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ABSTRACT

Sleep stages classification using the signal analysis includes electroencephalogram (EEG), Electrooculography
(EOG), Electromyography (EMG), Photoplethysmogram (PPG), and electrocardiogram (ECG). In this study,
the proposed method using transfer learning to sleep stages classification. First, we have used the PPG and ECG
signals, because they are less complex. This signal has the least complexity, and in this article we used this
signal for transitional learning. n this study, we extracted 52 features from two signals and prepared for the
classification stage. This method includes two steps, (a) Train data PPG and Test data ECG, (b) Train data ECG
and Test data PPG. Results proved that our method has acceptable reliability for classification. The accuracy of

95.25% and 94.63% has been reached.
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1. INTRODUCTION

According to the American Academy of Sleep
Medicine (AASM) and (R&K) and [1,2], Sleep has 6
stages, Rapid-Eye Movement stage (REM), No
Rapid-Eye Movement stage (NREM), NREM stage 1,
NREM stage 2, and NREM stage 3. In the process of
sleep stages each 30 sec of signals, called an epoch [3,
4]. Sleep stage classification have been used the
signals EEG, EOG, EMG, ECG, PPG and etc. In last
years, have been used machine learning and deep
learning method for sleep stage classification.

In these years, deep learning and transfer learning
have been widely used in image processing, number

recognition and disease diagnosis. These methods are
always increasing and have even been widely used in
medicine. Not using manual methods with duplicate
data, an effective method in diagnosing diseases is a
very useful method due to the lack of data and data
variability. This study has two steps: (1) PPG Train
data and ECG test data and (2) ECG Train data and
PPG test data.

The first time for sleep stage classifications based on
deep learning was proposed in [5]. Extract features
from bio-signals for sleep stage classification. The
deep learning method proposed to classification of
sleep stage using bio-signals (EEG, EOG, PPG and
EMG). In [6] model is using CNNs network for
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features extract in EEG signal. The transfer learning
for classification of sleep stages using the data in
PhysioNet database [7,8,9]. The Transfer Learning
based on time-frequency image (TFI) for
classification of Sleep Stage [10,11].

2. PROPOSED METHODS

In This article, used the dataset online in [12] have
been used PPG signals.

In this study, using the time-frequency image (TFI) of
ECG and PPG signals, the sleep steps are
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classification with high accuracy by deep learning
method.

In this study, for the first time, using the time-
frequency image (TFI) from ECG and PPG signals,
the sleep steps are classified with high accuracy by
learning and extracting deep features.

TFI obtain using the Smoothed Pseudo Wigner-Ville
Distribution method in [13,14,15]. And the
ALEXNET network is used, with the difference that
in [3,16,17] 1000 fully connected layer (fc8) with
1000 features.
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Fig 1. All signals in the database
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Fig. 2. features extraction using Alex Net



3. RESULTS AND DISCUSSION

In the paper, for the first time, low-complexity signals
are used to detect sleep stages. In this method, we
extracted the time- frequency images (TFI) from
signal using the AlexNet pre-trained method. The
extracted features are obtained without manual
methods. 1000 features are extracted using the fully
connected (fc8) architecture to classify the sleep
stages used. In the final part, according to the
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transitional learning, the sleep stages were separated
with high accuracy. Transitional learning is that
training data and test data are completely different
from the two groups. The results are expressed in
these cases, which can be seen in the following tables.

All steps in this study, shown in Fig. 3.

As you can see in Fig. 3, all the steps from the
beginning to the end are presented in a flowchart.
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Fig. 3. All steps of sleep stages classification

Table 2. Accuracy and sensitivity of transfer learning

steps Train data Test data accuracy

1 PPG ECG 95.25%

2 ECG PPG 94.63%
Table 3. Accuracy of transfer learning

Steps Accuracy %

Our method 95.25

[1] 96.3

[2] 80.8

[3] 68

85



Table 2 shows the results of the classification of sleep
stages using the transfer learning method. It has two
steps, the first step is PPG signal training data and
ECG signal test data. The second step is ECG signal
training data and PPG signal testing data. According
to Table 3, the proposed method is compared with
other methods in other valid studies.

Table 2 shown Accuracy of sleep stage classification
using the deep transfer learning method, that this
method are good accuracy for detection sleep stages.

According to the results of Table 3, we conclude that

the method presented in this article has an acceptable
accuracy.

4. CONCLUSIONS

All processing steps have been using HP laptop with
the CORI7 processor and 4 GB RAM and using
MATLAB 2020b software.

In this paper, two low-complexity ECG and PPG
signals are used to classify sleep stages.

The frequency time image was extracted from the
signals, and then handless features were extracted.

1000 features based on fully connected architecture
(FC8) were extracted.

This method is different from the traditional methods
of feature extraction.

Finally, we used transfer learning method using two
signals with different domain to sleep stage
classification.
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