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Abstract 

Automated sleep grading is an alternative to the time-

consuming gold standard manual scoring system. Most 

existing methods use convolutional layers and recurrent-

based architectures to build sleep-scoring systems. In this 

paper, we proposed a sleep stage classification method 

using the single-channel ECG, which is called ECG-

SleepNet. After data preprocessing, we designed CNN 

layers, SE blocks, and LSTM layer for feature extraction, 

and multi-head attention mechanism for temporal context 

encoder, then we used weighted cross entropy as class-

aware loss of the classifier. Finally, feedback regulation 

mechanism to perform the three classification of sleep 

stages – wake, non-rapid eye movement, and rapid eye 

movement. We conducted experiments on the Haaglanden 

Medisch Centrum sleep staging dataset which achieved 

overall accuracy of 79.98% and kappa score of 0.61. Our 

comparative experiments with similar studies showed that 

our model was superior to most other studies. The 

performance of our method also confirms that the features 

captured by multi-head self-attention and  class-aware loss 

function are useful for sleep staging. 

 

 

1. Introduction 

Sleep stage is important to both sleep professionals and 

researchers. According to the American Academy of Sleep 

Medicine (AASM), human sleep is divided into three 

stages: Wake (W), Non-Rapid Eye Movement (NREM), 

and Rapid Eye Movement (REM) [1]. Sleep staging has 

long relied on sleep specialists to perform this labor-

intensive and time-consuming task manually [2]. More 

recently, many studies have used machine learning models 

to automatically classify ECG periods into appropriate 

stages, such as the Support Vector Machine (SVM) [3, 4], 

Random Forest (RF) [5-7], and XGBoost [8], etc. These 

methods use empirical mode decomposition or wavelet 

transform to design representative features for model 

classification. However, this technique requires a deep 

understanding of sleep-related functions, which may 

require attention and time [9]. Deep learning has become 

the state of the art in all fields, including automatic sleep 

staging [2, 8, 10]. The existing deep learning models for 

sleep staging are primarily composed of convolutional 

neural networks [11] (CNNs). For example, [12] used a 

CNN architecture to extract features from the raw data, and 

then exploited the long short-term memory (LSTM) to 

learn transition rules through sleep stages. In [13], heart 

rate variability (HRV) and respiratory signals were 

calculated and 25 features were extracted, and then the 

LSTM model was used for sleep stage classification. 

However, CNNs and RNNs also have limitations due to 

their recurrent nature, i.e., they usually have high model 

complexity, so it is difficult to train them in parallel, in 

addition, most of the existing research always need ECG 

experts to manually engineer features such as HRV, RR 

interval and R-peak amplitude (RA), and so on.  

In addition to the selection of classification models, 

sleep staging must also address the problem of data 

imbalance since humans spend different amounts of time 

in each stage. Oversampling is a common strategy to deal 

with this problem. However, oversampling techniques 

expand the training data and thus increase the training time.  

To address the above issues, we propose a novel deep 

learning framework that can automatically extract features 

from the raw ECG signals through the constructed ECG-

SleepNet, which combines CNN layers, squeeze-and-

excitation (SE) blocks, LSTM layer, and multi-head 

attention mechanism. In addition, we use cross-validation 

to enhance the stability of the model, and a class-aware loss 

function to handle the class imbalance without introducing 

additional computations, which outperforms the traditional 

cross-entropy (CE) loss function in both classification 

performance and handling imbalanced data. 

 

2. Methodology and Experiments 

2.1. Data source  

The Haaglanden Medisch Centrum (HMC) sleep center 

in the Netherlands collected a diverse dataset of 151 

whole-night polysomnographic (PSG) sleep recordings in 

2018 [14]. This collection includes data from 85 male and 

66 female participants with a mean age of 53.9 ± 15.4 years. 
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These patient recordings were randomly selected from a 

heterogeneous population referred to the HMC Sleep 

Center for PSG evaluation for a variety of sleep disorders. 

For our analysis, we use the ECG channel from the 

recordings, which were sampled at a frequency of 256 Hz.  

 

2.2. Model and Experimental Design 

2.2.1 Data preprocessing 

For data preprocessing, our focus is  limited to the ECG 

channel to critically evaluate the ECG-SleepNet model. 

The preprocessing protocols for all datasets involve 

segmenting the ECG data into 30-second epochs to ensure 

synchronization with the accompanying labels. Epochs 

which labels are "movement" and "unscored" are 

appropriately excluded. Following AASM guidelines, we 

assimilate the "N1", "N2", "N3", and "N4" categories into 

“NREM” category. To sharpen our analysis of distinct 

sleep cycles, our study only includes the 30 minutes of 

wakefulness that preceded each sleep session. 

 

2.2.2 ECG-SleepNet Design 

Fig. 1 illustrates the overall framework of our ECG-

SleepNet model. It consists of three main blocks, namely, 

1) feature extraction, 2) temporal context encoder and 3) 

classification.  

First, the original ECG signals after data preprocessing, we 

designed a 4-convolutional-layer CNNs, SE Blocks and 

LSTM for feature extraction. Second, we develop a TCE 

module to capture the long-term dependencies in the input 

features. The core component of TCE is the multi-head 

attention supported by causal convolutions. Third, the 

classification decision is done by a fully connected layer 

with a SoftMax activation function. We also leverage a 

class-aware cost-sensitive loss function to handle the data 

imbalance issue. 

 

(1) Feature Extraction 

In each convolutional layer of the CNN layers, there is 

a batch normalization layer, succeeded by an activation 

function in the form of a Gaussian error linear unit (GELU) 

[15]. Using the first convolutional layer as an illustration, 

Conv1D (64, 50, 1) is a one-dimensional convolutional 

layer indicating 64 channels, a kernel size of 50, and a 

stride of 1. Likewise, Maxpool1D (2, 2) is a max pooling 

layer specifying a kernel size of 2 with a stride of 2. 

Dropout layers with a dropout rate of 0.5 are used to 

mitigate network overfitting. The feature maps obtained 

from the CNN layers undergo subsequent processing in an 

LSTM layer with 128 units. 

In each SE block, global mean pooling is first applied to 

the input feature map, resulting in a channel-wise 

descriptor. This descriptor is then processed through two 

fully connected layers, where the first layer reduces the 

dimensionality by a factor r (reduction ratio) and the 

second layer restores the original dimensionality. The 

output of the second fully connected layer is passed 

through a sigmoid activation function to produce a set of 

channel-wise weights. These weights are then used to scale 

the input feature map, enhancing the representation of 

important features while suppressing less useful features. 

This adaptive recalibration process allows the model to 

focus on the most informative features of the task at hand, 

thereby improving model performance. 

 

(2) Temporal context encoder 

MHA improves the self-attention in two main aspects. 

First, it expands the model’s capability to focus on 

different positions, as the encoding of each head knows 

about the encodings of the other heads as well. This 

improves the model ability to learn temporal dependencies. 

Second, splitting the input features into different partitions 

increases the representation subspaces. Therefore, the 

generated attention weights for each subspace are more 

representative to the importance of each partition, and 

concatenating these representations produces better overall 

representation, which enhances the classification accuracy. 

In our ECG-SleepNet model, MHA leverages the causal 

 

Figure 1. Overall framework of the proposed ECG-SleepNet model for automatic sleep stage classification. 
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convolutions to encode the positional information of input 

features and capture their temporal relations. The causal 

convolutions have an advantage of fast and parallel 

processing. 

 

(3) Loss Function and Optimization  

We use the weighted cross-entropy loss as the loss 

function of the model. The function below is the weighted 

cross-entropy loss (𝐽𝑊𝐶𝐸):  

𝐽𝑊𝐶𝐸 = 𝑊 × 𝐽𝐶𝐸  (𝑦, 𝑝),                        (1) 

where 𝐽𝐶𝐸(𝑦, 𝑝) = 

−
1

𝑁
{∑ ∑ [𝑦𝑛

𝑐 log(𝑦̂𝑛
𝑐) + (1 − 𝑦𝑛

𝑐) × log(1 −𝐶
𝑐=1

𝑁
𝑛=1

𝑦̂𝑛
𝑐)]}.                       (2) 

In Eq. (2), 𝐽𝐶𝐸 is the traditional cross-entropy loss 

function, y represents the true label, and p represents the 

probability that the model predicts that the sample belongs 

to each category. N is the number of samples. 𝑦𝑛
𝑐    and 𝑦̂𝑛

𝑐 

represent the real and the predicted label, respectively. W 

is a set of class weights. 

To evaluate the effectiveness of our model, we use a 

subject-independent evaluation method. Specifically, we 

use k-fold cross-validation [16] for both training and 

testing. Given a dataset with 𝑁𝑑 subjects, during each fold, 

the recordings of 𝑁𝑑 − (𝑁𝑑/𝑘) subjects serve as the 

training set, while recordings from (𝑁𝑑/𝑘)  subjects are 

designed for testing. We have consistently set the value of 

k at 20. After repeating the process k times, the predicted 

results from all test sets across all folds are combined to 

provide a comprehensive assessment. 

To enable parameter optimization, training, and 

evaluation of the deep learning model, we choose Python 

3.10 as the programming language and TensorFlow 2.13.0 

as the deep learning framework; moreover, two NVIDIA 

RTX A5000 GPUs are used to accelerate the computations. 

During the training process, we employ Early Stopping to 

prevent overfitting, setting the patience parameter to 5 to 

stop training and restore the best weights when the 

performance on the validation set no longer improved. We 

use the "ReduceLROnPlateau" method to adjust the 

learning rate during training. Finally, we use Adam [17] as 

the optimizer to minimize our class-aware loss and learn 

model parameters. 

 

2.3. Evaluation Metrics 

To assess the classification performance per class, we 

employ precision (PR), recall (RE), F1-score (F1), and G-

mean (GM) as metrics. Moreover, accuracy (ACC), micro 

F1-score (MF1), Cohen's Kappa (κ) [18], and macro-

averaged G-mean (MGm) are utilized to evaluate the 

overall classification performance. Assuming that the true 

positive, false positive, true negative, and false negative of 

𝑖  th class are represented by 𝑇𝑃𝑖 , 𝐹𝑃𝑖 , 𝑇𝑁𝑖 , and 𝐹𝑁𝑖 

respectively. 

 

3. Results and Discussions 

3.1. Data analysis and pre-processing 

In HMC dataset, It has 137243 epochs, including 13686 

wake epochs, 92302 NREM epochs, and 21255 REM 

epochs. A comparison of the resulting overnight sleep 

statistics for both our ECG-SleepNet model and manual 

scoring is shown in Table 1. In this table we show the mean 

and standard deviation as calculated over the recordings. It 

can be observed that the estimated overnight sleep 

statistics using our proposed methodology are very close 

to those calculated from the human scorers, especially for 

the time spent in the N1 stage. 

 

Table 1. Sleep measures summary assessed with manual 

annotation and ECG-SleepNet annotation (Means ±
standard deviations). 

Annotation  Manual Automatic 

TWT(min) * 78.4 ± 64.0 88.9 ± 59.7 

TST (min) * 376.0 ± 87.5 394.6 ± 82.2 

SE (%)* 82.8 ± 13.9 84.7 ± 16.6 

WASO (min) 60.0 ± 53.6 67.2 ± 64.5 

Abbreviations: TWT — total wake time; TST — total sleep time; SE 
— sleep efficiency; WASO — wake after sleep onset; W — wake; and R 

— rapid eye movement sleep stage. 

* Due to we did the unified data processing, the TWT, TST, SE and 
WASO in four datasets are not representing the real-life scenario, but 

simply for comparison. 

 

The results of the Bland-Altman graph, in Fig.2, showed 

that the sleep indices obtained using the manual scoring 

and the proposed method were similar in terms of the SE 

and WASO but considerably different in terms of the TST. 

Because body movement indirectly affects the assessment 

of the sleep indices, if a subject’s movement during sleep 

was unusual (e.g., with low sleep efficiency), the WASO 

and TST could not be accurately reported using the 

proposed method, and further examinations would be 

required.  

 

 

 

(a)                       (b)                         (c)        

Fig. 2.  Bland-Altman graphs for each sleep index in 

HMC dataset. (a) SE, (b) WASO, and (c) TST. The X axis 

and Y axis represent the mean of the measurements of the 

experts and those of the proposed method and the 

difference between the results of the manual and the 

automatic method, respectively.  
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3.2. Sleep Staging Performance 

Shown in Table 2 is the evaluation result of the ECG-

SleepNet model on the HMC dataset. The results include 

the confusion matrix, as well as the per-class evaluation 

metrics, including PR, RE, and F1. In our experiments, the 

rows of the confusion matrix represent the true labels, and 

the columns represent the predicted labels. The ECG-

SleepNet model shows commendable performance in 

identifying the "W", "NR", and "R" sleep stages. And the 

overall performance of accuracy, MF1, kappa score and 

MGm are 79.98%, 88.87%, 0.61 and 74.32%, respectively. 

 

Table 2. confusion matrix and per-class metrics of ECG-

SleepNet sleep staging model on HMC dataset. 
 Predicted Per-class Metrics 

W NR R RE 

(%) 

PR 

(%) 

F1 

(%) 

GM 

(%) 

W 17167 6431 88 72.48 62.02 66.84 81.10 
NR 8478 83264 560 90.21 83.61 86.79 75.80 

R 2037 9886 9332 43.90 93.51 59.75 66.08 

 

4. Conclusion 

In conclusion, we have presented a comprehensive 

approach to sleep stage classification using a deep learning 

model that combines the strengths of CNN, SE block, 

LSTM, and multi-head attention mechanism. Our model 

also has excellent performance on accuracy and Cohen’s 

Kappa in terms of HMC dataset, which achieved 79.98% 

accuracy and 0.61 kappa score. The proposed ECG-

SleepNet model effectively captures the complex patterns 

and features of raw ECG data to accurately classify sleep 

stages. 
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