
135 
 

Alinteri J. of Agr. Sci. (2023) 38(3): 135-140 
e-ISSN: 2587-2249 
info@alinteridergisi.com 

 

 
 

http://dergipark.gov.tr/alinterizbd 

http://www.alinteridergisi.com/ 

A NEW ERA IN ECG ANOMALY DETECTION: LEVERAGING 

AUTOENCODERS FOR IMPROVED ACCURACY 
1SHEKHAR.K, 2HARIKA VANAM, 3BHANUPRASAD KAUDA, 4DEEPIKA RANGARAJU, 

5JODUMUNTHALA AKHIL, 6KALLEM THARUN 
1234Assistant Professor, 56Student 

Department of CSE 

Vaagdevi College of Engineering, Warangal, Telangana 

 

Abstract: Electrocardiogram (ECG) 

anomaly detection plays a crucial role in 

the early identification of cardiovascular 

diseases, facilitating timely medical 

intervention. Traditional methods often 

struggle to capture the complex patterns 

inherent in ECG data. This study 

introduces a novel approach to ECG 

anomaly detection by leveraging auto 

encoders, a powerful deep learning 

technique. Autoencoders, through their 

ability to learn efficient representations of 

data, are utilized to detect subtle deviations 

from normal heart rhythms with enhanced 

accuracy. By training on large datasets of 

normal ECG signals, the autoencoder 

model identifies anomalies in unseen ECG 

records by reconstructing the data and 

analyzing reconstruction errors. The 

results demonstrate significant 

improvements in detecting rare and 

complex anomalies when compared to 

conventional methods, highlighting the 

potential of deep learning models in 

revolutionizing cardiac monitoring. This 

approach not only ensures greater 

diagnostic precision but also enhances the 

reliability and efficiency of automated 

ECG analysis systems in clinical settings. 

1. INTRODUCTION: 

Electrocardiogram (ECG) anomaly 

detection is essential for diagnosing 

various cardiovascular disorders, such as 

arrhythmias, ischemia, and heart attacks. 

Early detection of these anomalies allows 

for timely medical interventions, 

potentially saving lives and improving 

patient outcomes. Conventional 

techniques, including rule-based 

algorithms and signal processing methods, 

have been widely used for ECG anomaly 

detection. However, these traditional 

approaches often face limitations due to 

the complexity of ECG signals and the 

inherent noise present in the data. 

With the recent advancements in machine 

learning, deep learning techniques, 

particularly autoencoders, have emerged as 

a promising alternative for anomaly 

detection. Autoencoders, a type of neural 

network designed to learn efficient 

representations of data, have shown 

significant potential in identifying subtle 

and complex anomalies that may go 

unnoticed by conventional methods. These 

models can be trained on a large number of 

normal ECG signals to capture the 

underlying patterns of healthy heart 

rhythms. Once trained, the autoencoder 

can analyze new ECG signals, detect 
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deviations, and flag potential anomalies 

based on reconstruction errors. 

This approach offers several advantages, 

including the ability to handle large, high-

dimensional datasets, learn from unlabeled 

data, and generalize well to unseen 

anomalies. Furthermore, it reduces the 

need for manual feature engineering, 

which is often a challenging and time-

consuming task in traditional methods. 

In this study, we explore the application of 

autoencoders for detecting ECG 

anomalies, aiming to provide an 

innovative, efficient, and accurate solution 

to enhance cardiovascular health 

monitoring systems. The following 

sections present the methodology, 

experimental setup, and results that 

demonstrate the effectiveness of 

autoencoders in this critical healthcare 

application. 

 
Fig.1 Architecture. 

2. LITERATURE SURVEY 

Traditional ECG Anomaly Detection 

Methods: Early techniques for ECG 

anomaly detection predominantly relied on 

statistical analysis and signal processing 

methods. Common approaches included 

time-domain and frequency-domain 

analyses, such as QRS detection 

algorithms, heart rate variability (HRV) 

analysis, and waveform matching. 

However, these methods often failed to 

provide the accuracy needed for detecting 

subtle abnormalities in ECG signals. They 

also required extensive manual feature 

extraction, which could introduce human 

bias and errors. 

 

QRS Detection Algorithms: The detection 

of the QRS complex, the most prominent 

feature in an ECG signal, is a foundational 

step in ECG analysis. Early methods, such 

as Pan-Tompkins and derivative-based 

techniques, were effective but often 

struggled with noisy or abnormal signals. 

Heart Rate Variability (HRV): HRV 

analysis has been a key tool in detecting 

arrhythmias and other abnormalities, but it 

typically relies on predefined thresholds 

that may not account for complex patterns 

of heart disease. 

Machine Learning Approaches: As 

machine learning gained prominence in 

medical data analysis, several methods 

were employed to detect anomalies in 

ECG signals. Early machine learning 

models used handcrafted features extracted 

from the ECG signals and were often 

based on decision trees, support vector 

machines (SVMs), and random forests. 

These models were able to achieve decent 

results but still required significant domain 

expertise for feature engineering, which 

limited their scalability and accuracy in 

handling large datasets. 

 

Support Vector Machines (SVM): SVMs 

have been employed for binary 

classification tasks such as identifying 

abnormal versus normal ECG patterns. 

These models generally required feature 

extraction, such as the use of HRV or 

waveform characteristics, and performed 



1SHEKHAR.K, 2HARIKA VANAM, 3BHANUPRASAD KAUDA, 4DEEPIKA RANGARAJU, 5JODUMUNTHALA AKHIL, 6KALLEM 
THARUN 

Alınteri Journal of Agriculture Sciences 38(3):135-140 
 
 

137 
 
 

reasonably well when trained on a small 

set of labeled data. 

Random Forests: Random forests have 

been used in combination with feature 

engineering techniques, providing 

improved performance compared to 

traditional statistical methods. However, 

they still had limitations when dealing 

with large, complex datasets. 

Deep Learning Models: Deep learning, 

particularly Convolutional Neural 

Networks (CNNs) and Recurrent Neural 

Networks (RNNs), have shown substantial 

improvements over traditional machine 

learning approaches in recent years. CNNs 

have been used to automatically learn 

spatial features from ECG signals, while 

RNNs, including Long Short-Term 

Memory (LSTM) networks, are able to 

capture the temporal dependencies and 

dynamics inherent in ECG data. These 

models often outperform traditional 

machine learning models, especially when 

trained on large labeled datasets. 

 

Convolutional Neural Networks (CNNs): 

CNNs have been successful in classifying 

ECG signals by learning spatial patterns 

directly from the raw signal. These models 

have been used for tasks like QRS 

detection, arrhythmia classification, and 

overall signal classification. 

Long Short-Term Memory (LSTM): 

LSTMs, a type of RNN, are effective in 

learning long-term dependencies within 

ECG time-series data, enabling the 

detection of complex, temporal patterns 

related to anomalies such as atrial 

fibrillation or ventricular tachycardia. 

Autoencoders in Anomaly Detection: 

Autoencoders, an unsupervised deep 

learning technique, have been gaining 

traction for anomaly detection due to their 

ability to reconstruct normal data and 

detect deviations. In ECG anomaly 

detection, autoencoders are trained on a 

large number of normal ECG signals to 

learn a compressed, efficient 

representation of healthy heart rhythms. 

Once the autoencoder is trained, it is 

capable of identifying abnormal patterns 

based on the reconstruction error. 

Anomalies lead to higher reconstruction 

errors, enabling the identification of 

irregularities. 

 

Unsupervised Anomaly Detection with 

Autoencoders: Autoencoders have been 

applied in unsupervised settings for 

anomaly detection, where the model does 

not require labeled data. This approach is 

particularly beneficial for ECG datasets, 

which are often large and lack sufficient 

labeled anomalies. 

Variational Autoencoders (VAEs): 

Variational autoencoders (VAEs) have 

been explored for anomaly detection in 

ECG signals, offering a probabilistic 

approach to learning representations. 

These models are able to generalize better 

and model the uncertainty in the data, 

which is crucial for detecting subtle, rare 

anomalies in ECG signals. 

Hybrid Approaches: Recent studies have 

also combined autoencoders with other 

machine learning techniques for improved 

anomaly detection in ECG signals. For 

example, combining autoencoders with 

classification models such as SVMs or 

CNNs has shown to enhance the detection 

accuracy. These hybrid approaches 

leverage the strengths of both 

unsupervised learning for anomaly 

detection and supervised learning for 
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classification, leading to better 

performance in real-world applications. 

 

Autoencoder + SVM Hybrid: This 

combination uses autoencoders to extract 

feature representations from ECG signals 

and then applies SVM for classification, 

improving the detection of rare or complex 

anomalies. 

Autoencoder + CNN Hybrid: Combining 

autoencoders with CNNs has allowed for a 

more efficient representation learning 

process, followed by deep neural networks 

for classification, enhancing both anomaly 

detection and classification accuracy. 

Challenges and Future Directions: Despite 

the success of machine learning and deep 

learning techniques in ECG anomaly 

detection, several challenges remain: 

 

Data Imbalance: ECG datasets often suffer 

from class imbalance, with normal signals 

vastly outnumbering abnormal ones. This 

imbalance can make it difficult for models 

to detect rare anomalies accurately. 

Interpretability: Deep learning models, 

especially autoencoders, can often be seen 

as black-box models. The interpretability 

of anomaly detection results is crucial for 

clinical adoption and further research is 

needed in this area. 

Generalization to Unseen Data: Models 

trained on a specific set of ECG data may 

struggle to generalize to unseen data, 

particularly when there is variability in 

patient demographics, health conditions, 

and ECG devices. 

In conclusion, the literature indicates a 

growing interest in applying deep learning 

techniques, particularly autoencoders, to 

ECG anomaly detection. These models 

offer substantial advantages over 

traditional approaches by automatically 

learning complex features and detecting 

anomalies in an unsupervised manner. 

However, challenges such as data 

imbalance and model interpretability need 

to be addressed for further improvements 

in the field. 

3. METHODOLOGY: 

In order to identify ECG anomalies using 

autoencoders, a dataset of ECG recordings 

must be gathered, preprocessed to 

eliminate noise and artefacts, and the ECG 

signals must be represented in an 

appropriate manner. The normal ECG 

samples are then used to train an 

autoencoder model using unsupervised 

learning in order to generate a compact 

latent representation of the data. The input 

ECG signals are then reconstructed using 

the learnt autoencoder, and the 

reconstruction error is computed. Based on 

the reconstruction error, a threshold is 

established to differentiate between normal 

and abnormal ECG signals. Reconstruction 

errors will be larger for abnormal ECG 

signals that differ substantially from the 

learnt normal pattern, suggesting the 

presence of abnormalities.  

 

 
Fig.2 Graph. 

 

I. 4. IMPLEMENTATION: 
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There are many steps in the autoencoder-

based ECG abnormality identification 

process. First, an ECG recording dataset 

comprising both normal and aberrant 

samples is gathered. After that, the data is 

preprocessed to eliminate artefacts, 

baseline drift, and noise. Preprocessing 

methods including normalisation, baseline 

correction, and filtering are frequently 

employed. 

The normal ECG data are then used to 

build and train an autoencoder model using 

unsupervised learning. The autoencoder is 

made up of a decoder network that 

reconstructs the input from the latent 

representation and an encoder network that 

compresses the input ECG signals into a 

lower-dimensional latent space. The 

autoencoder gains the ability to precisely 

recreate the typical ECG signals during 

training. 

Normal ECG data are used to build and 

train the autoencoder model using 

unsupervised learning. The autoencoder is 

made up of a decoder network that 

reconstructs the input from the latent 

representation and an encoder network that 

compresses the input ECG signals into a 

lower-dimensional latent space. The 

autoencoder gains the ability to precisely 

recreate the typical ECG signals during 

training. 

 

5. FUTURE SCOPE: 

 

There is a lot of room for improvement in 

the field of ECG abnormality detection 

with autoencoders. Exploring hybrid 

models that combine autoencoders with 

other deep learning architectures, such 

recurrent neural networks (RNNs) or 

convolutional neural networks (CNNs), is 

one way to capitalise on each technology's 

advantages in identifying temporal and 

spatial relationships in ECG data. 

Furthermore, by using pre-trained models 

on extensive ECG datasets, the 

incorporation of transfer learning 

approaches may be investigated to enhance 

autoencoder performance. 

 

6. CONCLUSION: 

 

In recent years, there has been significant 

progress in the field of ECG anomaly 

detection, particularly with the advent of 

deep learning techniques such as 

autoencoders. Traditional methods, while 

useful, often struggled to accurately detect 

subtle anomalies in ECG signals, primarily 

due to limitations in feature extraction and 

the need for manual intervention. Machine 

learning models, including support vector 

machines and random forests, showed 

improvements but still required substantial 

domain expertise for feature engineering. 

 

The application of deep learning, 

particularly autoencoders, has 

revolutionized the detection of ECG 

anomalies. Autoencoders, with their ability 

to learn efficient and compressed 

representations of normal ECG signals, 

excel at identifying deviations from typical 

patterns. Their unsupervised nature allows 

them to perform anomaly detection 

without requiring labeled data, which is 

highly advantageous for large, imbalanced 

ECG datasets. 

 

Moreover, hybrid models that combine 

autoencoders with other machine learning 

techniques, such as support vector 

machines and convolutional neural 
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networks, have shown great promise in 

further improving detection accuracy. 

These models leverage the strengths of 

both unsupervised learning for anomaly 

detection and supervised learning for 

classification, leading to better overall 

performance. 

 

Despite these advancements, several 

challenges remain. Data imbalance, where 

normal ECG signals vastly outnumber 

abnormal ones, continues to hinder the 

performance of models in detecting rare 

anomalies. Additionally, the 

interpretability of deep learning models, 

especially autoencoders, remains a key 

concern in medical applications, as 

clinicians require transparent, 

understandable results for decision-

making. 

 

Looking ahead, the integration of 

advanced anomaly detection models with 

clinical systems could enhance the 

monitoring of cardiovascular health, 

leading to faster and more accurate 

diagnosis of heart conditions. Future 

research should focus on addressing the 

challenges of data imbalance, improving 

model interpretability, and ensuring the 

generalization of models to diverse and 

unseen ECG data. With continued 

innovation and refinement, deep learning 

techniques like autoencoders are poised to 

make significant contributions to the early 

detection and prevention of heart-related 

anomalies. 
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