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Abstract: Arrhythmia is one of the cardiovascular disease types that affect humans and often leads to death. generally,
ECG signals uses to diagnose the patient’s heart state where the ECG illustrates the electrical activities and
physiological state of the heart. This paper proposes ECG classification model to classify four types of heartbeats for
the early detection of Arrhythmia. Detail wavelet coefficients of ECG were extracted using discrete wavelet transform
(DWT) to produce new datasets of ECG with for the dimensions and processed information to ensure the efficiency
of proposed classification techniques. In addition, power spectral density (PSD) has been calculated for approximate
wavelet coefficients of ECG to extract more relevant features that improve the performance of the classifier. The two
classifier models use, the convolution neural network (CNN) utilizes for deep learning networks with artificial neural
network (ANN) and the Random forest ensemble method. The experiments and results show that, the proposed model
with RF archives 98.5% classification accuracy considering all decomposition levels of DWT. Additionally, the
solution with CNN-ANN achieves 96% classification accuracy at the third decomposition level. Therefore, the results
show the impact of the proposed solution with high efficiency in terms of fewer dimensions and high accuracy.

Keywords: Arrhythmia, Electrocardiogram (ECG) signal, Discrete wavelet transform (DWT), Convolution neural

network (CNN), Random forest.

1. Introduction

Arrhythmia is a term referring to a heart rhythm
that differs from normal sinus rhythm; occurs when
the electrical signals that coordinate the heartbeat do
not work properly. The fault signal causes
tachycardia (heart beat too fast), bradycardia (too
slow) or irregular. The arrhythmia may look like a
racing heart or a fluttering and may be harmless.
However, some arrhythmias can cause unpleasant
signs and symptoms and may be life-threatening [1].

Sometimes, it is not always an irregular heart
activity where it is normal for a person to have a fast
or slow heart rate. For example, your heart rate may
increase with exercise or slow down during sleep [1].

As a result, work on finding fast and accurate
automatic methods for early detection of this disease
has become a necessary task to save the lives of
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patients affected by it due to the problem of low
diagnosis accuracy of large and complex ECG signal
records the cardiologist faces it.

Most researches focus on identifying and
detecting the different types of Arrhythmias by
classifying different types of heartbeats, especially
premature  ventricular  contractions  (PVCs),
considered the most dangerous and important
essential that causes fatal arrhythmias [2].

Analyzing ECG signal to extract relevant
information is the essential step in designing
artificially intelligent based Arrhythmia detection
techniques. Many researches produced different
feature extraction methods based on analysis
different characteristics of ECG signal including
morphological and time domain analysis [3], feature
domain analysis, time-frequency domain [4, 5], and
statistical methods [6].
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There are many factors affect the performance of
classification model-based machine learning, one of
these factors is size and dimensionality of dataset and
importance and relevance of features. So, the feature
reduction is an important and essential step required
to improve the performance of classification model in
terms of decreasing the complexity and increasing
accuracy. Different approaches are used to reduce
dimensionality of extracted features, most common
methods are generalized discriminant analysis
(GDA), principal component analysis (PCA), and
independent component analysis (ICA) [7-9].

In literature, many different researches based on
wavelet transform (WT) as one of time-frequency
domain feature extraction methods, where the
features extracted using WT are more relevant and
improve the efficiency of classification model [10-
13].

Most recent feature extraction techniques based
on convolutional neural network since it extracts
more relevant features and avoids manual approaches
[14].

Support vector machine and random Forest
methods play essential roles in constructing machine
learning classification methods with high accuracy
by combining the work of this method with other
techniques such as correlation technique [15] and
entropy method [10]. These techniques increased the
classification accuracy and robustness against the
unbalancing problem.

1.1 Problem statement

Electrocardiography (ECG) are signals have short
intervals of characteristic oscillation, so the
extraction methods that capture global information
such as method based on the Fourier transform (FT)
where the frequency information over entire signal
are extracted, will not serve ECG signal classification.

the solution to this problem is to use Wavelet
transform (WT). Using WT, the signal is decomposed
into a set of wavelets so the discriminable features
can be captured as an identification identity for each
signal that can distinguish it from the rest of the
signals

1.2 Motivations

In considering the problem of classification
heartbeats of ECG to detect and predict the heart
diseases such as Arrhythmias, a more efficient
technique with less dimensionality of a dataset is
required to be implemented on wearable devices and
produce high performance in terms of less
complexity and high accuracy.

International Journal of Intelligent Engineering and Systems, Vol.16, No.2, 2023

193

Improving the performance of traditional learning
methods by decreasing the commutation and memory
requirement will increase the classification model's
efficiency and accuracy. It can be a robust model used
in sensitive fields such as medical applications.

In this context, we produced new strategy that
increases the performance of CNN (with only six
layers) in terms of less complexity by reducing the
dimension of original datasets and improving the
classification accuracy since it focuses on significant
information localized in wavelet coefficients.

1.3 Contribution

Based on wavelet transformation that considers
the most common feature extraction and dimension
reduction method with aim of reducing computation
complexity and processed information, this work
produces two efficient classification techniques: deep
network and machine learning.

The convolution neural network (CNN) was
designed with three convolution layers and three
max-pooling layers for deep learning networks with
the single layer artificial neural network (ANN). On
the other hand, the random forest ensemble method is
used to produce an efficient classification technique
based on the wavelet details coefficient of ECG data
combined with power spectral density (PSD) for
approximate wavelet coefficients of the capture level
as input to the proposed model for the four
decomposition levels.

These two proposed models were implemented
on MIT/BIH arrhythmia database to classify four
types of heartbeats: normal beat (N), supraventricular
ectopic beat (S), ventricular ectopic beat (V), and
fusion beats (F). Then the models were evaluated
using MIT-BIH Supraventricular ~ Arrhythmia
databases (SVDB) to classify three types of
heartbeats: normal beat (N), supraventricular ectopic
beat (S), and ventricular ectopic beat (V).

1.4 Evaluation strategies

In order to evaluate the performance of proposed
work two standard MIT/BIH database are used:
MIT/BIH arrhythmia database and MIT-BIH
Supraventricular ~ Arrhythmia  databases.  Four
measures are used to evaluate the classification
accuracy for each class, accuracy, fi-score, recall, and
precision. The proposed model is compared with
recent works in terms of above four measures as well
as number of parameters needed to build the model.
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1.5 Paper layout

The rest of this paper is organized as follows.
First, the related work is described in section 2.
Section 3 Explains the proposed methodology.
Section 4 discusses the results and analysis of the
proposed techniques. Finally, the conclusions are
presented in section 5.

2. Related work

Most researchers utilized the wavelet transform
as a noise removal method since it decomposes the
signal into two different categories of coefficients:
approximation and details coefficients. The details
coefficients can be removed to remove high band
noise. According to the decomposition process, some
proposed classification methodology as feature
extraction[16].

Dewangan and Shukla [5] classified five types of
heartbeats using artificial neural networks (ANN)
and discrete wavelet transformation (DWT). The
authors concluded that using the wavelet coefficient
and morphological features increased ANN's
performance in terms of accuracy, achieving 87 %
accuracy. This accuracy grew by increasing the
number of neurons in the hidden layer.

Jha and Kolekar[17] have developed an efficient
classification technique to classify seven types of
ECG beats based on 12 approximation coefficients
extracted using the tunable Q-wavelet of ECG beats
obtained from a different record from the MIT-BIH
database. These extracted features were obtained
from six decomposition levels of the ECG beat as
input to the support vector machine classifier,
achieving 99.27% average classification accuracy for
eight types of ECG.

Based on a one-dimensional convolutional neural
network (CNN) constructed from 12-layers,
researchers in [18] proposed an efficient
classification technique for classifying five types of
heartbeats after denoising them using the threshold
denoising method. As a result, this technique
achieved a classification accuracy of 97.41%.

Five machine learning algorithms, including
Random Forest, were used to classify four types of
heartbeats acquired from different datasets in [19]. In
this study, wavelet decomposition and frequency
content-based sub-band coefficient was used to
reduce the dimensionality of the dataset and enhance
the performance of the proposed classification
technique. The result of this work shows that
classification accuracy achieved by RF is up to 97%.

The Discrete wavelet transform (DWT)
combined with principal component analysis (PCA)
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was proposed by [20]as a feature selection method.
The SVM and the RF were utilized as machine
learning  classifiers  for the  generalization
performance of the proposed model. Moreover, the
proposed model has been applied to four different
datasets where the classification accuracy achieved
by the RF classifier was up to 98%.

Although these related researches produced
significant techniques for Arrhythmias classification,
they have some drawbacks in terms of computation
complexity, complex architecture of network
designing, number of features extracted, and the
number of epochs needed to converge the results, and
some of them not manipulated or forced the
imbalance problem. In addition, some of these works
achieve small accuracy with low generalization
performance. In this work all these drawbacks are
overcome by designing a classifier technique based
on less relevant number of extracted features using
WT, a smaller number of epochs, and classifiers with
less complexity as well as high accuracy with less
computation complexity.

3. Methodology
3.1 Dataset description

The freely available benchmark ECG signals
from the MIT/BIH arrhythmia database is used to test
this proposal. The database contains 48 half-hour
excerpts of two-channel ambulatory ECG recording
files obtained from 47 patients. The recordings were
digitized with a sampling frequency of 360 Hz and
acquired with 11-bit resolution over a ten-mV range
[21]. This work used 44 files from the database
among the recordings where according to AAMI, 4
with paced beats are excluded recommendations.
AAMI recommendations categorize the 18 types of
heartbeats into five groups: nontectonic beat (N),
supraventricular ectopic beat (S), ventricular ectopic
beat (V), fusion beats (F), and unknown beat type (Q).
Unknown beat (Q) group is excluded due to its tiny
size [22].

The second MIT-BIH  supraventricular
arrhythmia databases is used to evaluate the
generalization of proposed technique. The database
contains 78 half-hour including the samples of
supraventricular arrhythmias [23].

3.2 Data segmentation

Each record in the first database is segmented into
beats; each beat is a one-dimensional signal vector
and comprises 252 samples as in the following steps
using tools of (WFDB) software:
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Algorithm 1: ECG heartbeat extraction (ECG
segmentation)

Input: ECG record for each patient
Output: extracted heartbeats of each patient
record
1 | for each ECG record do:
data <— wfdb. rdsamp(record)
indeXiime_instance«—annotation.
Samples(record)
labelr pea—annotation. Symbols(record)
LEN « length(indextme_instance)
datapeat «— zero (LEN,252)
for i:1 to length (LEN) do:
N «— indextime_instance[1]
datavear/i,: [«—data[n-108:n+144,0]
end
beatsrecord «—
IabeIbeeak)
end
Return beatSrecord

W N

~No o1~

concatenate  (datapeat,

1- Using annotation file in the MIT-BIH
Arrhythmia database to
a- Detect the R-peaks samples and saving their

corresponding time index
b- Save the vector of beat-labels corresponding
to each R-peak detected in step (a)

2- To extract each ECG beat a window of -300 ms
to 400 ms around the R-wave is choosing,
which equals 108 samples to 144 samples as in
the Eq. (1):

T =NT,=N/f, > N =Tf, (1)

Where T is time in seconds, N is the number of
samples, f is sampling frequency =360
N correspondingtoT =300ms =0.3s—> N
=Tf; =0.3%x360 =108
N correspondingtoT =400ms =04s—> N
=Tf;, =04 360 =144
Bellow pseudocode illustrates the segmentation
procedure of ECG signal to extract heart beats in it.
The second database is segmented into beats;
each beat is a one-dimensional signal vector and
comprises 150 samples with the same procedure of
the first database segmentation using window of 150
samples around the R-wave.

Data Pre-processing

Pre-processing is carried out in three steps:

1- Z-score normalization reduces DC offset and
magnitude variant scaling among different files.
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2- Discrete wavelet transform (DWT) was used to
filter ECG signals from high-frequency noise,
power line interference, and baseline wander
without changing the morphology of ECG as
compared with other denoising filters.

3- The database was split into a training set and a
testing set as a rule of thumb, where the ratio of
the training set to the testing set was 7:3. Then, the
training set was divided into a training set and
validation set with the 8:2 ratio.

4- Data augmentation using Synthetic Minority
Over-sampling Technique (SMOTE) method was
used to solve the imbalance problem in the dataset
after down-sampling majority class randomly to
20000 samples.

3.3 Proposed classification model

In this work, two proposed classification models
were developed based on wavelet transform as a
feature selection method and a feature reduction
method simultaneously. Fig. 1 explains the overall
steps of the proposed framework. After the data pre-
processing stage, the feature extraction method based
on WT is used to extract detail coefficients from four
decomposition levels instead of using the entire
original ECG signal to overcome overfitting and
reduce the computation complexity, then in the third
stage, two classifiers are constructed: convolution
neural network (CNN) and Random Forest. The
fourth stage including classification performance
evaluation and analysis in terms of four metrics:
accuracy, recall, precision, and f1-score.

3.1.1. Discrete wavelet transforms (DWT)

The first stage of designing the architectures of
two classification models is to calculate the detail
coefficients of input heartbeats using wavelet
transformation with four decompositions level; this
procedure is carried out to extract important
discriminate features with less dimension as
compared with original data.

The mathematical formulation of wavelet
transform can be expressed by Eq. (2)[24]:

Wt s) = [ o x@y (T)dr (@)

Where: 7 is a time shift, s is scale(dilation), ¥ (t)
is mother wavelet, and ¥* is i complex conjugate.
There is more than one example of mother wavelet,
in this work Haar wavelet was used which is
formulated by Eq. (3):
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Figure. 1 General framework of proposed classification
methodology

1 0<t<05
Yt)=4{-1 05<t<1
0 elsewhere

FT .
—W(f) =je ™ sin (nf/2).sinc(nf/2) (3)

Discrete wavelet transform (DWT) should be
used with digital signal (with binary nature) hence it
compatible with digital computer. Based on dyadic
sampling discretizing scale and time shift, DWT can
be designed with all discrete variables. Using DWT
high-pass filters analyzed high frequencies of signal
which is passed to them, and low-pass filters
analyzed low frequencies[24]. The resultant
coefficients of analyses process are Approximate
coefficients are denoted by A,, (from the low-pass
filter) and detail coefficients are denoted by D,
(from the high-pass filter), according to Egs. (4-7)of
convolution between signal and filter[25].

Ap[m] = Xiz_ox[klgl2m—k]  (4)
Ap[m] = (xxg) | 2 (%)

Dy [m] = ¥i=-oo x[k]h[2m — k] (6)
Dp[m] = (x * h) | 2 (7)

Where: g and h is low-pass filter and high-pass

filter respectively, x(k) isthe ECG signal, m is refer
to coefficient at each level, in this work since there
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are four decomposition levels then m € {1,2,3,4},1
is down sampling operator, * is convolution process.
Since each output from convolution process as in
Eq. (5) and (7) has half the frequency band of input
signal where only half of each filter output
characterizes the signal, so WT is significant features
selection and reduction method by selecting specific
coefficients only instead of entire signal will be
sufficient to ECG classification. In this paper the
detail coefficients for four decomposition levels have
been extracted and selected as input to classifiers.

3.1.2. Power spectral density (PSD)

Fourier transform is a good and useful tool for
analyses and reveals information from stationary
signal, but with nonstationary signal the time-
frequency and time-scale methods are needed since
the Fourier transform not suitable with nonstationary
signal[26].

Boashash (2015) explained the time and
frequency distribution TFDs denoted by p(t,f) using
the two variables t and f denoting time and frequency
respectively, not alternately, but present together.
The representation of the TFD is central at t and f, so
the cross section of the constant TFD t must represent
the frequency or frequencies present at time t, and the
constant cross section f must show the time or times
in which the frequency f is present[27]

The periodogram is a nonparametric method to
calculate the power spectral density (PSD) of a wide-
sense stationary random process. The periodogram is
the Fourier transform of the autocorrelation signal
[28]

For a signal x,, sampled at f; samples per unit
time, the periodogram is defined as in the Eq. (8):

P(F) =
%IZ,’Y;&xne-izﬂfAmF, —1/2At < f < 1/2At
(8)

where At is the sampling interval. For a one-
sided periodogram, the values at all frequencies
except 0 and the Nyquist, 1/2At, are multiplied by 2
so that the total power is conserved.

3.1.3. CNN proposed architecture

Convolutional neural networks consider as class
of artificial neural network (ANN) which simulates
the operation of visual cortex for human brain and
used as feature engineering instead of manual feature
extraction. CNN handles the signal directly by
applying a filter on it to produce number of feature
maps equal to number of filters (array of weights
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called kernel)[29]. The mechanism of the works of
CNN can be illustrated in below steps:

1- Input layer which represents the direct data of
signal or image.

2- Convolution layer: in this layer the convolution
operation applies on input using number of filters
to produce feature maps.

3- Applying rectified linear activation function
(ReLU) activation function on resultant feature
maps to process them as in ordinary deep neural
network.

4- Reducing the dimension of feature maps using
mean or max operation in MaxPooling layer. The
benefit of this layer is reducing the computational
load as well as reducing overfitting.

5- Converting the result from 2D to 1D Flatten
vector that passes to artificial neural network
which works as classifier. Usually this fully
connected network (ANN) consist of from three
layers, input layers, hidden layer, and output
layer. Fig. 4 explain the main architecture of
CNN.

In this work, the resultant detail coefficients enter
to classifier models. Two models are CNN-ANN as
deep learning model and Random Forest as machine
learning model. CNN is used to extract deeper
features then ANN used the resultant flatten vector
from CNN to classify four types of ECG heartbeat.

Table 1. Summary table of proposed CNN architecture
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Table 3. Summary table of training parameters for input
detail coefficients at second decomposition level of DWT
and each layer in the proposed CNN architecture

Layer types First level (input size=126)
Output shape # Parameters

convolution (None, 126, 16) 64

Max- pooling (None, 63, 16) 0

convolution (None, 63, 32) 1568

Max- pooling (None, 31, 32) 0

convolution (None, 31, 64) 6208

Max- pooling (None, 15, 64) 0

Flatten (None, 960) 0

output (None, 4) 3844

Table 4. Summary table of training parameters for input
detail coefficients at third decomposition level of DWT
and each layer in the proposed CNN architecture

Layer types | Second level (input size=63)
Output shape # Parameters

convolution (None, 63, 16) 64

Max- pooling | (None, 31, 16) 0

convolution (None, 31, 32) 1568

Max- pooling | (None, 15, 32) 0

convolution (None, 15, 64) 6208

Max- pooling | (None, 7, 64) 0

Flatten (None, 448) 0

output (None, 4) 1796

Table 5. Summary table of training parameters for input
detail coefficients at fourth decomposition level of DWT

and each layer in the proposed CNN architecture

Third level (input size=32)

Layer types Output shape # Parameters

convolution (None, 32, 16) 64

Max- pooling | (None, 16, 16) 0

convolution (None, 16, 32) 1568

Max- pooling | (None, 8, 32) 0

convolution (None, 8, 64) 6208

Max- pooling | (None, 4, 64) 0

Flatten (None, 256) 0

output (None, 4) 1028

Forth level (input size=16)
Layer types Output shape # Parameters
convolution (None, 16, 16) 64
Max- pooling (None, 8, 16) 0
convolution (None, 8, 32) 1568
Max- pooling (None, 4, 32) 0
convolution (None, 4, 64) 6208
Max- pooling (None, 2, 64) 0
Flatten (None, 128) 0
output (None, 4) 516

Table 2. Summary table of training parameters for input
detail coefficients at first decomposition level of DWT
and each layer in the proposed CNN architecture

Layer types Number | Kernel | Activation
of filters | size function

convolution 16 1*3 Leaky Relu

Max- pooling - 1*2 -

convolution 32 1*3 Leaky Relu

Max- pooling - 1*2 -

convolution 64 1*3 Leaky Relu

Max- pooling - 1*2 -

Flatten - -

output - 1*4 SoftMax
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CNN consists of three convolution layers with filter
of (3*3) size, followed by three Max-Pooling layers
as it clear in Tables 1-5 of CNN architecture. The
parameters the used 1D-CNN train with are: 10
epochs, Adam optimizer, and loss function is
categorical cross entropy.

3.1.4. Random forest RF

It is one of the most common used classification
methods which is uses ensemble learning techniques.
This technique solves the complex problems by
constructing multiple classifiers and applies them on
multiple pieces of data set then the output class
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Table 6. The classification accuracy of CNN at each
DWT decomposition level

Level Number of | Overall Trainable
number | coefficients | Accuracy | parameters
1 126 96% 11,684

2 631 95% 9,636

3 32 96% 8,868

4 16 94% 8,356

decided by maximum voting of the resultant output
class label from all classifiers[30]. according to this
ensemble technique, RF built multiple and individual
decision trees implements on multiple subsets from
original dataset during the training stage. At the
testing stage, the output class labels of all decision
trees enter to voting process, finally the predicted
output class is the class with maximum votes. The
benefits of using random forest are the utilizing of its
advantages and its superior performance compared
with other machine learning methods in avoiding and
preventing overfitting by using multiple trees, as well
as giving accurate and precise results[31].

The second proposed model is constructed using
Random Forest. The parameters used to build the RF
classifier were selected after implementing the Grid
search hyperparameters tuning method. These
parameters are: The number of trees in the forest are
50 trees, and the function to measure the quality of a
split is the Gini index.

3.1.5. Analysis on computational complexity

Denoting d as the number of features
(dimensions) in dataset, n as the number of training
ECG records, and Ntrees as number of trees, the
training computational complexity of Random Forest
is: O(d* Ntrees *nlogn) and the testing
computational complexity of random forest is: O(d *
Ntrees) [32].

Using Random Forest in conventional technique
with whole ECG record length equal 252, the training
computational complexity is (252 * Ntrees *
nlogn). In our proposed technique using WT as
features selection and reduction where the number of
used features is reduced to 25 only so, the training
computational complexity of Random Forest is (25 *
Ntrees = nlogn).

On the other hand, the testing computational
complexity is (252 * Ntrees). In our proposed
technique the testing computational complexity of
Random Forest is (25 * Ntrees). As a result, the
complexity is reduced by 99.2% from original value
for same Ntrees .

In addition, the Ntrees work on small number of
features (25) is less than Ntrees work on 252
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features, so, the space complexity of random forest
which is O(depth of tree x Ntrees) certainly
reduced with significant ratio.

The computation complexity of CNN can be
calculated using two measurements: number of
parameters and multiply-accumulate operations
(MAC) at each convolution layer. Denoting K, as
number of filters(kernel) in current layer, K, as
number of filters in previous layer, M is the kernel
size, mis input size, Oy is the output size, p is the
amount of zero padding, and s is the stride, so the
(MAC) is calculated as following[33]:

0, = ZM¥20) 4 g (9)

s

MAC=K,*M*K * 0y (120)

It is clear that the size of input signal m plays a
significant role in calculating the value of MAC, so
the decreasing of input ECG record will impact on
decreasing the complexity of CNN according to the
Egs. (9) and (10).

The number of total parameters as in Tables 1-5
show the clear impact of input size. Thereby the
technique in this paper with using input size of 25
features only instead of 252 will decrease the number
of parameters and multiply-accumulate operations
(MAC) by high ratio which leads to decreasing the
complexity of proposed CNN architecture.

4. Results and discussion
4.1 Experimental results

The results are presented for performance
evaluation of two proposed classification models
where the training and test sets were selected
randomly as a 70:30 thumb rule.

The classification models were trained, and their
performance was evaluated after each DWT level of
decomposition, where the size of the data entering the
model is different at each level and equal to the
number of wavelet detail coefficients at each level.

The result of evaluating the performance of CNN-
ANN in terms of accuracy, as illustrated in Table 6,
where the size of the input layer, which is equal to the
number of wavelet detail coefficients and the number
of trainable parameters at each level, was presented.
Fig. 2 illustrates the performance results graphically
in terms of validation loss, validation accuracy,
training loss, and training accuracy; it is clear from
the curve of these measures that there is non-obvious
overfitting there is no gap between the angle of
validation and training accuracy.
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Table 7. Performance results of CNN classifier for each

class
O | Evaluation 1 2 3 an
D measure level level level level
e (%) (%) (%) (%)
N | Precision 99 99 99 99
Recall 97 95 96 94
F1-score 98 97 98 97
S Precision 53 52 59 50
Recall 77 91 86 90
F1-score 63 66 70 64
V| Precision 94 91 86 84
Recall 91 95 95 96
F1-score 93 93 90 90
F Precision 65 25 40 29
Recall 74 84 84 83
F1-score 69 39 54 43

Table 8. Performance evaluation results of RF classifier
lst 2nd 3rd 4th
level level level level
(%) (%) (%) (%)

N | Precision 99 99 99 99

Evaluation
measure

sse|D

Recall 98 98 98 98
F1-score 99 99 99 99
S Precision 77 75 70 75
Recall 72 78 83 88
F1-score 74 77 76 81
V| Precision 90 90 92 90
Recall 95 96 96 97
F1-score 92 93 94 94
F Precision 80 79 68 52
Recall 69 71 72 75
F1-score 74 75 70 62

From the results in a Table 6, it is clear that the
number of trainable parameters and the dimensions
of the data (size of input layers) represented by the
number of DWT detail coefficients decreases with
the increasing of the number of DWT decomposition
levels with a not noticeable variation in the
percentage of accuracy. As a result, the best
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performance of the model was at the third level with
the highest classification accuracy and less trainable
parameter; this is the goal of the work to achieve
efficiency in terms of reducing the complexity of
model designing terms of reducing the dimensions of
processed data while maintaining accuracy.

The result of CNN -ANN classification
performance for each class in terms of three
evaluation measures: precision, recall, and fl-score,
were illustrated in the Table 7. These results show the
imbalance problem's impact on the classification
model's performance on minority classes even after
the SMOTE augmentation method. The minority
classes S and F achieved less value of precision,
recall, fl-score evaluation measures compared with
types N and V. On the other hand, the best results for
each type were conducted at different DWT
decomposition levels; for classes N and S, the highest
values of precision, recall, and fl-score were
obtained at the third level; in contrast, for classes V
and F where the highest values of precision, recall,
and fl-score were obtained at second and first level
respectively.

Similarly, the performance of the RF classifier
was evaluated using three evaluation measures:
precision, recall, and f1-score as in Table 8. It is clear
that the problem of imbalance caused the same
impact on minority classes as in the CNN-ANN
classifier. For classes N, S, and V, the highest values
of precision, recall, and f1-score were obtained at the
fourth level with a smaller number of details
coefficients (smallest input layer size), hence these
results were compatible with the aim of this research
in producing the model with the highest efficiency. In
contrast, for class F, the highest values of precision,
recall, f1-score, and accuracy at the second level.
From all the above evaluation results, it can be
noticeable that for the classes with the minor size the
feature reduction doesn’t work, hence it is necessary
to find and increase relevant features and increase the
training data size (number of ECG heartbeats) of
these classes as well as training the classifier model
to have variety in the training sample of these
minority classes. the combination of nine features
extracted from PSD of approximate WT coefficients
at fourth decomposition level with detail WT
coefficients in aim of increasing the relevant features
are significant argument for these outcomes since it
has clear impact on increasing the performance of RF
as in Table 9, where the highest values of precision,
recall, and fl1-score for all classes, were obtained at
the fourth level. Generally, the performance of RF
has been increased for all classes as comparison
between  results in  Tables 8 and 9
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Table 9. Performance evaluation results of RF classifier

using PSD
i 1st 2nd 3rd 4th
O | Evaluation
) level level level level
7 measure

(%) (%) (%) (%)
N | Precision 98 99 99 99
Recall 99 99 99 99
F1-score 99 99 99 99
S | Precision 87 85 85 90
Recall 70 75 81 85
F1-score 77 80 83 88
V| Precision 96 94 95 95
Recall 95 96 96 97
F1-score 95 95 96 96
F Precision 92 88 86 77
Recall 63 65 66 72
F1-score 75 75 74 74

Table 10. Classification accuracy at each DWT
decomposition level using two classification models

8 s |x8 Overall accuracy
Level | 23 |32 3 [WT-|[WT- |WT-
5 [©F |RF |PsD- |CNN
s | g RF
w w
1 126 135 97% | 97.9% | 96%
2 63 72 97% | 98% | 95%
3 32 41 97% | 98.2% | 96%
4 16 25 97% | 98.5% | 94%

Table 11. Performance evaluation results of RF classifier
using PSD implemented on MIT-BIH supraventricular
arrhythmia database (SVDB)

1st 2nd 3rd

O | Evaluation 4t Jevel

S measure level | level level (%)

e %) | (%) (%)

N | Precision 98 99 99 99
Recall 96 97 97 97
F1-score 97 98 98 98

S Precision 69 72 74 74
Recall 80 84 88 85
F1-score 74 77 80 79

V| Precision 76 79 81 79
Recall 91 92 92 92
F1-score 83 85 86 85

Average 95 | 95 96 95.7
accuracy

Finally, after analyzing the performance

evaluation results of the two proposed classification
models, a comparative study was illustrated in the
Table 10. The results show that the accuracy achieved
by RF is highest than the accuracy achieved by CNN
for each DWT decomposition level which is up to
98%.

So, the RF classifier will candidate the best
classifier based on DWT to develop an efficient
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classification technique. Generally, using DWT
improved the performance of CNN-ANN classifier
where the accuracy achieves using this classifier
without using DWT as feature reduction was 90%
and these results come true with the results achieved
by[34].

To evaluate the best model-based RF
performance and its generalization, the model is
implemented on  MIT-BIH  Supraventricular
Arrhythmia databases as in Table 11.

4.2 Comparison study of proposed classification
framework with previous works

The comparative study between our proposed
classification technique and related previous works
of ECG beats classification to predict Arrhythmia
disease has been produced and explained in terms of
the resultant classification accuracy, classifier and its
architecture, and number of extracted features as in
the Table 12.

It is clear that the proposed classification
technique has superior performance in terms of
accuracy and efficiency, where its classifier has
architecture with less complexity as compared with
classifier of other works. In addition, it achieves
higher accuracy with a smaller number of coefficients
and less computation complexity.

As compared with classification technique in
reference [17], it achieves accuracy higher than the
accuracy achieved in our proposed technique, but it
not robust against unbalancing problem since it chose
only 14,878 ECG beats in balancing way to all classes
so the classification technigue in this work, was not
confronted the unbalancing problem as in our
proposed technique. As a results, the proposed
technique is superior to this technique in terms of
generality.

In reference [5] the accuracy was small as
compare with the accuracy achieved in proposed
technique in this paper, as well as the number of
epochs required in this reference were 5000 epochs
whereas in our technique, the maximum number of
epochs required for the results to be converged are 10
epochs only as in Fig. 1.

The proposed architecture of CNN is constructed
using only seven layers conversely, the CNN in
references [18] and [14] constructed from 12 layers,
so the proposed CNN architecture in our work
overcomes the CNN complexity in these references.

Although, the classifiers used in references [19]
and [20] is RF as in our work but the number of
extracted features (input dimensions) are 62 and 356
respectively which is more than the number of
features extracted in our work using WT which were
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Reference Classifier Dataset Number of Evaluation metrices
extracted features
Accuracy | Sensitivity | Specificity
(recall) | (Precision)
[5] Neural network MIT-BIH 12(8 WT 87% 65.54 92.25
(Three layers, one arrhythmia coafficienr+4
hidden layer with database morphology
300 hidden neuron) features)
[14] CNN (12 layers) and MIT-BIH temporal and 91.7% - -
nonlinear regression arrhythmia frequential
database properties (R-R
intervals, cardiac
frequencies)
[18] CNN with 12 layers MIT-BIH 360 97.4% 97.05 99.35
arrhythmia
database
[19] RF MIT-BIH 62 WT coefficient 97.35% - -
arrhythmia
database
[20] RF MIT-BIH 8 level of DWT 98.8% 60.00 98.29
arrhythmia and PCA (356
database features)
[17] SVM MIT-BIH 12 Approximate 99.2% 96.22 99.58
arrhythmia coefficients at the
database sixth level
RF MIT-BIH 25(16 detail 98.5% 98.5% 98.5%
R arrhythmia coefficients at
S database the fourth
2 level+9 PSD
o coefficients)
3 CNN with 6 layers MIT-BIH 32 detall 96% 95% 96%
oy arrhythmia coefficients at
database the third level

25 coefficients only after fourth decomposition level
only. So the complexity of RF in our proposed
technique is less than the complexity of RF in
references [19] and [20] as in section 3.4.5.

5. Conclusion

This work aims to develop an efficient Arrhythmia
classification model-based features extracted using
Discrete wavelet transform with two classifier
models: CNN-ANN and RF. The heartbeats are
extracted by segmenting the ECG records.
Additionally, the preprocessed and details
coefficients for four decomposition levels of wavelet
transform were extracted. Next, the details
coefficient for each level enters as an input to each
classifier for classifying the four types of ECG
heartbeats. Finally, the arrhythmia was detected and
predicted for each heartbeat type of test dataset, then,
evaluates the performance of two classifiers. In terms
of four evaluation measures, accuracy, recall,
precision and fl-score the performance of RF was
better than CNN-ANN for all decomposition wavelet
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levels. This model achieved high accuracy approach
of 98.5% with only 16 wavelet detail coefficients and
9 features from PSD of approximate WT coefficients
of ECG beats at fourth decomposition level which
ensures the efficiency in terms of less processed
information. These results ensure that the proposed
classification technique can be used as an efficient
and automatic model for arrhythmia classification,
which can be implemented on wearable devices in
realistic application.

Conflicts of interest

The authors declare no conflict of interest

Author contributions

Author 1.  Conceptualization,  analysis,
methodology and coding, project administration, data
curation, writing original draft, writing review and
editing. Author 2: The supervision, visualization,
Conceptualization, review, writing review and

DOI: 10.22266/ijies2023.0430.16



Received: December 9,2022. Revised: January 6, 2023.

editing. Author 3: Supervision, validation, formal
analysis, review, writing review and editing.

References

[1] P.Madan, V. Singh, D. P. Singh, M. Diwakar, B.
Pant, and A. Kishor, “A hybrid deep learning
approach  for ECG-based arrhythmia
classification”, Bioengineering, Vol. 9, No. 4, p.
152, 2022.

[2] M.K.D.S.S. Dambal and S. B. Gopalakrishna,
“Premature Ventricular Contraction
Classification Based on Spiral Search - Manta
Ray Foraging and Bi-LSTM”, International
Journal of Intelligent Engineering and Systems,
Vol. 15, No. 6, pp. 1-10, 2022, doi:
10.22266/ijies2022.1231.01.

[3] H.Li,Z. An,S. Zuo, W. Zhu, L. Cao, Y. Mu, W.
Song, Q. Mao, Z. Zhang, and E. Li,
“Classification of electrocardiogram signals
with waveform morphological analysis and
support vector machines”, Medical & Biological
Engineering & Computing, Vol. 60, No. 1, pp.
109-119, 2022.

[4] N. K. Dewangan and S. Shukla, “ECG
arrhythmia classification using discrete wavelet
transform and artificial neural network”, In:
Proc. of International Conf. on Recent Trends in
Electronics, Information & Communication
Technology (RTEICT): IEEE, pp. 1892-1896,
2016.

[5] M. K. Majhi, B. K. Pradhan, P. Sarkar, J.
Sivaraman, and K. Pal, “Can statistical and
entropy-based features extracted from ECG
signals efficiently differentiate the cannabis-
consuming women population from the non-
consumer?”, Medical Hypotheses, Vol. 167, p.
110952, 2022.

[6] K. K. Patro, A. J. Prakash, M. J. Rao, and P. R.
Kumar, “An efficient optimized feature
selection with machine learning approach for
ECG biometric recognition”, IETE Journal of
Research, Vol. 68, No. 4, pp. 2743-2754, 2022.

[7] S. Kuila, N. Dhanda, and S. Joardar, “Feature
Extraction and Classification of ECG Signals
Through Dimension Reduction”, Internet of
Things and Its Applications, pp. 223-233, 2022.

[8] V. Gupta, N. S. Rathore, A. K. Arora, S. Gupta,
A. Kanungo, Salim, and N. K. Gupta,
“Electrocardiogram signal pattern recognition
using PCA and ICA on different databases for
improved health management”, International
Journal of Applied Pattern Recognition, Vol. 7,
No. 1, pp. 41-63, 2022.

International Journal of Intelligent Engineering and Systems, Vol.16, No.2, 2023

202

[9] T. Li and M. Zhou, “ECG classification using
wavelet packet entropy and random forests”,
Entropy, Vol. 18, No. 8, p. 285, 2016.

[10] M. M. Suhail and T. A. Razak, “Cardiac disease
detection from ECG signal using discrete
wavelet transform with machine learning
method”, Diabetes Research and Clinical
Practice, Vol. 187, p. 109852, 2022.

[11] B. A. Naami, H. Fraihat, H. A. Owida, K. A.
Hamad, R. D. Fazio, and P. Visconti,
“Automated Detection of Left Bundle Branch
Block from ECG Signal Utilizing the Maximal
Overlap Discrete Wavelet Transform with
ANFIS”, Computers, Vol. 11, No. 6, p. 93, 2022.

[12] T. Tuncer, S. Dogan, P. Plawiak, and A. Subasi,
“A novel Discrete Wavelet-Concatenated Mesh
Tree and ternary chess pattern based ECG signal
recognition method”, Biomedical Signal
Processing and Control, Vol. 72, p. 103331,
2022.

[13] A. D. Abdou, N. F. Ngom, and O. Niang,
“Arrhythmias Prediction Using an Hybrid
Model Based on Convolutional Neural Network
and Nonlinear Regression”, International
Journal of Computational Intelligence and
Applications, Vol. 19, No. 03, p. 2050024, 2020.

[14] S. Dutta, A. Chatterjee, and S. Munshi,
“Correlation technique and least square support
vector machine combine for frequency domain
based ECG beat classification”, Medical
Engineering & Physics, Vol. 32, No. 10, pp.
1161-1169, 2010.

[15] J. Rahul, M. Sora, L. D. Sharma, and V. K.
Bohat, “An improved cardiac arrhythmia
classification using an RR interval-based
approach”, Biocybernetics and Biomedical
Engineering, Vol. 41, No. 2, pp. 656-666, 2021.

[16]C. K. Jha and M. H. Kolekar, “Cardiac
arrhythmia classification using tunable Q-
wavelet transform based features and support
vector machine classifier”, Biomedical Signal
Processing and Control, Vol. 59, p. 101875,
2020.

[17] M. Wu, Y. Lu, W. Yang, and S. Y. Wong, “A
study on arrhythmia via ECG signal
classification using the convolutional neural
network”,  Frontiers in  Computational
Neuroscience, Vol. 14, p. 564015, 2021.

[18] S. M. Qaisar, A. Mihoub, M. Krichen, and H.
Nisar, “Multirate processing with selective
subbands and machine learning for efficient
arrhythmia classification”, Sensors, Vol. 21, No.
4, p. 1511, 2021.

[19] S. Nurmaini, B. Tutuko, M. N. Rachmatullah, A.
Darmawahyuni, and F. Masdung, “Machine

DOI: 10.22266/ijies2023.0430.16



Received: December 9, 2022.

Learning Techniques with Low-Dimensional
Feature  Extraction for Improving the
Generalizability of Cardiac Arrhythmia”,
IAENG International Journal of Computer
Science, Vol. 48, No. 2, pp. 369-378, 2021.

[20] G. B. Moody and R. G. Mark, “The impact of
the MIT-BIH arrhythmia database”, IEEE
Engineering in Medicine and Biology Magazine,
Vol. 20, No. 3, pp. 45-50, 2001.

[21] S. K. Pandey and R. R. Janghel, “Automatic
detection of arrhythmia from imbalanced ECG
database using CNN model with SMOTE”,
Australasian Physical & Engineering Sciences
in Medicine, Vol. 42, No. 4, pp. 1129-1139,
2019.

[22] L. Saclova, A. Nemcova, R. Smisek, L. Smital,
M. Vitek, and M. Ronzhina, “A new database
with annotations of P waves in ECGs with
various types of arrhythmias”, Physiological
Measurement, VVol. 43, No. 10, p. 10NT01, 2022

[23] R. S. Pathak, “The wavelet transform”, Springer
Science & Business Media, 2009.

[24] S. Pittner and S. V. Kamarthi, “Feature
extraction from wavelet coefficients for pattern
recognition tasks”, IEEE Transactions on
Pattern Analysis and Machine Intelligence, Vol.
21, No. 1, pp. 83-88, 1999.

[25] X. Cui, B. Fu, S. Liu, Y. Cheng, X. Wang, and
T. Zhao, “Study on the Difference of Human
Body Balance Stability Regulation
Characteristics by Time-Frequency and Time-
Domain Data Processing Methods”,
International  Journal of  Environmental
Research and Public Health, Vol. 19, No. 21, p.
14078, 2022.

[26] B. Boashash, “Time-frequency signal analysis
and processing: a comprehensive reference”,
Academic Press, 2015.

[27] Z. M. Hussain, A. Z. Sadik, and P. O. Shea,
“Digital signal processing: an introduction with
MATLAB and applications”, Springer Science
& Business Media, 2011.

[28] P. Kim, “Matlab deep learning”, With Machine
Learning, Neural Networks and Atrtificial
Intelligence, Vol. 130, No. 21, 2017.

[29] Y. Zhang, Y. Xin, Q. Li, J. Ma, S. Li, X. Lv, and
W. Lv, “Empirical study of seven data mining
algorithms on different characteristics of
datasets  for  biomedical classification
applications”, Biomedical Engineering Online,
Vol. 16, No. 1, pp. 1-15, 2017.

[30] A. Althnian, D. AlSaeed, H. A. Baity, A. Samha,
A. B. Dris, N. Alzakari, A. A. Elwafa, and H.
Kurdi, “Impact of dataset size on classification
performance: an empirical evaluation in the

International Journal of Intelligent Engineering and Systems, Vol.16, No.2, 2023

Revised: January 6, 2023.

203

medical domain”, Applied Sciences, Vol. 11, No.
2, p. 796, 2021.

[31] P. Ghosh, S. Azam, M. Jonkman, A. Karim, F. J.
M. Shamrat, E. Ignatious, S. Shultana, A. R.
Beeravolu, and F. D. Boer, “Efficient prediction
of cardiovascular disease using machine
learning algorithms with relief and LASSO
feature selection techniques™, IEEE Access, Vol.
9, pp. 19304-19326, 2021.

[32] M. Taghavi and M. Shoaran, “Hardware
complexity analysis of deep neural networks and
decision tree ensembles for real-time neural data
classification”, In: Proc. of International Conf.
On Neural Engineering (NER), pp. 407-410,
2019.

[33] J. Huang, B. Chen, B. Yao, and W. He, “ECG
arrhythmia classification using STFT-based
spectrogram and convolutional neural network”,
IEEE Access, Vol. 7, pp. 92871-92880, 2019.

DOI: 10.22266/ijies2023.0430.16



