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Abstract—Globally, coronary atherosclerosis in the context of
Chronic Heart Failure (CHF) represents a significant cause
of mortality. It is therefore imperative that timely
intervention is undertaken in order to reduce the mortality
rate associated with coronary atherosclerosis. Coronary
atherosclerosis is commonly  assessed through
echocardiography (ECHO), although the utilisation of this
technique remains limited in some healthcare facilities.
Accordingly, this study proposes an automated technique to
enhance the accuracy of ECG interpretation through the
advancement of Electrocardiography (ECG) images using a
wave translation algorithm with a Continuous Wavelet
Transform (CWT). In this study, the CWT algoritm is
employed for the characterisation of the dynamics of
Electrocardiogram (ECG) signals. The CWT algoritm is
initially derived through partial derivatives, and
subsequently, a new formula, Continuous Wavelet Multiscale
(CWMs), is introduced. This new formula is in accordance
with the standards set forth by the European Society of
Cardiology (ESC) and incorporates expert-provided
information for enhanced diagnostic precision. Moreover, a
Convolutional Neural Network (CNN) was subsequently
employed for the classification of ECG data from patients
into three categories: atherosclerosis, normal, and anomaly.
The CWMs technique thus demonstrates a significant
improvement in ECG interpretation, with an accuracy rate
of 99.6% for the detection of coronary atherosclerosis. These
findings highlight the potential of this automated technique
to serve as a reliable diagnostic tool, particularly in
healthcare settings where Echocardiography (ECHO)
equipment is not readily accessible. This advancement could
facilitate more widespread and accurate early detection of
coronary atherosclerosis, ultimately contributing to
improved patient outcomes and reduced mortality rates
associated with congestive heart failure.
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. INTRODUCTION

Image processing is a method of signal processing that
involves transforming an image into another image using
specific techniques. There are numerous features available
for analysing and modifying images through dedicated
software. Image manipulation using digital images
represents a crucial aspect of image processing [1]. This
process is employed to rectify signal data errors that arise
during transmission and acquisition, as well as to enhance
image quality, thereby facilitating interpretation by the
human visual system [2]. High-quality images are highly
similar to the original image and contain complete and
clear information. Image processing encompasses a
number of commonly used classes, including image
enhancement, image restoration, image analysis, and
image compression [3]. The aetiology of cardiac disorders
is multifactorial, with a plethora of potential causes that
can lead to aberrant cardiac function [1]. One of the most
prevalent forms of cardiovascular disease is heart failure,
which is precipitated by a constellation of conditions and
diseases that collectively result in the weakening or
damage of the heart [2]. The development of heart failure
can be attributed to a number of underlying conditions,
including hypertension, anaemia and coronary artery
disease (coronary atherosclerosis) [3]. As stated by the
World Health Organization (WHO), the global mortality
rate associated with heart disease exceeds 31% [4, 5].
Coronary artery disease is the most prevalent form of
chronic heart failure [6]. It is of the utmost importance to
implement early intervention strategies in order to reduce
mortality rates associated with this condition [7, 8].

The constraints of clinical instruments such as
Echocardiography (ECHO) in diverse healthcare settings
have prompted researchers to devise techniques that
streamline the interpretation of Electrocardiography
(ECG) [9]. An Electrocardiogram (ECG) is a diagnostic
tool employed for the assessment of cardiac condition. An
ECG is a diagnostic tool that measures the electrical
activity of the heart. The data obtained from the ECG is
then displayed, printed, and analysed by a cardiologist to
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determine the condition of the heart [10, 11]. An
Electrocardiogram (ECG) is a diagnostic tool that
generates graphic images of the electrical activity of the
heart. Subsequently, the resulting graphic images are
subjected to further analysis by experts, thereby
facilitating the formulation of additional diagnostic
conclusions. An ECG is a graph produced by an ECG
machine, which records the electrical activity of the heart
over time. This is a relatively straightforward test that is
employed to quantify and document the electrical activity
of the heart. The test utilises an electrocardiograph
apparatus to discern electrical impulses, which are
subsequently translated into a graphical representation
displayed on a monitor. A number of researchers have
conducted studies on coronary atherosclerosis (coronary
heart disease) using ECG graphs [9]. The process of
interpreting the ECG graph employs digital image
processing techniques, specifically the CWT algorithm,
which generates a scalogram representation [12].

One of the studies referenced is the ECG signal
detection procedure, which employs the CWT and CNN
algorithms to categorise arrhythmias into three distinct
groups: Atrial Fibrillation (AF), Congestive Heart Failure
(CHF) and Normal Sinus Rhythm (NSR). This is
accomplished by transforming the 1D signal into a 2D
scalogram, which serves as the input for the Convolutional
Neural Network (CNN). The dataset employed by
PhysioNet demonstrated an accuracy rate of 98% [13, 14].
A comparable study was conducted employing the
identical methodology for the detection and localisation of
ST Elevation Acute Myocardial Infarction (STEMI) and
Non ST Elevation Acute Myocardial Infarction (NSTEMI)
signals on a 12-lead ECG, with an accuracy rate of 96.3%.
The present study is concerned with the graphic patterns
categorised as STEMI and NSTEMI conditions, which are
presented in the form of 2D scalograms [15]. The
methodology employed in the interpretation of the ECG
graph during the detection process is not elucidated in the
current study. Furthermore, the article does not offer any
additional insights into the scalogram, which is capable of
reading each lead on the ECG graph.

In light of the preceding research, this study presents a
discussion of the development of the CWT algorithm in
the process of detecting coronary atherosclerosis in ECG
images. The development of the CWT algorithm enables
the presentation of a novel CWMs (Continuous Wavelet
Multiscale) algorithm, thereby optimising the functionality
of the preceding CWT algorithm in the analysis of ECG
images. The CWM results are presented in the form of 3D
scalograms, with images classified using the
Convolutional Neural Network (CNN) algorithm. The
second algorithm employed in this study is a CNN, which
generates a series of parameters. The parameters have been
identified by cardiologists as a means of facilitating the
classification of patients presenting with coronary
atherosclerosis, normal conditions, or anomalies.

The performance of the CWMs algorithm development
is carried out by combining Mexican hat-type wavelets to
read ECG images in the process of detecting coronary
atherosclerosis. The objective of this study is to develop a
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CWT formula for determining the rhythm graph on the
ECG. This will be achieved by creating a new formula
using partial differentiation derivatives in the CWT
algorithm for interpreting and determining the process,
thus facilitating the interpretation of the ECG graph and
enabling experts to determine further therapy. It is
anticipated that the innovative nature of the CWT
algorithm will facilitate the identification of accurate
treatment recommendations for patients diagnosed with
coronary heart disease. Furthermore, the software
produced as a result of this innovative algorithm is able to
interpret ECG graphs in accordance with the standards set
by experts and the European Society of Cardiology (ESC).
This will facilitate the implementation of subsequent rapid
and appropriate therapeutic actions for patients, as well as
its utilisation in many health facilities.

Il. RELATED RESEARCH

A substantial body of research has been conducted by a
range of experts in the field of digital image processing,
with a particular focus on ECG graphic images. The
findings of these studies have been diverse, exhibiting both
advantages and disadvantages. The following is a list of
some of the studies that have been conducted previously.

A parallel study was undertaken to examine the efficacy
of the CWT algorithm and rough rule-based methods for
myocardial infarction classification, with the objective of
producing 2D scalograms utilising ECG signals from the
MITBIH Arrhythmia database. The primary limitation is
the suboptimal utilization of automated techniques for
precise identification and categorization of ECG signals,
underscoring the necessity for further advancement [16].
Olanrewaju [17] employed the CWT and CNN algorithms
to analyse ECG signals, producing 2D scalograms as input
in CNN. This approach was shown to enhance the
accuracy of detecting arrhythmia and heart failure, with an
accuracy result of 98.7%. While the model is demonstrably
effective, the study does not provide information regarding
the quantity of data utilized. Further optimisation of the
selection of wavelet types and the incorporation of the
ECG signal interpretation process may facilitate the
generation of more accurate results [17]

Additionally, a study has proposed a combination of
CWT and DCNN for ECG signal classification using the
MIT-BIH dataset, comprising 180 recordings. The CWT
was employed for the analysis of the signals, transforming
them from one-dimensional to 2D scalograms. The
extracted features were then processed by the DCNN,
resulting in an accuracy of 98.67%. This approach
demonstrated robust capabilities for arrhythmia detection
and enhanced the performance of ECG signal
classification. Further development may include the
application of unsupervised learning techniques, which
have the potential to enhance efficiency and accuracy [18].
An investigation into ECG signals utilising the CWT
algorithm was also conducted with the objective of
detecting ECG abnormalities in 32 patients from the St
Petersburg Arrhythmia Database. The findings indicated
that this algorithm is effective in identifying ECG features
such as QRS complexes and P and T waves, although no
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specific accuracy values were provided. This study makes
a significant contribution to the field of ECG signal
processing and supports the rapid and accurate diagnosis
of heart disease [19]

In a study published in 2021, Wang [20] developed an
automatic ECG classification method by combining CWT
and CNN, using ECG signals from the MIT-BIH
Arrhythmia Database. The CWT algorithm was employed
to transform the ECG signals into the time-frequency
domain, while the CNN algorithm was used to extract
features from the resulting 2D scalogram. Furthermore, it
might be beneficial to consider extracting and integrating
RR interval features with CNN features for classification
purposes. This study seeks to combine the advantages of
CWT in multidimensional signal processing and CNN in
image feature extraction, with the aim of achieving an
accuracy value of 97.65%. It would be beneficial to have
more information about the amount of data used, as this
would help to assess the generalisability of the results. We
are pleased to report that the CWT and CNN algorithms,
which were originally developed for producing 2D
scalograms, have also been successfully applied to the
detection and localisation of STEMI signals in 12-Lead
ECG images. This approach has been tested on 431
STEMI signals, with an encouraging level of accuracy
(96.3%). While this approach has the potential to
contribute to cardiovascular diagnosis, there are still areas
for improvement. For instance, it would be beneficial to
consider additional factors that could affect the accuracy
of the diagnosis, such as the reading of each wave on the
ECG [21]. Another approach is to use a 2D image
representation of ECG signals from CWT to detect
abnormalities, particularly ST episodes, which could
potentially indicate a myocardial infarction. This method
has been shown to have an accuracy of 97.47% on the
European ST-T dataset, which is a promising result. The
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developed CNN model employs multiple layers with a
ReLU activation function and kernel sizes of 5>5 and
12x12. While the results are promising, there are still areas
for improvement, such as further investigation into the
optimal type of CWT wavelet for feature detection on ECG
waves [22].

Previous studies have concentrated on the processing of
QRS variables and the overall classification of heart
disease, primarily offering insights into normal and
abnormal heart rhythms. It would appear that no study has
specifically discussed the condition of coronary
atherosclerosis based on the interpretation of P waves,
QRS complexes and T waves in electrocardiography. This
gap provides an opportunity for the author to contribute to
the development of more accurate ECG interpretation
techniques for the detection of coronary atherosclerosis. It
is hoped that this ECG interpretation process will help
experts to determine the most appropriate therapy in line
with the standards set by the European Society of
Cardiology (ESC).

I1l. MATERIALS AND METHODS

The following represents the framework of the research
conducted. It is hoped that this research framework will
prove a valuable reference for researchers, assisting them
in achieving the expected results and preventing any
deviation from the planned research trajectory.

Fig. 1 offers an overview of the research framework,
which includes 85 ECG images sourced from the RSUP
M.Djamil Padang hospital in the IPJT (Integrated Heart
Service Installation) section. The images include a variety
of patient heart records, comprising 35 Atherosclerosis
Coronary images, 30 Anomaly Images and 20 Normal
ECG Images.
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Fig. 1. Research framework.
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It is worth noting that previous studies have also
employed samples with relatively limited data sets.
However, the analysis employed an algorithm that was
particularly responsive to changes in the images under
examination. We believe that the 85 images used were
sufficient to identify trends relevant to the readings on each
lead. This allowed us to test a total of 1,020 ECG graphic
images, which we hope will enable us to draw valid
conclusions. We are grateful to have the opportunity to
have our ECG image analysed by a cardiologist who is part
of the association of heart doctors and has expertise in the
field of heart and blood vessels. We are particularly
interested in the interpretation process of the ECG, which
involves calculating the value of each variable from the
ECG graph that indicates coronary atherosclerosis. This
includes factors such as heart rate, P wave, QRS complex,
PR interval, ST depression and ST elevation. The results
of the analysis will be used as input images in the image
processing process that has been implemented in the
MATLAB 2018a programming.

A. Input Citra EKG

It might be suggested that a collection of images from
the process of detecting electrical impulses in the heart
could be considered as the input image for the ECG. It
should be noted that the graph has several variables,
including P-QRS-T [23]. The process will involve
calculating (interpreting) the graph with a view to
determining whether the patient has coronary
atherosclerosis, or whether there are any other factors at
play.

Fig. 2 depicts an Electrocardiogram (EKG) sheet
illustrating the P-QRS-T waves. The paper features
vertical and horizontal lines spaced 1 mm apart, with the
thicker lines spaced 5 mm apart. Time is measured along
the horizontal lines, where 1 mm is equivalent to 0.04
seconds or 40 ms, and 5 mm is equivalent to 0.2 s.

MWW(&MVJ

Fig. 2. Acute myocardial infarction ECG.

B. Preprocessing

The preprocessing stage comprises a series of steps
utilising the results of the ECG image in order to facilitate
the interpretation of the values represented by the waves
on the ECG. These steps include the extraction of the
graphical representation of the waves for the purpose of
facilitating calculations that are used to detect the presence
of coronary atherosclerosis. The preprocessing stage
comprises two principal processes: the enhancement of the
ECG graphic image quality and the removal of the ECG
paper background, thereby facilitating the interpretation of
the graph [24]

The preprocessing stage is a prerequisite to the
subsequent image processing stage, as outlined in [25]. In
the preprocessing stage, each lead on the 12-lead ECG is
cropped. The cropping is performed using a rectangle in
order to facilitate the visualisation of the number of boxes
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on the ECG paper, which is employed for the purposes of
wave or interval detection [[26,27]. The colour
segmentation stage was then initiated to eliminate the
background from the ECG image, thus ensuring that the
graph to be processed is the sole focus of attention. This
approach was adopted in order to adhere to the
recommendations set forth by cardiology experts
regarding the interpretation of each lead [28]. After the x
and y axes on the digital image are analyzed, the next
process is to visualize the results in the form of a
graph [20]. The formula used to calculate the distance or
position on the x-axis and the height or amplitude on the
y-axis is dependent upon the pixel coordinate system
employed in the digital image. This may be expressed as
translation on the x-axis (horizontal) using the equation x'
=x + dxand y' =y, where x and y are the coordinates of
the origin on the ECG graph, x" and y' are the coordinates
of the shifted point, and dx is the amount of horizontal shift
given. The aforementioned process will result in the image
being displayed in binary form. The resulting binary
images will be subjected to a graphical analysis process,
whereby the x and y values will be displayed, thus
indicating the value of each P-QRS-T variable [29]. The
results of this process are also presented in the form of an
R peak, thus facilitating the identification of the R peak in
the ECG graph [25]

The results of image processing at the pre-processing
stage are continued with the calculation process of
interpreting the P wave value, QRS complex, and T wave
on the ECG using the Wavelet Transform method [30, 31].
One of the wavelet transform algorithms employed is the
CWT [23, 24].

C. Continous Wavelet Transform

The results of the preprocessing will be subjected to a
second round of processing using the CWT method, both
prior to and following the development stage. This is done
in order to facilitate a comparison of the results yielded by
the CWT algorithm. Prior to its development for use in the
detection process, the CWT algorithm produces 1D and 2D
scalogram images [15, 16]. Therefore, any interpretation
of the data must take into account the potential inaccuracy
of the values produced based on the scale, frequency and
time on the graph, due to the presence of noise or artefacts.
One of the key challenges in interpreting
Electrocardiogram (ECG) graphs is the necessity for
regular updates. The update process entails the
development of the CWT algorithm through partial
differentiation with the Mexican hat wavelet type, thereby
eliminating noise and enhancing the accuracy of the
resulting image. The process carried out in CWT is defined
by Eg. (1) [27, 28].

Can == [ % (P #0p (D)t (0

Capthat CWT coefficients, denoted by the symbol C are
calculated using the wavelet function. The aforementioned
coefficients furnish insight into the degree of fit exhibited
by the wavelet function in relation to the signal undergoing
analysis. x(t) that objective is to analyse a

signal. ¥ *, (%) that CWT function employed in the
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field of wavelet analysis. This wavelet function is
characterised by two parameters, a and b, which regulate
the scale and position of the wavelet within the time
domain [27, 28]. The wavelet function is also a complex
conjugate function (*), ensuring that the wavelet analysis
is capable of capturing both amplitude and phase
information from the signal. The integral sign
f_wwx indicates that the integration process is carried out on
the time variable from negative infinity to positive infinity.
This signifies that the entire time span is taken into account
when calculating the wavelet coefficients. The formula
elucidates the manner in which the CWT coefficients are
calculated. C,p the value in question is calculated by
multiplying the signal. x(t) Utilising a complex-conjugated
wavelet function ¥ ., (%) Subsequently, the time

variable, designated as t, should be integrated [31, 32].

In this study, the Mexican Hat wavelet is employed as
it facilitates the identification of the intended graphic
pattern [31]. The Mexican Hat wavelet formula is
presented in Eq. (2) [32]:

P = A —t) xe(-2) )

This process elucidates the function w(t), which is
employed in the Mexican hat wavelet, as a function of time,
represented by t. This function will have a value of 0 and
will emit a maximum amplitude at t = 1. The application
of the Mexican Hat wavelet on CWT can be achieved by
following a series of steps that serve as a reference for
reading the ECG signal in accordance with the amplitude
and time used by the graph on the ECG image [33]. The
objective of this process is to provide information
regarding the normal Electrocardiogram (ECG) graph,
coronary atherosclerosis, and anomalies based on the
provided image [34]. The algorithm employed for the
Mexican Hat method in the images subjected to analysis in
this study is presented in Algorithm 1.

Algorithm 1. Old CWT (Before Development)
1. Initialize the parameters used RESULT_ENDAVF: Signal
data to be analyzed
fs': Signal sample frequency
Calculate the length of the data: len_data
(END_HASILAVF);
Time data: time = (0: len_data - 1) / fs
Scale initialization: scales = 1:1:100
Initialize the matrix to store the CWT " results
CWTecoefficients
zeros(length(scales), len_data);
Scale loop: for i = 1: length(scales)
In the scale loop, perform the following steps:
a. Take the current scale: scale = scales(i);
b. Make a Mexican Hat wavelet
c. Signal convolution with wavelets
d. Save the convolution results into a matrix

8.  Finish the scale loop.

9. Plot CWT results
10. Call the "CWT Mexican Hat™ function with the data
11. Done

length

pw

o

The results of this algorithm will be interpreted in the
form of a two-dimensional scalogram. A 2D scalogram
represents the CWT results in two dimensions. A 2D
scalogram demonstrates the manner in which the
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frequency components of a signal fluctuate over time and
across a range of frequencies [35]. In a 2D scalogram, the
x-axis represents time, the y-axis represents frequency, and
the colour intensity or brightness on the plot represents the
strength or amplitude of the frequency components at
specific time and frequency points. The preliminary stage
of this project entailed establishing a connection between
the Mexican Hat formula and the CWT by substituting the
existing wavelet function, ¥ *, ;. In accordance with the
Mexican Hat wavelet function, as illustrated in Eq. (2).
The CWT formula can be developed using the Mexican
Hat wavelet by substituting w(t) into the original
formula [36], As illustrated in Eq. (1).

Partial differentiation is defined as the process of
calculating the derivative of a function with respect to one
variable while maintaining the other variables at a constant
value [36, 37]. In the field of mathematics, a function with
more than one variable can be subjected to partial
differentiation with respect to each variable. The
differentiation process is comprised of several steps. The
initial step is to take the derivative with respect to the
parameter a, as follows:

(1) Derive the Mexican Haht wavelet function on the
variable t to get the derivative 1'(t) like the Eq. (5)
below:

¥ =L@, e72) (5)

(2) Subtitute i (t) in the formulay’ (t) which has
beenreduced to the following Eq. (6):

Clav= 5 [0, x(©). 9/ (FD)dt (6)

In the second stage, the derivative process is carried out
on parameter b using the derivative chain rule by applying
several steps including:

(1) Derivative of the part in brackets 1/)’(%) by using
the chain rule to derive the composition function
by allocating that u = % then the derivative with

. ﬂ: 1 ' . diyr(u)
respect to u is s o appeal to y¥'(u) is ~an
thus the derivative against ' (ﬂ) jg L) du

a du db

_ 1

a

(2) The derivative of parameter b outside the brackets

t-b.

sy (2 is — e
The subsequent phase entails the integration of the
derivative outcomes of the aforementioned steps, thereby
yielding a novel CWT derivative designated as CWMs
(Continuous Wavelet Multiscale). This represents a
pioneering endeavour within the scientific community,
aimed at elucidating the interpretation of the ECG in the
process of ascertaining whether a graph is indicative of
Coronary Atherosclerosis. The ensuing section delineates

this methodology in greater detail:

t-b
1 dwf(u)) _ w'(aT)dt

a du

CWMs:%f_";x(t)-(—

The formula will be translated into Matlab 2018a by
implementing a series of steps to generate CWT results,
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which will then be visualised in a 3D scalogram graph. The
algorithm utilised with the maxhican hat wavelet type is
generated from the development of the image to be
processed in this study, as illustrated in Algorithm 2.

Algorithm 2. New CWT (After Development)

1. Parameter Initialization

Start by initializing parameters such as adjustment factor,
target, and scale appropriate to your dataset.

Data Processing

Perform searches for specific locations in image data,
organize data, remove duplicates, and perform some
statistical calculations such as maximum and minimum
values.

Initial Data Visualization

Use plots or other functions to display data in graphical
form, such as a line graph.

Use of find-peaks

Use find-peaks to identify peaks in data.

Calculate Continuous Wavelet Transform (CWT)
Calculate CWT using Mexican Hat wavelet. This
involves a loop for each scale and the use of convolution
operations.

3D Scalogram Visualization

Use surf to create a 3D scalogram plot depicting the
results of the CWT.

Convert Data into a Form Appropriate for UlTables
Convert X, Y, and Z matrix data into a form that can be
displayed in a UlTable.

Display Data in UlTable

8.

The process applied to the 2D scalogram will be
followed by generating a 3D scalogram, which can be
rotated as needed without altering the wave height in the
graph [37, 38]. The ECG waveforms will appear clearer
using the 3D scalogram. The 3D scalogram display can
visualize the ECG graph more clearly and informatively
regarding the frequency patterns in the ECG signal,
thereby making the interpretation process more
straightforward. The next step is to perform a classification
process to categorize Coronary Atherosclerosis patients
using a Convolutional Neural Network (CNN) [39, 40].
Classification is necessary to facilitate the grouping of
different types of coronary atherosclerosis based on the
ECG graph interpretation results as explained by
cardiology. In this stage, the researcher classifies the ECG
graph images by providing information on the patient's
status, categorizing them as normal, Coronary
Atherosclerosis, or Anomaly.

In the context of this study, the utilisation of the CWMs
algorithm, obtained by partial differentiation, to generate
3D scalograms presents certain challenges pertaining to
computational complexity. The implementation of this
algorithm  necessitates a greater investment of
computational time and resources in comparison to more
straightforward  signal  transformation  algorithms.
Nevertheless, the decision to utilise this algorithm is
predicated on the substantial advantages it offers in terms
of accuracy and feature resolution.

a. The CWMs algorithm has been demonstrated to
yield more representative analysis results and to be
more effective at capturing important details than
simpler methods.
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b. The 3D scalograms generated from the CWMs
algorithm are capable of providing a comprehensive
representation of the information present in the
signal, facilitating the visualisation of frequency
components with enhanced resolution at varying
scales. This allows for the identification of patterns
or anomalies in the signal that may not be
discernible through alternative methodologies.
Although this algorithm has a higher computational
overhead, including increased execution time and
memory requirements, this trade-off is considered
worthwhile in light of the benefits gained. In the
context of applications for the detection of ECG
signals, the capacity to identify and visualise
features with a high degree of accuracy is regarded
as being of greater importance than computational
efficiency.

The selection of the CWMs algorithm was made
deliberately in order to optimise the quality of the
results. In this study, the decision has been taken to
accept a higher computational complexity as a
necessary investment in order to obtain more
accurate and informative results, which ultimately
serve to support the main objective of this study.

D. Convolutional Neural Network

The 2D and 3D scalograms, which have been
interpreted, are employed as the input for the
Convolutional Neural Network (CNN) process. The
objective of this stage is to classify ECG graphs and
quantify the degree of accuracy achieved through the
CWMs process, as reflected in the image results. The
Convolutional Neural Network (CNN) process comprises
12 layers, which enable more precise classification of
Electrocardiogram (ECG) images [41, 42]. This study
employs balanced evaluation metrics, including accuracy,
as these metrics offer a more comprehensive
representation of the performance of the images generated
by the algorithm, particularly in scenarios where the
dataset is imbalanced. These metrics are more susceptible
to the influence of the minority class, which can lead to an
erroneous representation when the majority class is
predominant. The utilisation of these metrics ensures that
the model not only performs well on the majority class, but
is also capable of accurately detecting the minority class,
which is often of greater significance in clinical or
decision-making contexts [13].

IV. RESULT AND DISCUSSION

A. ECG Input Image

The input images for this study comprised a total of 85
images, which were categorised as follows: 35 images of
coronary atherosclerosis, 30 images of anomalies, and 20
images of normal images. The application of the cropping
command to each lead resulted in the generation of 1020
images. This article presents 12 lead ECG images from
patients with coronary atherosclerosis, implemented in
MATLAB 2018a, which can be seen in Table I.
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TABLE I. CROPPING RESULTS, COLOR SEGMENTATION AND GRAPHIC ANALYSIS OF X AGAINST Y

ECG Input Image

Graph analysis of x against y

it .l»{.(llﬂ

b3 e b b

DA oL 49 8 =AY e A P
143

gl L

A A N

A A i fl

Cropping Note Color Segmentation ImageTransIa_tion of Gel. P Gel.R Gel. T
Segmentation X v X v X v
Results

) 179 03245 63 2575 114 09354
' 322 03567 203 1.868 253 05174
466 04210 346 1.450 396 0.5496
m— 38 0328l oo 1645 102 1.389

el o] 179 0.0321
52 01959 205 1325 243 11
S ooas M9 1325 386 1196
11 95 1547
S Led 1l 34 05506 234 1676
379 174
65 —1961 75 0.3808
R = %ig :g}g;g 153 —1.833 165 0.4151
M\fjwr 307 —0.160g 240 ~1.993 250 03487
395 _01ogs 327 1961 337 04451
1286 415 1961 426 0413
- - 124 01958 146 1385 33 -1.029
LFJWLF‘JK 277 01637 299 1289 179 —1.093
425 0228 447 1257 333 —1.093
~~~~~~ 36 1336 36 1336
gg 88233 150 0.7897 183 1336
‘o O0ap, 303 07254 335 1336
450 0.8219 483 1304
103 0431 108 -3572 139 1878
248 03989 254 —1.993 283 1.814
394 05275 401 —2.283 481 1.942
100 1694 105 -3.151 143 1662
V2 245 1598 250 -2.99 290 1.565
391 1019 397 —3215 437 1.662
,, 102 1772 106 —1318 140 203
LJ(\—«V\J(L V3 247 1676 252 —1.768 285 1.869
394 1708 399 —1.607 432 1.997
“““““ 36 1336 36 1336
J/\J/\—_M A gg 88233 150 0.7897 183 1336
o Uowy 303 07254 335 1336
450 0.8219 483 1304

B. Preprocessing Result

The images identified in this study, based on the 12-lead
ECG images that have undergone the cropping process,
will yield information in the form of binary images. The
subsequent stage is to undertake an analysis of the x and y
graphs. This process will establish a threshold value for the
horizontal graph, with a value of at least 6, and a vertical
value (y) of at least 70. Upon completion of the process,
the results will be obtained in accordance with the
segmented image format, accompanied by the amplitude
(x) and period (y) values. The objective of this process is
to provide a clear representation of the range of values
observed on the ECG image graph. The results of the x
versus y graph analysis are presented in Table I.

Table | depicts the input images utilized in the study,
which underwent a preprocessing procedure for each lead
in the ECG image. The initial stage of the preprocessing
phase is the cropping of each lead. Subsequently, colour
segmentation is employed to eliminate the background on
the ECG paper sheet, thereby generating a binary image.
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The final stage is the analysis of the x versus y graph,
which demonstrates the value of each wave on the ECG
graph. The objective of this process is to identify the values
of the waves that are above the isoelectric line, namely the
P wave, R wave, and T wave.

C. Wavelet Transformation Results Before Development

The Mexican Hat wavelet characteristic is particularly
effective for identifying features such as edges or onsets in
a signal, due to its robust positive and negative responses
to rapid changes in the signal. A positive response is
indicated when the signal undergoes a sudden and
pronounced increase, whereas a negative response is
observed when the signal exhibits a sudden and
pronounced decrease [43, 44]. Wavelets in CWT are
employed to generate scale, frequency and time
representations of the signal undergoing analysis. By
shifting and scaling these wavelets through the signal, the
CWT is able to identify the locations and times at which
rapid changes or other features occur in the signal [45, 46].
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TABLE II. WAVELET TRANSFORMATION RESULTS BEFORE DEVELOPMENT AND AFTER DEVELOPMENT

Note Scalogram 2D Scalogram 3D

Interpretation

Heart QRS PR ST ST
Rate P Wave Complex Interval Derivation Elevation

Scayan 2 Sy X6 Pengembangan CWT dengan Citra Scatogram 30

Lead 1

Followed by
12.43 the QRS  14.48s 0.02 Tidak Ada Ada
complex

Pengembangan CWT dengan Citra Scalogram 30

Lead Il

Followed by
75.73 the QRS 0.48's 0.02  There is not
complex

There is
not

Lead Il1

Followed by
22.94 the QRS -15.70s 0.03 Thereisnot Thereis
complex

AVR

Unfollowed
4792 bythe QRS 6.265 0.03  Thereisnot Thereis
complex

AvL

Followed by
44,58 the QRS 13.09s 0.04 Thereisnot Thereis
complex

Sckegrun 10 Sy EXG

AVF “'A"

P ; Scale

Followed by
44.36 the QRS 12.17s 0.04  Thereisnot Thereis
complex

V1

Followed by
—149.19 theQRS  -1.61s 0.03  Thereisnot Thereis
complex

V2

Followed by
23.71 the QRS 12.65s 0.03 Thereisnot Thereis
complex

V3

Followed by
64.49 the QRS 4.65s 0.03 There is There is
complex

V4

Followed by
207.00  the QRS 1.74s 0.03 Thereisnot Thereis
complex

V5

Followed by
197.14  the QRS 1.83s 0.03 Thereisnot Thereis
complex

Pangembangan CWT dengan Citra Scalogram 30

V6

Followed by
-3380 the QRS -10.65s 0.04 Thereisnot Thereis
complex

The two-dimensional scalogram of the Lead 1 graphic
image represents the graphic values obtained through
CWT from the Electrocardiogram (ECG) image. A
scalogram is a visual representation of the energy or power
of waves at varying amplitudes and periods. The resulting
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wave produces an index value that is indicative of the pixel
position of the image in question [47]. The index provides
a means of identifying the location of a given pixel within
a two-dimensional scalogram image, which represents the
energy of the wave under consideration at a range of
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amplitudes and periods. The reading process is constrained
to a graph with an amplitude of 20 and a period of 60 in
millimetres (mm) [15, 46]. The index value is determined
by reference to the colour indicated in the scalogram. This
index is used to determine the amplitude and period in the
scalogram, thereby facilitating an understanding of the
intensity changes and characteristics of the signal at a
specified period and amplitude resolution. The index range
value is contingent upon the colour displayed in the 1D
scalogram. In the colour map, indexes with values between
0 and 2 are represented by the darkest colour, while
indexes with values between 3 and 6 are represented by the
lightest colour =2.01 and < 4 It is recommended that a
dark pink colour, which appears slightly embossed, be
used, index = 4.01 and < 5.9 The design incorporates
light pink and brown embossed colours, as well as indexes
= 6 The most vibrant hue is employed in order to facilitate
the subsequent stage of analysis. This is done in order to
facilitate the subsequent stage of analysis. A graphical
representation of the 2D scalogram, displayed in the Lead
1-V6 graph on the processed image, is presented in
Table II.

A. Results of Wavelet Transform After Development

The interpretation of the ECG graph is based on the
image of the CWMs algorithm results. This process
produces an analysis that shows the test graph on each lead
in the ECG. The results of this stage are obtained from the
analysis of each lead in the ECG, including Lead 1, Lead
2, Lead 3, AVR, AvF, AvL, V1, V2, V3, V4, V5 and V6.
The results are presented in the form of heart rate values,
QRS complexes, PR intervals, ST depression and ST
elevation. This is done in order to ascertain whether the
patient has coronary atherosclerosis, whether it is normal
or anomalous. A graphical representation of the 3D
scalogram, which is an interpretation of the data on the
Lead 1-V6 graph in the processed image, can be seen in
Table II.

Table Il presents the findings of the examination of the
ECG wave of the test graph, which has been classified to
determine the average of all the waves that have been
processed. The examination yielded the following results:

the test graph exhibited an average heart rate of 35.40
mm/s, with the P wave followed by the QRS complex.
Value of QRS complex 5.11, and the PR interval (0.03).
Additionally, the ECG wave displayed ST depression and
ST elevation values. The interpretation of these findings
revealed that the test graph represented an Atherosclerosis
Coronary ECG wave.

B. Classification of ECG Interpretation

The classification results obtained from the processing
of the coronary atherosclerosis images are as follows:
normal, anomalous. The images will be grouped according
to pre-established labels. The objective of utilising
Convolutional Neural Networks (CNN) in the
classification of ECG signals derived from CWT is to
develop a system that can automatically identify specific
patterns or features in ECG signals that indicate particular
medical conditions [9]. In this study, the CNN was
employed to analyse two specific types of features: energy
and contrast. The primary objective of the CNN is to
perform the task of recognizing ECG graphs in the form of
3D scalograms based on the obtained CWT results. This is
achieved through the use of convolutional layers that allow
the network to effectively extract important features from
the generated images.

Fig. 3 provides an illustration of the CNN architecture
and the number of layers involved. The network comprises
12 layers, comprising convolutional, batch normalisation,
RelLu, max pooling, dropout, fully connected, softmax and
output layers. The image used as the input is 64 pixels in
height and 64 pixels in width, comprising three colour
channels (RGB). The image in question is a 3D scalogram.

The deep learning CNN model, trained on three-
dimensional ECG images, demonstrated a high level of
classification accuracy, thereby establishing its reliability
for the diagnosis and classification of coronary
atherosclerosis in accordance with expert preference.

Fig. 4 illustrates the graphical representation of the
training progress results using 50 epochs, with a total of 15
iterations per epoch and a maximum of 750 iterations. The
learning rate is 0.001, and the test image is utilised with a
3D scalogram.

Convolutional Neural Network (CNN)

Polling

.

Convolution
+ +

Relu Relu

Convolution

*
Feature Maps Layer

Polling Polling

g
Flatten
layer

Feature Extraction

Classification

Fig. 3. CNN architecture.
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1 Epoch Iteration Time Elapsed Mini-batch  Mini-batch  Base Learning |
: (hh:mm:ss) Accuracy Loss Rate :
: 1 1 00:00:02 60.00% 0.5961 0.0010 :
: 7 50 00:00:07 80.42% 0.0581 0.0010 :
113 100 00:00:13 70.32% 0.0374 0.0010 1
: 19 150 00:00:19 99.12% 0.0052 0.0010 :
L o3 200 00:00:24 99.43% 0.0069 0.0010 |
: 32 250 00:00:30 99.65% 0.0026 0.0010 :
: 38 300 00:00:35 99.65% 0.0052 0.0010 :
1 44 350 00:00:41 99.65% 0.0024 0.0010 1
: 50 400 00:00:46 99.65% 0.0037 0.0010 :

Akurasi : 0.99656%

Fig. 4. Result of epoch and iteration.

Fig. 5 depicts the confusion matrix for 85 test data,
comprising 35 ACS (Atherosclerosis Coronary) images,
30 anomaly images, and 25 normal images for each lead.
The model indicates that the algorithm exhibits excellent

of 0.99%, with a limited number of erroneous predictions
distributed across other classes. This suggests that the
model demonstrates accuracy in the classification process.
This is a notable finding in light of the research conducted

performance across all classes, with an accuracy rate of

99.60%. Each class exhibits a high F1-Score and precision

Confuslon Matrix

by previous researchers, as evidenced in Table I1I.

12 Confusion Matrix
12
ACS 1 0 10
ACS 1 0 10
80 80
) i
3 2
3 Acomaly 0 358 2 60 S Anomaly 0 358 2 60
K
£
40 40
Normal 0 1 20 Normal 0 1 20
0
[} ACS Anomaly Normal
2GS e d’:\c'(“;’;‘t'zbms gocns Predicted Labels
Fig. 5. Confusion matrix.
TABLE Ill. COMPARISON WITH OTHER EXIST APPROACHES
Literature Data Method Analysis techniques Result Accuracy
Wasimudinetal. 15 ECG CWTand The identification of irregularities in the Extraction of the R-R interval using the 97.47%
[22] image CNN ECG signal CWT )
. The CWT will be employed to observe
Mirella et al. [18] 3.2 ECG CWT The C.WT algon_thm enables _the accurate the ECG signals and subsequently -
image detection of cardiac abnormalities
generate 2D scalograms
Lo . . The CWT was employed with
Wang et al. [19] - CVgLf‘nd Eti%?ggtgééfglgﬁsisftﬁ:%g;t;gg:lggm an frequency and time used in the 97.65%
generation of the 2D scalogram
. T .. The CWT is a technique that can be
Olanrewaju et al. ) CWTand The objective is to enhance the precision L - o
[17] CNN of arrhythmia and heart failure detection ggﬁ:':iism both the time and frequency  98.7%
Gupta et al. [45] ) CWT The c_Iassmcatlon of acute myocardial The QWT is employed for the )
infarction generation of 2D scalograms
431 ECG CWT and The objective is to enhance the precision The objective of this study is to examine
Kavak et al. [15] . of critical condition diagnosis of acute the classification and localisation of 96%
image CNN i - ]
myocardial infarction STEMI signals
The objective of this study is to classify .
Semlf{'é]m al. - CVgLf‘nd ECG signals based on aspects of Igesicx\giAfoean;péosf;otor;;insmrm a 98%
cardiovascular science Y gram.
The objective of this study is to enhance 'I;]he d?]velopmert gfﬁCWT_, c_onducrt]ed
. the precision of coronary atherosclerosis t.r?;g d C\;P\/al\r/lnal I'tr? rentlattlonz,D a;
85 citra - - e yielde s algorithms up to 2D an o
Proposed EKG CWT diagnosis through the utilisation of the 3D scaloram for the interpretation of 99.60%

CWNMs algorithm, which generates two-
dimensional and 3D scalograms.

ECGs in the detection of coronary
atherosclerosis
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The findings of the training process indicated an
accuracy rate of 99.60%. These results exceed the
accuracy levels previously achieved by other researchers.

V. CONCLUSION

The development of the CWT through the innovation of
the Continuous Wavelet Multiscale (CWMs), achieved
through partial differentiation, represents a significant
advancement in the field of ECG signal analysis. The
capacity to generate a three-dimensional scalogram that
can be rotated according to the requisite conditions to
produce a more discernible ECG waveform, devoid of
noise and artefacts, thus facilitating more accurate
waveform interpretation. The 3D scalogram effectively
represents the ECG signal, providing detailed and clear
information about the scale characteristics of the wave in
various types of scales, frequencies, and periods of the
ECG signal. The 3D scalogram displays the CWT
coefficients at various scales and signal positions, thereby
highlighting the amplitude, wavelength, frequency, and
energy of the ECG signal with the use of different colour
codes. This facilitates the identification of graphs
pertaining to heart disease. The development of the CWMs
algorithm, obtained through partial differentiation, has
enhanced the accuracy and efficiency of the CWT
algorithm. These CWMs are capable of making a
substantial contribution to the detection and interpretation
of coronary atherosclerosis, thereby providing enhanced
clarity, accuracy, and efficiency in diagnosis. While the
results are promising, further research and clinical
validation are necessary to guarantee the reliability and
applicability of this technique in widespread medical
practice.

A. Theoretical and Practical Contributions

Theoretically, this study is capable of analysing heart
signals in terms of frequency, scale and time. CWMs are
capable of aiding in the presentation of pertinent features
in the detection of coronary atherosclerosis in each lead on
the ECG. From a mathematical perspective, CWMs are
capable of providing more precise values for the analysed
graph. In lead 1, with a heart rate of 12.43, a P wave is
followed by a QRS complex, which lasts for 14.48 s. The
PR interval is 0.02, and there is no ST derivation, but there
is ST elevation. The condition is therefore diagnosed as
coronary atherosclerosis. In practice, the CMWs algorithm
is capable of facilitating the early detection of heart disease,
thereby enabling more rapid and accurate medical
intervention.

B. Limitation Research

This research has certain limitations and weaknesses
inherent to the CWMs algorithm, particularly in regard to
its high computational requirements. It is therefore
necessary to ensure that the algorithmic work process
involves complex transformation calculations on a real-
time system or device with the requisite computational
resources. In the future, the development of CWMs
algorithms will require the use of portable diagnostic tools
for the heart, enabling the analysis of signals in real time.
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This will facilitate the creation of a patient-facing
application for the remote monitoring of cardiac conditions.
Furthermore, the creation of mobile applications could
enhance the accessibility and practicality of technology by
integrating CWM algorithms. The application will permit
users who have undergone an Electrocardiogram (ECG) to
access and discuss their results directly with cardiologists
at a time and place that is convenient for them. The
potential of this innovation highlights the transformative
impact of Continuous Wavelet Multiscale (CWMs) on
ECG analysis and its promising role in advancing cardiac
care. It is imperative that continued research and
development be undertaken in order to fully realise the
benefits and effectively integrate this technology into
clinical practice.
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