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Abstract

According to the information of the World Health Organization, today heart diseases are considered
the most important threat to humans and are the first cause of death in the world. According to the latest
global statistics, 46% of deaths are related to the heart. According to reports and research, a large
number of causes of death are caused by heart diseases, while 25% of cases are reversible. Correct and
timely diagnosis of patients with acute heart problems can largely prevent sudden death and further
problems.Due to the fact that recording an electrocardiogram is inexpensive and fruitful, the use of an
electrocardiogram can help a lot in many heart diseases and other diseases.Deep learning is one of the
new methods with high accuracy in diagnosis and classification, which is based on the convolutional
neural network.Convolutional neural networks have a very high processing and training time, which
can be optimized and reduced in order to reduce the time, so that acceptable results can be obtained
with high accuracy.In this article, using the optimized convolutional neural network, the healthy and
unhealthy signal was obtained with 99.9% accuracy and 99.7% sensitivity with 10-fold cross-validation.
According to the obtained results, it can be said that the proposed method has the ability to separate
healthy and unhealthy signals with acceptable accuracy.

Keywords: ECG signal, deep learning, heart diseases, optimized convolutional neural network.

prevention of cardiovascular diseases.

1. Introduction Arrhythmia is an important group of
Heart-related diseases are one of the most diseases in  cardiovascular  disease.
important diseases that threaten human life. Arrhythmias can occur alone or with other
According to the World Health cardiovascular diseases. Arrhythmia diagnosis
Organization (WHO), deaths from mainly depends on electrocardiogram.
cardiovascular diseases are the first cause of ECG (electrocardiogram) is an important
death. Nearly 20 million people with modern medical tool that records the
cardiovascular diseases, which is about process of excitability, conduction and
31% of other cases. More than 75% of these recovery of the heart. Automatic detection
deaths occurred in developing countries. In of irregular heart rhythm from ECG signals
addition, the pre\/a|ence and morta"ty of is an important task for automatic diagnosis
cardiovascular diseases are always growing of cardiovascular disease.

[1]. Therefore, regular monitoring of the
heart has become increasingly important
and necessary for the investigation and Traditionally, the classification of

2. Related works
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electrocardiogram signals usually needs to
be divided into two stages, for example,
feature extraction and pattern classification,
studies on the focus of diagnosis in the
problem of heart rate determination in
electrocardiogram  data, and some
technologies It has been applied in heart rate
detection,  including  threshold-based
methods [2], digital filter-based methods [3]
and wavelet transform. Used the QRS
complex extraction technique to classify
and distinguish between normal heart rate
and abnormal heart rate.

Classification  of  the  detected
electrocardiogram signal pattern is another
step. Wavelet transform is one of the
common methods to obtain the
characteristics of electrocardiogram signals.
Li  used the wavelet transform
decomposition (WPD) technique to obtain
representational features for detecting
different types of heartbeats and calculated
the entropy from the WPD-decomposed
coefficients. It has also used other features
such as wavelet and entropy and wavelet
entropy and variance, etc. has also
separated [4].

In the research, the results of the
classifier were calculated with two FCM
methods, the fuzzy method and the SVM
method, and the SVM method had better
results than the fuzzy method [5,17]

Recently, deep learning methods based
on deep neural network have had good
results in separation and processing. For
this reason, much attention has been paid to
ECG classification studies based on deep
learning. Many researchers have made great
efforts to diagnose heart diseases based on
deep learning. Salom et al proposed a new
and practical solution for cardiac signal
based authentication using recurrent neural
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networks (RNN) [6].

Zhang et al presented an
electrocardiogram classification algorithm
for specific patients based on neural
networks (RNN) using cardiac signal and
heart rate correlation and obtained
favorable results [7]. Based on the proposed
one-dimensional  convolutional  neural
network, which can be used exclusively for
the electrocardiogram signal. Lee et al
proposed a method based on convolutional
neural network to detect 5 types of
arrhythmia [9]. In this research, arrhythmias
were separated using convolutional neural
network with 4096 deep features obtained
without manual intervention.

June et al proposed a new and efficient
electrocardiogram arrhythmia classification
method using two-dimensional
convolutional neural network. In general, it
showed outstanding performance in the
field of pattern recognition. In this research,
convolutional neural network has been used
to achieve the goal of detecting
arrhythmias, and the obtained results have
an acceptable accuracy of 97.84%[10].

The studies mentioned above show that
the convolutional neural network can
automatically classify and identify diseases
and images. But deep learning methods
have high processing time, which are not
suitable for real time processing. Here, to
overcome this task, the optimized
convolutional neural network has been used
to reduce the calculation load for the
diagnosis of existing diseases.

3. Materials and methods
Database

In this research, tagged electrocardiography
signals from the Arrhythmia-BIH-MIT
database have been used. This database
contains 48 two-channel ECG recordings
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obtained from 47 study cases in BIH
Arrhythmia Laboratory between 1975 and
1979. The recordings were recorded with a
frequency of 360 samples per second and
with an accuracy of eleven bits in the range
of ten millivolts. Each record has been
marked by two or more heart specialists
independently and differences in opinions
have been resolved in the best way. This
database is considered one of the most
reliable sources for analyzing heart diseases
in the world.

Here, two groups of signals, including
normal signal and abnormal signal (with
arrhythmia) are used.

Signal processing

To use the convolutional neural network,
the input of the network must be images, for
this purpose, the two-dimensional image of
the signal based on the spectrogram is used
in this article.

Time-frequency image of signal based on
spectrogram

Vital signals are non-static, and
uniformity and stability in them means non-
existence, and for this reason, analyzing and
analyzing them with other common
methods cannot extract important features
from the signal and achieve good results.
Investigating and studying such signals in
the time domain or in the frequency domain
alone is useless and does not give good
results and is not enough. In the
simultaneous analysis and investigation of
time-frequency, useful information can be
obtained from the behavior of the signal,
which is very useful and important.[15]

To construct the time-frequency image
of the proposed signal, the ECG signals in
the time domain are first converted into a
two-dimensional time-frequency spectrum
using the short-time Fourier transform
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(STFT).

STFT is an advanced mathematical
equation derived from Discrete Fourier
Transform (DFT), to discover the frequency
and instantaneous amplitude of waves,
whose similarity equation is shown in
formula 1 [11].

Its energy is assumed to be the
spectrogram of the signal mentioned in
equation number 2.

STFT= z w(m)X(n + m) eN]—riZ

m=-oo

The STFT energy form is called a
spectrogram. Define as below:

SPEC(t.0)= [STFT(t. w)|?

The results obtained using STFT can
obtain information about the temporal
evolution of the signal frequency change,
because the complete time interval is
divided into a number of small time
intervals and then they are analyzed alone
using the Fourier transform [16].
Optimized convolutional neural network

Convolution neural networks are similar
to artificial neural networks to a great
extent. These types of networks consist of
neurons with a large number and with
learnable weights and biases.

Convolutional neural networks have
different architectures that have been used
in different researches, and AlexNet is the
most common architecture that has been
used. In this article, the optimized
architecture based on AlexNet is used. In
this architecture, the convolutional neural
network layers have been merged together
and the layers have been reduced from 25 to
8 layers.

At the end of the architecture, the
classifier is placed. Figure 1 shows the
structure of the optimized convolutional
neural network based on AlexNet.
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Fig.1. The structure of optimized convolutional neural network based on AlexNet

Figure 2 shows the flowchart of the proposed method
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Fig.2. The flowchart of the proposed method
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4. Results two groups, healthy and with arrhythmia,
The data were downloaded and studied have been used in this research. In Figure 3,
from the Phizionet site according to the you can see an example of a healthy signal.

research needs. 4000 ECG signal samples in
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Fig. 3. Example of a healthy heart signal

In Figure 4, you can see an example of a signal with arrhythmia.
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Fig.4. Example of heart signal with arrhythmia

5. Signal spectrogram a signal changes over time. In the analysis

A spectrogram is a representation of the of vital signals, spectrograms are used a lot.
frequency spectrum of a signal over time. A In Figure 5, you can see the time-frequency
spectrogram is a color map that is displayed image of a normal signal, and in Figure 6,
in terms of time and frequency and helps to you can see an arrhythmic signal using a
understand how the frequency spectrum of spectrogram.
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Fig.5: Spectrogram of healthy heart signal
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Fig. 6. Spectrogram of cardiac signal with arrhythmia

As mentioned before, in this research, using the confusion matrix according to
the images were entered into the optimized Table 1 and the accuracy, precision and
convolutional neural network and then the sensitivity of the classifier using equations
two groups were separated. 3, 4 and 5, also with 10-fold validation.

Here, the results have been calculated

Table 1 confusion matrix

prodect
normal Ab normal
target Ab normal TP FP
Ab normal FN FP
The method of calculating accuracy, e TP
L .. . sensitivity = ———
sensitivity and precision of each class is TP + FN
calculated using the following equations. In Tables 2, 3, and 4, you can see the
accuracy = TN+TP accuracy, precision, and average sensitivity
TN+,FPN+FN+TP results of the classifier
precision = TN—-I-FP
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Table 2. Average accuracy results of the classifier

average accuracy

classifier

99.5

Alexnet convolutional neural network

99.9

Optimized convolutional neural network

Table 3. Average precision results of the classifier

avrage precision

classifier

99.6

Alexnet convolutional neural network

99.7

Optimized convolutional neural network

Table 4. Average sensitivity results of the classifier

average sensitivity

classifier

99.4

Alexnet convolutional neural network

99.7

Optimized convolutional neural
network

In Figure 7, you can see the confusion matrix for one of the 10 modes.
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Fig.7. Confusion matrix

67




M.H.Fatehi,M.Khajooee,N.AdIband,M.M.Moradi Detection of healthy and unhealthy ECG ...

Discussion

In this thesis, healthy signals with
arrhythmias were downloaded from the
Physionet site, which has arrhythmias with
a valid label made by a specialist doctor.
Then, the single-channel signal was
converted into an image to enter the
convolutional neural network. This work is
done on the basis of spectrogram.

To reduce the calculation load, an

optimized convolutional neural network
based on Alexnet architecture was used, and
the layers were reduced from 25 layers to 8
layers.

Then the results were calculated based
on the confusion matrix with 10-fold cross-
validation. The results are compared with
other similar articles in Table 5.

Table 5 Comparison of the proposed
method with other articles

Ref.

accuracy

[11]

92,3

[10]

98

[13]

98,82

[9]

955

[12]

97

[14]

99

My method

99.9

According to the reports and results, it can
be concluded that the proposed method for
detecting a healthy signal with arrhythmias
has reliability and can be chosen.
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