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Abstract—The electrocardiogram (ECG) is an important 

signal in the health informatics for the detection of cardiac 
abnormalities. There have been several researches on using 
machine learning techniques for analyzing ECG. However, 
they need additional computation owning to ECG signals 
challenges. We introduce a new architecture of 1-D 
convolution neural network (CNN) to diagnose arrhythmia 
diseases automatically. The proposed architecture consists of 
four convolution layers, three pooling layers, and three fully 
connected layers evaluated on the arrhythmia dataset. All 
previous researches are conducted to classify healthy people 
from people with Arrhythmia disease. In this paper, we 
propose to go further multiclass classification with two classes 
of cardiac diseases and one class of healthy people. The results 
are compared with common 1-D CNN and seven different 
classifiers. The experimental results demonstrate that the 
proposed architecture is superior to existing classifiers and 
also competitive with state of the art in terms of accuracy. 

 Keywords—Machine learning, Deep learning, 1-D convolution 
neural network, Cardiovascular diseases diagnosis  

I. INTRODUCTION 
The main factor of death in Europe is cardiovascular 

diseases (CVD), causing around four million death each 
year [1]. According to estimates by the United Nations [2], 
the world will witness significant growth in older people, 
up to 901 million in 2015, and a projection of 2.1 billion in 
2050. As a result, the mortality rate associated with CVD 
will rise significantly; Thus, the detection and accurate 
diagnosis of CVD will be crucial. According to the Heart 
Rhythm Society, there are three groups of CVD such as 
electrical (abnormal heart rhythms), circulatory (blood 
vessels disorder), and structural (heart muscle disease) [3]. 
Furthermore, the electrocardiogram (ECG) is the most 
important test that can be used for the detection of heart's 
rhythm and electrical activity based on various sensors 
attached to the skin and record the electrical activity of the 
heart [4]. ECG also can help doctors to detect various 
diseases such as arrhythmias, coronary heart diseases, heart 
attacks, and right bundle branch block [4]. Fig. 1 shows the 
characteristics and patterns of the ECG signals, including 
the normal patterns, right bundle branch block, and 
coronary artery that are classified by the proposed 

architecture in this research. Coronary artery disease (CAD) 
is the most common of CVD in the world. CAD is the 
narrowing or blockage of the coronary arteries, which leads 
to the reduction of blood flow to the heart muscle, and after 
that, a heart attack (injury to the heart muscle) may happen 
[5]. Another disease is the right bundle branch 
block (RBBB), which is a heart block in the right bundle 
branch of the electrical conduction system, which is 
associated with structural changes from stretch or ischemia 
to the myocardium [6,7]. It is difficult for doctors to 
accurately diagnose ECG signals in some situations owning 
to the small differences in morphology. In contrast, 
machine-aided CVD detection based on ECG signals 
provides doctors with valuable assistance to diagnose 
accurately and treatment of cardiovascular diseases [8]. 

There have been conducted various solutions to 
diagnose CVD based on ECG signals such as similarity 
searches and data clustering [9], boosted decision tree [10], 
rough sets theory [11], kernel partial least squares [12], and 
genetic algorithms [13]. However, they mostly cannot 
fulfill the needed accuracy. Also, they have implemented 
additional computation for ECG signal processing, such as 
data processing, feature extraction and selection since they 
have to address some of the inherent ECG challenges such 
as missing values [14], high dimensionality and imbalanced 
data [15]. Recently, convolution neural network (CNN) is 
used to tackle these challenges in different applications, 
including computer vision, speech recognition, natural 
language processing, social network analysis [16], 
bioinformatics and drug discovery [17]. Since CNN can 
extract and learn useful attributes from input data 
automatically and generates deep features that are robust 
against high-dimensional, imbalanced data, and missing 
values [18].  

Traditional convolutional networks consist of two main 
phases. The first phase is a feature extractor composed of 
similar layers that learn features from input data. Actually, 
the input of each layer is the output of the previous ones, 
which is called feature maps. Besides, each layer consists of 
three sublayers: a filter layer, a nonlinearity layer, and a 
feature pooling layer. The second phase is a classification, 
which is to classify the input data (feature maps) by fully 
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connected layers. Furthermore, in the traditional CNN for 
image classification, CNN performs feature extraction in 
both horizontal and vertical directions, since image data are 
relevant in both directions. However, in biomedical data 
organized as a matrix such as ECG signals, 1-D CNN 
performs convolution operations only on horizontal 
direction, as the data in this direction are just relevant and 
in the vertical direction are independent [19].  

In this research, we introduce a new efficient 
architecture of 1-D CNN to identify three different patterns 
of ECG signals associated with CVD such as RBBB and 
CAD and healthy people. The proposed architecture 
implemented based on the minimum number of convolution 
operations to reduce computational complexity. 
Additionally, pooling operations have not performed in the 
last convolution layer to minimize the loss of valuable 
information in the classification phase. Finally, the 
classification phase is implemented by three fully 
connected layers. Experimental results on arrhythmia 
dataset demonstrate that our proposed architecture 
outperforms other existing classifiers such as conventional 
1-D CNN, neural network, SVM, k-nearest neighbor, 
decision tree, logistic regression, naive Bayesian and deep 
belief network in terms of accuracy, sensitivity, and 
specificity, and also competitive with state-of-the-art works 
in terms of accuracy.   

 The rest of this paper is organized as follows: the 
related literature is briefly introduced in Section 2. Section 
3 explains our proposed architecture for CVD diagnoses 
based on ECG signals. Then, Section 4 presents the results 
of various experiments conducted on arrhythmia dataset 
and also gives discussion explaining the efficiency of the 
proposed architecture in comparison with the state-of-the-
art related works, conventional 1-D CNN and existing 
classifiers. Finally, Section 5 concludes the paper. 

II.    RELATED WORK 
In this section, we briefly review previous applications 

for CVD diagnosis and ECG signal processing. Machine 
learning methods for CVD diagnosis and ECG signals 
processing is a mature field with a long history and a rich 
body of research. Thus, in the following, we highlight the 
most relevant researches. 

A. 1-D CNN for ECG signal processing 
Zheng et al. [20]  for the first time, introduced a multi-

channels deep convolutional neural networks for time series 
classification. In this research, they separated multivariate 

time series into univariate ones and performed feature 
learning on each univariate series individually, and after 
that, a standard MLP was implemented for classification 
tasks. The accuracy of their model on the Congestive Heart 
Failure database is 92.90%. Cui et al. [21] presented a 
Multi-Scale Convolutional Neural Network to extract 
features at different time scales. In this research, they 
incorporated feature extraction and classification in a single 
framework. They also implemented a novel multi-branch 
layer and learnable convolutional layers. They evaluated 
their proposed architecture on a large number of benchmark 
datasets such as CinCECGtorso and demonstrated that 
MCNN is superior to the state-of-the-art by achieving 
higher accuracy performance. Acharya et al. [22] 
implemented another 1-D CNN to diagnose Coronary 
Artery Disease (CAD) using ECG data. Their model 
consists of four convolutional layers, four max-pooling 
layers, and three fully connected for CAD diagnosis. They 
extracted the ECG signals (lead II) from Physionet 
databases based on two different segments (2 and 5 
seconds). The accuracy, sensitivity, and specificity of their 
model for the classification of normal and abnormal ECG 
were calculated 94.95%, 93.72%, and 95.18%, respectively. 
Besides, Acharya et al. [23] in another research adapted 
their method to classify different arrhythmias problems 
such as Atrial fibrillation (A-Fib), atrial flutter (AFL), and 
ventricular fibrillation (V-Fib) based on five seconds of 
ECG. They integrated different features from various 
datasets such as MIT-BIH Atrial Fibrillation, MIT-BIH 
Arrhythmia, and Creighton University Ventricular 
Tachyarrhythmia to create a training dataset. Their model is 
implemented based on four convolution layers, four max-
pooling layers, and three fully connected layers, which 
obtained an accuracy of 94.90%. Kiranyaz et al. [24]  
conducted a real-time system for ECG classification and 
monitoring based on 1-D CNN. They evaluated their model 
by the MIT-BIH arrhythmia dataset for the diagnosis of 
ventricular ectopic beats and supraventricular ectopic beats. 
This model achieved an accuracy of 98.9% for disease 
diagnosis. 

B.  Machine learning method for analyzing Arrhythmia 
dataset 

There have been proposed many machine learning 
methods for CVD detection mostly evaluated by 
Arrhythmia, which are among the most famous CVD 
datasets, and also have various challenges. In the following, 
the previous researches methods for CVD detection using 
this dataset are briefly reviewed. 

 
                (a) Normal              (b) Right bundle branch block                         (c) coronary artery 

 
Fig. 1.  Example of ECG events with different categories 
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Neguyen et al. [12] implemented a data classification 
method based on kernel partial least squares (kernel PLS). 
In this research, PLS used as a dimensionality reduction tool 
and a regression method applied as a classification 
technique. The accuracy of 69.56% was calculated for their 
model. Hejazi et al. [14] presented a solution based on a 
multiclass support vector machine (SVM) methods. They 
evaluated the performance of One-Against-All (OAA), and 
One-Against-One (OAO) approaches in the kernel of SVM 
to deal with high data dimensionality in this dataset. Their 
results illustrate that the OAA approach has superiority over 
OAO for ECG data analysis. The accuracy of their method 
was accounted for 74.07%. Kadam et al. [25] introduced a 
novel method for ECG Arrhythmia classification based on 
an Elitist- population-based Genetic Algorithm to optimally 
select the important features and also implemented a Soft-
Margin SVM as classifier. The accuracy of their model for 
classifying normal and abnormal classes is 87.83%. Ayar 
and Sabamoniri [15] presented a hybrid model based on a 
Genetic Algorithm as features selection and applying a 
Decision Tree with the C4.5 algorithms for classifying the 
extracted features. The highest accuracy and mean accuracy 
of their model were calculated 86.96 and 85.04, 
respectively. Zuo et al. [26] represented a kernel difference-
weighted k-nearest neighbor classifier for the diagnosis of 
cardiArrhythmiamia. In this research, in the first step, their 
method defines the weighted KNN rule as sample 
reconstruction based on the constrained least-squares 
optimization. In the second step, the Lagrangian multiplier 
method is applied to compute the weights of different 
nearest neighbors by introducing the kernel Gram Matrix G. 
Their model achieved the accuracy of 70.66% in arrhythmia 
dataset analysis. 

III. 1-D CNN FOR CARDIOVASCULAR DISEASES DIAGNOSIS 
In this research, we conducted three 1-D CNN 

architectures; the first architecture named NetA is a 
traditional CNN with the same structure for each layer and 
also two fully connected layers in the classification phase. 
The second architecture (NetB) is implemented by using 
the minimum number of convolution layers to reduce the 
computational complexity, which can result in overfitting. 
Overfitting happens when the model fits too well in the 
training set and then becomes difficult for the data model 
to classify new examples that are not in the training set. In 
this architecture, the classification phase is performed 
based on three fully connected layers. Eventually, in the 
proposed architecture named NetC, we make use of the 
idea of AlexNet [27] by which the layers can be connected 
without any pooling operators. Therefore, in this 
architecture, the last convolution layer is directly 
connected to the first fully connected layer without a 
pooling operation. Albeit, CNN architecture for image 
classification needs pooling operation at all layers for 
mapping an image region to a feature map, in medical data, 
performing this operation in all layers can lead to the loss 
of valuable information in the classification phase. 

Besides, the classification task is performed based on three 
fully connected layers due to the increase in the number of 
features in this architecture and also preventing the loss of 
valuable features in the classification task. The proposed 
architecture is demonstrated in Fig. 2 by using its 
configuration of Table 1.  

 
Table1. The details of the proposed architecture. 

Layers Type Kernel 
size 

kernel 
number 

0-1 Convolution 1x7 1x272 
1-2 Max-pooling 1x2 1x137 
2-3 Convolution 1x5 1x133 
3-4 Max-pooling 1x2 1x67 
4-5 Convolution 1x5 1x63 
5-6 Max-pooling 1x2 1x32 
6-7 Convolution 1x3 1x30 
7-8 Fully 

connected 
 247 

8-9 Fully 
connected 

 81 

9-10 Fully 
connected 

 3 

B. Architecture 
The proposed architecture is implemented based on four 

convolution layers in which pooling operation is not 
performed in the last layer. 

• Convolution layer is the core building block of a CNN 
that has a set of learnable kernels[28]. The equation (1) 
demonstrates a 2-D convolution operation that is 
modified to a 1-D convolution operation (2) in this 
research. In this equation, w is our kernel, xi  is our 
input (x1 , x2 ,…….., ) and n is the total number of 
samples. The number of filters in each layer is also 
based on (3) with the stride size of 1.          

         I'=  I x-i, y-j .w(i, j)i, j     (1)                

                                z n = w i x n-i      (2)  
                   
         The number of filter =  Input size-Filter size 

The size of Stride
              (3)  

         
•  Rectified linear activation function introduces 

nonlinearity function into the network for learning 
more complex features [20]. This function removes 
negative values from an activation map by setting 
them to zero [29]. In this architectures, after 
performing the convolution operation, a ReLU 
activation function is implemented by (4).  

          ReLU(x) = max(x  0)    (4)                         

• MAX pooling function performed with the Kernel size 
of 1x2 in the first three convolution layers to select the 
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maximum feature in each small region of the input 
features to reduce the overlapping between features 
that lead to a decrease in the number of parameters. 

• Fully connected layer is performed in the classification 
phase. In the first fully connected layer, a Flattening 
operation is applied that converts the output of the last 
convolutional layers into a single feature vector. 
Besides, for reducing overfitting, a Dropout technique 
[30] is performed in the proposed architecture. Finally, 
the non-normalized output of a network converted into 
a probability distribution by a softmax activation 
function according to (5).  

 
  F xi = Exp xi

Exp(xj)n
0

   i=0 1,….k    (5)  

C. Training and Testing  
In the training phase, a standard feedforward pass is 

performed to calculate the error rate in each stage. Then a 
backpropagation pass is implemented to compute errors 
based on loss function to correct each parameter of each 
layer [31]. The weights and biases are updated according to  
(6) where k, , and y denotes the value of the parameter 
such as br  or wr , learning rate, and cost function, 
respectively. 

                 kr=kr-1- y
k
      (6) 

 
Furthermore, we implemented ten-fold cross-validation 

to mitigate the insufficiency of samples. Therefore, the 
datasets were split into ten equal portions. One-tenth of the 
data was considered for testing, and the rest of the data 
(nine portions) was used for training. This method was 
repeated ten times by shifting the testing data portion, and 
in each fold sensitivity, specificity and accuracy were 
calculated. Finally, the performances of the proposed 
architecture were calculated based on the average of all ten 
folds. Besides, the training stage was performed with the 
epoch 3000.                         

IV.            EVALUATION 
In this section, various experiments are conducted to 

evaluate the efficiency of the proposed architecture. In the 
following, the datasets and experimental environment are 
introduced, then CNN parameters are tuned, which are the 
importance of reducing loss function. Finally, we explain 
the performance analysis of the proposed architecture. 

A. Experimental setup and datasets 
We implemented the proposed architecture and other 

classifiers on the Google Colab environment. Besides, the 
efficiency of the proposed architecture was evaluated by the 
Arrhythmia dataset from the UCI repository [32]. 
Arrhythmia dataset contains 452 ECG samples and 279 
attributes with a 33% missing value that was formulated by 
the use of a 12 ECG lead. In this dataset, features consist of 
ECG data including heart rate, PQRST wave signals, 
channel information, and also general subject information 
such as age, sex, height, weight. Although basically, this 
dataset has 16 different classes, the vast majority of 
previous researches have considered this dataset into 2 
(healthy and not healthy) classes as other classes are highly 
imbalanced. In this research, we introduce to go further by 
multiclass classification with two classes of CVD, including 
coronary artery disease (44 instances) and right bundle 
branch block (50 instances) and one class of healthy people 
(245 instances). 

B.  Parameters tuning 
In CNN architecture, choosing an appropriate size of the 

filter and pooling plays an essential role in reducing the 
cross-entropy loss function. A loss function captures how 
good your prediction model does in terms of being able to 
predict the expected outcome [33]-[34]. Typically, in our 
architecture, we have tried to reduce cross-entropy loss 
function to enhance the performance of arrhythmia disease 
diagnoses. The equation (7) shows the cross-entropy loss 
function that is commonly applied loss function in 
classification problems. In this equation, p(x) is the correct 
distribution, and q(x) is estimated distribution. Therefore, 
we considered different filter and pooling size with Max-
pooling and Min-pooling as a pooling operation and 
calculated the average of the loss function to determine an 
appropriate CNN architecture. Accordingly, the results 
indicated that the small size of filter and pooling and also 
providing pooling operation by Max-pooling could reduce 
the lost function, as shown in Table 2 and Table 3.  

 
 H(p,q)=- p(y)logq(y)y     (7)   

 

 

 
Fig.  2. The proposed architecture for analyzing the Arrhythmia dataset 
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Table 2. The average of loss function for pooling methods 

 
 
Table 3. The average loss function for different filter size (FS) 
FS of 1st 

layer 
FS of 2st 

layer 
FS of 3rd 

layer 
FS of the 
4th layer 

AVG of 
loss 

function 

7 5 5 3 0.56 

7 5 5 5 0.70 

7 5 3 3 0.62 

7 3 3 3 0.69 

5 5 5 5 0.68 

5 5 5 3 0.69 

5 5 3 3 0.73 

7 7 5 3 0.72 

C.  Results and Discussion 
We have conducted various experiments to evaluate the 

performance of the proposed architecture in comparison 
with other classifiers. Table 4 shows the performance 
comparison of the proposed architecture (NetC) with 
different classifiers such as NetA, NetB, neural network, 
support vector machine, k-nearest neighbor (k-NN), 
decision tree, logistic regression, and naive Bayesian in 
terms of accuracy, sensitivity, and specificity for multiclass 
classification. Furthermore, Fig. 3 shows training and 
testing error generated by these three 1-D CNN 
architectures on arrhythmia dataset classification. As shown 
in this figure, the validation error is stable in the NetC, while 
other architectures suffer overfitting. NetC in the training 
and validation stage as the epochs increase, then both 
validation and training errors are decreased. However, in 
the training and testing stage of NetA and NetB at a certain 
point, while the training error continues to drop (the 
network learns the data better and better), the validation 
error begins to rise, which means that the overfitting has 
occurred. Fig. 4 also illustrates the predictive performance 
of three 1-D CNN architectures for arrhythmia 
classification on multiclass classification. This figure 
represents that the NetC has the most number of correct 
predictions per class in the task of multiclass classification. 
Furthermore, Table 5 demonstrates the benchmarking of the 
accuracy of NetC in comparison with the accuracy of the 
previous researches in terms of binary and multiclass 
classification.  

As shown in Table 4, the proposed architecture is more 
efficient than two other CNN architectures. The main 
reason for the efficiency of the proposed architecture is that 
the computational complexity is reduced owning to using 
the minimum number of convolution layers. Also, the 
pooling operation is not implemented in the last 
Convolution layer in this architecture. Besides, the 
proposed architecture is superior to the other implemented 
classifiers and also very competitive with the previous 
researches. The reason for this superiority is that 1-D CNN 
can discover and extract more suitable internal features 
automatically, which are helpful to improve the accuracy of 
the disease diagnosis. 

 
Table 4.The performance comparison of NetC 

Methods ACC SEN SPE 

NetA 82.90 76.06 78.50 

NetB 80.50 75.50 74.25 

NetC 85.31 79.58 81.68 

DBN 76.50 72.89 80.20 

NN 79.16 71.20 75.50 

K-NN 75.19 78.50 70.10 

DT 82.03 73.50 76.50 

LR 77.29 74.20 71.20 

SVM 76.77 67.10 72.50 

V.  CONCLUSION AND FUTURE WORK 

Cardiovascular disease is the most common cause of 
mortality in the world. Although there have been proposed 
many methods to detect CVD, these methods have to 
address ECG signals challenges such as missing value, 
high dimensionality, and imbalanced data that can lead to 
reducing the performance of them. In this research, we 
proposed multiclass 1-D CNN architecture to not only 
mitigate these problems and enhance the performance but 
also to identify three different patterns of ECG signals for 
CVD diagnosis. The proposed architecture uses the 
minimum number of convolution layers, which results in 
lower computational complexity, and also pooling 
operation in the last convolution layer is not performed. We 
have considered the Arrhythmia dataset for evaluation of 
the proposed architecture that has various considerable 
challenges. The experimental results demonstrate that the 
proposed architect is competitive with state of the art, and 
in comparison with other classifiers such as conventional 
1-D CNN, neural network, SVM, K-NN, decision tree, 
logistic regression, naive Bayesian and common deep 
belief network has a better performance in terms of 
accuracy, sensitivity, and specificity. A future direction of 
our research includes modifying the proposed architecture 
to diagnose other diseases efficiently. 

 

Pooling size Pooling strategy AVG of loss function 

2 Max-pooling 0.61 

2 Mean-pooling 0.71 

3 Max-pooling 0.85 

3 Mean-pooling 0.74 

4 Max-pooling 0.80 

4 Mean-pooling 0.87 
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Validation 
loss  

 
Training 
loss 

 
 

(a) NetA (b) NetB (c) NetC  

Fig. 3. Training and testing error generated for analyzing Arrhythmia dataset 
 

 
 

  
 (a) NetA (b) NetB (c) NetC 

Fig. 4.  Confusion matrix of various 1-D CNN architectures on Arryhtmia classification 

  
 

Table 5. Benchmarking of the proposed architecture for multiclass and binary classification 

Author Method No of 
Classes 

Accuracy   
(%) 

 
Neguyen et al. [12] kernel PLS for missing data handling and discriminant analysis as a classifier 2 69.56 
Hejazi et al. [14] PCA for feature selection + imputation method for missing data   handling + 

multiclass SVM 
2 74.07 

Iosifidis et al. [35] One-class extreme learning machine 2 63.65 
Guzun et al. [9] Localized distance functions for dimension reduction + KNN 2 70.10 
Zuo et al. [26] Kernel difference-weighted k-nearest neighbor classifier 2 70.66 
Lee et al. [36]        A neural network with weighted fuzzy membership functions  81.32 

Sabamoniri and  Ayar [15]     Genetic Algorithm + C4.5 algorithm 2 85.04 
     Han [37]         Cascade architectures of fuzzy neural net 2 82.5 

  Kadam et al. [25] Soft-Margin SVM+ feature selection using improved Elitist GA 2 87.83 

Kemal et al. [38] Artificial immune systems 2 80.77 
In this study NetC 2 87.10 
In this study NetC 3 85.31 
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