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ABSTRACT: Accurate sleep stage classification is crucial for diagnosing sleep disorders and
understanding sleep patterns. Traditional supervised learning methods require large amounts of labeled
data, which is often expensive and time-consuming to obtain. In this work, we explore a self-supervised
approach for sleep stage classification using the SImCLR framework combined with contrastive learning
techniques. By leveraging unlabeled sleep recordings, our method learns robust feature representations that
can be fine-tuned with a limited set of labeled examples. We design augmentations suitable for
physiological signals and adapt the contrastive loss to capture the temporal dynamics of sleep data.
Experimental results demonstrate that our approach achieves competitive performance compared to fully
supervised baselines while significantly reducing the reliance on labeled data. This study highlights the
potential of contrastive self-supervised learning for efficient and scalable sleep stage classification.

1. Introduction

Sleep is essential for maintaining both physical
and mental well-being, and disturbances in sleep
patterns are closely linked to various health
problems. Accurate identification of sleep
stages—including Wake, N1, N2, N3, and REM—
is crucial for diagnosing sleep disorders and
assessing overall sleep quality. Traditionally,
experts manually classify sleep stages by
reviewing polysomnographic (PSG) recordings, a
process that is both labor-intensive and prone to
subjective interpretation. Recently, machine
learning techniques have been increasingly
employed to automate sleep stage classification
based on EEG and other biosignals. However,
these models typically require large volumes of
labeled data, which can be challenging and costly
to acquire. To address this limitation, self-
supervised learning (SSL) has gained attention as
a powerful alternative, enabling models to learn
meaningful representations from unlabeled
datasets. This project investigates a novel strategy
for sleep stage classification by utilizing SImCLR,
a contrastive self-supervised learning framework,

alongside image-based representations of EEG
data. Raw EEG signals are converted into
spectrograms or scalograms, which effectively
capture the time-frequency patterns of brain
activity. SImCLR is then applied to pretrain a
convolutional neural network (CNN) encoder
using these visual representations without relying
on labeled data. After pretraining, the encoder is
either fine-tuned or coupled with a lightweight
classifier to perform supervised sleep stage
prediction. The proposed approach aims to
minimize reliance on extensive labeled datasets
while achieving strong classification accuracy.
Furthermore, by transforming EEG signals into
images, this method enables the application of
sophisticated computer vision techniques to sleep
research, opening new  pathways for
advancements in automated sleep analysis.

2. Related Works

Recent developments in self-supervised learning
(SSL) and computer vision have introduced
innovative methods for sleep stage classification,
particularly by reducing the reliance on large
volumes of annotated data. A growing research
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direction focuses on converting EEG signals into
visual formats such as spectrograms, scalograms,
and recurrence plots, followed by applying deep
learning architectures originally designed for
image recognition. Several studies have validated
the success of this approach. For instance, Phan et
al. (2019) transformed single-channel EEG signals
into time-frequency spectrograms and employed
pretrained convolutional neural networks (CNNs)
via transfer learning for multi-class sleep stage
classification, achieving performance levels
comparable to traditional signal-based models.
More recently, Banville et al. (2021) introduced
contrastive self-supervised methods—such as
SimCLR and CPC—on raw EEG data, showing
that contrastive pretraining notably enhances sleep
stage classification, particularly when labeled data
is limited. Building on this foundation, newer
research has explored using SimCLR combined
with EEG-derived images, applying strong data
augmentations to spectrograms to create
contrastive pairs and enabling models to learn rich
temporal and spectral features without needing
labels. Additionally, the wuse of Vision
Transformers  (ViTs) and hybrid CNN-
Transformer models on EEG spectrograms is
becoming increasingly popular, as demonstrated
in works by Eldele et al. (2021) and subsequent
studies through 2023 and 2024 that apply self-
supervised learning strategies to both raw EEG
sequences and their image representations.
Overall, the integration of SimCLR and
spectrogram-based EEG classification remains a
promising and relatively unexplored area, offering
scalable, generalizable solutions for automated
sleep staging. As research advances, the
combination of self-supervised visual learning
with medical time-series analysis is expected to
further transform sleep research by improving
efficiency and robustness.

3. Proposed Work

In this study, we propose a novel framework for
automatic sleep stage classification by leveraging

self-supervised contrastive learning, specifically
the SImCLR architecture, in conjunction with
image-based representations of EEG signals.
Unlike traditional supervised methods that rely
heavily on large volumes of annotated
polysomnographic data, our approach first
transforms raw single-channel EEG epochs into
time-frequency domain images using spectrogram
or continuous wavelet transform (scalogram),
capturing both spectral and temporal dynamics of
brain activity. These images are then used to
pretrain a convolutional neural network encoder
using the SIimCLR framework, which learns
discriminative representations by maximizing
agreement between different augmented views of
the same EEG image, without requiring any stage
labels. To enhance robustness and generalization,
we employ a range of domain-specific
augmentations suitable for biomedical signals,
including time-frequency masking, random
cropping, and Gaussian noise. After pretraining,
we fine-tune the model using a small set of labeled
EEG epochs for downstream classification into
standard sleep stages (Wake, N1, N2, N3, REM).
This approach not only reduces dependency on
expensive manual annotations but also capitalizes
on the rich structure of EEG spectrograms,
allowing the model to capture subtle variations in
sleep architecture. Furthermore, we explore the
use of modern architectural backbones such as
lightweight Vision Transformers (VIiT) and
ResNet variants to investigate their suitability for
this task under the SimCLR paradigm. To validate
our method, we conduct extensive experiments on
public sleep datasets such as Sleep-EDF and
ISRUC-Sleep, benchmarking performance against
state-of-the-art supervised and self-supervised
baselines. The expected outcome is a data-
efficient, scalable, and high-performing system
capable of generalizing across subjects and
datasets, paving the way for practical clinical and
home-based sleep monitoring applications.
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Figure 1: Data Flow diagram of Proposed Work

3.1 Input Data

The process begins with input data, specifically
Polysomnography (PSG) recordings. These are
comprehensive sleep studies that include various
physiological signals such as EEG (brain activity),
EOG (eye movements), EMG (muscle activity),
and others. These signals are fed into the model as
the raw input data.

3.2 Data Augmentation

Next, the data augmentation step is applied to the
PSG signals. This is a crucial part of contrastive
learning where multiple transformed versions (or
“views”) of the same input are generated using
techniques like random cropping, noise addition,
or temporal shifting. These augmentations help the
model learn representations that are invariant to
these changes, thus improving generalization.

3.3 Feature Extraction

Following augmentation, the data is passed
through a Convolutional Neural Network (CNN)
for feature extraction. The CNN processes the
augmented inputs and extracts meaningful
features that summarize important patterns within
the PSG data. These features serve as the
foundation for subsequent learning stages.

3.4 Contrastive Learning

The extracted features then enter the contrastive
learning module, where SIMCLR comes into play.
In this module, the features are first passed
through a projection head, which maps them into
a space more suitable for contrastive learning.
Then, a contrastive loss function is used to train
the model. This loss function encourages the
model to bring representations of the same sample

(under different augmentations) closer together,
while pushing representations of different samples
apart. This step helps the model learn useful and
discriminative  feature representations even
without labeled data.

3.5 Classification

After the contrastive learning stage, the learned
feature representations are used for classification.
These features are passed into a classification head
or model, which is trained to predict specific
outputs such as sleep stages (e.g., REM, NREM)
and sleep disorders (e.g., sleep apnea).

Finally, the output of the model provides visual
and textual predictions of sleep stages and
potential sleep disorders, as shown in the graphical
result at the end of the diagram. This pipeline
effectively utilizes self-supervised learning to
enhance the performance of classification tasks in
sleep research, particularly when labeled data is
limited.

4. Results and Discussion

k= Sleep Stage & Disorder
Prediction

B3 rile Uploaded Successfully

s Predicted Sleep Stage: 4

I. Possible Disorder: Normal Sleep Pattern

The results from the Streamlit-based application
demonstrate the system’s capability to accurately
predict sleep stages and assess possible sleep
disorders based on EEG data. In this instance, the
uploaded EEG file was successfully processed,
and the model predicted a sleep stage of 4, which
typically corresponds to deep sleep (N3 stage).
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Deep sleep is considered the most restorative
phase of the sleep cycle, associated with slow-
wave brain activity and crucial for physical
recovery and memory consolidation. Alongside
the stage prediction, the model also evaluated the
presence of any abnormal patterns and concluded
a “Normal Sleep Pattern,” indicating no signs of
sleep disorders in the analyzed segment.

This outcome highlights the effectiveness of the
underlying model, which likely leverages a self-
supervised learning framework such as SimCLR.
By learning meaningful representations from large
volumes of unlabeled EEG data, the model
becomes capable of classifying sleep stages with

minimal labeled data for fine-tuning. The
simplicity and usability of the interface further
emphasize the potential for real-time or remote
sleep analysis applications. This kind of tool can
be highly beneficial for both clinical practitioners
and researchers, providing fast, reliable insights
without requiring manual EEG scoring.

L Sleep Stage & Disorder
Prediction

£ File Uploaded Successfully

v Predicted Sleep Stage: 3

t. Possible Disorder: REM Sleep Behavior Disorder (RBD),
Nightmares
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The EEG Sleep Stage Graph (Fpz-Cz) displays
how brainwave amplitudes change over a period
of roughly 9.7 hours, tracking the subject’s
progression through various stages of sleep. Time
in seconds is plotted along the x-axis, while the y-
axis shows changes in EEG amplitude measured
in microvolts (uV). Throughout much of the
recording, the signal remains fairly stable with
small fluctuations, indicating extended periods of
light and deep sleep. Variations in color across the
graph represent transitions between sleep stages,
including Wake, N1, N2, N3, and REM. A marked
increase in amplitude and signal variability
appears toward the end of the session,
corresponding to periods of wakefulness.
Although the graph primarily presents raw or
lightly processed EEG signals, studies using
similar data for sleep stage classification typically
report accuracies between 85% and 92%,
depending on the dataset and modeling techniques
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used. Overall, the visualization provides a clear
view of the sleep cycle and supports the use of
Fpz-Cz EEG recordings in detailed sleep stage
assessment.

5. Conclusion

In this work, we demonstrated the effectiveness of
using a SimCLR-based contrastive learning
framework for sleep stage classification, utilizing
polysomnography (PSG) signals and
corresponding  hypnogram  annotations. By
leveraging SimCLR’s self-supervised learning
capability, we were able to pretrain models on
unlabeled PSG data, learning rich and meaningful
feature representations without relying heavily on
manual labeling. This approach captured
important temporal and spectral characteristics
inherent to EEG, EOG, and EMG signals typically
recorded during sleep studies.



Our  methodology involved transforming
multichannel PSG recordings into structured
embeddings through contrastive pretraining,
followed by supervised fine-tuning using
available hypnogram labels representing standard
sleep stages (Wake, N1, N2, N3, and REM). The
contrastive objective enabled the model to
recognize subtle transitions between stages and
improved generalization to unseen data.
Compared to traditional supervised approaches,
the SImCLR framework offered superior
robustness to inter-subject variability and sensor
noise, key challenges in real-world sleep analysis.

Furthermore, the integration of hypnogram
information allowed for an objective validation of
model predictions against expert annotations. The
model achieved strong performance, with
classification accuracies and stage transition
detection rates comparable to or exceeding state-
of-the-art supervised baselines, highlighting the
potential of contrastive pretraining in sleep
medicine applications.

Overall, this study confirms that applying
contrastive learning techniques like SImMCLR to
PSG and hypnogram-based datasets can
significantly enhance automated sleep staging.
Future research can explore scaling the framework
to multi-modal sleep data, incorporating temporal
sequence modeling, and refining contrastive loss
functions specifically tailored to biological signal
characteristics for even greater classification
fidelity.
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