Pre-processing Outcomes

Raw EEG signals exhibited pronounced noise and muscle
artifacts. After band-pass filtering (0.5-30 Hz), waveforms be-
came smooth, and sleep stage discriminative patterns spindles
in N2, slow waves in N3 and sawtooth waves in REM became
clearly visible. EOG signals showed more regular R-peak
morphology post-filtering, improving HRV feature quality.

B. Classification Performance

The sleep data were analyzed to assess their performance in
automatic sleep stage classification. The deep learning models,
including CNN, LSTM, and the proposed hybrid CNN-LSTM
architecture, were trained and evaluated using labeled physi-
ological signals with stratified 5-fold cross-validation. Among
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the evaluated models, the proposed hybrid CNN-LSTM model
achieved the best performance, with an accuracy of 94.67%.
Table II presents per-stage classification metrics averaged
across all five cross-validation folds. The model trained on the
balanced EEG+EOG dataset consistently outperforms single-
modality baselines. The N1 stage, the lightest sleep phase
with minimal distinguishing physiological features, consis-
tently yields the lowest performance, a limitation observed
across all related work [34], [3].

TABLE II. PER-STAGE CLASSIFICATION PERFORMANCE (5-FOLD CV)

Stage Accuracy (%) Precision Recall F1 Score
Wake 96.2 0.95 0.97 0.96
N1 81.4 0.78 0.80 0.79
N2 93.7 0.92 0.94 0.93
N3 91.3 0.90 0.92 0.91
REM 94.5 0.93 0.95 0.94
Overall 94.67 0.94 0.95 0.94

For sleep apnea detection, the highest disorder F1-score
(0.92) was achieved among disorder detection tasks, consistent
with EOG’s strong HRV-based apnea signatures [5]. Table IIT
reports disorder detection performance.

TABLE III. PERFORMANCE METRICS FOR SLEEP DISORDER DETECTION

Disorder Precision Recall F1 Score
Sleep Apnea 0.93 0.91 0.92
Insomnia 0.87 0.85 0.86
PLMD 0.84 0.83 0.83

C. Confusion Matrix Analysis

Fig. 9 shows the confusion matrix for the CNN-LSTM
hybrid model.

Confusion Matrix for Sleep Stage Classification

30
Wake 1 0 0 0
25
N1 0 30 0 0 0
20
2
® N2+ 2 2 0 0 15
@
=
=
N3 - 1] 3 0 27 0 r10
r5
REM - 0 0 0 0
- T = T — T — T i —0
Wake N1 N2 N3 REM

Predicted Label

Fig. 9. Confusion matrix of the proposed CNN-LSTM model for sleep stage
classification.

The majority of predictions lie along the diagonal, indicat-
ing high classification accuracy. Most inter-stage errors occur
at the N1-N2 boundary, reflecting the physiological similarity
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TABLE IV. CONFUSION MATRIX FOR SLEEP STAGE CLASSIFICATION

True/Pred Wake N1 N2 N3 REM
Wake 29 1 0 0 0
N1 0 30 0 0 0
N2 2 2 26 0 0
N3 0 3 0 27 0
REM 0 0 0 0 30

of these stages. N3 and REM exhibit near-perfect discrim-
ination, consistent with their distinct waveform signatures
(delta waves vs. desynchronized activity). Table IV presents
the normalized confusion matrix. In Table V for improved
interpretability and cross-study comparison, the count-based
confusion matrix was row-normalized. Each row represents the
distribution of predictions for a given true sleep stage and sums
to 1.0

TABLE V. ROW-NORMALIZED CONFUSION MATRIX FOR SLEEP STAGE

CLASSIFICATION
True \ Pred  Wake N1 N2 N3 REM
Wake 0.967  0.033  0.000 0.000  0.000
N1 0.000  1.000  0.000  0.000  0.000
N2 0.067  0.067 0.867 0.000  0.000
N3 0.000  0.100  0.000  0.900  0.000
REM 0.000  0.000  0.000  0.000  1.000

D. Model Convergence

Fig. 10 shows training and validation accuracy and loss
curves over epochs.

Model Accuracy Over Epochs Model Loss Over Epochs

16 —— Train Loss

— Validation Loss
14

12

1.0

Loss

0.8

Accuracy

05
0.6

0.4

0.2

—— Train Accuracy
o — Validation Accuracy

0.0
0 25 50 75 100 125 150 175 200 S0 25 50 75 100 125 150 175 200

Epochs Epochs

Fig. 10. Training and validation accuracy and loss curves during model
training.

The training and validation accuracy curves indicate con-
tinuous improvement during training. Additionally, the training
and validation loss curves indicate that both have decreased
consistently, indicating successful learning and model conver-
gence. There is a small gap between the training and validation
curves, indicating little overfitting and validating the proposed
framework’s ability to generalize. The graphical representation
in Fig. 11, showing actual vs. predicted sleep stages over time,
shows that predicted sleep-stage samples align closely with
those that are accurately predicted; therefore, the model was
able to identify temporally related sleep patterns correctly.
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True vs Predicted Sleep Stages Over Time

1 =~ True Sleep State
»~ Predicted Sleep Stage

Sleep Stage
s
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Fig. 11. Comparison of actual and predicted sleep stages over time.

System Testing Summary: Unit testing confirmed cor-
rect segmentation of all epochs using a 30-second epoch
window, correct settings for the band-pass filtering cut-off
frequency, and that the various metrics (maximum, minimum,
and mean values) were calculated correctly. Integration testing
also demonstrated an error-free process throughout the end-to-
end pipeline, from uploading files to displaying predictions.
Inference times per sleep-stage recording remained less than
two seconds on the GPU, meeting the requirements for real-
time deployment.

E. Comparison with Existing Methods

The proposed dual-modality CNN-BiLSTM approach
achieves an accuracy of 94.67%, outperforming the RCNN+SE
method, which reports an accuracy of 88.1%. This corresponds
to an absolute improvement of 6.57 percentage points. In
addition, the proposed framework is designed to perform
simultaneous sleep-stage classification and multi-disorder de-
tection shown in Table VI .

TABLE VI. COMPARISON WITH EXISTING METHODS

Method Modality Accuracy (%) Disorder Detection
EEGSNet [3] EEG 87.3 No
RCNN+SE [21] EEG+EOG 88.1 No
Transformer [22] EEG 78.7 OSA only
SG-STGCN [4] EEG 85.6 No
Proposed Method EEG+EOG 94.67 Yes (3 disorders)

VII. CONCLUSION AND FUTURE SCOPE

This study presented an automated system for sleep stage
classification using physiological signals such as EEG and
EOG. The overall approach includes data pre-processing, fea-
ture extraction, and the use of deep learning models including
CNN, LSTM, and a hybrid dual-branch CNN-LSTM model.
Among all models tested, the hybrid CNN-LSTM performed
best, effectively capturing both spatial and temporal patterns
in the data. The proposed hybrid CNN-LSTM model achieved
an accuracy of 94.67% in the reported evaluation, higher than
individual CNN and LSTM models. The system classified
sleep stages (Wake, N1, N2, N3, REM) with high reliability
and simultaneously detected sleep disorders (sleep apnea,
insomnia, PLMD). The results demonstrate that using multiple
modalities in deep learning, along with strong feature extrac-
tion, can greatly increase performance, providing an effective
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method for automated sleep monitoring and clinical diagnosis.
In the future, the team will be focusing on other physiological
signals - ECG and EMG will be added to help with more
accurate and reliable classification of sleep stages.A real-time
sleep monitoring system will be developed for use in medical
applicationsand in wearable devices.Larger datasets: Train the
model on more diverse datasets to improve generalization
across different subjects and clinical conditions.
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