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Arrhythmia refers to an irregular heart rhythm resulting from disruptions in the heart's electrical 

activity. To identify arrhythmias, an electrocardiogram (ECG) is commonly employed, as it can 

record the heart's electrical signals. However, ECGs may encounter interference from sources 

like electromagnetic waves and electrode motion. Several researchers have investigated the 

denoising of electrocardiogram signals for arrhythmia detection using deep autoencoder 

models. Unfortunately, these studies have yielded suboptimal results, indicated by low Signal-

to-Noise Ratio (SNR) values and relatively large Root Mean Square Error (RMSE). This study 

addresses these limitations by proposing the utilization of a Deep LSTM Autoencoder to 

effectively denoise ECG signals for arrhythmia detection. The model's denoising performance 

is evaluated based on achieved SNR and RMSE values. The results of the denoising evaluations 

using the Deep LSTM Autoencoder on the AFDB dataset show SNR and RMSE values of 56.16 

and 0.00037, respectively. Meanwhile, for the MITDB dataset, the corresponding values are 

65.22 and 0.00018. These findings demonstrate significant improvement compared to previous 

research. However, it's important to note a limitation in this study—the restricted availability of 

arrhythmia datasets from MITDB and AFDB. Future researchers are encouraged to explore and 

acquire a more extensive collection of arrhythmia data to further enhance denoising 

performance. 
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INTRODUCTION 

Cardiovascular disease, identified by the World Health 

Organization (WHO) as the leading global cause of death [1], has 

been a significant contributor to high mortality rates in China, as 

reported by Liu, et al. [2] in early 2022. A critical aspect of 

cardiovascular issues is arrhythmia, a condition marked by 

irregularities in the heart's rhythm, involving disturbances in the 

frequency, regulation, and origin of its electrical impulses [3]. 

Arrhythmias, including more severe forms like Atrial Fibrillation 

(AF), can significantly contribute to the progression of heart 

disease. Atrial fibrillation (AF) is identified as the most prevalent 

clinical arrhythmia, carrying substantial risks to patient health and 

markedly increasing morbidity, mortality, and healthcare costs 

[4]. The main signal utilized for examining arrhythmias is the 

electrocardiogram (ECG) signal. 

 

The main method in medical practice for evaluating the electrical 

activity of the human heart is through the recording and analysis 

of the Electrocardiogram (ECG) signal [4, 5]. The identification 

of morphological changes in ECG signals serves as a crucial tool 

for doctors in detecting and predicting heart diseases, including 

arrhythmias. Arrhythmia, the most prevalent heart rhythm 

disorder, is identifiable by observing deviations in the ECG 

signal. Even minor alterations in the ECG pattern possess the 

potential to instigate cardiac arrhythmias, leading to fluctuations 

in heart rate and disruptions in heart muscle conduction. 

Clinically, symptoms of arrhythmia manifest as chest pain, 

fatigue, and instances of patient loss of consciousness [6]. Cardiac 

arrhythmias encompass various types, with some posing life-

threatening risks, while others are less severe but still necessitate 

comprehensive analysis to avert potential clinical complications 

[7]. 

 

ECG signals are highly susceptible to noise, and the accuracy of 

arrhythmia analysis is compromised when noise is present [8, 9]. 

Numerous studies [9-12] have explored the use of deep 

autoencoder-based ECG signal denoising to enhance arrhythmia 

detection, but they face challenges, and the obtained results often 

fall short of optimal. This is evident through low Signal-to-Noise 

Ratio (SNR) and Root Mean Square Error (RMSE) values. SNR 

serves as a metric comparing the quality of the desired signal to 

the existing noise [11]. In the context of ECG signal denoising for 

arrhythmia detection, a high SNR indicates that the ECG signal 

reconstructed by the Deep Autoencoder exhibits high clarity and 

accuracy with minimal noise. This clarity is crucial for ensuring 

that the analyzed ECG signals for arrhythmia detection are easily 
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interpretable and provide precise diagnostic information. 

Conversely, a low RMSE signifies that the Deep Autoencoder 

model effectively removes noise and variability, resulting in a 

reconstructed signal that closely aligns with the original signal 

with minimal error [8]. The pursuit of optimal SNR and RMSE 

values involves experiments with various Deep Autoencoder 

configurations, including the exploration of the number of layers, 

the number of units in each layer, and different training methods 

in those studies. 

 

Numerous researchers, including Chiang, et al. [11], Singh and 

Sharma [9], have delved into autoencoder denoising applied to 

arrhythmia signals. Chiang, et al. [11] specifically explored the 

efficacy of a Fully Connected Network (FCN) in detecting 

arrhythmia signals, noting a remarkable improvement of 31.83% 

in SNRᵢₘₚ and a significant relative reduction in RMSE by 

32.98% when compared to alternative models like DNN and 

CNN. Similarly, Singh and Sharma [9] developed a model 

surpassing prior efforts, achieving an average SNR improvement 

of 19.07 ± 1.67 and PRD of 11.0% at 0-dB SNR. Their models 

exhibited robust classification performance, validated through a 

five-fold cross-validation strategy. Deevi, et al. [12] achieved 

noteworthy results in their denoising research, obtaining SNR 

values of 22.4501%, 13.8266%, and 17.0403%, with the highest 

accuracy reaching 99.53%. Hou, et al. [8]  applied a denoising 

autoencoder to an arrhythmia dataset, resulting in a substantial 

increase in SNR by 88.57%. Meanwhile, Shi, et al. [13]  

contributed to the field by conducting research on arrhythmia 

classification using a denoising autoencoder, achieving an 

average SNR of 17.48dB. These collective findings showcase 

advancements in autoencoder-based denoising techniques for 

improving the analysis and detection of arrhythmia signals. 

 

This study aims to overcome the limitations observed in previous 

research, specifically targeting suboptimal denoising 

performance characterized by low Signal-to-Noise Ratio (SNR) 

levels and large Root Mean Square Error (RMSE) values. To 

tackle this challenge more effectively, the research proposes a 

study that combines deep learning techniques with signal 

processing methods. The overarching goal is to enhance 

denoising performance, evident through increased SNR and 

decreased RMSE values. The research focuses on developing a 

layer-denoising autoencoder model for the denoising of ECG 

signals, utilizing the Deep LSTM Autoencoder. The performance 

of this model in detecting ECG signals will be rigorously 

compared with the work conducted by Marwan, et al. [14], with 

a specific emphasis on evaluating SNR and RMSE metrics. 

Through this comparative analysis, the study aims to demonstrate 

the effectiveness of the proposed approach in achieving superior 

denoising results, thereby contributing to advancements in signal 

processing for ECG analysis. 

 

METHODOLOGY 

Marwan, et al. [14] employed single and double hidden layer 

autoencoder methods to denoise ECG signals. However, these 

methods exhibited limitations as the achieved SNR and RMSE 

results were not notably high. To tackle this issue, our research 

aims to enhance SNR and RMSE outcomes by integrating a deep-

learning autoencoder algorithm. 

Materials 

Data Sources 

The ECG data utilized in this study originate from the MIT-BIH 

Atrial Fibrillation Database (AFDB), detailed in [6, 15, 16] and 

the MIT-BIH Arrhythmia Database (MITDB) discussed in 

research [17-19] . The MITDB database serves as a reference for 

arrhythmias, while the AFDB database is specifically a reference 

for Atrial Fibrillation (AF). Notably, two datasets in AFDB, i.e, 

data 00735 and 03665, will be excluded from our research due to 

being empty datasets, as noted by [4, 20]. 

Hyperparameter For Experiments 

Hyperparameters are critical parameters influencing the 

outcomes of model training. These parameters encompass the 

number of epochs, batch size, and window size. Table 1, 

Hyperparameters, outlines the specific hyperparameters 

employed in training the model for this research, aligning with 

the explanations provided by Marwan, et al. [14]. Table 1 shows 

the hyperparameters used for training the models. 

 

Table 1. Hyperparameters Used for Training the Models 

Parameter MITDB AFDB  

Epoch 

Batch Size 

100 

128 

100 

128 

 

Window Size 1 1  

Optimizer 

K-Fold 

EarlyStopping 

Adam 

5 

10 

Adam 

5 

10 

 

Metrics 

The evaluation metrics applied to assess the proposed algorithm's 

performance in this research are consistent with those employed 

by Hou, et al. [8]. The evaluation metrics considers two main 

aspects: reconstruction quality and compression efficiency, 

gauged through various metrics. Key performance criteria are 

defined by SNR and RMSE [13]. Furthermore, equations (1) and 

(2) present the formulas for both SNR and RMSE: 

 

𝑆𝑁𝑅 = 10 × 𝑙𝑔
∑ (𝐷₀(𝑖) − 𝐷ₘ)²𝑛

𝑖=1

∑ (𝐷₀(𝑖) − 𝐷ᵣ(𝑖))²𝑛
𝑖=1

 (1) 

  

𝑅𝑀𝑆𝐸 = √
∑ (𝐷₀(𝑖) − 𝐷ᵣ(𝑖))²𝑛

𝑖=1

𝐿
 (2)  

 

 

In this context, let the original signal be denoted as Do, the 

reconstructed signal as Dr, and the average value of the original 

signal as Dm, with the signal length represented by L. Root mean 

square (RMS) serves as a metric quantifying the disparity 

between the original signal and its reconstructed counterpart. 

Additionally, the SNR is employed to assess the relative 

magnitude of the true signal against the background noise [13]. 

Deep Learning Autoencoder Process Flow 

The method used in this research is shown in Figure 1. 
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As shown in Figure 1., the method begins with preprocessing. 

Preprocessing is a stage to denoise character images from noise, 

allowing them to be effectively used in the feature extraction 

phase as explained in [21]. Feature extraction is the stage of data 

analysis used to determine the characteristics of arrhythmia 

diseases. The data extraction method utilized in this study is 

morphology-based feature extraction as in Bahri, et al. [22]. Last 

but not least, the final stage of the method is denoising. Denoising 

is a technique used to reduce noise in ECG signals [23]. The 

parameter used in this research utilizes a Deep LSTM 

Autoencoder algorithm. 

RESULTS AND DISCUSSION 

Here are the results of denoising analysis using deep LSTM 

autoencoder to achieve the best results considering SNR and 

RMSE values. 

Atrial Fibrillation Database (AFDB) 

The denoising performance results, assessed through both SNR 

and RMSE using the Deep LSTM Autoencoder for ECG signals 

from the AFDB database, are detailed in Table 2. These results 

encompass all records, excluding record numbers 00735 and 

03665.  

 

Table 2. AFDB SNR and RMSE values 

K-Fold SNR RMSE  

1 

2 

50.06 

56.16 

0.00073 

0.00037 

 

3 54.50 0.00044  

4 

5 

54.66 

54.24 

0.00044 

0.00045 

 

 

As shown from Table 2, this study validated the denoised ECG 

signal through k-fold validation spanning folds 1 to 5. The SNR 

and RMSE values for each fold are presented in the table. In the 

first fold, the SNR value is 50.06, and the RMSE value is 0.00073, 

with the initial termination occurring at epoch 16. The second fold 

yields an SNR value of 56.15 and an RMSE value of 0.00037, 

with the initial termination occurring at epoch 15. The third fold 

results in an SNR value of 54.50 and an RMSE value of 0.00044, 

with an early stop at epoch 27. The fourth fold produces an SNR 

value of 54.66 and an RMSE value of 0.00044, with an early stop 

at epoch 16. Lastly, the fifth fold generates an SNR value of 54.24 

and an RMSE value of 0.00045, with an early stop at epoch 34. 

From these outcomes, it is evident that the most favorable SNR 

and RMSE values were achieved in the second fold, with an SNR 

of 56.16 and an RMSE of 0.00037. 

 

Figures 2 to 7 provide a visual representation, featuring snapshots 

of the original ECG signals juxtaposed with the corresponding 

denoising outcomes for AFDB record signals numbered 00735 

across fold 1 until fold 5. 

 

 
Figure 2. A Snapshot of Original ECG Signal from record 

number 00735 

 

 
Figure 3. Result of Denoising Signal from record number 00735 

at Fold 1 

 

 
Figure 4. Result of Denoising Signal from record number 00735  

at Fold 2 

 

Figure 1. Deep Learning Methods 
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Figure 5. Result of Denoising Signal from record number 00735  

at Fold 3 

 

 
Figure 6. Result of Denoising Signal from record number 00735  

at Fold 4 

 

 
Figure 7. Result of Denoising Signal from record number 00735  

at Fold 5 

 

 MIT-BIH Arrhythmia Database (MITDB) 

Table 3 outlines the outcomes of ECG signal denoising on the 

MITDB database, covering all records through k-fold validation 

from folds 1 to 5. The table employs SNR and RMSE metrics to 

measure the performance of each fold in the k-fold validation 

process. In the first fold, the results reveal an SNR value of 62.23 

and an RMSE value of 0.00027, with an early stop occurring at 

epoch 47. The third fold demonstrates an SNR value of 64.98 and 

an RMSE value of 0.00019, with an early stop at epoch 28. The 

fourth fold displays an SNR value of 62.03 and an RMSE value 

of 0.00027, with an initial stop at epoch 40. Finally, the fifth fold 

yields an SNR value of 65.22 and an RMSE value of 0.00018, 

with an initial stop at epoch 36. 

 

From these findings, it is evident that the most favorable SNR and 

RMSE values were achieved in the fifth fold, with an SNR of 

65.22 and an RMSE of 0.00018. 

 

Table 3. MITDB SNR and RMSE values 

K-Fold SNR RMSE  

1 

2 

62.23 

61.30 

0.00027 

0.00030 

 

3 64.98 0.00019  

4 

5 

62.03 

65.22 

0.00027 

0.00018 

 

 

Figures 8 to 13 depict the visualization of the MITDB signal from 

the 100th record, alongside the outcomes of the denoising process 

facilitated by the Deep LSTM Autoencoder across fold 1 until 

fold 5. 

 

 
Figure 8. A Snapshot of Original ECG Signal from record 

number 100 

 

 

 
Figure 9. Result of Denoising Signal from record number 100 at 

Fold 1 
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Figure 10. Result of Denoising Signal from record number 100 

at Fold 2 

 

 
Figure 11. Result of Denoising Signal from record number 100 

at Fold 3 

 

 
Figure 12. Result of Denoising Signal from record number 100 

at Fold 4 

 

 
Figure 13. Result of Denoising Signal from record number 100 

at Fold 5 

Discussion 

The discussion focuses on the denoising results obtained from 

two different datasets, namely AFDB and MITDB, using k-fold 

validation. In Figure 2 and Figure 8, the test signals to be denoised 

are presented, while Figures 3 to 7 and Figures 9 to 13 display the 

denoising outcomes for each fold, respectively. The 

corresponding SNR and RMSE values for each fold in the k-fold 

validation are summarized in Table 2 and Table 3. 

 

For the AFDB dataset, the denoising results revealed that the 

second fold achieved the best performance, with an SNR value of 

56.15 and an RMSE value of 0.00037. This fold demonstrated 

higher signal clarity in relation to noise and a smaller difference 

between the denoised signal and the original signal. The early 

stopping occurred at epoch 15, indicating that the model achieved 

satisfactory convergence within a relatively short training period. 

These findings suggest that the second fold exhibited the most 

effective denoising capability for the AFDB dataset. 

 

Similarly, for the MITDB dataset, the fifth fold displayed the best 

denoising performance, with an SNR value of 65.22 and an 

RMSE value of 0.00018. This fold achieved the highest signal 

clarity and the closest resemblance to the original signal after 

denoising. The early stopping occurred at epoch 36, suggesting 

that the model reached a desirable level of convergence within a 

reasonable training time. Hence, the fifth fold demonstrated the 

most effective denoising performance for the MITDB dataset. 

 

The comparison of the results between the two datasets highlights 

the dataset-dependent nature of the denoising process. Different 

datasets may have unique characteristics, noise levels, and signal 

variations, which can impact the denoising outcomes. Therefore, 

it is crucial to evaluate and optimize the denoising approach based 

on the specific dataset under consideration. 

 

Overall, the denoising results obtained using the deep LSTM 

autoencoder model showcased its effectiveness in reducing noise 

and improving the quality of the arrhythmia signals. The achieved 

SNR and RMSE values indicate the model's ability to 

successfully denoise the signals while preserving important 

features. These findings have significant implications for 

enhancing the accuracy of arrhythmia diagnosis and facilitating 

further signal analysis in clinical settings. However, additional 

research and validation on larger datasets and diverse arrhythmia 

types are recommended to confirm the generalizability and 

robustness of the proposed denoising approach. Table 4 presents 

a comparative analysis of denoising outcomes achieved through 

the Deep LSTM Autoencoder on both AFDB and MITDB 

datasets.  

Best of Comparison 

Table 4. Best of SNR Comparison 

 SNR RMSE  

AFDB 

MITDB 

56.16 

65.22 

0.00037 

0.00018 

 

    

Based on the findings presented in Table 4, the LSTM 

autoencoder algorithm demonstrates superior denoising 

performance in the AFDB dataset, yielding an SNR of 56.16 and 

an RMSE of 0.00037. Conversely, for the MITDB dataset, the 
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LSTM autoencoder algorithm achieves an SNR of 65.22 and an 

RMSE of 0.00018. In comparison, Marwan, et al. [14] reported 

relatively lower SNR and RMSE values in their experiments, with 

the best SNR of 16.01 and the best RMSE of 0.88. These 

variations in denoising results arise because Marwan, et al. [14] 

utilized the Single Hidden Layer Autoencoder and Multiple 

Hidden Layer Autoencoder algorithms, whereas this research 

employs the LSTM autoencoder algorithm. Furthermore, the 

approach in this research integrates Deep Learning and Artificial 

Intelligence (AI) for ECG signal denoising, whereas Marwan et 

al. rely on layer-based methods without incorporating AI to 

mitigate ECG signal interference. The distinct methodologies 

contribute to the observed differences in denoising measurement 

results between the two studies.  

CONCLUSIONS 

Based on the denoising test results using the Deep LSTM 

Autoencoder algorithm, the evaluation on AFDB dataset results 

the best SNR and RMSE values at 56.16 and 0.00037, 

respectively. Meanwhile, for the MITDB dataset, the 

corresponding values are 65.22 and 0.00018. Notably, this 

research exhibits a significant advantage as the achieved SNR and 

RMSE values surpass those of comparable studies. Nevertheless, 

the limitations of this research stem from the constrained 

availability of arrhythmia datasets from MITDB and AFDB. We 

recommend future researchers to explore and acquire a more 

extensive collection of arrhythmia data to further enhance 

denoising performance. 
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