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Abstract

Sleep deprivation (SD) impairs cognition and heightens
safety risks, yet reliable electroencephalography (EEG)-
based detection remains challenging in low-data settings. We
evaluated transfer learning with a compact Convolutional
Neural Network (CNN) (EEGNetv4) to classify SD versus
well-rested wakefulness using an open-source EEG dataset
containing eyes-open resting-state data from 71 healthy
young adults. EEGNetv4 was initialized with publicly avail-
able weights pretrained on an Event-Related Potential (ERP)
dataset. Shape-compatible layers were transferred and frozen,
with the remaining layers trained on the target data. Base-
lines comprised EEGNetv4, a bidirectional Long Short-
Term Memory (LSTM), and a Transformer model, each
trained without pretraining. Five-fold subject-independent
cross-validation was used to evaluate model performance.
EEGNetv4 with transfer learning achieved the highest mean
accuracy (70.79% ± 4.17), outperforming EEGNetv4 trained
from scratch (65.75% ± 5.48), the Transformer (63.35%
± 2.78), and the LSTM (61.70% ± 3.20). These find-
ings suggest that leveraging pretrained EEG representations
can enhance subject-generalizable SD classification in small-
sample contexts, supporting transfer learning as a pragmatic
strategy for neurophysiological applications.

Introduction
Sleep is a fundamental biological process essential for cog-
nitive, emotional, and physiological health (Krause et al.
2017). Insufficient sleep is consistently associated with im-
pairments in executive function, decision-making, and psy-
chomotor vigilance (Lim and Dinges 2010; Van Dongen
et al. 2003). In safety-critical domains such as healthcare
and transportation, sleep-related fatigue has been linked to
higher rates of serious errors and accidents, underscoring the
need for reliable methods to detect and classify sleep depri-
vation (SD) (Landrigan et al. 2004; Williamson et al. 2011).

Electroencephalography (EEG) has emerged as one of the
most informative neurophysiological modalities for charac-
terizing sleep and its deprivation. EEG signals capture oscil-
latory brain activity across multiple frequency bands, pro-
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viding direct insights into the neural mechanisms underly-
ing fatigue, attention, and cognitive decline (Makeig et al.
2004; Klimesch 1999). Traditional approaches for analyz-
ing EEG in SD research have focused on handcrafted fea-
tures derived from spectral power, connectivity measures, or
statistical descriptors, which are then classified using con-
ventional machine learning models such as support vector
machines or random forests (Wan Masri et al. 2024; Baygin
2025; Ren et al. 2021; Dong, Lin, and Chang 2022). While
these approaches have yielded promising results, their re-
liance on manual feature engineering limits generalizability
across datasets and often requires large amounts of labeled
data for robust performance (Roy et al. 2019).

Recent advances in deep learning (DL) have shifted at-
tention toward data-driven methods capable of automati-
cally extracting hierarchical representations from raw EEG
signals. Convolutional neural networks (CNNs) and recur-
rent architectures such as long short-term memory (LSTM)
networks have demonstrated strong performance in vari-
ous EEG-based classification tasks, such as sleep staging,
by learning spatio-temporal features directly from the data
(Supratak et al. 2017; Chambon et al. 2018; Schirrmeister
et al. 2017). However, a central challenge in applying deep
learning to SD classification is the scarcity of large, labeled
datasets (Lashgari, Liang, and Maoz 2020; Craik, He, and
Contreras-Vidal 2019). EEG data are costly to acquire, and
public datasets are typically small and heterogeneous, which
increases the risk of overfitting and hampers model general-
ization (He et al. 2023).

Transfer learning (TL) offers a compelling solution to this
problem by leveraging knowledge learned from a source
task or dataset to improve performance on a target domain
with limited data (Zhuang et al. 2021; Azab et al. 2018).
In computer vision and natural language processing, trans-
fer learning has enabled substantial improvements in accu-
racy and efficiency (Azunre 2021; Brodzicki et al. 2020), yet
its application to EEG-based SD classification remains rela-
tively underexplored. By adapting pretrained models trained
on large-scale EEG or related datasets, it is possible to cap-
ture generalizable neural representations and fine-tune them
for SD detection, thereby reducing dependence on extensive
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labeled training data.
In this study, we investigate the feasibility of using a trans-

fer learning approach to classify SD using an open-source
EEG dataset. Our aim is to assess whether pretrained neu-
ral representations can enhance SD classification accuracy
compared to models trained from scratch, while maintain-
ing generalizability across subjects. This work contributes
to the development of reliable, scalable, and practical tools
for monitoring cognitive impairment associated with sleep
loss.

Related Work
Deep learning has been widely applied to EEG for tasks
such as automatic sleep staging and drowsiness detection,
leveraging convolutional and recurrent architectures to cap-
ture spatio-temporal dynamics in neural signals (Phan et al.
2021; Mousavi, Afghah, and Acharya 2019). These ap-
proaches have achieved strong performance in large-scale
datasets, but their reliance on extensive labeled data and sub-
stantial computational resources limits their applicability in
domains with smaller cohorts, such as SD classification. Al-
though open-source SD datasets have begun to standardize
evaluation protocols, they remain modest in size and subject
to high inter-individual variability, restricting the generaliz-
ability of purely DL-based approaches (Xiang et al. 2024).

To address these limitations, TL has emerged as a promis-
ing strategy. By pretraining on large EEG or sleep corpora
and subsequently fine-tuning on smaller target datasets, TL
can improve performance in low-resource contexts while
mitigating issues of overfitting. Several studies have demon-
strated the effectiveness of TL in the sleep domain, showing
that pretrained representations can be successfully adapted
for tasks such as sleep staging, sleep quality, and fatigue de-
tection (Wang et al. 2022; He et al. 2023; Zhang, Zheng, and
Lu 2017; Olesen et al. 2020). These studies highlight TL as
a viable solutions to overcome the data scarcity and hetero-
geneity that characterizes SD research.

Recent machine learning studies have also explored di-
rect EEG-based classification of SD. Masri et al. examined
the influence of channel selection using Random Forest, k-
Nearest Neighbors, Support Vector Machine, and Artificial
Neural Networks on data from 10 participants, reporting ac-
curacies as high as 99.7% with 19-channel recordings and
94% with only frontal channels (Wan Masri et al. 2024).
Similarly, Baygin introduced the Melatonin Pattern (Mel-
Pat) feature extraction method, which combined wavelet de-
composition, feature selection, and SVM classification to
achieve 97.7% accuracy on an open-access dataset of 71
subjects (Baygin 2025). While these studies demonstrate the
potential of EEG for SD detection, both relied on random
train–test splits rather than subject-level separation, raising
concerns about data leakage and limiting conclusions re-
garding cross-subject generalizability.

Methodology
Dataset
We used an open-access eyes-open resting-state EEG dataset
comprising 71 healthy young adults (34 females, 37 males;

age range 17-23 years, mean 20 ± 1.44 years) (Xiang et al.
2024). Participants reported no history of psychiatric or
sleep disorders, and compliance with normal sleep patterns
was confirmed via screening and actigraphy. Each subject
completed two sessions in a counterbalanced within-subject
design: (i) well-rested wakefulness and (ii) SD (24-30 h of
sustained wakefulness), separated by 7-30 days. Sessions
were scheduled within matched morning or afternoon time-
frames to minimize circadian effects, and both followed
identical protocols including cognitive testing (e.g., Psy-
chomotor Vigilance Task) prior to EEG recording. Resting-
state EEG was acquired using a 61-channel system (Brain
Products GmbH, Germany) at 500 Hz (impedance <5 kΩ)
during five minutes of eyes-open fixation. Data from one
participant were excluded due to incompleteness.

For transfer learning, we employed publicly available pre-
trained weights of EEGNetv4 (Lawhern et al. 2018), which
were originally trained on an ERP dataset (Lee et al. 2019)
included in the MOABB benchmark (Aristimunha et al.
2025). This dataset comprises recordings from 54 healthy
subjects, using a 62-channel Ag/AgCl electrode configura-
tion sampled at 1,000 Hz (nasion reference, AFz ground;
electrode impedance <10 kΩ). The experimental paradigm
used a visual row-column “speller” design augmented with
face stimuli to evoke P300 event-related potentials. Each
trial had a duration of 1 second, and the dataset contained
approximately 6,900 non-target and 1,380 target trials per
subject across two sessions.

Preprocessing
EEG data were pre-processed in MATLAB (The Math-
Works, Inc. 2024) using the EEGLAB toolbox (Delorme
and Makeig 2004). Signals from all 61 electrodes were re-
tained, downsampled to 256Hz, and bandpass filtered be-
tween 0.1-45Hz to remove slow drifts and high-frequency
noise while preserving neurophysiologically relevant activ-
ity. Artifacts were corrected using Independent Component
Analysis (ICA), with ocular and muscular components au-
tomatically identified through the ICLabel classifier. Com-
ponents exceeding a 70% probability threshold for artifact
classification were removed. The cleaned data were sub-
sequently re-referenced to the average reference. Contin-
uous recordings were segmented into non-overlapping 20-
second epochs. Epochs containing excessive noise, defined
as a standard deviation (STD) greater than 50 µV in any
channel, were discarded, resulting in the exclusion of 18.6%
of epochs. The remaining data were retained for downstream
analysis.

Models
We employed EEGNetv4, a compact convolutional neu-
ral network specifically designed for EEG decoding tasks.
EEGNetv4 integrates depthwise and separable convolutions
to efficiently learn both temporal and spatial filters, thereby
reducing the number of trainable parameters while preserv-
ing discriminative capacity. The architecture begins with a
temporal convolution layer, which acts as a frequency fil-
ter to capture oscillatory patterns in EEG signals. This is
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Figure 1: Overview of the training pipeline.

followed by a depthwise convolution layer that learns spa-
tial filters across multiple channels, mimicking traditional
spatial filtering techniques (e.g., common spatial patterns).
A separable convolution is subsequently applied to com-
bine spatial and temporal representations, further enhanc-
ing computational efficiency. Batch normalization, dropout,
and average pooling layers are interleaved throughout the
network to improve generalization and mitigate overfitting.
The network concludes with a fully connected classification
layer producing softmax outputs for class probabilities. The
architecture of the model is shown in Figure 1.

For comparative evaluation, we implemented two addi-
tional deep learning architectures. The LSTM model pro-
cessed multichannel EEG segments as sequences, with each
timestep represented by a 61-dimensional feature vector.
A single bidirectional LSTM layer with 128 hidden units
was employed to capture forward and backward tempo-
ral dependencies, followed by dropout regularization (0.3)
and a fully connected output layer for binary classification.
The Transformer model projected channel-wise inputs into
a 64-dimensional embedding space with sinusoidal posi-
tional encodings and a prepended learnable [CLS] token for
sequence-level representation. The architecture consisted of
stacked multi-head self-attention encoder layers with feed-
forward sublayers, residual connections, and normalization,
and the [CLS] embedding was passed through a classifica-
tion head to produce the final prediction.

Transfer Learning
For transfer learning, we initialized EEGNetv4 with weights
pretrained on the ERP dataset. The pretrained weights
were obtained from the Hugging Face model repository
guido151/EEGNetv4 (guido151 2024). Given architectural
differences between the source and target datasets, the in-
put dimensionality, number of EEG channels, and length
of the input window differed between the pretrained and
target models. Specifically, the pretrained EEGNetv4 was
trained on 19-channel ERP data with an input window of
128 time points per epoch, whereas our target dataset con-

sisted of 61 EEG channels with 5120 time points per epoch.
Consequently, only parameters whose dimensions matched
between the pretrained and target models were transferred.
Parameters in layers that depended on the input channel
number or input length were randomly initialized. To pre-
serve the learned temporal and spatial feature representa-
tions while adapting to the target dataset, we froze all lay-
ers for which pretrained weights were successfully loaded
and trained the remaining randomly initialized layers. This
strategy ensured that low-level convolutional filters, which
capture generic EEG signal features, remained intact, while
higher-level layers were fine-tuned to accommodate dataset-
specific characteristics. The classification layer was trained
from scratch, as the output dimensionality differed between
source and target tasks.

Experimental Settings

Model training and evaluation were conducted within a five-
fold subject-independent cross-validation framework. For
each fold, approximately 80% of the subjects were allocated
to the training set and the remaining 20% to the test set,
thereby preserving strict subject-level separation and miti-
gating data leakage.

All models were optimized using the AdamW optimizer
with a learning rate set to 1×10−4. Model training employed
the Binary Cross-Entropy with Logits loss function to han-
dle the binary classification task, with updates performed on
mini-batches of size 64. The models were implemented in
Python and executed using the PyTorch deep learning li-
brary (Paszke et al. 2019). The models were trained on an
NVIDIA RTX A6000 GPU.

Model performance in each fold was quantified by com-
puting the classification accuracy on the held-out test set. Fi-
nal results were reported as the mean and STD of accuracy
across the five folds, providing a robust estimate of general-
ization performance under subject-level cross-validation.
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Model Accuracy (%) STD (pp)

LSTM 61.70 3.20
Transformer 63.35 2.78
EEGNetv4 65.75 5.48
EEGNetv4 (Transfer Learning) 70.79 4.17

Table 1: Mean classification accuracy and standard deviation (STD) across five subject-independent folds. Accuracy values are
reported in percentages, and STD values are reported as percentage points (pp).

Figure 2: Model accuracy comparison under five-fold
subject-independent cross-validation.

Results
Table 1 summarizes the classification performance of the
evaluated models under five-fold subject-independent cross-
validation. The LSTM and Transformer baselines achieved
mean accuracies of 61.70% (STD = 3.20 percentage points
(pp)) and 63.35% (STD = 2.78 pp), respectively. EEGNetv4
trained from scratch outperformed both baselines, yielding
an accuracy of 65.75% (STD = 5.48 pp). The best perfor-
mance was obtained with the transfer learning approach,
where initializing EEGNetv4 with pretrained weights from
the ERP dataset improved accuracy to 70.79% (STD = 4.17
pp). The five-fold accuracies along with their mean and me-
dian are shown in Figure 2.

These results demonstrate that transfer learning provided
a clear advantage over both conventional sequence models
and the same CNN trained from scratch. Notably, the perfor-
mance gain relative to the non-transfer EEGNetv4 baseline
indicates that pretrained temporal and spatial filters general-
ized effectively to the SD classification task, thereby enhanc-
ing model robustness and generalization across subjects.

Conclusion
This study investigated the utility of TL for the classifica-
tion of SD versus well-rested wakefulness from resting-state
EEG. Using EEGNetv4 as the backbone model, we demon-
strated that initializing with pretrained weights significantly
improved classification accuracy compared to training the
same architecture from scratch. These findings highlight the
potential of TL to mitigate the limitations of dataset size,

a common constraint in neurophysiological research, by
leveraging generic spatio-temporal feature representations
learned from large external datasets. With TL, the model
achieved enhanced generalization across subjects, support-
ing the broader application of pretrained EEG models to
novel clinical and experimental contexts.

Future work will focus on extending this approach to
larger and more diverse cohorts, incorporating multimodal
data (e.g., behavioral and physiological markers), and eval-
uating advanced fine-tuning strategies such as layer-wise
adaptation or domain-specific pretraining. Such directions
hold promise for improving the sensitivity and reliability of
EEG-based biomarkers for sleep deprivation, with potential
translation into real-world cognitive monitoring and fatigue
management systems.
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