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Abstract—The heart is the most critical organ for the 
sustainability of life. Arrhythmia is any irregularity of heart rate 
that causes an abnormality in your heart rhythm. Clinical analysis 
of Electrocardiogram (ECG) signals is not enough to quickly 
identify abnormalities in the heart rhythm. This paper proposes a 
deep learning method for the accurate detection of abnormal and 
normal heartbeats based on 2-D Convolutional Neural Network 
(CNN) architecture. Two channels of ECG signals were obtained 
from the MIT-BIH arrhythmia dataset. Each ECG signal is 
segmented into heartbeats, and each heartbeat is transformed into 
a 2-D grayscale heartbeat image as an input for CNN structure. 
Due to the success of image recognition, CNN architecture is 
utilized for binary classification of the 2-D image matrix. In this 
study, the effect of different CNN architectures is compared based 
on the classification rate. The accuracies of training and test data 
are found as 100.00% and 99.10%, respectively for the best CNN 
model. Experimental results demonstrate that CNN with ECG 
image representation yields the highest success rate for the binary 
classification of ECG beats compared to the traditional machine 
learning methods, and one-dimensional deep learning classifiers. 

Keywords—2-D ECG Images; Abnormal Heartbeat Detection; 
Convolutional Neural Network; Deep Learning; Electrocardiogram; 
Heartbeat Classification. 

I. INTRODUCTION 
A heartbeat occurs when the ventricle and atrium 

depolarization and repolarization rhythmically. ECG is an easy-
use medical technique that records during a cardiac activity. 
ECG can be recorded invasive and noninvasively. A heartbeat 
involves a successive period of systole and diastole. Each 
healthy heartbeat has a P wave, QRS wave, and T wave that 
representing repolarization and depolarization of the atriums 
and ventricles in the heart. The characteristics of each wave, 
such as time of occurrence, pulse amplitude, and frequency, 
carry various information about the heartbeat. In a healthy 
person, the heartbeat is called sinus rhythm and occurs an 
average of 60 to 100 beats per minute [1]. 

Arrhythmias may occur due to various pathological and 
physiological factors and causing heartbeats to move away 
from sinus rhythms. So, can be defined as arrhythmias are any 
abnormalities in the cardiac cycle [2]. Arrhythmias provide 
important information about heart muscle diseases. 
Arrhythmias may cause dysfunction of the heart muscle and 
cause not pump enough blood to the organs and feed itself [3]. 

Nowadays, many types of cardiac arrhythmias can be 
treated with various drugs or surgical methods. In order to 
minimize the degeneration caused by arrhythmias, rapid, 
effective, and accurate detection of arrhythmias has significant 
importance [4]. Clinically analysis of the ECG signal is a 
relative method and not enough for quickly identify 
abnormalities in the heart rhythm. Automatic arrhythmia 
detection is one of the most popular research topics of recent 
years, facilitating rapid response to acute illnesses and 
alleviating the workload of the physicians also improving 
diagnostic efficiency and accuracy [5-7]. 

Many studies in the literature detect the disturbances in ECG 
signals by using various signal processing, feature extraction, 
and classification techniques [8-11]. 

Arrhythmia detection by utilizing traditional machine 
learning methods consists of 4 main stages; ECG signal 
preprocessing, heartbeat segmentation, feature extraction, and 
classification. In each of the four steps, an action is taken and 
the final objective is the identification of the type of heartbeat 
[12].  

de Albuquerque et al. [13], using and compare six distance 
metrics, six feature extraction algorithms, and three classifiers 
and obtain support vector machines (SVM)-based classifier 
presented the highest accuracy. 

Alfaras et al. [14], proposed a fully automatic and fast ECG 
arrhythmia classifier based on a simple brain-inspired machine 
learning approach known as echo state networks. Their 
classifier is evaluated over two ECG databases, the MIT-BIH 
and the AHA, and their classification approach provides an 
accuracy of around 98%. 

This work was supported by the Scientific Research Projects Coordination 
Unit, Izmir Katip Celebi University. Project numbers: 2018-TYL-FEBE-0063 
and 2019-ONAP–MUMF-0001. 

 978-1-7281-8073-1/20/$31.00 ©2020 IEEE 



48

19-20 Kasım 2020
ONLINE

Elhaj et al. [15], proposes a hybrid classification technique 
using the Bayesian and Extreme Learning Machine (B-ELM) 
technique for heartbeat recognition of arrhythmia detection. 
The proposed technique is capable of detecting arrhythmia 
classes with the accuracy of 98.09% and computational time 
about 2.5s. 

Recently, deep learning-based approaches have become 
more popular in the field of arrhythmia classification [16-18]. 
Sannino and De Pietro [19], proposed a DNN architecture for 
the classification of normal and abnormal beats and to obtain 
99.09% on the testing data by using the MIT-BIH database. In 
another study, Yıldırım et al. [20], proposed Deep 1D-CNN 
architecture, and they achieved a recognition overall accuracy 
of 17 cardiac arrhythmia classes at a level of 91.33% also using 
the MIT-BIH database. In a similar study, Isin and Ozdalili 
[21], obtaining test accuracy around 92% using AlexNet.  

In this paper, we proposed a deep learning approach for the 
detection of abnormal heartbeats from ECG signals. ECG 
records are used in this work taken from the MIT-BIH database. 
Firstly, each ECG records segmented into heartbeats, then, each 
heartbeat was transformed into a 2-D grayscale heartbeat image 
as an input data for CNN structure. Also, we have compared the 
proposed architecture with accepted architectures. 

II. MATERIALS AND METHOD 

A. ECG Dataset 
ECG signals were obtained from the PhysioBank MIT-BIH 

arrhythmia database [22]. This database includes different 
arrhythmic signals which are independently annotated by two 
or more cardiologists according to their arrhythmia types. This 
database consists of a 48-half-hour long ECG recording from 
47 subjects. Each record includes two-channel ECG signals 
which are the modified limb lead II (MLII) and one of the 
modified leads V1, V2, or V5. MLII lead recordings were used 
in this study. Each data has a 360 Hz frequency and filtered with 
a 0.1–100 Hz bandpass filter.  

According to the MIT-BIH database, we have collected the 
heartbeats which can be marked as normal beats under the same 
class and all the remaining arrhythmic heartbeats under another 
class as shown in Table I. 

TABLE I. MIT-BIH HEARTBEAT TYPE AND ASSIGNED CLASSES. 

Class MIT-BIH Heartbeat Type Total Beat Count 

Normal 
Atrial Escape Beat 

Nodal (Junctional) Escape Beat 
Normal Beat 

75261 

Abnormal 

Aberrated Atrial Premature Beat 
Atrial Premature Beat 

Fusion of Paced and Normal Beat 
Fusion of Ventricular and Normal Beat 

Left Bundle Branch Block Beat 
Nodal (Junctional) Premature Beat 

Paced Beat 
Premature Ventricular Contraction 
Right Bundle Branch Block Beat 
Supraventricular Premature Beat 

Unclassifiable Beat 
Ventricular Escape Beat 

34152 

B. Heartbeat Segmentation and Image Representation 
The ECG Signals in the MIT-BIH database were 

continuous-time signals of approximately 30 minutes. The 
PhysioBank WFDB toolbox used to separate marked heartbeats 
by Python. This toolbox provides to find QRS peak of each beat 
on the signal, separated heartbeats from the signal, and 
categorized them according to their arrhythmia types. Marked 
arrhythmia symbol ‘N’, ‘e’ and, ‘j’ are divided into normal class 
and marked arrhythmia symbol  ‘L’, ‘R’, ‘A’, ‘a’, ‘J’, ‘S’, ‘V’, 
‘E’, ‘F’, ‘/’, ‘f’, and, ‘U’ are divided into abnormal class. The 
number of ECG beats for each class are shown in Table I.  

After signal segmentation, each ECG heartbeat was 
converted into 256x256 RGB ECG image formation. An 
example of this conversion is shown in Fig. 1. Moreover, pre-
signal processing and feature extraction steps were not needed 
due to this transformation.  

 
Fig. 1. Example of Signal-to-Image transformation. 

C. Proposed Architecture 
CNN is a deep learning method inspired by networks of 

biological neurons that can recognize features in images. It is a 
multi-layer neural network that contains usually three parts 
which are a convolution layer that splits the various features, a 
pooling layer that holding valuable information, and a fully 
connected layer that uses the output of the convolution layer to 
predict the best description. 

Our architecture based on a CNN architecture includes three 
convolution layers, three pooling layers, and a fully connected 
layer. A representation of our network is shown in Fig. 2. Every 
convolutional layer has a 5x5 kernel size, stride of 2, and a 
filtering count of 20, 50, and 100, respectively. After every 
convolution layer, a max-pooling operation which has 2x2 
kernel size with stride of 2 is applied to the feature maps. The 
rectified linear unit (RELU) is used as an activation function 
after every convolutional layer. The Softmax function is used 
to separately output abnormal and normal.  

Also, VGG16 [23] is one of the two architectures used in 
this study, consists of twelve convolutional layers, some are 
followed by pooling layers, and then four fully-connected 
layers and softmax classifier and LeNet [24] has two layers.  
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Fig. 2. Proposed CNN architecture representation. 

III. EXPERIMENTAL RESULTS 
In this paper, 2-D CNN architecture was proposed to 

classify two classes. Our abnormal heartbeat detection system 
consists of three steps; heartbeat segmentation, image 
representation, and classification. All experiments were carried 
out with Nvidia GTX 750 TI GPU and 16 GB RAM by using 
Cuda 10.1, cudart64_101.dll, and Tensor Flow 2.0. 

In the training of this architecture, batch size, optimization 
learning rate, test size, and EPOCHS count are selected 64, 1e-
3, 0.2, and 50, respectively. The ECG images recorded as 
265x256 RGB are trained as a 128x128 single layer. Thanks to 
the proposed system, accurate training accuracy of 100% and 
the test accuracy of 99.10% were achieved. According to the 
proposed architecture results, the correct rate of classification 
of normal heartbeats is 98.9% and the correct rate of abnormal 
heartbeats is 99.3%. Training loss was about zero and validation 
loss was 0.0805. The area under the ROC curve was found at 
0.999. Training metrics, confusion matrix, ROC curve, and the 
Precision-Recall curve are shown graphically in Fig. 3, Fig. 4, 
Fig. 5, and Fig. 6, respectively. 

 
Fig. 3. Training loss, training accuracy, validation accuracy, and validation 

loss versus epochs. 

 
Fig. 4. Confusion matrix of the proposed architecture. 

 
Fig. 5. ROC curve of the proposed method (ROC AUC=0.999). 

Also, the comparison of the proposed architecture with 
LeNet and VGG16 architectures, metrics like F1 score, Cohens 
Kappa score, and Mean Squared Error are given in Table II to 
observe the performance. 
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TABLE II. PERFORMANCE METRICS COMPARISON. 

Metrics VGG16 LeNet Proposed 
Architecture 

Training 
Accuracy 50.18% 98.93% 100% 

Validation 
Accuracy 50.17% 97.88% 99.10% 

Validation Loss 0.6931 0.1154 0.0805 

Training Loss 0.6932 1.2755e-03 7.8145e-09 

Precision 0% 97.77% 98.91% 

Recall 0% 98.22% 99.28% 

F1 score 0% 97.86% 99.09% 

F Beta 0% 97.68% 98.98% 

Cohens Kappa 0% 96.82% 98.19% 

ROC AUC 0.5 0.97884 0.998763 

Mean Squared 
Error 0.498280 0.01122 0.00912 

Duration of 
Each Iteration 291s 162s 169s 

Duration of 
Each Iteration 

Step 
5ms 3ms 3ms 

IV. CONCLUSION 
This paper proposed a CNN architecture and signal-to-

image representation for accurate detection of binary 
classification of heartbeats. The advantages of this 
representation are eliminating to preprocessing method and 
increasing the classification accuracy rate.  

In this study, a great number of heartbeat signals were used 
to classify normal and abnormal ECG signals. Our deep 
learning architecture is based on a 2-class structure. Firstly, in 
order to compare the success rate of the proposed deep learning 
architecture, the data is trained with the well-accepted VGG16 
architecture. The VGG16 architecture gave the worst result for 
our problem because it was proposed to train a 1000-class 
structure. On the other hand, LeNet architecture showed a 
success close to the proposed model in a two-class structure. 

All the results demonstrate that; the proposed CNN 
architecture and signal-to-image transformation approach are a 
more effective and faster method of detecting abnormal 
heartbeats compared to traditional machine learning methods. 
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