
 

Improving ECG signals classification by using 

deep learning techniques: A review 

Marwa Salih R.1*, and Mohammed A. Shakir2 

1ECE Department, College of Engineering, University of Duhok, Kurdistan Region, Iraq 
2ECE Department, College of Engineering, University of Duhok, Kurdistan Region, Iraq 

Abstract. Heart diseases are serious global health concerns that could 

result in many deaths. Detecting and classifying the heart diseases early is 

crucial for initiating treatment and improving patient outcomes. ECG signals 

contain valuable information to analyze cardiac functions. It can be argued 

that techniques of Deep learning (DL) are effective aid to classify ECG 

signals accurately through learning from large amount of ECG data, ability 

to extract hidden information, and achieving superior performance in 

detection heart abnormalities. ECG signals processing involves three 

phases, preprocessing, extraction features and classification.   This paper 

intends to review several studies published from 2019 to 2024 in this field. 

It follows a method of comparative analysis, considering specific 

performance metrics, preprocessing techniques, and the DL model used. The 

aim is to determine the most accurate DL technique for classifying ECG 

signals. Eventually, the paper indicated that the debate on the most accurate 

technique for classification remains ongoing. However , the reviewed 

studies demonstrated that models based on CNN and RNN can achieve 

significant level of accuracy in classifying ECG signals. On other hand, 

according to the conducted comparative analysis, it is recommended to use 

VGG16 as a classifier for ECG signals. As a suggestion, the complexity of 

VGG16 can be reduced, allowing for the implementation of a real-time 

application.  

1 Introduction 

The heart performs an essential function in the human body, pumping blood throughout the 

circulatory system to supply oxygen and nutrients. When the heart is not functioning 

properly, it can have deadly consequences [1]. The number of people suffering from heart 

diseases is increasing dramatically. These diseases are responsible for the majority of global 

deaths. According to WHO (World Health Organization) in 2019, a total about 17.9 million 

individuals died of heart diseases, which stands for 32% of the worldwide fatalities. Heart 

attacks accounted for 85% of these fatalities. So, it is very important to detect heart diseases 
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in its preliminary stages in order to initiate treatment and increase the possibilities of patient’s 

survival [2].  

Electrocardiogram (ECG) is a form of biomedical signals that gives vital information 

about the heart's electrical activity and can be used to understand heart function [3]. It 

represents by wave forms P, T, Q, R, and S. Where QRS complex (depolarization of ventral) 

indicates high-frequency components, while P (repolarization) and T (depolarization) 

indicate low-frequency components. ECG signal contains frequency domain of 0.5 Hz to 100 

Hz. Additionally, its signal’s amplitude is relatively low, falling between 0.4 and 3 mV. 

Therefore, before beginning the analysis, the signal must be appropriately filtered [4]. Certain 

types of noise, including muscle noise, baseline drift, electromagnetic interference, and 

power line noise, can effect on ECG data [5]. The observed changes in ECG waveforms such 

as amplitude increase or decrease and inconsistency, enable doctors to identify abnormalities 

in the heart such as arrhythmia. Furthermore, the data of ECG contain valuable information 

that can be utilized to analyse heart rate [6]. Figure 1 displays the diagram of main ECG 

features.  

Since different doctors may interpret the same ECG signal differently, therefore there 

is continuous progress in implementing and designing automated intelligent systems that can 

aid doctors in analysing and classifying signal patterns more accurately. This is achieved by 

employing various methods, including Deep Learning (DL), which is the leading technique 

used in this field. Although a considerable progress has been made in ECG signals 

classification using DL methods, there many challenges, such as the availability of datasets 

that trained and validated, the feature extraction technique and the choice of a DL structure 

that satisfies the requirements. Tackling these challenges and continuing progress are 

essential to improving treatment plans and reducing the death of heart diseases.  

However, the classification process of ECG signals using DL techniques passes through 

various stages, starting from acquisition the data form ECG, then go through preprocessing 

stage, after that features extraction and finally ECG classification. In the preprocessing stage 

the model employs different techniques to reduce noise and improve quality of ECG signals 

through filtering procedures. Then, relevant features are extracted and selected and finally 

the model classify these features as normal or abnormal ECG [9, 10]. 

Based on the all examined studies in this paper, the DL techniques can be argued as 

effective and accurate in identifying and classifying different heart diseases, because they 

can learn a large amount of data, can deal and adapt with missing data, have the ability to 

uncover the hidden information from ECG signals, and identify long-term relationships of 

temporal patterns. The existing studies in this field do not provide the most accurate classifier 

that can be implemented in real-time applications and the best classifier is still for debate. 

This review article sheds light on promising DL models for effective and accurate heart 

diseases detection and classification in ECG signals through a comprehensive review for 

different studies related to classifying ECG signals by DL in order to identify the most 

accurate DL model that can automatically select the most relevant and informative features 

from the ECG signal and classify them effectively. Comparing these studies is based on the 

preprocessing method, the ECG datasets employed, the features extraction method, DL 

architectures and performance metrics such as accuracy, and precision that are using for 

evaluating the effectiveness and efficiency of proposed DL model, so we can fill the existing 

gap in current studies. 

The aim of this paper is to explore the most effective and efficient DL model to detect 

Heart diseases in ECG signals accurately through conducting a comparative analysis among 

different studies related to this field based on some parameters. 
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This study reveals that VGG16 outperforms the other techniques for the classification 

of ECG signals. For further study we propose to simplify the complexity of the VGG16 

architecture, thus it can be implemented using an FPGA or Raspberry pi boards. Among the 

different datasets studied in this paper, the MIT-BIH Arrhythmia dataset is recommended for 

training and testing, because it contains forty-eight half-hours of ECG recordings from 

substantial number of patients with different heart disorders.  

 

The structure of paper is divided into several sections, which include research 

methodology in section 2 and study contribution in section 3. In section 4, there is an 

overview of Deep Learning concept. Section 5 explains the process of classifying ECG 

signals and presents the common techniques used in the examined studies. Section 6 

discusses the performance parameters used to evaluate the classification process. Section 7 

showcases the ECG databases utilized for testing and training purposes. In section 8, a 

comparison between different DL methods is provided based on certain parameters. Section 

9 presents a literature review in tabular form. Lastly, sections 10 and 11 compose of the 

discussion and conclusion, respectively. 

 

 

Fig. 1.  Diagram of main features of ECG signal [1]. 

2 Research methodology 

This review conducts a comparative analysis different studies published from 2019 to 2024 

that related to employing Deep learning (DL) techniques for ECG signals classification to 
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overcome the challenges exist in the classification of heart diseases. The analysing process 

of each single paper is based on four factors: the employed dataset, and feature extraction 

method, the proposed DL structure and performance parameters such as accuracy. In this 

regard, we used the measurement of sufficient, and effectiveness of models by measuring the 

accuracy with 100%.  

Therefore, the main keywords are ‘ECG,’ ‘Deep learning’ and ‘classification.’ By using 

the search engines along with different well-known journals such as Google Scholar, 

Springer, IEEE, Elsevier, Electro cardiology, and PubMed. We found the relevant papers that 

describe the medical and technical sides. 

3 Study’s contribution 

This study contributes to the field of employing DL techniques to improve the classifying of 

ECG signals in order to detect heart diseases accurately through several keyways: 

 

- This review article sheds light on promising DL models for effective and accurate 

heart diseases detection and classification in ECG signals. Through analysing and 

comparing various architectures and their performance. It provides researchers with 

valuable insights to select the most suitable strategy for their specific needs. This 

can contribute to the development of clinically useful tools for doctors. 

- Summarizes findings from numerous studies to create a comprehensive picture of 

DL process in this area. 

- Advanced methodological approach by exploration of different metrics that 

consider accuracy and other factors including dataset, preprocessing method feature 

features extraction technique, and the proposed DL structure. This would provide a 

more complete evaluation framework for DL models this field. 

- Highlights the need for further research on integrating DL models in heart diseases 

detection with real-time clinical applications, through suggesting mechanisms for 

effective developing models. 

4 Deep Learning (DL) concept 

Deep learning is considered an effective tool for ECG signals analysing and classifying 

through learning from large amount of data, and automatically extract information from 

signals with ability of uncover hidden patterns in ECG signals and discover patterns in 

sequential data. These features of DL led to revolutionizing the field of ECG signals 

classification and many studies relied on these methods instead of traditional methods and 

machine learning techniques in order to design an efficient and effective model that can 

achieve higher accuracy in classification process. Deep learning employs artificial neural 

networks combined with multiple layers for extracting features from the raw ECG signal 

directly, this eliminated the requirement of feature extraction manually [9].  

 The advantages of deep learning comprise improved accuracy, remarkably when dealing 

with huge and complex datasets. It also can reduce the burden of work for medical 

professionals in interpreting and analysis of the ECGs. However, there are some challenges 

when dealing with DL techniques such as data dependency, the imbalanced or limited 

datasets can result biased models, and the complexity of deep learning models [10]. Although 

of these challenges, DL provide a powerful approach for classification of ECG signals. 

However, as research progress continues and datasets are being grow, it can be expected 

more advancements in this field [11]. The most common DL approaches that have been 
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employed in the examined papers and demonstrated an increase in the accuracy were based 

CNNs, RNNs, and LSTM. 

4.1 ECG signals processing 

ECG refers to electrocardiogram which shows the heart’s electrical activity as a non-

stationary physiological signal. This measurement is used to detect heartbeat patterns that are 

pathological, as well as to measure the regularity and stress of the heartbeats [12]. There are 

two types of information that cardiologists can obtain from an ECG. Firstly, they can analyse 

the electrical waves that pass through the heart's conduction system to measure time intervals. 

This enables them to identify both regular and irregular rhythms. Secondly, they can assess 

the condition of the heart by showing areas that are overworked or enlarged. This kind of 

data helps determine the heart's electrical activity's frequency and speed [13]. The DL steps 

applied to process ECG signals in the training phase is shown in Figure 2. The steps involved 

in ECG signal analysis include data collecting, preprocessing, extraction and selection of 

features, and classification [14]. 

Fig. 2. ECG signal processing phases [14]. 

4.1.1 Preprocessing phase 

The preprocessing in ECG analysis involves cutting noise and preparing raw data for further 

processing. Noise sources include power grid interference, movement artifacts, device noise, 

quantization noise, signal processing disturbances, and baseline diversion. Different methods 

like linear phase filters, adaptive filters, wavelet transform-based methods, and non-linear 

Bayesian filters are used for noise attenuation[7]. Automatic classification systems are 

affected by noise and require noise attenuation for exact results. Finite impulse response 

(FIR) filters and adaptive filters have shown promising results. The impact of signal pre-

processing on later classifiers is an underexplored research area. The efficiency of noise 

reduction techniques is frequently expressed through the evaluation of the signal-to-noise 

ratio[15]. 

4.1.2 Features extraction phase 

This stage involves the characteristics that can be derived from signal morphology in the 

time/frequency domain. For ECG signals is indicates to the process of extracting Q, R, T, 

and U waveforms [11]. There are common methods like wavelet transform which are 
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frequently employed for this process. DL techniques like CNN can automatically extract 

these features. Heartbeat classification involves linear such as RR interval, frequency 

spectrum and nonlinear such as fractal characteristics methods. Optimization using particle 

swarm optimization enhances the efficiency of the wavelet transform. Achieving the highest 

accuracy in heartbeat classification involves using the wavelet function[16, 17]. 

4.1.3 Classification phase 

The last step in ECG signals processing is classification. The Classification is a process of 

utilizing automatic algorithms to analyze and categorize ECG signals based on diverse 

cardiac conditions. For this task we use DL techniques with supervised learning, which uses 

data with known tags in training models [18]. The most methods commonly used in examined 

studies that proved high efficiency in ECG classification process are CNNs, RNNs, and 

LSTM Networks. 

4.2 ECG classification methods  

4.2.1 Convolutional neural networks (CNNs) 

The CNNs are one of the networks which functions similarly to the neural network in the 

brain in that it transmits data from input to output. It has both complex and simple layers, 

like the brain's visual cortex, and usually includes convolutional and pooling layers[19]. CNN 

typically uses images as its data format. Images can be composed of one-color channel (like 

grayscale) or three separate color channels (red, green, and blue)[20]. Figure 3 depicts CNN's 

architectural layout. CNN involves numerous layers comprising  input, convolutional, and 

pooling layers. Entirely connected layers are also included. Predictions are made by the last 

layer. These tiers could or might not have activation functions. For CNN classification, we 

can use one or more fully connected layers [21]. Each layer has a special function that decides 

how many numbers will go to the next part, which is called the activation function. Rectified 

linear unit (ReLU), a kind of activation function found in the intermediate layer, is frequently 

employed as: 

f(al
i) = max(0,al

i)                                                                                         (1) 

 

 Where 𝑎li, belongs to R, which denotes the number of signals that the middle layer's i 

unit has received. The last layer employs the soft-max function [20]. To get potential results 

from the output, the equation (2) is used. 

 

𝑓𝑘(𝑧) =
𝑒𝑥𝑝⁡(𝑧𝑘)

∑ 𝑒𝑥𝑝⁡(𝑧𝑘)𝐾
𝑘=1

                                                    (2) 
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Fig. 3. Diagram of CNN’s structure [26]. 

 

 Many researchers utilize CNNs for classification purposes for the ECG signals, as they 

demonstrated superior accuracy. CNNs can serve as both classifiers and feature extractors, 

as seen in studies [8] and [22], or they can be combined with other methods, as confirmed in 

studies [23] and [24]. No additional feature extraction was needed since CNNs are capable 

of extracting features directly as proved in studies [8] and [25].  

4.2.2 Artificial neural networks (ANNs) 

The ANN emulates the data processing mechanism observed in natural nervous systems, like 

the human brain [11]. It consists of a sum of interdependent processing parts known as 

neurons, which collaborate to address various problems. Like humans, ANNs acquire 

knowledge through examples, and the accuracy of their understanding increases with larger 

datasets [22]. ANNs specialize in specific applications like pattern recognition or data 

classification, using the brain's computing powers to create algorithms. Reverse propagation 

neural networks use weight adjustment, backpropagation, and forward propagation, which 

depend on learning parameters like momentum and learning rate. ANNs offer self-teaching, 

flexibility, rapid training, high accuracy, noise resistance, and scalability. However, they may 

struggle to locate the global optimum in big issues. Probabilistic neural networks and 

Multilayers perceptron are commonly used for heartbeat classification.[27]. The ANN's 

structure is illustrated in figure 4. 
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Fig. 4. ANN’s structure (the figure is constructed by the author based on references[3 , 27] ). 

4.2.3 Recurrent neural networks (RNNs) 

RNNs is one of deep learning methods designed to process serial data [9]. RNNs works 

frequently and implement the same account for each element in a sequence, with outputs that 

depend on previous accounts. It excels in dealing with sequences such as time chains data or 

natural language processing tasks [8]. RNNs have rings in architecture, allowing information 

to continue (self-looping). However, they suffer from the problem of explosion, which limits 

their ability to capture long -term dependencies effectively. RNN’s basic structure can be 

seen in Figure 5. At each time step (t), the RNN updates its hidden vector(h), in accordance 

with the following equations [28].  

 

ht = tanh (Wht-1+ Ixt)                                                                                (3) 

 

 Where I,  refers to projection matrix, tanh is the function of the hyperbolic tangent, and 

W stands for the recurrent weight matrix. We utilize the hidden state h to make predictions. 

 

yt = softmax(Wht-1)                                                                                       (4) 

    

hl
t = σ(Whl

t-1 + Ihl-1
t)                                                                                   (5) 

 

 The soft-max in equation(4) offers a normalization of probability distribution across 

the potential classes. While the σ in equation (5) indicates the logistic sigmoid function, and  

W is a weight matrix. Higher-order RNNs may be created by stacking RNNs and utilizing h 

as the input to another RNN[29].  

 

Input layer Hidden layer 1 Hidden layer 2 Output layer 
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Fig. 5. RNN structure(the figure is constructed by the author based on reference[27]). 

4.2.4 Long short-term memory (LSTM) networks 

LSTM networks are extended from the general RNNs which have ability of learning the long-

term dependencies [30]. The LSTM networks contain three distinct categories of gates, 

Sequential data is fed into the network through the input layer, which is the first layer. The 

bidirectional layer is the next, where determining the persistent relationship between signal 

time steps and sequence data in both forward and feedback directions [28]. The last layer is 

completely connected, includes a vector of biases, and manages the weight matrix 

multiplication of the numerical input values. The LSTM's fundamental structure is seen in 

Figure 6 [29].  

W= 

[
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𝑊𝑔

𝑊𝑜]
 
 
 
 , R = 

[
 
 
 
𝑅𝑖

𝑅𝑓

𝑅𝑔

𝑅𝑜]
 
 
 

 , b= 

[
 
 
 
𝑏𝑖

𝑏𝑓

𝑏𝑔

𝑏𝑜]
 
 
 

                                   (6) 

  

 Equation (6) describes the relation between Weight (W), Recurrent weight (R), and bias 

(b) letters i, f, g and o are representing inputs, forgets, output gates, and cell candidates, 

respectively [30]. 

 

 

Fig. 6. Diagram of LSTM architecture [26]. 
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5 Performance evaluation metrics 

The classification model performance effectiveness is measured by using different metrics 

to get precise classification results. Throughout the classification process accuracy, precision 

and sensitivity are the most valuable parameters to assess the model performance. Following 

classification, the confusion matrix ,explained in table 1, is used for validation, which is a 

data mining approach for evaluating the effectiveness of an algorithm. The percentage of 

ECGs that were correctly classified overall is shown in equation 7: 

Acc. = 

𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
                                                   (7) 

 

 The precision measures the percentage of actual abnormal ECGs among the expected 

abnormal ones as shown in equation 8: 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                                       (8) 

 

  Sensitivity or Recall This is the percentage of actually abnormal ECGs that the model 

accurately classified as normal as shown in equation 9: 

Sensitivity = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                                    (9) 

 

 Following classification, the confusion matrix ,explained in table 1, is used for 

validation, which is a data mining approach for evaluating the effectiveness of a model by 

showing a number of correct and incorrect predictions. Here, the size of matrix is 2x2, 

meaning binary classification. 

Table 1. The description of confusion matrix. 

 
Predicted Values  

Yes (Positive) No (Negative) Total 

Actual Values 
Yes (Positive) TP FN TP+FN 

No (Negative) FP TN FP+TN 

 Total TP+FP FN+TN  

* The table is constructed by the author based on references [16, 21]. 

 

 The explanation of each symbol has been used in the Equations from (7) - (9) and the 

confusion matrix’s rows is indicating to actual ECG class, while the columns is indicating to 

predicted ECG class as described below: 

 

- True Positive (TP): These are ECGs that are truly abnormal, and the model correctly 

classified them as abnormal. 

- True Negative (TN): These are ECGs that are truly normal, and the model correctly 

classified them as normal. 

- False Positive (FP): This includes all ECGs that the model classified as abnormal, 

regardless of their actual class. 

- False Negative (FN): This includes all ECGs that the model classified as normal, 

regardless of their actual class. 

 By examining these metrics, it can be determined how well the model distinguishes 

between normal and abnormal ECGs. This emphasizes how crucial the consideration of 

various metrics to identify the effectiveness of the model. 
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6 Datasets  

A dataset refers to a structured collection of ECG data which is essential tools to classify 

ECG signals. There are various forms of datasets depending on the study's purpose. A short-

term ECG dataset which able to capture a brief period of ECG signal, while long term ECG 

datasets can capture recordings with a longer duration, such as 24 hours or more. Also, Lead 

configurations play a role in ECG datasets, as single-lead ECGs providing limited 

information while the multi-lead ECGs may provide a more comprehensive view. Another 

feature which is Diagnosis focus is considered crucial as well, with normal ECG datasets 

containing recordings from healthy individuals without known heart conditions, arrhythmia 

datasets containing recordings with various arrhythmias, and myocardial infarction datasets 

containing recordings during or after a heart attack [31].  

 The common type is the publicly available ECG datasets, MIT-BIH Arrhythmia, PTB 

Diagnostic, ECG-ID, INCART, and AF. The MIT-BIH Arrhythmia includes 48 half-hours 

of ECG recordings from 47 subjects, while PTB Diagnostic contains 549 10-second ECG 

recordings. The ECG-ID covers a wide range of arrhythmias, while the INCART evaluates 

algorithms for ischemic heart disease. The AF Database contains 100 long-term ECG 

recordings from patients with atrial fibrillation[32]. 

7 Comparison of Deep Learning methods  

The computational complexity of DL techniques is affected by different parameters, such as 

the number of epochs used in training data, dataset size and desired accuracy level. Table 2 

provides a comparison of different DL methods based on their computational complexity, 

and design factors [20, 33]. 

Table 2. Comparison of various Deep Learning models. 

 
Complexity 

level 

Complexity 

factors 
Advantages Disadvantages 

ANNs Medium 

Data size, 

neurons, 

layers, and 

connections 

General-use, resistive 

to noise and processed 

in parallel. 

Data-driven, black box, and 

sensitive to overfitting. 

CNNs High  

Data size, 

filters, 

number of 

layers, and 

input size. 

efficient for data that 

resemble images, 

lessen pre-processing, 

Managing various 

ECG shapes. 

Expensive to compute, 

sensitive to data volume, and 

incapable of capturing 

temporal dynamics. 

RNNs 
Medium 

Hidden units, 

number of 

layers, and 

Sequence 

length. 

Detect variations, 

manage variable-

length sequences, and 

record temporal 

relationships. 

More complicated design, 

prone to disappearing or 

ballooning gradients, and 

inefficient for short 

sequences. 

 LSTM  
Medium 

Sequence 

length, 

hidden units, 

number of 

layers, gating 

mechanisms. 

Superior performance, 

enhanced temporal 

memory, and a 

multitude of uses. 

Hyperparameter tweaking, 

computationally demanding, 

and possible black box 

problems. 

* The table above is constructed by the author based on references [16, 18, 20,35]. 
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8  Literature review 

Many studies published from 2019 to 2024 have been examined that related to ECG signals 

classification using deep learning techniques. Figure 7 display the distribution of reviewed 

papers across years. Investigators used different methods like RNN and CNN to classify ECG 

beats. This section's goal is to examine and contrast numerous studies proposed models. The 

outcomes of this comparative study are displayed in table (3). 

 

 

 

Fig. 7. Distribution of reviewed studies.
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 Based on the above table that we constructed from different reviewed papers, it can be 

seen that all of the examined studies focused on using DL techniques in order to provide an 

effective and accurate ECG signals classification to identify abnormalities in heart. 

 However, they differ in the proposed DL models such as employing different structures of 

CNN and RNN . In addition, the proposed models have been tested on various datasets and 

preprocessed using different methods for improving signal quality and removing noise, also 

they used various techniques in order to extract features from the ECG preprocessed signal. 

However, they depended on several parameters to evaluate the performance of their proposed 

models such as accuracy, sensitivity, and precision. Accordingly, it can be seen the following: 

- The suggested method in paper [22] achieved accuracy and sensitivity above 99.00% on all 

ECG lead signals. Using CNN model for both classification and feature extraction based on 

PTB Database. The proposed method in this study shows good results. 

- On other hand  in this paper [37] the offered method obtained 99% accuracy, 95% 

sensitivity, and 99.8% specificity using MIT-BIH arrhythmia database and for preprocessing 

they used segmentation with  Pan-Tompkin's algorithm . For Feature extraction it used 

Wavelet transforms and RNN for classification. The obtained results using RNN are good 

compared with other types. 

- The method in paper [39] obtained 99.7% accuracy, 98.3% sensitivity, 99.2% specificity, 

and 96.1% precision on MIT-BIH Arrhythmia dataset with pre noise removal and  applying 

an improved AlexNet- CNN technique for classification, and Fast Fourier Transform (FFT) 

for feature extraction to reduce the size of ECG signals for long-term storage and remote 

transmission. Which indicates a good result in comparing with same applying methods in 

other papers. 

- The maximum accuracy and sensitivity are achieved in the proposed model in paper [33] 

achieved accuracy a 100% after 21 epochs for 2-4 classes and 99.90% for 5 classes using 

MIT-BIH Dataset, and get a 99.91% for the 5-classes case using premature ventricular 

contraction beats from AHA and LUDB database ,by applying CWT and Hilber -Huang 

transform spectrum for feature extraction, and sixteen layers of Visual Geometry Group 

labelled as VGG16-based CNN for classification. This method has the best obtained results, 

and it outperforms other papers, indicating that the CNN method used in this paper is the 

best. 

9  Discussion  

The key goal of this paper is to examine various studies that employed DL models for 

classifying the ECG signals. According to the examined papers CNNs are the most often used 

deep learning structures. They trained and learned using different ECG datasets. Each study 

showed that CNN is highly successful at evaluating various medical signals, including ECG, 

and can automatically extract the best characteristics and discriminate among distinctive 

groups. This improves productivity and the quality of healthcare. 

 However, it can be argued that the highest accuracy achieved among all examined studies 

is in the proposed model in paper [33] with accuracy a 100% after 21 epochs for 2-4 classes 

and 99.90% for 5 classes using MIT-BIH Dataset, and get a 99.91% for the 5-classes case 

using from AHA and LUDB database, they employed CWT and Hilber -Huang transform 

spectrum for feature extraction, and sixteen layers of Visual Geometry Group labelled as 

VGG16-based CNN for classification of ECG signals. This method has the best obtained 

results, and it outperforms other papers. So, this classifier is considered as a promising model 

that detects and classifies heart diseases using ECG signals. 

 It means that this model is sufficient and accurate, and effective for ECG signals 

classification which leads to better diagnosis. It is important to say that this model is the close 

measure to the highest accuracy of DL model targets which is 100%.  
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Although of the promising advantages in VGG16 model, it faces a challenge which is the 

computational complexity cost makes the implementation  of model in real-time clinical 

applications difficult. 

 It can be suggested that this classifier can be implemented in real-time clinical 

applications if the computational complexity cost of VGG16 can be reduced. So, as a 

recommendation the architecture of this proposed model can be optimized using fewer layers 

or neurons in the CNN components using techniques like pruning which can help achieve 

this while maintaining the model’s accuracy, or using specialized hardware such as GPUs 

which can significantly accelerate computations compared to traditional CPUs.  

For future work the researchers can combine these techniques to improve the efficiency of 

VGG16-CNN models so it can be implemented in real-world clinical applications. This 

would enable a faster and accurate diagnosis of heart diseases using ECG signals. 

10 Conclusion  

This study examines the earlier papers that have been published from 2019 to 2024, with an 

emphasis on the best documented accuracy for identifying arrhythmia from ECG data. After 

evaluating the reviewed literature, we discovered that every research examined different 

techniques in which deep learning (DL) may be applied to analyze the ECG signals to 

improve early identification of cardiac issues and get correct classification. A trained CNN 

can automatically obtain the best characteristics from several groups, as each of this research 

has confirmed and shown. Consequently, CNN and RNN have demonstrated remarkable 

efficacy in examining medical signals, including ECG, which enhances the efficiency and 

caliber of healthcare delivery. Finally, applying the highly accurate technique VGG16-based 

CNN would enhance the early diagnosis of serious illnesses and reduce the likelihood of 

misclassification. The most commonly used dataset was MIT-BIH Arrhythmia, so it can be 

recommended as a dataset for training and testing. 
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