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Abstract

Sleep disorders, including insomnia, narcolepsy, and sleep-related breathing disor-
ders, are prevalent neurological conditions that significantly impair cognitive per-
formance, emotional stability, and overall quality of life. Accurate and timely diag-
nosis remains a major clinical challenge, as the gold standard polysomnography re-
quires multi-channel recordings and expert interpretation. In this work, we propose
a comprehensive benchmarking framework for automated sleep disorder detection
using single-channel Electroencephalogram (EEG) signals and deep learning mod-
els. Three approaches are systematically evaluated: a Convolutional Neural Net-
work (CNN) trained on Continuous Wavelet Transform (CWT) scalograms, a CNN
trained on Hilbert-Huang Transform (HHT) instantaneous amplitude maps, and a
Temporal Convolutional Network (TCN) operating directly on raw EEG signals.
Experiments are conducted on the publicly available CAP Sleep Database under
a subject-independent evaluation protocol. The CNN + CWT model achieves the
best overall performance with a validation accuracy of 84% and an Area Under the
ROC Curve (AUC) of 0.890, followed by the TCN model (accuracy: 78%, AUC:
0.840) and the CNN + HHT model (accuracy: 74%, AUC: 0.780). All models sub-
stantially outperform random classification (AUC = 0.500). These results confirm
that time—frequency representations, particularly CWT-based scalograms, capture
more discriminative features from EEG signals compared to purely temporal or
Hilbert-based approaches, while demonstrating the viability of single-channel EEG
for automated sleep disorder screening.
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1. Introduction

Sleep is a fundamental physiological process essential for maintaining cognitive
performance, emotional stability, and overall health. It is characterized by complex
neurophysiological dynamics reflected in brain activity. Sleep is typically divided
into rapid eye movement (REM) and non-rapid eye movement (NREM) stages, the
latter being further subdivided into multiple stages representing increasing depth
of sleep [1]. The cyclic alternation of these stages throughout the night provides
crucial information about brain function and neurological health.

Sleep disorders constitute a broad class of conditions that disrupt normal sleep
patterns and negatively impact quality of life. Among the most prevalent disorders
are insomnia, narcolepsy, and sleep-related breathing disorders such as obstructive
sleep apnea (OSA), which affects a significant portion of the adult population |2, 3].
These disorders are associated with cognitive impairment, reduced productivity, and
increased risk of chronic diseases, making early and accurate diagnosis essential.

Polysomnography (PSG) is considered the gold standard for sleep analysis, in-
volving the simultaneous recording of multiple physiological signals, including Elec-
troencephalogram (EEG), Electrooculogram (EOG), and Electromyogram (EMG).
Among these, EEG signals play a central role in characterizing sleep stages and
detecting abnormalities due to their direct relationship with brain activity [4]. How-
ever, manual analysis of EEG recordings is time-consuming, subjective, and requires
expert knowledge, motivating the development of automated approaches based on
signal processing and machine learning techniques.

Recent advances in deep learning have significantly improved the performance
of automated EEG analysis systems. Convolutional Neural Networks (CNNs) have
been widely used to process time—frequency representations such as spectrograms
and wavelet transforms, achieving promising results in sleep stage classification and
disorder detection [5, 6]. In parallel, Temporal Convolutional Networks (TCNs) have
emerged as powerful models for directly learning from raw temporal signals, captur-
ing long-range dependencies without the need for explicit feature engineering [7].

Despite these advances, an important research question remains insufficiently
explored: how different representations of EEG signals affect the performance of
deep learning models in sleep disorder classification. In particular, time—frequency
transformations such as Continuous Wavelet Transform (CWT) and Hilbert-Huang
Transform (HHT) provide alternative ways of representing non-stationary EEG sig-
nals, yet their comparative effectiveness has not been thoroughly investigated in a
unified framework.

In this study, we propose a comprehensive benchmarking framework to evaluate
the impact of time—frequency and temporal representations on EEG-based sleep
disorder classification. Specifically, we compare CNN-based models trained on CW'T
and HHT representations with a Temporal Convolutional Network (TCN) trained
directly on raw EEG signals. The evaluation is conducted using a publicly available
sleep EEG dataset under a rigorous experimental protocol.

The main contributions of this work are as follows:

e A unified benchmarking framework for comparing time—frequency and tempo-
ral deep learning approaches for EEG analysis;
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e A comparative evaluation of CWT- and HHT-based representations for CNN
models;

e The integration of a Temporal Convolutional Network (TCN) for direct mod-
eling of raw EEG signals;

e An in-depth analysis of the strengths and limitations of each approach for
sleep disorder classification.

2. Related Work

Automated analysis of sleep disorders using electroencephalogram (EEG) signals
has attracted significant attention in recent years due to its potential for early diag-
nosis and continuous monitoring. Traditional approaches rely on handcrafted feature
extraction techniques combined with classical machine learning algorithms. For in-
stance, spectral, statistical, and time-domain features have been widely used with
classifiers such as Support Vector Machines (SVM), Decision Trees, and Random
Forests, achieving moderate performance in sleep stage classification and disorder
detection [8] 9] [10].

Earlier studies have also explored signal processing techniques such as wavelet
transforms and autoregressive modeling for feature extraction from EEG signals.
For example, Estrada et al. [I1] investigated multiple feature extraction schemes
for neuro-fuzzy classification, while Tagluk et al. [I2] applied wavelet-based features
combined with artificial neural networks for sleep apnea detection. Although these
approaches demonstrated promising results, they rely heavily on handcrafted fea-
tures and domain expertise.

More recently, deep learning techniques have significantly improved EEG-based
analysis by enabling automatic feature extraction. Convolutional Neural Networks
(CNNs) have been widely adopted to process time—frequency representations of EEG
signals, such as spectrograms and wavelet transforms. Studies such as DeepSleep-
Net [5] and subsequent works [6, 3], [14] have shown that CNN-based approaches can
achieve state-of-the-art performance in sleep stage classification and related tasks.

In parallel, recent research has focused on reducing the complexity of EEG ac-
quisition systems by using single-channel signals while maintaining acceptable per-
formance. For instance, Giarrusso et al. [I5] proposed a single-channel EEG-based
framework for REM sleep behavior disorder detection, demonstrating the feasibility
of low-cost and scalable diagnostic systems. Similarly, Melo et al. [16] validated
sleep staging models using wearable EEG devices, highlighting the growing interest
in portable and real-time monitoring solutions.

Despite these advances, most existing works rely on either time—frequency repre-
sentations processed by CNNs or handcrafted temporal features combined with clas-
sical classifiers. Only limited studies have explored the direct modeling of raw EEG
signals using temporal deep learning architectures. Temporal Convolutional Net-
works (TCNs), which have shown strong performance in sequence modeling tasks [7],
remain underexplored in the context of sleep disorder classification.

Therefore, an important research gap persists regarding the comparative effec-
tiveness of different EEG representations and modeling strategies. In particular,
there is a lack of unified frameworks that systematically evaluate time-frequency
representations such as Continuous Wavelet Transform (CWT) and Hilbert-Huang
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Transform (HHT) against temporal deep learning models operating on raw EEG
signals.

In this work, we address this gap by proposing a comprehensive benchmarking
framework that compares CNN-based models trained on CWT and HHT represen-
tations with a Temporal Convolutional Network (TCN) trained directly on raw EEG
signals for sleep disorder classification.

3. Materials and Methods

3.1. Dataset Description

The experiments conducted in this study are based on the CAP Sleep Database,
publicly available on PhysioNet [I7]. This dataset consists of 108 polysomnographic
(PSG) recordings collected at the Sleep Disorders Center of the Ospedale Maggiore
of Parma, Italy. Each recording contains multiple physiological signals stored in
European Data Format (EDF) files, including at least three EEG channels (F3, F4,
or C4 referenced to Al or A2), two Electrooculogram (EOG) channels, submental
and tibialis anterior Electromyogram (EMG) signals, respiratory signals, and Elec-
trocardiogram (ECG). Additional bipolar EEG channels are provided according to
the international 10-20 system.

The database includes recordings from 16 healthy control subjects with no neu-
rological disorders and free of medications affecting the central nervous system, as
well as 92 pathological recordings from patients diagnosed with various sleep dis-
orders, including: Nocturnal Frontal Lobe Epilepsy (NFLE, n = 40), REM sleep
Behavior Disorder (RBD, n = 22), Periodic Leg Movements (PLM, n = 10), Insom-
nia (n = 9), Narcolepsy (n = 5), Sleep Disordered Breathing (SDB, n = 4), and
Bruxism (n = 2). The recordings are named according to the associated pathol-
ogy (e.g., n1-n16 for healthy controls, ins1-ins9 for insomnia, narcol-narco5 for
narcolepsy, sdb1-sdb4 for breathing disorders).

In this study, only subjects diagnosed with Insomnia, Narcolepsy, and Sleep-
Disordered Breathing, along with healthy controls, are retained for analysis, result-
ing in a focused subset of 34 recordings. Only a single EEG channel is selected per
recording to ensure a simplified and scalable framework suitable for real-world and
wearable monitoring applications.

The EEG recordings are segmented into fixed-length epochs for supervised clas-
sification. Each epoch is labeled as either normal (healthy) or pathological (sleep
disorder). To ensure robustness and generalization, a subject-independent evalua-
tion protocol is adopted, whereby data from the same subject do not appear in both
training and testing sets.

3.2. Preprocessing of EEG Signals

3.2.1. Problem Formulation

In this study, sleep disorder classification is formulated as a binary problem,
distinguishing between normal and pathological EEG signals. The objective is not
to identify specific disorders, but to detect the presence of abnormal sleep patterns,
aligning with a screening perspective commonly adopted in clinical practice.

This choice is also motivated by dataset constraints. As described in Section 3.1,
the CAP Sleep Database contains a limited number of subjects with significant
class imbalance, making multi-class classification statistically unreliable and prone
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(a) Raw EEG signal (C3-A2 channel)
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Figure 1: Raw EEG signal (C3-A2 channel) and bandpass-filtered signal (0.5-30 Hz).

to overfitting. Furthermore, similar binary formulations have been widely adopted
in the literature for EEG-based disorder detection.

3.2.2. Visualization of Preprocessing Steps

Figures illustrate the main preprocessing steps applied to the EEG signals.

Raw and filtered signals (Figure [1)): The raw EEG signal exhibits low-
frequency drifts and high-frequency noise. After bandpass filtering (0.5-30 Hz), the
signal becomes cleaner, preserving physiologically relevant rhythms while removing
artifacts.

Power spectral density (Figure : The spectral analysis confirms that fil-
tering effectively suppresses frequencies outside the range of interest, particularly
low-frequency baseline drift and high-frequency noise.

Time—frequency representation (Figure [3)): The Continuous Wavelet Trans-
form (CWT) provides a joint time-frequency representation of the EEG signal, high-
lighting transient oscillatory patterns across multiple scales.

Hilbert transform features (Figure {4]): The instantaneous amplitude cap-
tures local signal energy variations, while the instantaneous phase reflects temporal
signal dynamics.

Normalization (Figure [5]): Z-score normalization standardizes the signal dis-
tribution, centering it around zero with unit variance.

Dataset distribution (Figure [6)): The dataset exhibits a class imbalance
between normal and pathological samples, as well as a subject-wise split between
training and test sets.

3.8. Time—Frequency Representations

3.3.1. Continuous Wavelet Transform (CWT)
The Continuous Wavelet Transform (CWT) is a powerful mathematical tool
for analyzing non-stationary signals such as EEG, providing a joint time-frequency
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(c) Power spectral density before and after filtering
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Figure 2: Power spectral density (PSD) of the EEG signal before and after bandpass filtering.

(d) Continuous Wavelet Transform (CWT) of a 30-second EEG epoch
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Figure 3: Continuous Wavelet Transform (CWT) of a 30-second EEG epoch.

representation that captures both temporal and spectral characteristics simultane-

ously [18, 19]. Unlike the classical Short-Time Fourier Transform (STFT), which

uses a fixed window size, CW'T offers multi-resolution analysis by adapting the win-

dow length to the frequency of interest, making it particularly suitable for biomedical

signals that exhibit transient and oscillatory patterns across multiple time scales.
The CWT of a signal z(t) is formally defined as:

CWT(a,b) = \/% /_ j 2(#) w(?) dt (1)

where 1 (t) denotes the mother wavelet, a € R* is the scale parameter controlling
dilation, b € R is the translation parameter controlling the temporal localization,
and (-)* denotes the complex conjugate. The scale parameter a is inversely related
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(e) Instantaneous amplitude from Hilbert transform
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Figure 4: Instantaneous amplitude and phase extracted using the Hilbert transform.
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Figure 5: Distribution of EEG signal before and after z-score normalization.

to frequency: small values of a yield high-frequency components with fine tempo-
ral resolution, while large values of a yield low-frequency components with coarser
temporal but finer frequency resolution.

In this work, the Morlet wavelet is selected as the mother wavelet, as it pro-
vides an optimal trade-off between time and frequency localization and has been
widely adopted in EEG signal analysis [20]. The CWT scalograms are computed for
each 30-second EEG epoch and subsequently converted into two-dimensional image
representations. These scalogram images are then used as inputs to the Convolu-
tional Neural Network (CNN) for classification of sleep disorders, enabling the model
to learn discriminative spectro-temporal patterns directly from the time—frequency
domain.

3.3.2. Hilbert—-Huang Transform (HHT)

The Hilbert-Huang Transform (HHT), introduced by Huang et al. [2I], is an
adaptive and fully data-driven time-frequency analysis method specifically designed
for nonlinear and non-stationary signals. Unlike traditional spectral analysis tech-
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(i) Distribution of epochs by class and dataset split
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Figure 6: Distribution of EEG epochs across training and test sets.

niques such as the Fourier Transform or the Continuous Wavelet Transform, HHT
does not rely on predefined basis functions, making it particularly well-suited for
complex biomedical signals such as EEG, which exhibit highly variable and patient-
specific oscillatory dynamics.

HHT consists of two sequential steps: Empirical Mode Decomposition (EMD)
and Hilbert Spectral Analysis (HSA).

Empirical Mode Decomposition (EMD).. The EMD adaptively decomposes a sig-
nal z(t) into a finite set of oscillatory components called Intrinsic Mode Functions
(IMFs), together with a residual trend [21 22]:

() =) alt) +ru(h) (2)
i=1
where ¢;(t) denotes the i-th IMF and ry(¢) is the final monotonic residue. Each IMF
must satisfy two conditions: (i) the number of extrema and zero crossings must differ
by at most one, and (ii) the mean of the upper and lower envelopes must be zero at
every point.
The IMFs are extracted iteratively through a sifting process:

e Identify all local maxima and minima of the signal x(¢);

Interpolate the maxima and minima using cubic splines to form the upper
envelope e, (t) and lower envelope ¢;(t);

eu(t)ter(t),
2 )

Compute the local mean: m(t) =

Extract the proto-IMF: h(t) = x(t) — m(t);

Repeat until h(t) satisfies the IMF stopping criterion.

IJERTV 151 S051280 Page 8
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by : International Journal of Engineering Research & Technology (IJERT)
https://lwww.ijert.org/ I SSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15Issue 05, May - 2026

Hilbert Spectral Analysis (HSA).. Once the IMFs are obtained, each component ¢;(?)
is transformed using the Hilbert transform to obtain its analytic representation [23]:

O ®)

where P denotes the Cauchy principal value. The corresponding analytic signal is
defined as:

2it) = ai(t) + j yilt) = ai(t) %0 (4)

20 with instantaneous amplitude a;(t) and instantaneous phase 6;(t):

ai(t) = /(1) + 2(8), Gi(t):arctan(?:((g) (5)

The instantaneous frequency is then derived as:

i) = 0 ©)

The Hilbert spectrum H (¢, w) is constructed by distributing the instantaneous ampli-
tude a;(t) of each IMF over the time-frequency plane according to its instantaneous
frequency w;(t), yielding a high-resolution, adaptive time-frequency representation
of the original signal.

In this work, HHT is applied to each 30-second EEG epoch to produce in-
stantaneous amplitude and frequency maps, which are subsequently used as two-
dimensional image inputs to the CNN classifier. The adaptive nature of HHT allows
capturing subtle oscillatory patterns and transient dynamics that are often missed
by fixed-basis methods such as Fourier or wavelet transforms |21, 24|, making it
particularly relevant for sleep disorder classification from EEG signals.

3.4. Deep Learning Models

3.4.1. Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) have become a standard approach for
analyzing structured data such as images and time-frequency representations of
signals. In the context of EEG analysis, CNNs are particularly effective when the
signals are transformed into two-dimensional representations, such as spectrograms
or wavelet-based images [25].

A typical CNN architecture consists of multiple layers, including convolutional
layers, pooling layers, and fully connected layers. The convolutional layers apply
learnable filters to extract hierarchical features from the input, capturing local pat-
terns in the data. Pooling layers are used to reduce the spatial dimensionality of
feature maps while preserving the most relevant information, thereby improving
computational efficiency and reducing overfitting.

In this work, CNN models are employed to process time—frequency representa-
tions of EEG signals obtained using Continuous Wavelet Transform (CWT) and
Hilbert-Huang Transform (HHT). These representations convert the non-stationary
EEG signals into image-like structures, making them suitable for convolutional pro-
cessing. The extracted features are then fed into fully connected layers for classifi-
cation of sleep disorders.
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CNN-based approaches have demonstrated strong performance in various EEG-
related tasks, including sleep stage classification and neurological disorder detec-
tion 5] [6]. Their ability to automatically learn discriminative features from com-
plex signal representations makes them particularly suitable for biomedical signal
analysis.

3.4.2. Temporal Convolutional Network (TCN)

Temporal Convolutional Networks (TCNs) have recently emerged as an effective
deep learning architecture for sequence modeling tasks, offering a compelling alter-
native to recurrent neural networks (RNNs). TCNs are based on one-dimensional
fully convolutional architectures that leverage causal and dilated convolutions to
model temporal dependencies over long sequences [7].

A key property of TCNs is the use of causal convolutions, which ensure that the
output at time ¢ depends only on current and past inputs, thereby preserving the
temporal ordering of the signal. In addition, dilated convolutions are employed to
expand the receptive field without increasing the number of parameters. The dilated
convolution operation for a one-dimensional sequence can be expressed as:

y(t) = i wpx(t —d - k) (7)

where x(t) is the input signal, wy, are the convolutional filter weights, K is the kernel
size, and d is the dilation factor controlling the spacing between filter elements.

By stacking multiple layers with exponentially increasing dilation factors, TCNs
are able to capture long-range temporal dependencies efficiently. Residual connec-
tions are typically incorporated to facilitate gradient flow and enable the training of
deep architectures.

In the context of EEG analysis, TCNs provide a natural framework for directly
modeling raw temporal signals without requiring explicit feature extraction or trans-
formation into time—frequency representations. This is particularly advantageous for
electroencephalogram signals, which exhibit complex temporal dynamics and long-
range dependencies.

In this work, a TCN model is employed to process raw single-channel EEG
signals for sleep disorder classification. The performance of the TCN is compared
with CNNs applied to CWT and HHT representations, allowing evaluation of the
effectiveness of direct temporal modeling versus representation-based approaches.

3.5. Ezxperimental Setup

All experiments were implemented in Python 3.10 using the TensorFlow 2.12 and
Keras frameworks [26]. The computations were performed on a system equipped
with an NVIDIA GPU with 8 GB of VRAM, enabling efficient training of deep
learning models on EEG time-frequency representations.

3.5.1. Data Splitting and Evaluation Protocol
A subject-independent data splitting strategy is adopted to ensure unbiased eval-
uation and prevent data leakage between training and testing sets. The dataset is
divided into 80% for training and validation, and 20% for independent testing, with
no subject appearingin more than one subset. Within the training set, 10% is fur-ther
reserved for validation,used exclusively for monitoring convergence and early
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stopping. The class imbalance between normal and pathological samples is addressed
using class-weighted loss functions during training [27].

3.5.2. EEG Epoch Segmentation

Raw EEG recordings are segmented into non-overlapping epochs of 30 seconds,
consistent with standard polysomnographic practice [28]. Each epoch is labeled as ei-
ther normal (healthy control) or pathological (sleep disorder). Prior to segmentation,
EEG signals are bandpass-filtered between 0.5 and 30 Hz using a zero-phase fourth-
order Butterworth filter to remove baseline drift, power-line interference, and high-
frequency artifacts. Z-score normalization is subsequently applied to each epoch to
standardize signal amplitudes across subjects and recording sessions.

3.5.3. CNN Hyperparameters

The CNN models processing CWT and HHT representations share the same ar-
chitectural configuration. Each scalogram or instantaneous amplitude map is resized
to 224 x 224 pixels before being fed into the network. The CNN architecture consists
of four convolutional blocks, each comprising a convolutional layer with 3 x 3 filters,
batch normalization, ReLU activation, and 2 X 2 max-pooling. The number of fil-
ters increases progressively from 32 to 256 across the four blocks. The convolutional
backbone is followed by a global average pooling layer and two fully connected layers
of 512 and 128 units, respectively, with dropout regularization (rate = 0.5) applied
after each dense layer. The output layer consists of a single neuron with sigmoid
activation for binary classification.

3.5.4. TCN Hyperparameters

The TCN model processes raw EEG signals of fixed length L = 4,096 samples,
corresponding to approximately 30 seconds at the native sampling frequency. The
architecture consists of four dilated causal convolutional blocks with dilation factors
d € {1,2,4,8}, each containing 64 filters of kernel size 3, followed by batch nor-
malization, ReLU activation, and dropout (rate = 0.2). Residual connections are
applied between blocks to facilitate gradient flow. The final temporal representation
is aggregated using global average pooling and passed through a dense layer of 64
units before the binary output neuron.

3.5.5. Training Configuration

All models are trained using the Adam optimizer [29] with an initial learning rate
of 10~* and a batch size of 32. Training is conducted for a maximum of 30 epochs,
with early stopping applied based on validation loss with a patience of 10 epochs.
The binary cross-entropy loss function is used for all models. Model performance is
evaluated using accuracy, precision, recall, Fl-score, and the Area Under the ROC
Curve (AUC), computed on the independent test set.

A summary of the key hyperparameters for all three models is provided in Ta-
ble [l

4. Results

4.1. Training Behavior and Convergence

Figure [7] presents the learning curves of the three models. All models show a

steady increase in training and validation accuracy indicating stable convergence.
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Table 1: Summary of hyperparameters for the three models.

Parameter CNN+CWT CNN-+HHT TCN
Input size 224 x 224 224 x 224 4096 x 1
Optimizer Adam Adam Adam
Learning rate  10~* 1074 1074
Batch size 32 32 32

Max epochs 30 30 30
Dropout rate 0.5 0.5 0.2

Loss function  BCE BCE BCE
Early stopping Yes Yes Yes

o (a) Learning curves of the three models

0.9 4
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o
S

0.6

= CNN + CWT (Training) TCN (Validation)
== CNN + CWT (Validation) = CNN + HHT (Training)
TCN (Training) == CNN + HHT (Validation)
0.5 T T T T T
0 5 10 15 20 25 30
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Figure 7: Learning curves of the three models during training.

The CNN + CWT model achieves the best performance, reaching a validation accu-
racy of approximately 84%, followed by the TCN model (78%) and the CNN + HHT
model (74%). A moderate gap between training and validation curves is observed,
suggesting slight overfitting but acceptable generalization.

Figure [8] shows the evolution of the binary cross-entropy loss. All models ex-
hibit a consistent decrease in both training and validation loss, confirming stable
optimization. The CNN + CWT model achieves the lowest loss values, further
demonstrating its superior learning capability.

4.2. Classification Performance

The confusion matrices in Figure [0 provide a detailed view of the classification
results. The CNN -+ CWT model achieves the best balance between sensitivity and
specificity, with fewer misclassifications compared to the other models. In contrast,
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Figure 9: Confusion matrices of the three models.

the CNN + HHT model exhibits a higher number of false negatives, indicating

difficulty in detecting pathological cases.
Figure ‘Hsummarizes the evaluation metrics.

sistently o

The CNN + CWT model con-

erforms the other approaches across all metrics, including accuracy,

precision, recall, and F1-score. This highlights the effectiveness of time—frequency
representations for EEG-based classification tasks.

4.8. Comparison with State-of-the-Art Methods
Tablei presents a comparison of the proposed framework with representative

state-of-t

e-art methods evaluated on the CAP Sleep Database or closely related

EEG-based sleep disorder detection tasks.
The results indicate that methods exploiting multi-channel EEG or multimodal
signals generallyachievehigher classification accuracy as the combination of
complementaryphysiologicalsignals providesricher discriminativeinformation.
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o (e) Comparative performance of the three models
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Figure 10: Comparative performance of the three models across evaluation metrics.

Table 2: Comparison with state-of-the-art methods on EEG-based sleep disorder detection. N/A:
metric not reported. f: multi-channel EEG or multimodal signals. *: proposed method (single-
channel EEG, binary classification).

Reference Modality Method Acc. AUC F1 Prec. Rec.

Sharma et EEGt Wavelet+EBT92.8 N/A N/A N/A N/A
al. [30] (2021)  (2ch)

Masad et EEGT CWT+CNN 99.35 0.996 0.993 0.993 0.993

al. [31] (2024)  (6¢h)

Cheng et BEEG+ECG-MVEMGE 99.09 N/A N/A N/A N/A

al. [32] (2023)

Dhok et al. [33] EEG ID-CNN 8221 N/A 0818 N/A N/A

(2022) (1ch)

Sharma et EEG Triplet+Ens. 879 N/A N/A N/A N/A

al. [34] (2021)  (1ch)

CNN+4+CWTx EEG CWT+4+CNN84.0 0.890 — - -
(1ch)

TCNx EEG Raw+TCN 78.0 0.840 - - -
(1ch)

CNN+HHTx EEG HHT+4CNN 74.0 0.780 — - -
(1ch)

However, these approaches require more complex and expensive acquisition setups,
limiting their applicability in portable or home-based monitoring systems.

In contrast, the proposed framework operates exclusively on single-channel EEG
signals, making it more suitable for low-cost and wearable applications. Among
single-channel approaches, the proposed CNN + CWT model (accuracy: 84%, AUC:
0.890) achieves performance comparable to the 1D-CNN method of Dhok et al. [33]
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(82.21%), while additionally providing AUC-based discrimination metrics not re-
ported by most existing single-channel studies. Furthermore, unlike methods fo-
cusing on sleep stage classification [30, 34], the proposed framework targets binary
disorder detection, which is a more clinically relevant formulation for automated
screening applications.

It should be noted that direct numerical comparison across studies is inher-
ently limited by differences in experimental protocols, subject populations, epoch
lengths, and evaluation strategies. Nevertheless, the results confirm that the pro-
posed benchmarking framework constitutes a solid and reproducible baseline for
EEG-based sleep disorder detection using single-channel signals.

4.4. ROC Analysis

Figure [L1] presents the ROC curves for the three evaluated models. The CNN
+ CWT model achieves the highest AUC of 0.890, confirming its superior ability
to distinguish between normal and pathological EEG signals. The TCN model
obtains an AUC of 0.840, demonstrating that direct temporal modeling of raw EEG
signals constitutes a competitive alternative to time—frequency representation-based
approaches. The CNN + HHT model yields an AUC of 0.780, indicating acceptable
but comparatively lower discriminative performance. All three models substantially
outperform random classification (AUC = 0.500), validating the effectiveness of the
proposed framework.

5. Discussion

Overall, the results demonstrate that the CNN + CWT model achieves the
best performance among the three evaluated approaches, consistently outperform-
ing competing methods across all metrics, including accuracy, precision, recall, F'1-
score, and AUC. This confirms that Continuous Wavelet Transform representations
capture more discriminative time—frequency features from EEG signals compared to
purely temporal or Hilbert-based approaches.

The TCN model, trained directly on raw EEG signals without any explicit fea-
ture extraction, achieves competitive results with an AUC of 0.840 and a validation
accuracy of 78%, highlighting the potential of purely temporal deep learning archi-
tectures for biomedical signal classification. The CNN 4+ HHT model yields an AUC
of 0.780 and an accuracy of 74%, suggesting that while HHT-based representations
carry useful information, their sensitivity to noise and signal variability limits their
discriminative power compared to CWT-based features.

From a clinical standpoint, the proposed single-channel EEG framework demon-
strates encouraging potential for integration into low-cost, wearable, and real-time
sleep monitoring systems, reducing the burden of conventional polysomnographic
studies that require multi-channel recordings and expert annotation.

Several limitations of the current study should be acknowledged. First, the rel-
atively small number of subjects with certain pathologies (e.g., narcolepsy: n = 5,
SDB: n = 4) limits the statistical power of the evaluation and may affect generaliza-
tion. Second, the binary classification formulation, while clinically motivated, does
not distinguish between specific sleep disorder subtypes. Third, the CNN architec-
tures employed are generic and not specifically optimized for EEG-based biomedical
classification.
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(d) ROC curves for sleep disorder classification
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Figure 11: ROC curves for the three models.

Future work will focus on several directions. First, extending the framework
to multi-class classification to enable the discrimination of specific sleep disorder
subtypes. Second, investigating hybrid architectures that combine time—frequency
representations with temporal modeling, such as CNN-TCN or CNN-LSTM fu-

sion models.

Third, incorporating additional physiological signals such as EOG

and EMG to enrich the feature space and improve diagnostic accuracy. Finally,
validating the proposed framework on larger and more diverse clinical datasets to
assess its generalization capability across different recording conditions and patient

populations.

6. Conclusions

This paper presented a comprehensive benchmarking framework for evaluat-

ing the impact of different EEG signal representations on automated sleep disor-
der detection using deep learning. Three distinct approaches were systematically
compared: a Convolutional Neural Network (CNN) trained on Continuous Wavelet
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Transform (CWT) scalograms, a CNN trained on Hilbert-Huang Transform (HHT)
instantaneous amplitude maps, and a Temporal Convolutional Network (TCN) op-
erating directly on raw EEG signals. All models were evaluated on the publicly
available CAP Sleep Database under a rigorous subject-independent experimental
protocol.

The experimental results demonstrate that the CNN 4+ CWT model achieves
the best overall performance, with a validation accuracy of 84% and an AUC of
0.890, confirming the effectiveness of time-frequency representations for capturing
discriminative spectro-temporal patterns in EEG signals. The TCN model, despite
operating on raw signals without any explicit feature extraction, achieves compet-
itive results with an AUC of 0.840 and a validation accuracy of 78%, highlighting
the potential of purely temporal deep learning architectures for biomedical signal
classification. The CNN + HHT model yields an AUC of 0.780 and an accuracy
of 74%, suggesting that while HHT-based representations carry useful information,
their sensitivity to noise and signal variability limits their discriminative power com-
pared to CWT-based features.

From a clinical standpoint, the proposed single-channel EEG framework demon-
strates encouraging potential for integration into low-cost, wearable, and real-time
sleep monitoring systems, reducing the burden of conventional polysommnographic
studies that require multi-channel recordings and expert annotation.
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Abbreviations
AUC Area Under the ROC Curve
CAP Cyclic Alternating Pattern
CNN Convolutional Neural Network
CWT  Continuous Wavelet Transform
EEG Electroencephalogram
ECG Electrocardiogram
EMD Empirical Mode Decomposition
EMG  Electromyogram
EOG Electrooculogram
HHT Hilbert-Huang Transform
HSA Hilbert Spectral Analysis
IMF Intrinsic Mode Function
NREM Non-Rapid Eye Movement
OSA Obstructive Sleep Apnea
PSG Polysomnography
REM Rapid Eye Movement
RNN Recurrent Neural Network
SDB Sleep Disordered Breathing
SVM Support Vector Machine
TCN Temporal Convolutional Network
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