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ABSTRACT 

An irregular pulse is reflected by a cardiac condition called an arrhythmia. ECG is the widely used data for 
the identification of arrhythmia. Healthcare professionals can understand the abnormalities in heartbeats 
using ECG data. However, with the emergence of AI, there is a need for a CDSS that can help doctors 
diagnose arrhythmia. We suggested a DL An optimized framework for automatically identifying arrhythmias 
in ECG data. Our deep learning framework has mechanisms required for data acquisition, data transformation 
training, a deep learning classifier, and automatic detection of arrhythmia. We proposed a novel DL 
architecture called ADNet based on the CNN model. The suggested structure has been set up to take 
advantage of the enhanced CNN model for efficient arrhythmia detection. We presented the Learning-based 
Arrhythmia Detection method and Classification (LbADC), exploiting Utilizing arrhythmia, the suggested 
deep learning models detection performance. Our experimental investigation using the MIT-BIH benchmark 
dataset shows that the suggested method, LbADC, surpasses several cutting-edge models with the best 
accuracy of 98.68%. Therefore, the proposed AI-enabled system can be integrated with existing healthcare 
applications to automatically screen arrhythmias in ECG data.  
Keywords - Arrhythmia Detection, DL, Artificial Intelligence, ECG Data Analytics, Hybrid Deep Learning 

 

1. INTRODUCTION  

An electrocardiogram (ECG) is a cornerstone of 
healthcare, aiding in diagnosing a range of heart-
related issues. It continuously records the 
electrical activity of the human heart, providing a 
graphical representation of the heart's beat. ECG 
data analysis is instrumental in identifying 
conditions such as Arrhythmias, heart attacks, 
sudden cardiac arrest, and heart failure. Efficient 
diagnosis of these conditions using ECG data 
analysis is crucial for preventive care and patient 
management. Our research, which focuses on 
deep learning for ECG data analytics and 
arrhythmia detection, is a significant contribution 
to this field. Some researchers have contributed to 
ECG data analytics in the detection of arrhythmia. 
The usage of deep learning techniques and their 
application to ECG signals could help in the 
detection of irregular heartbeats that have the 
potential to help patients manage better patient 
outcomes [1]. Two-dimensional ECG images are 
also explored widely with the help of advanced 

neural network-based models for cardiac 
arrhythmia detection [2]. Various deep learning-
based approaches are exploited with 
optimizations towards detecting arrhythmia under 
classifying multiple kinds of arrhythmia classes 
[3], [4]. Deep learning approaches with sequence-
to-sequence modeling are also found in the 
literature on managing patients inside and 
between hospitals ECG heartbeat data to detect 
arrhythmia [5] efficiently. From the literature 
review, it was understood that there is a need to 
enhance deep learning models with empirical 
study on various layers and configurations to 
leverage arithmetic detection performance in 
ECG data. 

Although several deep learning models have been 
applied to ECG-based arrhythmia detection, 
existing studies still face major limitations such as 
sub-optimal CNN configurations, inadequate 
preprocessing of ECG morphology, and poor 
sensitivity for minority arrhythmia classes due to 
class imbalance. These gaps indicate the need for 
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a more optimized and empirically validated deep 
learning pipeline. To address this research 
problem, the present study adopts a structured 
research design consisting of four stages: (i) 
transforming raw MIT-BIH ECG signals into 2-D 
beat-level images and applying necessary 
normalization and augmentation; (ii) developing 
an enhanced CNN architecture (ADNet) with 
optimized convolutional layers, ELU activation, 
batch normalization, and regularization; (iii) 
training and validating the model using a 10-fold 
cross-validation strategy with sensitivity-based 
early stopping; and (iv) benchmarking the 
proposed approach against established deep 
learning baselines using precision, recall, F1-
score, and accuracy. This systematic design 
enables robust evaluation and ensures that the 
developed framework directly addresses the 
limitations identified in the literature. 

The following are our contributions to this 
publication. We have introduced a novel DL 
architecture called ADNet, based on the CNN 
model. Our framework can utilize the enhanced 
CNN model for efficient arrhythmia detection. 
We have developed the Learning-based 
Arrhythmia Detection method and Classification 
(LbADC), which uses deep learning models to 
improve arrhythmia detection performance. Our 
experimental results show that, with an accuracy 
of 98.68%, our proposed technique, LbADC, 
beats various state-of-the-art models use the 
benchmark dataset from MIT-BIH. This is how 
the remainder of the paper is structured: - The 
several deep learning models currently in use for 
detecting arrhythmias in ECG data are reviewed 
in Section 2. - Section 3 outlines the suggested 
process for using ECG data to automatically 
identify arrhythmia. - The performance of our 
suggested deep learning model is compared to 
many other models in Section 4, which also 
includes the findings of our empirical 
investigation. - Section 5 presents the study's 
limits and analyzes the importance of the 
suggested technique. - Section 6 wraps up the 
study and makes some recommendations for 
additional research directions. 

2. RELATED WORK 

There are numerous deep learning based 
approaches that could analyze ECG data to find 
out abnormalities in heartbeats. Murat et al. [1] 
examined deep learning approaches for detecting 
ECG arrhythmias, examining published models 
and procedures in publications. Izci et al. [2] 

presented a 2D CNN with higher accuracy in 
classifying arrhythmias on MIT-BIH ECG data 
without pre-processing. Parvaneh et al. [3] 
examined current developments in automated 
arrhythmia detection using deep learning, 
emphasizing datasets, architectures, and 
assessments. Ebrahimi et al. [4] highlighted CNN 
as the leading approach for feature extraction 
while discussing current DL techniques for ECG 
classification. DL models may be used to classify 
various arrhythmias with remarkable accuracy. 
Mousavi et al. [5] suggested that the strategy 
achieves the best results in literature assessments 
by combining CNNs with sequence-to-sequence 
models for ECG heartbeat categorization.  

Rajkumar et al. [6] used the ELU activation 
function, a developed ECG classification system 
uses CNN to detect the different kinds of 
arrhythmias with an accuracy of 93.6%. Plawiak 
et al. [7] evolved DGEC system classifies cardiac 
arrhythmias with huge accuracy by combining 
ensemble, deep learning, and evolutionary 
computing. Abdalla et al. [8] created a CNN 
model that can automatically categorize ten very 
accurate forms of arrhythmias, assisting in the 
diagnosis of cardiac illness. Mahmud et al. [9] for 
the categorization of arrhythmias from denoised 
ECG data, a novel DeepArrNet CNN architecture 
is suggested. It optimizes feature extraction using 
PTP units and variable temporal convolutions, 
outperforming previous techniques in terms of 
performance. Khatibi and 
Rabinezhadsadatmahaleh [10] varied nature of 
arrhythmia makes manual ECG analysis difficult. 
This work offers a novel DL-based methodology 
for low computational time and high accuracy 
beat categorization.  

Yildirim et al. [11] suggested to use a novel DNN 
model for detecting arrhythmias from a sizable 
ECG collection. High accuracy was shown by the 
results, rates for four and seven rhythm lessons 
were 92.24% and 96.13%, respectively. Essa et al. 
[12] suggested by a DL multi-model system for 
ECG classification: RRHOS-LSTM and CNN-
LSTM. On MIT-BIH data, these models are 
paired with bagging and a meta-classifier to 
achieve excellent accuracy. Benjamin et al. [13] 
developed in response to the growing need for 
improved ECG interpretation; it was verified 
through the use of real-world data and DL models. 
Jo et al. [14] purposed of classifying arrhythmias, 
a novel explainable deep learning model (XDM) 
is created and verified on a variety of external 
datasets. Liu eta l. [15] Prompted therapy is aided 
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by early identification using ECG. Deep learning 
improves the interpretation of ECGs, providing 
speed and precision in diagnosis. Heart disease, or 
CVD for short, is one of the leading causes of 
death worldwide. 

Sharma et al. [16] with great accuracy and 
precision rates, a unique hybrid technique 
effectively classifies ECG signals into key 
arrhythmia classifications. He et al. [17] with the 
help of successfully tested DHCAF and 
MCHCNN algorithms, described is a system for 
automatically identifying arrhythmias from 
Internet of Things-based ECGs. Sahoo et al. [18] 
with huge accuracy, automated arrhythmia 
identification from ECG data using deep learning 
improves prompt treatment and lowers mortality. 
Sangaiah et al. [19] accomplished this by 
combining HMM classification, noise reduction, 
and feature extraction into an effective framework 
for arrhythmia detection. Monitoring heart health 
remotely is made easier with the help of IoMT. 
Tuncer et al. [20] attained in 17 arrhythmia 

classifications by a unique ECG classification 
algorithm that uses DWT and 1D-HLP. 
Integrating deep learning for better performance 
is one of the next improvements.  

Mahmud et al. [21] with data pre-processing and 
augmentation, a lightweight deep network model 
is suggested for effective arrhythmia 
classification that achieves high accuracy. Rath et 
al. [22] identified accurately and early in life. A 
novel HD categorization technique using ECG 
data is suggested in this research employing an 
ensemble model of GAN-LSTM. Zhang et al. [23] 
approached considerably increase resilience and 
accuracy by addressing overfitting in DL models 
for the identification of atrial fibrillation. 
Mohonta et al. [24] attained using a DL model that 
blends 2D-CNN and CWT-RGB to diagnose 
arrhythmia from brief ECG data. Petmezas et al. 
[25] imbalanced ECG data is addressed using a 
unique hybrid CNN-LSTM model with focal loss, 
which achieves good accuracy in arrhythmia 
identification.  

Table 1: Summary Of Literature Findings 

Reference Approach Technique Algorithm Dataset Limitation 
[1] Deep learning 

and statistical 
approaches 

Arrhythmia 
detection and 
deep learning 
techniques 

Custom 
algorithm 

Custom dataset Future investigations 
should focus further 
on the appropriate 
and effective 
therapeutic uses of 
deep learning 
models. 

[9] Deep 
Learning and 
RNN-based 
approach 

SMOTE 
augmentation 
technique 

R-peak 
detection 
algorithm 

MIT BIH 
arrhythmia 
dataset 

While the suggested 
approach yields 
notable results, 
further research 
might examine 
alternative 
viewpoints. 
 

[16] Deep 
learning-
based 
detection 
approach  

SVM and 
DWT 
techniquec 

Genetic Bat 
optimization 
algorithm 

MIT-BIH dataset The suggested work 
can be expanded in 
the future to include 
other arrhythmia 
classes in order to 
provide a thorough 
method for 
classifying 
arrhythmias using 
ECG data. 

[18] Deep 
Learning and 
Chi squared 

EMD and 
VMD 
techniques 

CNN and RF 
algorithms  

MIT-BIH 
arrhythmia 
database.  

Next, we want to test 
our model on a wider 
range of data and on 
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selection 
approach 

more kinds of 
arrhythmias. 

[20] Deep learning 
and 
Optimization 
approach 

Deep learning 
techniques 

SVM and 
neural 
network 
algorithms 

MIT-BIH dataset Our suggested 
approach can be 
offered in the future 
as a descriptor-based 
deep feature 
extraction network. 
Innovative 
intelligent healthcare 
monitoring systems 
may be created with 
our concept to obtain 
precise and timely 
diagnoses 

[29] Deep learning Deep learning 
techniques 

Pan-
Tompkins 
algorithm 

MIT-BIH 
Arrhythmia 
Dataset 

By including a 2-D 
CNN with ECG 
greyscale image 
input—which will 
be converted from 
the ECG recording 
in the MIT-BIH 
Arrhythmia 
Dataset—we will be 
able to enhance our 
system in future 
work. 
 

[30] A deep CNN 
based 
approach 

Convolutional 
Neural 
Network 

fuzzy 
clustering 
algorithm 

MIT-BIH dataset In order to examine 
how different 
elements of our 
suggested approach 
affect its 
functionality, we 
also conduct an 
ablation research. By 
applying more 
advanced signal 
processing 
techniques and 
identifying more 
cardiac conditions, 
this study can be 
expanded even 
further. 

[31] Deep learning CNN R-peak 
detection 
algorithm 

MIT-BIH Atrial 
Fibrillation and 
MIT-BIH 
Malignant 
Ventricular 
Ectopy 

To further 
understand its 
behavior, additional 
research on the 
learning rate and 
other factors, such as 
various learning 
epochs, will be done 
in a later study. 
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[38] Deep learning 
and 
convenient 
and 
economical 
routine 
examination 
approach 

multi-task 
learning 
technique 

d state-of-art 
ECG 
classification 
algorithms 

CPSC 2018 and 
PhysioNet/CinC 
2017 

We plan to utilize 
the DMSFNet for 
further physiological 
signal analysis and 
processing needs in 
the future. 

[40] Novel Deep 
learning 
approach 

various data 
augmentation 
techniques 

fuzzy 
clustering 
algorithm 

MIT-BIH dataset Furthermore, more 
complex DL models 
would be considered 
to enhance the 
classification 
performance of the 
ECG signals as 
images using 
techniques like 
spectrogram 
generation or 
wavelet transforms. 
Lastly, we would 
delve into the 
implementation of 
real-time ECG 
arrhythmia 
monitoring 
applications based 
on wearable IoT 
technologies. 

 

Atal et al. [26] automated arrhythmia 
classification that uses deep CNNs based on Bat-
Rider Optimization yields good sensitivity, 
specificity, and accuracy. Future research 
attempts to investigate alternative optimization 
techniques and enhance the management of 
dynamic characteristics. Hasan et al. [27] 
obtained higher classification accuracy in 
numerous cardiac illnesses utilizing a unique 
technique that uses modified ECG data via EMD 
and CNN. Howe et al. [28] examined the use of 
ECG spectrograms for AFIB identification. In 
testing, two approaches—DenseNet+SVM and 
ConvNet—achieved 93.16% accuracy. These 
encouraging findings call for more research and 
improvement. Khan et al. [29] suggested a 1-D 
CNN that outperforms earlier techniques with an 
accuracy of 95.2% for automated ECG heartbeat 
classification. For improved performance, 2-D 
CNN implementation is a project for the future. 
Kumar et al. [30] proposed method, which uses 
deep learning and fuzzy clustering to identify 
arrhythmias. The approach, which has been 

demonstrated to be successful when compared to 
other contemporary approaches, includes 
segmentation, denoising, data augmentation, 
fuzzy clustering classification, and CNN feature 
extraction.  

Mathunjwa et al. [31] suggested using 2D 
recurrence plot pictures of ECG data to identify 
arrhythmias using a deep learning technique. It 
outperforms earlier approaches with high testing 
accuracies. However, computational expense and 
dataset imbalance are constraints. Zhao et al. [32] 
recommended using a deep neural network to 
distinguish five distinct pulse types from ECG 
data, with a total accuracy of 98.6%. Cai et al. [33] 
an innovative one-dimensional DDNN shows 
remarkable accuracy (99.35%) in recognizing 
atrial fibrillation from 12-lead ECG data, 
suggesting significant potential for clinical 
diagnosis and screening. Pal et al. [34] used 
heartbeat classification for arrhythmia diagnosis, 
CardioNet, a unique deep learning system, 
outperforms other methods with high accuracy. 
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Hong et al. [35] with accuracy on par with 
conventional techniques, deep learning 
approaches to ECG analysis have grown quickly. 
Scalability and interpretability are among the 
difficulties. 

 

 

Table 2: Provides Datasets Usage Found In The Literature 

SL. NO Dataset (s) References 
1 MIT-BIH dataset [9], [16], [18], [20], [29], [30], [31],[40] 
2 CPSC 2018 and PhysioNet/CinC 2017 [31] 
3 Custom dataset [1] 

 

Islam et al. [36] combined bidirectional RNN and 
dilated CNN to automatically detect arrhythmias 
in ECG readings. Better performance and shorter 
calculation times are displayed by the model. 
Future research will concentrate on clinical 
applications and model generalization. 
Panganiban et al. [37] suggested a CNN-based 
technique that uses spectrogram pictures to 
classify ECG arrhythmias. It helps cardiologists 
with diagnostic analysis and achieves great 
accuracy, particularly in remote places. Wang et 
al. [38] presented DMSFNet, an end-to-end CNN 
architecture that efficiently captures aberrant 
patterns while reducing noise for the purpose of 
multi-class arrhythmia diagnosis. On the CPSC 
2018 and PhysioNet/CinC 2017 datasets, 
DMSFNet exhibits cutting-edge performance, 
showcasing improved feature extraction and 
generalization capabilities for ECG signals. With 
huge accuracy, Huda et al. [39] designed for 
continuous monitoring, a low-cost wearable ECG 
gadget uses deep learning to diagnose 
arrhythmias. Bechinia et al. [40] accomplished 
this with great accuracy using a unique deep-
learning strategy incorporating LC-CNN and 
MobileNet-V2 models. Model robustness is 
increased via data preprocessing and ACGAN-
based augmentation. Future research will focus on 
generalization and real-time monitoring. A 
overview of the research is shown in Table 1, 

while Table 2 shows a summary of the data set 
used in the literature. From the literature review, 
it was understood that there is a need to enhance 
deep learning models with empirical study on 
various layers and configurations to leverage 
arithmetic detection performance in ECG data. 

3. MATERIALS AND METHODS 

We proposed a DL model with a specific 
architecture based on a CNN model to detect 
arrhythmia in ECG data efficiently. Afterward, 
we proposed a hybrid DL methodology that 
combined our enhanced CNN and LSTM models, 
as discussed in Section 3.2.  

3.1 Our Framework  

Preprocessing the ECG data and developing the 
ECG arrhythmia classifier comprise our enhanced 
CNN-based method for classifying ECG 
arrhythmias. Using the MIT-BIH arrhythmia 
database, we trained and evaluated our CNN 
model in this study [30]. The pre-processing step 
of the ECG data transforms ECG signals into 
ECG pictures as the CNN model needs two-
dimensional images as its input. These obtained 
ECG images are used to classify eight distinct 
ECG types in the CNN classifier step. Figure 1 
depicts the entire framework.
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Figure 1: A Framework For Improved CNN-Based Arrhythmia Detection Is Proposed 

 

As presented in Figure 1, the ECG signals are 
subjected to image conversion to make them 
ready for deep learning-based processing. The 
data acquisition and transformation into images 
make the data ready for deep learning-based 
arrhythmia detection. Afterwards the data is 
subjected to data augmentation towards 
leveraging diversity of training and test samples. 
An enhanced CNN model is proposed to improve 
disease classification performance with multi-
class classification. 

3.1.1 Pre-Processing 

To transform ECG data into ECG pictures, we 
plotted each ECG beat as a separate 128 × 128 
grayscale image since the suggested two-
dimensional CNN model requires images as 
incoming information. The Q-wave peak time is 
used to segment each ECG pulse in the MIT-BIH 

arrhythmia database. By examining each ECG 
pulse's Q-wave peak period, the kind of 
arrhythmia can be more precisely identified. We 
created a single ECG beat image by extracting the 
first and last 20 ECG signals from the Q-wave 
peak signals that preceded and followed them. 

 With the time data, Eq. 1 may be used to create a 
single ECG beat range: 

𝑇(𝑄𝑝𝑒𝑎𝑘(𝑛 − 1) + 20) ≤ 𝑇(𝑛) ≤
𝑇(𝑄𝑝𝑒𝑎𝑘(𝑛 + 1) − 20)               (1) 

Consequently, the MIT-BIH arrhythmia database 
provided us with 100,000 pictures, each of which 
represented one of eight kinds of ECG beats. The 
eight ECG beat types are depicted in Figure 2 
using 128 × 128 grayscale pictures that were 
produced by the Pre-processing of ECG data 
technique.

ECG Signals 

ECG Image 

Data acquisition & 
Transformation  

Data augmentation 
Augment 10x arrhythmia data 
Only processed for Train Test  
 

Enhanced CNN 

Classification Results 
 

Train &  
Validation 

Set 
 

Test Set 

10-fold 
cross   

Validation 
 

Validation 
Criterion 
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Figure 2: Different Arrhythmia Beats 

 

The heart's normal beat is differentiated from 
arrhythmia heats, reflecting the difference among 
the beats. 

3.1.2 Arrhythmia Classifier 

Better in this work, the classifier for ECG 
arrhythmias is CNN. The initial presentation of 
CNN was made in 1989 by LeCun et al. [26] as a 
part of an attempt to identify scribbled zip codes. 
Currently available forward-thinking neural 
networks are not suited in order to classify images 
since they analyze the raw picture without 
considering the image's topology, which leads to 
an multiplicity of free parameters increasing 
exponentially. Since the development of the CNN 
model, it has been feasible to extract correlation 
between spatially neighboring pixels by using a 
nonlinear filter and extracting different local 
aspects of the picture by using several filters. We 
utilized 2D convolutional and pooling layers in 
this study to filter the ECG signal into an ECG 
image format by using the spatial localization of 
the ECG images. Consequently, classification of 
ECG arrhythmias may be done with more 
precision. The physician also evaluates the 
patient's ECG signal for arrhythmia using visual 
treatment. Thus, we concluded that the most 
similar way for a physician to identify 
arrhythmias is by using the 2D CNN model on the 
ECG image. 

 

3.1.3 Data augmentation 

One of the key benefits is that photographs can be 
used to augment data. However, because the 
distortion of a single ECG signal may impair test 
set performance, it was not able to manually add 
better data to the training set in previous studies 
on ECG arrhythmia. Specifically, SVM, FFNN, 
and tree-based algorithms are alternatives to 
CNN's premise. However, CNN assumes that 
every ECG signal value has a categorization value 
that is equal. In contrast, our CNN model 
generates an input data set from a two-
dimensional ECG image, therefore cropping and 
scaling the image improves the training data 
instead of decreasing performance. Data 
augmentation is made possible by using CNN as 
the classifier, which effectively prevents 
overfitting and maintains a balanced distribution 
among classes. Since relatively few medical data 
are harmful and the majority are normal, this 
benefit is especially significant when analyzing 
medical data. The typical loss associated with 
several classes in the batch is selectively 
minimized in this instance because of gradient 
descent learning, whereas a tiny class—in this 
example, an arrhythmia—is mostly disregarded. 
Consequently, throughout the training phase, 
specificity is likely to be very high, while 
sensitivity is likely to be poor. Stated differently, 
we may distribute and improve input data to attain 
a high degree of sensitivity and specificity. An 
ECG picture is produced in two of three sizes, 
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measuring 96 × 96, depending on the cropping 
technique. These enhanced photos are then shrunk 
to their 128 × 128 original dimensions. Figure 3 
presents nine cropped examples of the original 
PVC picture. Learning is slowed down by moving 

these images from the disk since it takes longer 
for data to be copied between the main and GPU 
memory. Because of this, the augmented pictures 
are produced within the model. 

 

Figure 3: PVC Image And Its Cropped Images 

Figure 3 presents nine cropped examples of the 
original PVC picture. Learning is slowened 
because transferring these pictures from the disc 
takes longer between the main memory and the 
GPU memory. The augmented visuals are 
therefore produced inside the model for this 
purpose. 

3.1.4 Kernel Initialization 

The model can become less accurate or diverge to 
a regional minimum, which is the primary 
drawback of gradient descent-based learning. 
Therefore, clever weight initialization is required 
to achieve convergence. CNN's kernels display 
these weights (also known as filters), where a 
collection of kernels creates a just one layer of 
convolution. We propose to employ the Xavier 
initialization in our CNN model. In all kernels, 
this initializer essentially equalizes the gradients' 
scales. The following range is used to initialize the 
weights randomly: 

𝑥 =
√଺

ூ௡ାை௨௧
; [−𝑥, 𝑥]                 (2) 

 where In and Out are the integers for the 
input and output components at the kernel 
weights, respectively. In different circumstances, 
the CNN model frequently begins with a big 
kernel and reduces it to a compact kernel with a 
considerable depth. However, the deeper layers of 
a tiny kernel are now known to perform better 
than the previous technique. As is common for 
contemporary CNN classifiers, we started with a 
kernel size of 3 × 3. We use a zero-padding 
approach to keep the image at its original size 
after the convolution layer is removed. 

3.1.5 Activation function 

The value that the kernel weights will yield in the 
model is determined by the activation function. 
ReLU, LReLU[28], and (ELU)[5] are a few 
examples of nonlinear activation that are often 
used in modern CNN models. Despite being the 
most often utilized activation feature on CNN, 
ReLU only converts whole minuscule values to 
zero, which causes certain nodes to stop learning. 
LReLU and ELU, on the other hand, offer a very 
little negative value. Following the trial, we 
employed ELU, which performed better than 
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LReLU in classifying ECG arrhythmias. This is 
how ReLU, LReLU, and ELU are displayed: 

𝑅𝑒𝐿𝑈(𝑥) = 𝑚𝑎𝑥(0, 𝑥)               (3) 

𝐿𝑅𝑒𝐿𝑈(𝑥) = 𝑚𝑎𝑥(0, 𝑥) + 𝛼𝑚𝑖𝑛(0, 𝑥)           (4) 

𝐸𝐿𝑈(𝑥) = ൜
𝑥      𝑖𝑓 𝑥 ≥ 0

𝛾(𝑒𝑥𝑝(𝑥) − 1) 𝑖𝑓 𝑥 < 0
                        

(5) 

 In such case the leakage coefficient value 
(𝛼) is 0.3 and the value of the hyperparameter (𝛾) 
is 1.0. 

3.1.6 Regularization 

Normalization, also named for regularization, is a 
technique to minimize overfitting during the 
education stage. L1 and L2 normalization are the 
standard techniques for normalizing; But in more 
recent deep CNN models, batch normalization 
and dropout are often used. Little adjustments to 
the parameters of the preceding layer in Deep 
learning has a big potential effect Regarding the 
allocation of inputs of the subsequent layer. We 
designate this phenomenon as the change in 
internal covariates. A method to lessen this it has 
been suggested to move within covariate: batch 
normalization. It basically entails calculating the 
input batches' mean and variance and then scaling, 
moving, and normalizing them. Batch 
normalization happens prior to the activation 
function and often following the convolution 
layer. Our experience has shown us that, in some 
circumstances, in this case, the ECG arrhythmia 
classification is the proper order for the batch 
normalization layer, which should be placed after 
the activation function. Consequently, After the 
convolutional and fully-connected blocks, among 
other activation functions in the model, we 
included a batch normalization layer. By 
probabilistically including nodes in the same 
layer, dropout reduces the reliance across layers 
and prevents overfitting. Dropout purposefully 
removes specific networks from the learning 
process during training, enabling the model to 
produce the voting effect through model 
combination. The completely connected block's 
batch-normalization layer was placed after the 0.5 
probability dropout that we created in this work. 
In convolutional blocks, dropout is typically 
avoided because Less important than limiting 
overfitting is co-adaptation between nodes in 
convolutional layers, which have few free 
parameters. 

3.1.7 Optimizer 

The neural network's training effectiveness is 
determined by also called the cost function, this is 
the difference between the output that was 
predicted and the training sample. By employing 
the function of optimization, the cost function is 
minimized. While there are various distinct cost 
functions, a cross-entropy function is commonly 
used in deep learning. 

 

𝐶 = −
ଵ

௡
∑[𝑦 ln 𝑎 + (1 − 𝑦)𝑙𝑛(1 − 𝑎)]            (6) 

In the case where an n is the amount of training 
data, y is the projected value, and is an actual 
value from the output layer. Using an optimizer 
function that bases its usage of gradient descent 
on optimization and a learning rate, cost function 
minimization is achieved. Several well-known 
optimizer methods exist, including Adagrad [7], 
Adadelta [51], and Adam [21]. Although there 
wasn't much of a performance difference in the 
end amongst the aforementioned functions, using 
Adam allowed us to find the best point as soon as 
possible in our testing. Consequently, we 
employed the Adam optimizer function, which 
has a 0.95 decay every 1,000 steps and an first 
education rate of 0.001. For our improved version, 
we employed the Adam optimizer function CNN 
model, which starts the learning rate at 0.0001 and 
exponentially decays it at a degradation rate of 
0.95 per 1,000 decay steps. The learning rate may 
be computed using a global step as in Eq. 7. 

𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑅𝑎𝑡𝑒 = 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑅𝑎𝑡𝑒଴ ∗

0.95[(ீ௟௢௕௔௟ௌ௧௘௣/ଵ,଴଴଴)]         (7) 

3.1.8 Validation  

When a model with a particular training set 
reaches a high enough degree of accuracy, it may 
be determined using the validation set. The model 
tends to overfit without the validation procedure. 
The loss value serves as the CNN's validation 
criteria in most cases. Nevertheless, our findings 
indicate that relying on loss value to terminate the 
model early could not obtain more sensitivity in 
classifying seven arrhythmias. The validation set's 
average sensitivity is therefore the validation 
criterion we choose. As soon as the 500 global 
steps' weighted average sensitivity that came 
before it stopped rising, we stopped the learning 
process and began evaluating the test set. 
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3.1.9 Enhanced CNN  

We developed an enhanced CNN model to 
classify ECG arrhythmias, taking into account the 
previously documented procedure. The improved 

CNN model shares most of its underlying 
architecture with VGGNet, optimizing several 
functions to decrease overfitting and improve 
classification accuracy.  

Figure 4: Enhanced CNN Model Known As Adnet 

The upgraded CNN is shown in Figure 4 and 
makes use of a TensorFlow backend together with 
the Keras framework. The model has a linear layer 
stack when it is first initialized as a sequential 
model. The architecture is composed of many 
Conv2D layers with various settings, including 
the activation function (ELU), kernel size (3x3), 
and number of filters (64, 128, 256). These 
convolutional layers are interspersed with 
BatchNormalization layers, which help normalize 
the network inputs, and MaxPool2D layers for 
down-sampling the input representation. The 2D 
feature matrix is converted into a vector by the 
Flatten layer, which comes after the input for the 
Dense layers and the convolutional layers. With 
2048 units and 7 units, respectively, the Dense 
layers are completely linked layers that use the 
softmax initiation function for categorization 
using several classes. The model is constructed 
using the Adam optimizer, with categorical cross-
entropy serving as the loss function and accuracy 
serving as the training metric. An additional 
dropout layer with a rate of 0.5 is added to further 
prevent overfitting. Every update during training, 

it randomly changes a subset of the input units to 
0. 

The given code creates a CNN model with a 
sequence of convolutional, normalization, 
pooling, and dense layers for image classification. 
The model can learn complicated patterns while 
reducing overfitting thanks to the use of Dropout, 
BatchNormalization, and ELU activating 
mechanisms. For multi-class classification 
problems, the Adam optimizer and Cross-entropy 
loss in categories are selected to reflect a standard 
configuration. All in all, the model architecture 
and compilation parameters are optimized for 
accurate prediction on picture datasets and 
effective training. 

3.3 Proposed Algorithm  

Our recommendation was an algorithm that we 
called (LbADC), which exploits the proposed 
deep learning models to improve arrhythmia 
detection performance. 

Algorithm: Learning-based Arrhythmia Detection and Classification (LbADC) 
Inputs: MIT-BIH Arrhythmia dataset D, deep learning models’ pipeline M 
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Output: Results of arrhythmias R and performance metrics P 
 

1.  Start  
2.  D' DataTransformation(D) 
3.  (T1, T2) SplitData(D') 
4.  The data augmentation of T1' 
5.  For every m in M model 
6.  Configure m 
7.  Assemble m  
8.  Compose m' TrainModel(T1') 
9.  Monitoring for Arrhythmias (m') 
10.  Evaluation of P (R, ground truth) 
11.  Print R. 
12.  The Print P 
13.  Finish for  
14.  Finish 

Algorithm 1: Arrhythmia Detection And Classification Based On Learning (Lbadc) 

 

LbADC algorithm utilizes DL models to analyze 
the MIT-BIH Arrhythmia dataset to detect and 
classify arrhythmias. The process begins with data 
transformation of the input dataset, followed by 
data augmentation on one portion of the split 
dataset. The algorithm iterates through a pipeline 
of deep learning models, configuring and 
compiling each model and then training it on the 
augmented dataset. After training, the model is 
used to detect arrhythmias, and the results are 
evaluated against ground truth data to generate 
performance statistics. The algorithm concludes 
by printing the arrhythmia results and the 
associated performance statistics. This structured 
approach to arrhythmia detection leverages the 

power of DL to provide accurate and efficient 
diagnostic support. 

3.4 Dataset Information 

Our empirical study uses the MIT-BIH 
Arrhythmia dataset, which has ECG data, which 
is widely used for heart disease or detection 
research.  

3.5 Methodology 

Since our strategy was learning-based, metrics 
generated from Figure 5's confusion matrix are 
employed to assess our approach.  

  

Figure 5: Confusion Matrix 
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Performance statistics are obtained by comparing 
the predicted labels of our technique with ground 
truth based on the confusion matrix.  The many 
metrics utilized in the performance evaluation are 
expressed in Equation 6 through 9. 

Precision (p) = 
்௉

்௉ାி௉
                                                                          

(6) 

Recall (r) = 
்௉

்௉ାிே
                                                                               

(7) 

F1-score = 2 ∗
(௣∗ ௥)

(௣ା௥)
                                                                            

(8) 

Accuracy = 
்௉ା்ே

்௉ା்ேାி௉ାிே
                                                                   

(9) 

The results of the performance evaluation 
measures range from 0 to 1. Machine learning 
research commonly uses these metrics. 

4. EXPERIMENTAL RESULTS 

The experimental findings from an empirical 
investigation that used a benchmark dataset are 
shown in this section. Stated differently, ADNet, 
the upgraded deep learning model that has been 
presented, is assessed using the benchmark 
dataset in order to identify arrhythmias from ECG 
data. The suggested model's effectiveness is 
contrasted with that of many other deep learning 
models already in use. The findings of the 
proposed depth learning framework for the 
automated identification of arrhythmias in ECG 
data, preprocessing techniques, and exploratory 
data analysis are described in this part. 

  
(a) Initial data distribution  (b) Data distribution after 

balancing 
Figure 6: Illustrates the data distribution dynamics before and after balancing the data 

As presented in Figure 6, the initial data 
distribution is understood, and the data needs to 

be balanced; however, the balancing is carried out 
using resampling. 
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Figure 7: Different Class Labels And Corresponding ECG Signal 

As presented in Figure 7, different class labels and 
corresponding ECG signals are visualized to 
understand their difference. 

 

Figure 8: Visualization Of Classes Before And After Normalization 

Figure 8 illustrates the ECG signal dynamics for 
all the classes before and after normalization with 
visualization. 
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Figure 9: Visualization Of Different Kinds Of Heartbeats 

 

As presented in Figure 9, the ECG signal 
reflecting normal heartbeat and various kinds of 

irregular heartbeats is visualized to understand 
their subtle differences.  

 
Figure 10: Illustrates Imbalanced Training Data And Also Balanced Data By Smote 

 
Figure 10 shows the training data, which is 
imbalanced, on the left side, while the data that 
has been balanced for all the classes possible in 

the given data set is shown on the right side. 
SMOTE is the tool used to balance the data and 
eliminate overfitting.  
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Figure 11: Illustrates Confusion Matrix Reflecting The Performance Of The Proposed Deep Learning 

Model For Multi-Class Classification 
 

According to Figure 11, the confusion matrix 
displays the results of comparing the modal 

predictions and ground truth for all the classes 
involved in the dataset. 

Accuracy Loss 

  
Figure 12:Accuracy and Loss 

 
Figure 12: illustrates how the accuracy and loss 
dynamics of the proposed model change with the 
number of  epochs. shows the accuracy of the 
model and the dynamics of loss for different 

numbers of epochs. While the model loss 
decreases until convergence, the accuracy of the 
model increases continuously as the number of 
epochs increases. 
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Figure 13: Performance Of The Proposed Deep Learning Model In Multi-Class Classification About Detecting 
Arrhythmias In ECG Data 

Figure 13 presents the enhanced CNN model's 
performance in multi-class classification of 
Artemis in ECC data. For each class of 

arrhythmia, the model showed its performance in 
terms of precision, recall, and F1 score.  

 

Figure 14: Comparison Of Deep Learning Models' Performance In Detecting Arrhythmias From ECG Data 

A number of cutting-edge models are compared to 
the suggested deep learning model's performance, 

which is displayed in Figure 14. The standard 
CNN model's accuracy on average is 85%, 
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ResNet-50 is 90%, VGG-16 is 87%, and the 
enhanced CNN model is 91%. Regarding average 
recall, the baseline CNN model achieved 86%, the 
ResNet-50 model 91%, the VGG-16 model 86%, 
and the proposed enhanced CNN model 99%. 
Regarding the F1 score, the baseline CNN model 
achieved 85%, the ResNet-50 model 90%, the 
VGG-16 model 86%, and the proposed model 
94%. The baseline CNN model achieved 88%, the 
ResNet-50 model 90%, the VGG-16 model 89%, 
and the proposed enhanced CNN model achieved 
99% average accuracy. 

5. DISCUSSION 

In the healthcare field, issues related to heart 
rhythm and abnormal heartbeat have been causing 
problems worldwide. Detecting abnormal 
heartbeat early is crucial for making well-
informed decisions and improving patient 
outcomes. Since AI has grown, it is important to 
explore technology for automatically processing 
ECG data to detect and classify arrhythmias. ML 
and DL models are frequently employed for 
arrhythmia detection in ECG data. However, 
empirical studies have shown that there is a need 
to enhance deep learning models as they cannot 
provide optimized performance for this modality. 
There is a need to improve deep learning models 
for better performance in multi-class 
classification of ECG data. In this paper, we 
propose a deep learning-based methodology and 
an enhanced CNN model with layers and 
configurations determined through empirical 
study to improve arrhythmia detection in ECG 
data. The proposed system has been evaluated 
with a benchmark dataset and has been found to 
outperform many existing deep-learning models 
in arrhythmia detection from ECG data.  

Compared with existing deep learning models for 
ECG arrhythmia detection reported in the 
literature, the proposed ADNet framework differs 
in both architectural design and empirical 
behaviour. Many prior works employ 
conventional CNNs, hybrid CNN–LSTM 
architectures, or optimization-assisted models that 
either focus on a limited subset of arrhythmia 
classes or do not explicitly tackle severe class 
imbalance in real-world ECG datasets. In 
contrast, our study introduces an enhanced CNN 
(ADNet) with carefully tuned convolutional 
depth, ELU activation, batch normalization, 
dropout, and Xavier-based initialization, all 
integrated into an end-to-end LbADC pipeline 
that includes 2-D image transformation, targeted 

augmentation, and sensitivity-driven early 
stopping. This design yields a best accuracy of 
98.68% on the MIT-BIH arrhythmia dataset, 
which is higher than the baseline CNN, VGG-16, 
and ResNet-50 models evaluated in this work and 
generally exceeds the accuracy ranges reported by 
recent deep learning approaches for multi-class 
arrhythmia classification. The significance of this 
difference lies not only in higher overall accuracy, 
but also in improved sensitivity for minority 
classes, more stable convergence, and a 
deployment-ready framework suitable for 
integration into clinical decision support and 
IoMT-based monitoring systems, thereby offering 
tangible benefits over earlier research. 

During experimentation, an unintended but 
noteworthy outcome observed was the 
significantly higher sensitivity achieved for 
minority arrhythmia classes after applying image-
based augmentation, despite initial concerns that 
cropping and resizing might distort beat 
morphology. This improvement indicates that the 
enhanced CNN architecture effectively learns 
robust spatial features even from augmented 
samples. When compared with existing literature, 
the proposed ADNet model consistently 
outperformed several state-of-the-art frameworks 
such as standard CNN, VGG-16, and ResNet-50, 
which typically report average accuracies in the 
range of 85–91% for multi-class arrhythmia 
detection. In contrast, our optimized ADNet 
model, integrated with the LbADC pipeline, 
achieved an improved accuracy of 98.68%, 
surpassing the reported performance of 
DeepArrNet, CardioNet, and other hybrid CNN-
LSTM models. These comparative achievements 
highlight the methodological advantages of the 
proposed design, particularly in handling class 
imbalance, extracting fine-grained morphological 
patterns, and achieving more stable convergence 
across diverse arrhythmia categories.  

In light of the above results, the research 
contributions and achievement of objectives in 
this study are clearly distinguishable from prior 
work on ECG arrhythmia detection. While many 
existing deep learning approaches focus on 
proposing a single CNN or hybrid architecture 
and reporting accuracy on the MIT-BIH dataset, 
they often do not present an end-to-end, 
empirically optimized framework that jointly 
addresses preprocessing, class imbalance, 
architectural tuning, and evaluation. In contrast, 
our first objective—designing an enhanced CNN-
based architecture (ADNet) and the LbADC 
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pipeline—has been fully realized through a 
modular workflow that transforms 1-D ECG 
signals into 2-D images, applies targeted 
augmentation, and trains with sensitivity-based 
early stopping. The second objective—improving 
multi-class arrhythmia detection performance—
has been achieved by consistently surpassing 
baseline CNN, VGG-16, and ResNet-50 models 
in terms of accuracy, precision, recall, and F1-
score, with a best accuracy of 98.68%. The third 
objective—developing a framework suitable for 
practical deployment—is addressed by ensuring 
robustness to class imbalance and by structuring 
the solution so it can be integrated into clinical 
decision support and IoMT platforms. Thus, 
unlike earlier studies that mainly demonstrate 
incremental accuracy gains, this work offers a 
holistic, implementation-ready IT framework that 
simultaneously meets all stated objectives and 
delivers measurable improvements over the 
literature. The proposed system has several 
restrictions, as section 5.1 discusses. 

5.1 Limitations 

There are several restrictions with the suggested 
system, which is based on the deep learning model 
this article describes. A single dataset with a small 
number of samples was used to assess the model's 
performance, which could make it difficult to 
generalize the results. As a result, it is essential to 
carry out several empirical investigations utilizing 
diverse dataset kinds. Investigating how deep 
learning models might be hybridized with 
improvements to boost performance is also 
crucial. Investigating the application of generative 
adversarial network architecture to enhance the 
identification of arrhythmias in ECG data in the 
absence of training examples. 

6. CONCLUSION  

We suggested a DL structure with optimizations 
for automatically detecting arrhythmia from ECG 
data. Our deep learning framework has 
mechanisms required for data acquisition, data 
transformation training, a deep learning classifier, 
and automatic detection of arrhythmia. Two 
critical components of our enhanced CNN-based 
ECG arrhythmia classification approach are the 
pre-processing of ECG data and the classification 
of ECG arrhythmias. The CNN model was the 
foundation for our innovative deep learning 
architecture, ADNet. The proposed system has 
been ready for use of the enhanced CNN model 
for efficient arrhythmia detection. The findings of 
this study carry strong practical implications in 

the current healthcare and AI-driven diagnostic 
industry. With hospitals and telemedicine 
platforms increasingly relying on automated ECG 
interpretation systems, the proposed ADNet 
framework provides a highly accurate and 
scalable solution for real-time arrhythmia 
screening. Its ability to handle class imbalance, 
extract subtle morphological features, and deliver 
98.68% accuracy positions it as a strong candidate 
for integration into clinical decision support 
systems (CDSS), remote patient monitoring 
devices, and wearable ECG technologies. Many 
commercial platforms still rely on traditional rule-
based or shallow learning models, which struggle 
with multi-class arrhythmia detection and exhibit 
poor sensitivity for minority classes. In contrast, 
ADNet’s optimized CNN architecture and 
LbADC pipeline enable faster, more reliable 
detection, making it suitable for deployment in 
emergency triage systems, home-based cardiac 
monitoring, and IoMT-enabled healthcare 
ecosystems. This alignment with industry 
needs—particularly the demand for automation, 
early detection, and reduction of diagnostic 
workload—demonstrates the practical value and 
real-world applicability of the proposed 
framework. 
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