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Abstract. Cardiovascular disease is one of the major health concerns, posing a significant threat
to human well-being. Modern diagnostic techniques often rely on electronic devices for
assistance. Electrocardiograms (ECG) contain abundant information and serve as a powerful tool
in diagnosing cardiovascular diseases. Hence, the vital task of monitoring and categorizing ECG
signals is pivotal in averting and identifying cardiovascular ailments. In many hospitals, ECG
signal classification often depends on experienced doctors, consuming substantial time and
potentially missing the optimal window for disease treatment. This paper presents a methodology
utilizing the MIT-BIH arrhythmia database, employing deep neural networks, a 10-layer one-
dimensional convolutional neural network, to fulfill the function of ECG signal classification.
The model under consideration attains a comprehensive accuracy rate of 99.43% on the test
dataset, accompanied by sensitivity (97.86%) and specificity (99.64%). These values surpass
other methods mentioned in this paper by 1% to 3%. The experimental findings presented
indicate the proposed method holds valuable implications for the future realization of intelligent
automated ECG signal classification systems.
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1. Introduction

Cardiovascular diseases (CVDs) maintain a persistently high mortality rate on a global scale, exerting
a significant impact on human health [1]. Among these, arrhythmias constitute a critical branch of
cardiovascular diseases, underscoring the clinical importance of early prevention and diagnosis. Current
diagnostic approaches for cardiovascular diseases encompass radiological diagnostics,
electrocardiographic diagnostics, and analyses of disease-related biochemical markers, and often rely
on the naked eye of an expert to analyze [2]. Historically, electrocardiography (ECG) has been
instrumental in diagnostic procedures, and it contains methods such as electrocardiograms, dynamic
electrocardiograms, and vector cardiograms. ECG captures the cardiac muscle cell’s bioelectrical
changes throughout the cardiac cycle, creating a graphical representation through the detection of
electrical potential variations on the body’s surface. It is a non-invasive testing method widely employed
to diagnose the presence of cardiac conditions in individuals [3].

Arrhythmias, characterized by abnormalities in heart rate or rhythm, are common cardiovascular
disorders [4] and can lead to life-threatening consequences if not promptly treated [5]. MIT-BIH
database stands as the most widely utilized [6], featuring a diverse array of ECG signal types and
abundant data, totaling 48 records, each with a duration of 30 minutes. The dataset consists of records
obtained from 47 individuals, comprising 25 males and 22 females, whose ages range from 23 to 89
years. The acquired data typically encompassed two channels, wherein the first channel commonly
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corresponded to the MLII lead, while the second channel was predominantly associated with the V1
lead (with some instances involving V2 or V5, and record 124 utilizing V4). To maintain lead
consistency, this paper exclusively utilizes the MLII lead ECG signals for analysis.

Considering the emergence of artificial intelligence, the field of deep learning, a methodology
focused on data-driven feature acquisition, has experienced a swift rise in recognition. In the
contemporary era, Convolutional Neural Network (CNN) has emerged as a representative methodology
[7]. For instance, Essa et al. [8] and Petmezas et al. [9] employed the CNN-LSTM approach for training
an ECG signal classification model, while Xu et al. [10] and Hassan et al. [11] developed a composite
architecture known as CNN-BiLSTM to fulfill the function of ECG signal classification.

CNNs are renowned deep learning models widely employed in the analysis and classification of two-
dimensional datasets, encompassing functions like the categorization of images and partitioning of
visual elements [12]. One-dimensional CNNs, derived from their two-dimensional counterparts with
specific adaptations, have been tailored for tasks that involve the analysis of one-dimensional signals,
such as biomedical signal processing [13].

This paper primarily aims to expedite ECG signal classification, enhance diagnostic efficiency for
medical practitioners, and construct a high-accuracy classification model through the application of deep
learning methods and a 10-layer 1D CNN architecture. The process begins with the application of a
wavelet soft-threshold filter to denoise ECG signals, resulting in clean signals. Subsequently, heartbeats
are segmented based on R-wave annotations from the MIT-BIH database, yielding five categories (N,
A, V, L, R) of ECG signal samples suitable for deep learning. Finally, a 10-layer 1D CNN model is
constructed to perform signal classification. To assess the value and advancement of the proposed model,
this paper introduced an evaluation encompassing measures of accuracy, sensitivity, and specificity,
followed by a comparative analysis against alternative approaches.

2. Methodology

2.1. Preprocessing technique for ECG signal

The ECG signal exhibits weak amplitude, low frequency, and stochastic nature, making it susceptible
to interference from various noise sources [14]. These sources include noise generated within the
biological system, such as noise arising from respiration, muscular tremors, and noise introduced by
poor contact with surface electrodes. In summary, the three primary types of noise that significantly
affect ECG signals are powerline interference, electromyographic interference, and baseline drift. These
noise interferences also necessitate suppression and removal during the ECG signal preprocessing phase.
Thus, an effective denoising method is needed to preprocess the ECG signal.

2.1.1. Wavelet thresholding denoising. Wavelet denoising technique is one of the primary methods for
noise reduction in ECG signals, characterized by its multi-resolution analysis capability [15]. Through
the utilization of this technique, the original signal containing noise can be decomposed and processed,
breaking it down into high-frequency and low-frequency components based on frequency bands [16].
Given the disparate frequencies between ECG signals and noise, wavelet transformation decomposition
yields distinct wavelet coefficients at different decomposition scales.

Threshold denoising is a widely adopted technique within the domain of wavelet denoising, known
for its simplicity and effectiveness. In its application, this method specifically processes coefficients at
various levels resulting from wavelet decomposition. After this selective processing, the wavelet
coefficients are subjected to an inverse transformation, facilitating reconstruction analysis and
ultimately yielding the denoised ECG signal.

In this paper, a 9-level wavelet decomposition approach was adopted for wavelet threshold denoising
signal processing, as illustrated in Figure 1 below.
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Figure 1. 9-level wavelet thresholding denoising flowchart.

2.1.2. ORS Wave Detection. For the human heart, a complete cardiac cycle comprises a single cycle of
contraction and relaxation. The heartbeat generates electrical excitation, manifesting as subtle currents,
while the electrocardiogram (ECG) captures the comprehensive variations in cardiac currents. A
complete cardiac waveform typically encompasses similar structure including P wave and T wave, with
the QRS complex in the middle [17, 18]. Figure 2 demonstrates an entire cardiac waveform.
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Figure 2. An entire cardiac waveform.
2.2. Classification Recognition Based on Deep Learning Theory

2.2.1. The CNN Architecture. A convolutional neural network (CNN) is a specialized form of deep
neural network distinguished by its utilization of convolutional computations, rendering it a prominent
representative among deep learning algorithms [19]. In contrast to traditional machine learning
approaches, CNN offers two distinct advantages: the ability to automatically extract features and
accomplish classification tasks, as well as the capability to handle large-scale datasets [20, 21]. Figure
3 below illustrates one of the CNN network architectures.
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Figure 3. An example of CNN architecture.

2.2.2. Model Design Steps. The model utilized in this investigation is a 10-layer 1D CNN classification
architecture, the detailed structure is illustrated in the accompanying Figure 4. The input of the input
layer consists of denoised and clean signal samples. The convolutional layers are utilized to extract the
essential features required in this paper, while the pooling layers serve to perform feature dimensionality
reduction. Convolutional and pooling operations alternate to enhance the efficacy of feature selection.
After the signal undergoes convolutional and pooling operations, it undergoes a fully connected layer
operation, ultimately transforming the feature vector into a one-dimensional representation. This vector
is then fed into the output layer, yielding results for five distinct types of cardiac signal categories.

The analysis in this paper employed the openly accessible MIT-BIH arrhythmia dataset [6]. Each
record in the database contains signals from two channels, with the first channel typically representing
the MLII lead and the second channel representing the V1 lead. To ensure consistency in leads, this
paper focused on the MLII lead ECG signals for research and analysis.

In this paper, five distinct categories of electrocardiogram signals were chosen for analysis, which
include N, A, V, L, and R. In Python code, these five types are represented using the labels 0, 1, 2, 3,
and 4. The dataset utilized for model training constitutes 70% of the total dataset, while the test set
comprises 30%. Additionally, a dropout ratio of 0.2, a batch size of 256, and a maximum epoch count
of 30 were employed during the training process. The diagram depicting the implementation process
outlined in this manuscript is presented in Figure 5.
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Figure 4. 10-layer 1D CNN structure in this paper.
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3. Results and Discussion

To validate the efficacy of CNN in ECG signal classification, a 10-layer 1D CNN network model was
devised in this paper, using the TensorFlow structure and Keras package based on Python in the
PyCharm platform.

3.1. Results

3.1.1. CNN Network Architecture Parameters. The parameters for the CNN model, established through
experimental validation, are detailed in Figure 6 below. In this paper, the preprocessed data that is input
to the input layer is a data array of dimensions as 300x 1, which, through the learning process, ultimately
yields a classification model with dimensions as 5X1.

3.1.2. CNN Model Training Results. After training, the classification model fulfills its function in the
test dataset. Figure 7 (a) provides the accuracy curve of the proposed classification model, while Figure
7 (b) illustrates its loss curve.

As illustrated in Figure 7 (a), the model presented in this study attained accuracy in the train dataset
(99.63%) and accuracy in the test dataset (99.43%). Furthermore, it demonstrated a training set loss of
around 0.012 and a testing set loss of just over 0.031 in Figure 7 (b).

3.2. Discussion

3.2.1. CNN Model Evaluation. To substantiate the efficacy and trustworthiness of the method devised
in this study, the confusion matrix was employed to depict the predictive outcomes for the five categories
of arrhythmia data [22]. The confusion matrix is a commonly employed algorithm for visualizing
classification results. By displaying actual categories and predicted values, it intuitively reveals details
about sample classification, facilitating model performance evaluation. The confusion matrix generated
for the ECG 5-class classification in this paper is illustrated in the Figure 8. Most samples are correctly
classified, with only a small portion being misclassified. This observation indicates the efficacy of the
model trained in this paper. Through the utilization of the confusion matrix, it becomes feasible to
compute the classification ability for individual classes and for the entire test sample dataset.

175



Proceedings of the 3rd International Conference on Computing Innovation and Applied Physics
DOI: 10.54254/2753-8818/13/20240838

MIT-BIH Arrhythmia Databasc Wavelet Denoising

| | |
VAL [\
)
' \
| - |
| i N | —
| | AN | o M
| | oA
el 5l Y W e
Y
Loop through the data in the database
. A\ J
CNN Deep Learning
300 300
2 150
P 75
38
1 38
4 | ! g | ot
Ty 1 ) ~ —
[ 4;16’* ﬂ 1o s 10
i1 §1, —~ 1 6 ! o i | s )
3. —
i ol >
1 : 1 |
1 L 5
1 1 1 1 4
128 i
128
Output-Classification Results
A-Atrial '-Premature “ L-Left ‘ R-Right
ﬂ[\-xurmulBeat premature ventricular |‘ bundle | bundle
beat beat | branch branch
‘ ‘ ‘lhlncl\,!wm ‘I block beat
| | Al
‘ /\ A,
| I / AMosve
‘ L‘\ M / '\ AN o
. [ W
| e | [~ || )
n 08 ] b=

~ || A /i |
Lo ~— [t | g pa | " I \

|| SN e O |

| LA ' v |

/ U

Figure 5. ECG signals classification process in this paper.

Through the confusion matrix, four primary indicators can be derived: the count of instances where
the actual value is positive and the model classifies it as positive (TP - True Positive), the count of
instances where the actual value is positive but the model classifies it as negative (FP - False Positive),
the count of instances where the actual value is negative but the model classifies it as positive (FN -
False Negative), and the count of instances where the actual value is negative and the model classifies

it as negative (TN - True Negative).
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mput_1 mput: | [(None, 300)]

InputLayer | output: | [(None, 300)] A\ 4
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\ AveragePoolinglD | output: | (None, 38, 32)
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ConvlD | outpuf: | (None, 300, 4) Y
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Figure 6. The parameters of the proposed model.
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Figure 7. The proposed 10-layer 1D CNN model’s accuracy and loss trends.

To further assess the performance of the methods, accuracy, precision, sensitivity, and specificity
were employed as secondary indicators to evaluate the classification results of the ECG signals based
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on the confusion matrix. The calculation formulas for the accuracy (A), precision (P), sensitivity (S),
and specificity (Sp) evaluation metrics are as following equation (1) (2) (3) and (4).
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Figure 8. The proposed 10-layer 1D CNN model’s confusion matrix.

TP+TN

Accuracy = o P TN £ FN M
o TP
Precision = TP T FP 2)
e TP
Sensitivity = TP L FN 3)
e TN
Specificity = TN T FP 4)

Four secondary indicators were employed to assess the proposed 10-layer 1D CNN model further,
aim to evaluate the ECG signal classification outcomes derived from the analysis of the confusion matrix.
The mathematical outcomes are elucidated in the subsequent Table 1.

Table 1. The proposed 10-layer 1D CNN model’s performance.

Performance Classes
N A \% L R
Accuracy 0.994 0.996 0.998 0.999 0.999
Precision 0.996 0.931 0.986 0.995 0.997
Sensitivity 0.993 0.916 0.987 0.999 0.998
Specificity 0.988 0.998 0.998 0.999 0.999

The proposed model in this paper demonstrates superior classification performance on ECG signals.
The evaluation criteria for various electrocardiogram signals approach a level close to 1, indicating the
high stability of the model in this paper and its suitability for ECG signal classification applications.

3.2.2. Comparison Analysis. To validate the efficacy of the methodology presented in this paper, a
comparative assessment was conducted, contrasting the secondary indicators of the different methods,
as depicted in Figure 9. In this paper, the accuracy and specificity values are both equal to Petmezas et
al. [9], standing at 0.99, surpassing other studies like Essa et al. [8], Xu et al. [10], and Hassan et al. [11],
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with an increment ranging from 0.1 to 0.3. Regarding sensitivity, this paper outperforms these four
research articles, with an increase ranging from 0.1 to 0.3.
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Figure 9. Existing work comparison.

The 10-layer 1D CNN model, introduced in this paper, demonstrates an accuracy rate (99.43%),
sensitivity rate (97.86%), and specificity rate (99.64%). With a sufficient number of data samples used,
the model can ensure a high degree of generalization and robustness.

4. Conclusion

The classification of ECG signals holds significant importance in aiding the classification of
cardiovascular diseases. This paper primarily proposed a 10-layer 1D CNN and its input layer receives
preprocessed ECG signals, then through feature extraction learning, ultimately outputs a classification
model consisting of five categories. From the results, the proposed CNN model achieves over 99% in
accuracy as well as in specificity, with a lower percentage in sensitivity (97.86%). The result of the
paper provides an effective model for ECG signal classification. Specifically, it can recognize 5 different
types with an accuracy of 99.43% and hence can be employed in clinical settings. Despite the model’s
commendable performance levels, it is important to acknowledge certain constraints associated with the
training data. The MIT-BIH arrhythmia database exhibits an imbalanced distribution of ECG signal
types, with normal ECG signals comprising the vast majority. Despite these limitations, the model
proposed in this paper still offers a viable direction for enhancing ECG signal recognition. It serves as
a valuable reference for the implementation of high-accuracy automated ECG signal recognition systems.
In the future, it is anticipated that more data will be recorded in the database for training new models,
and this aspect represents a significant focus for future work in this paper.
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