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ABSTRACT—  

These days Finding the cause of irregular heartbeats, or cardiac arrhythmias, which pose major health 

hazards, is a top priority. Given this, the study's primary focus is to use convolutional neural networks 

(CNNs) to create a reliable and effective method for classifying arrhythmias in Electrocardio-grams 

(ECGs). This method makes use of deep two-dimensional CNNs, which are designed specifically to 

process grayscale ECG pictures. ECG values are divided into seven different groups using this 

methodology. Six of these illustrate various forms of arrhythmias, and one of them depicts a normal 

heart rhythm. Through careful training of this CNN model on a variety of datasets, the research hopes 

to facilitate quick and precise diagnosis of these important cardiac abnormalities. A primary goal of 

the project is to develop a user-friendly web application that democratizes access to this state-of-the-

art categorization system.With this program, users will be able to upload ECG images for analysis.  
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Ⅰ. INTRODUCTION 

It is impossible to exaggerate the importance of early and precise cardiac arrhythmia identification in 

the context of contemporary healthcare. An essential tool for tracking the electrical activity of the heart 

for many years, the electrocardiogram (ECG) offers priceless information about cardiac health [7]. A 

ground-breaking method known as "ECG - Image Based Heartbeat Classification for Arrhythmia 

Detection using Convolutional Neural Networks (CNN)" has surfaced as result [2]. Convolutional 

neural networks are a class of deep learning models that are particularly skilled at extracting complex 

patterns from images, and this novel approach makes use of their capabilities [1]. This method makes 

use of the finer details of pulse rhythms that may be hidden in conventional numerical data by 

converting ECG waveforms into visual representations [2].time stamps, as well as by examining the 

time stamps that will be captured in the near future.Accurate diagnosis and monitoring of arrhythmias, 

which are abnormal cardiac beats [14]. Expert interpretation is necessary for traditional ECG analysis, 

which can be laborious and prone to error [14]. The suggested method uses CNNs to automate the 

classification of pulse rhythms in an effort to overcome this difficulty [1]. CNNs are able to identify 

minute changes in ECG data that may be signs of arrhythmias by converting them into representations 

that resemble images [2]. Through training on a variety of datasets that include different forms of 

arrhythmias, these algorithms may be able to accurately recognize aberrant patterns [3].The 

combination of state-of-the-art technology and medical knowledge offers a promising approach to 

early arrhythmia diagnosis [13]. This method could improve patient outcomes by increasing diagnostic 

speed and accuracy [14]. It does this by enabling prompt intervention and individualized treatment [2].  
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Ⅱ. LITERATURE SURVEY  

This literature survey showcases the wide range of methodologies and approaches in ECG-based 

arrhythmia detection using CNNs, contributing to advancements in automated diagnostic systems for 

cardiovascular health monitoring. 

A lot of research has been done on the detection of arrhythmias based on ECG, with some studies using 

CNNs (Convolutional Neural Networks) for classification (Xu and Liu, 2020) [1].A lot of research has 

been done on the detection of arrhythmias based on ECG, with some studies using CNNs 

(Convolutional Neural Networks) for classification (Xu and Liu, 2020) [1]. 

This study was expanded by Izci et al. (2019) [2], who demonstrated the potential of deep learning in 

image-based analysis by concentrating on the detection of cardiac arrhythmias from 2D ECG scans. 

CNNs are versatile in handling arrhythmia detection, as demonstrated by Sangeetha et al. (2019) [3]. 

In order to improve classification accuracy, Wang et al. (2023) [4] suggested a novel technique for 

diagnosing arrhythmia diseases utilizing CNNs and ECG time-frequency domain fusion. 

In order to enable real-time diagnosis, Wang et al. (2021) [5] created an automated classification model 

for premature ventricular contraction detection utilizing OTSU and CNN techniques. 

By employing 1D CNNs to overcome R-peak detection issues in low-quality Holter ECGs, Zahid et 

al. (2022) [6] improved diagnostic precision. 

The foundation for ECG-based arrhythmia identification was established by earlier studies; Martis et 

al. (2013) [7] investigated different feature extraction methods, and Kiranyaz et al. (2015) [8] presented 

real-time patient-specific ECG classification with 1-D CNNs.  

  

Ⅲ . PROPOSED METHODOLOGY  

1.Dataset: 

The data is the cornerstone of this project's success; a solid dataset was obtained from MIT-BIH 

Arrhythmia. With the use of this data, ECG - Image Based Heartbeat Classification for Arrhythmia 

Detection using CNNs has advanced to a point where deep learning models can be trained and 

validated on a variety of extensive datasets for best results and generalization. 

Six distinct classification groups are used to group the images in the dataset, which correspond to 

different kinds of arrhythmias and regular heartbeats. These  

the following categories  

• Premature Atrial Contraction (PAC), 

• Premature Ventricular Contraction (PVC), 
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• Ventricular Fibrillation (VF), 

• Left Bundle Block (LBBB),  

• Right Bundle Block (RBBB),  

• Normal Type  

 

 2.CNN: 

CNNs are a type of deep neural network that are mostly used for the analysis of visual input, including 

pictures and videos [13]. Within these data sets, CNNs are especially good at capturing the spatial 

hierarchies of characteristics. They have completely changed the field of computer vision. 

CNN for Classification: 

 Convolutional neural networks (CNNs) are a good option for recognizing complex patterns.This is 

because different arrhythmias have different ECG patterns than normal heartbeats. The CNN may be 

trained to distinguish between the different ECG patterns that correspond to the different arrhythmias 

and normal heartbeats by using the available dataset with its labeled categories. When evaluating the 

network's performance and accuracy in arrhythmia detection, one of the most important aspects to 

consider is its capacity to generalize from the training data to the testing data. 

1.Convolutional Layer:  

To create feature maps, filters, also known as kernels, glide over the input data, multiplying each 

element by itself. The outputs are then added together. Certain textures, patterns, or other elements 

found in the input data are highlighted in these feature maps. The network can learn different levels of 

abstraction by employing many filters, each of which concentrates on a distinct feature. 

2.Pooling Layer: 

 According to reference [13], pooling layers down sample the feature maps' spatial dimensions. For 

example, max pooling reduces the resolution and captures the most significant features by taking the 

maximum value from a particular region of the feature map [13]. Convolutional and pooling layers 

work together to reduce dimensionality and retrieve features [13]. While pooling layers gather this data 

and minimize the spatial dimensions, convolutional layers detect local patterns, edges, and textures 

[13]. The network may gradually assemble a comprehensive representation of the input data by 

learning complex features from simpler ones thanks to this hierarchical approach [13]. 

3.Fully Connected Layer:  

Using the learnt features, fully connected layers execute high-level reasoning and ultimately lead to 

tasks such as classification [9]. These layers are connected to the flattened features. 

4.Output Layer: 

The output layer generates the forecast made by the network. It frequently uses a soft-max activation 

function to output class probabilities for classification tasks [9]. 

For a variety of computer vision tasks, such as ECG-image-based heartbeat classification, 

Convolutional Neural Networks (CNNs) frequently implement Rectified Linear Units (ReLU) 

activation functions prior to pooling layers [9]. For applications requiring spatial information, like 

object detection, picture segmentation, and image classification, 2D CNNs are quite effective [2]. They 

are essential to contemporary computer vision because they naturally pick up on the structures and 

patterns found in images [2]. 

 

3. ECG, or Electrocardiogram: 

It's an essential tool for cardiac disease diagnosis and    monitoring [15]. Electrocardiograms (ECGs) 

can be    extracted for monitoring and analysis in a number of ways, from conventional clinical 

techniques to cutting-edge technology-driven solutions [13]. Here are some typical techniques for 

obtaining ECGs: 

1. Clinical ECG Equipment:  

Conventional ECG equipment is located in healthcare facilities. The device monitors waveform by 

attaching electrodes to particular spots on the patient's skin [12].  
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2. Holter Monitors: 

 Patients wear these small devices for a period of time, usually 24 to 48 hours.Giving a thorough picture 

of how the heart functions during regular activities [6].  

3.Event Monitors: 

 Event monitors are used to record sporadic or rare symptoms, much to Holter monitors. Wearing the 

monitor, patients activate it in response to symptoms, enabling targeted recording during particular 

episodes [6]. 

Smartphone Apps:  

There are applications and gadgets that record and analyse ECGs using smartphone technology. To 

collect ECG data from smartphones. 

Deliveries dataset: The dataset deliveries dataset contains various heartbeat images of different people 

 

Data Visualization 

A Graphical representation which is visual representation of dataset is made in order to get brief 

understanding   and   visualization   of    Dataset: 

 
Normal contraction 

 
 

Pre-mature Atrial contraction 

 
Pre-mature Ventricular contraction 
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Ⅳ. Creation and Evaluation of Model 

Implementation: There are several steps involved in classifying ECGs using image-based heartbeat 

classification for CNN-based arrhythmia detection. It is required to train the CNN model with a 

labelled dataset in order to use it [1]. The following is a summary of the implementation: 

a) Dataset collection: Dataset compilation entails obtaining a range of ECG recordings that include 

various heartbeat types. The combined pictures must be appropriately labelled to reflect the many types 

of arrhythmias that are present [2].  

b) Data Preprocessing: To ensure consistent processing, we scale all collected photos to a standard size 

during this step. The model is very dependent on training, hence careful consideration during 

preprocessing is essential. Inaccuracies at this point may result in inadequate outcomes while 

attempting to achieve the desired outcomes [2]. 

c) Split Dataset: After the pictures are collected, they are split into training and testing datasets. The 

testing dataset is used to assess the model's performance, whereas the training dataset is used to train 

the model. The dataset contains 22,255 photos in total, divided into training and testing sets. 15,388 

photos make up the training set, while the remaining 6,867 photos are designated for testing [2]. 

Set up the CNN architecture: The CNN architecture is composed of several layers, such as the Max 

Pooling 2D, Dense, Flatten, and Convolution 2D layers. The model is made up of two 2D convolution 

layers, two 2D max pooling layers, four dense layers, and one flatten layer. All of these layers 

contribute to the overall classification and extraction design of the model [9, 11].  

a) Training: Using the training dataset, we adjust the CNN model's learning rate, batch size, and epochs 

during the training phase. The model extracts feature’s from the ECG pictures in this step. To achieve 

desired results, these parameters must be configured correctly [9, 11]. 

b) Validation - Using pictures from the testing dataset, a trained model is evaluated, and the findings 

are compared to the real result’s [9,11].  

c) Inference - With the ECG-based CNN model for Arrhythmia Detection, we may use it to infer 

patient's cardiac health from their ECG images, which improves our ability to diagnose them [9, 11] 

 
Implementation results: 

This study used ECG signals to distinguish different types of arrhythmia using a 2D Convolutional 

Neural Network (CNN) [2, 6, 11]. After extracting individual ECG beats, the procedure entailed 

transforming these ECG data into picture representations [2, 6, 11]. The model was run and 

implemented using the TensorFlow and Keras packages [2, 6, 11]. Following rigorous testing, it was 

discovered that altering CNN model's train and test stages allowed model to reach its maximum 

accuracy, yielding an accuracy score of 98.31% [2, 6, 11]. The results of this study show that the 
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suggested CNN model can successfully classify and distinguish between the five different types of 

arrhythmias [2, 6,11]. Images are selected at random, and the name of the arrhythmia is displayed 

along with it.Thus, we find that precision fluctuates slightly with almost uniform representation as 

epochs advance. The following bit of code is used to generate the corresponding output.  

 

 
 

 
Ⅵ .CONCLUSION  

Using Convolutional Neural Networks (CNNs) for ECG-Image-Based Heartbeat Classification, in 

conclusion, offers a strong and encouraging method for the automated identification of different 

arrhythmias [2, 6, 11]. CNNs identify pertinent information, such as temporal and spatial patterns 

connected to various heartbeat categories, by converting ECG signals into 2D grayscale pictures [2, 6, 

11]. The network's ability to distinguish minute changes between normal and abnormal heart beats is 

improved by the hierarchically constructed complex representations and local characteristics captured 

by the convolutional, activation, and pooling layers [2, 6, 11]. Numerous advantages come with 

automating arrhythmia identification, such as improved diagnostic precision, decreased labour costs, 

and the possibility of real-time monitoring [2, 6, 11]. Nevertheless, there are still issues to be resolved, 

like managing noisy ECG data, correcting class disparities, and guaranteeing that CNN judgments are 

comprehensible [2, 6, 11]. CNN-based models have the potential to revolutionize cardiac care due to 

their scalability, robustness, and possibility for tailored therapy.CNNs' seamless integration with the 

present healthcare systems and continuous research efforts to increase accuracy and efficiency make 

them a vital instrument in the pursuit of better cardiovascular health outcomes.  
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