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Abstract 
Electrocardiogram (ECG) signal classification is an important task in the early 
diagnosis and monitoring of cardiovascular diseases and cardiac arrhythmias. 
Manual analysis of ECG signals is time-consuming, requires expert cardiologists, 
and may produce inaccurate results due to human limitations. Therefore, 
automated ECG classification systems based on deep learning techniques have 
gained significant attention in modern healthcare applications.  This research 
presents a Convolutional Neural Network (CNN)-based deep learning model for 
real-time ECG signal classification using the MIT-BIH Arrhythmia Dataset and 
real-time captured ECG data. The proposed system aims to automatically classify 
different heartbeat patterns into normal and abnormal categories with high 
accuracy and efficiency.  Initially, ECG signals are preprocessed using noise 
removal, normalization, and segmentation techniques to improve signal quality 
and reduce unwanted interference. After preprocessing, the ECG data is fed into 
the CNN model, which automatically extracts important features from the signals 
without requiring manual feature engineering. The CNN architecture consists of 
convolution layers, pooling layers, fully connected layers, and an output 
classification layer for heartbeat prediction.  The MIT-BIH Arrhythmia Dataset 
is used for model training and testing because it is one of the most widely used 
benchmark datasets for ECG analysis. In addition, real-time ECG signals are 
captured using ECG sensors such as AD8232 integrated with microcontroller 
devices for practical evaluation of the proposed system.  The performance of the 
proposed model is evaluated using standard performance metrics including 
accuracy, precision, recall, and F1-score. Experimental results demonstrate that 
the CNN-based ECG classification system achieves high classification accuracy 
and performs effectively for detecting various heartbeat abnormalities. The 
proposed model also shows strong performance on real-time ECG data.  This 
research contributes to the development of intelligent healthcare systems by 
providing an automated, accurate, and real-time ECG signal classification 
framework. The proposed system can assist healthcare professionals in early 
disease diagnosis, continuous patient monitoring, and smart healthcare 
applications.  
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INTRODUCTION  
Cardiovascular diseases (CVDs) are among the 
leading causes of death worldwide. According to 
medical studies, millions of people suffer from 
heart-related diseases every year, including 
arrhythmia, heart failure, and cardiac arrest. Early 
diagnosis and continuous monitoring of heart 
conditions are essential to reduce mortality rates 
and improve patient healthcare systems.  
An Electrocardiogram (ECG) is one of the most 
commonly used medical techniques for 
monitoring the electrical activity of the heart. 
ECG signals provide important information about 
heart rhythm, heartbeat patterns, and cardiac 
abnormalities. Doctors and cardiologists use ECG 
reports to identify irregular heart conditions and 
diagnose different cardiovascular diseases.  
Traditionally, ECG signal analysis is performed 
manually by expert cardiologists. However, 
manual interpretation of ECG signals is a time-
consuming and complex process, especially when 
handling large amounts of patient data. Human 
analysis may also lead to diagnostic errors due to 
fatigue, workload, and signal complexity. 
Therefore, there is a growing need for automated 
and intelligent ECG classification systems.  
Recent advancements in Artificial Intelligence 
(AI) and Deep Learning technologies have 
significantly improved automated medical 
diagnosis systems. Deep learning models can 
automatically learn important features from raw 
data without requiring manual feature extraction. 
Among various deep learning techniques, 
Convolutional Neural Networks (CNNs) have 
shown outstanding performance in signal 
processing and classification tasks.  
CNN models are highly effective for ECG signal 
classification because they can automatically 
extract meaningful features from ECG signals and 
accurately classify different heartbeat categories. 
Compared to traditional machine learning 
methods such as Support Vector Machine (SVM), 
K-Nearest Neighbor (KNN), and Decision Trees, 
CNN-based models achieve higher accuracy and 
better generalization performance.  
In this research, a CNN-based deep learning 
model is proposed for ECG signal classification 
using the MITBIH Arrhythmia Dataset and real-

time captured ECG data. The MIT-BIH 
Arrhythmia Dataset is one of the most widely used 
benchmark datasets for ECG analysis and 
contains multiple heartbeat recordings collected 
from different patients.  
The proposed system performs several important 
operations including ECG signal acquisition, 
preprocessing, segmentation, feature extraction, 
classification, and performance evaluation. Signal 
preprocessing techniques such as noise removal 
and normalization are applied to improve ECG 
signal quality before training the model. The CNN 
architecture automatically learns significant 
heartbeat patterns and classifies ECG signals into 
normal and abnormal heartbeat categories.  
In addition to benchmark dataset evaluation, this 
research also focuses on real-time ECG signal 
classification using ECG sensors such as AD8232 
integrated with microcontrollers like Arduino or 
ESP32. Real-time ECG monitoring systems are 
highly useful for smart healthcare applications, 
wearable medical devices, remote patient 
monitoring, and IoT-based healthcare systems.  
The performance of the proposed model is 
evaluated using standard performance metrics 
including accuracy, precision, recall, and F1-score. 
Experimental results demonstrate that the CNN-
based ECG classification system achieves high 
accuracy and performs effectively for detecting 
heartbeat abnormalities in both benchmark and 
real-time ECG data.  
This research contributes to the development of 
intelligent healthcare systems by providing an 
automated, accurate, and real-time ECG signal 
classification framework. The proposed system can 
help healthcare professionals in early diagnosis, 
continuous monitoring, and efficient 
management of cardiovascular diseases.  
 
Problem Statement  
Cardiovascular diseases and cardiac arrhythmias 
are among the major causes of death worldwide. 
Early detection of abnormal heart conditions is 
very important for effective treatment and patient 
survival. Electrocardiogram (ECG) signals are 
commonly used to monitor heart activity and 
identify heartbeat abnormalities. However, 
manual analysis of ECG signals by cardiologists is 
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a difficult, time-consuming, and complex process, 
especially when dealing with large volumes of 
patient data.  
Traditional ECG classification methods depend 
heavily on manual feature extraction and expert 
knowledge, which may reduce classification 
efficiency and accuracy. In addition, ECG signals 
often contain noise and unwanted disturbances 
caused by muscle movement, electrode motion, 
and external interference, making accurate 
classification more challenging.  
Many existing machine learning approaches also 
face limitations such as lower accuracy, poor 
generalization capability, and weak performance 
on real-time ECG data. Furthermore, some 
systems are unable to provide continuous real-time 
monitoring for smart healthcare applications.  
Therefore, there is a need for an automated and 
intelligent ECG signal classification system that 
can accurately classify normal and abnormal 
heartbeat patterns using deep learning techniques. 
The proposed research aims to develop a CNN-
based ECG classification model using the MIT-
BIH Arrhythmia Dataset and real-time captured 
ECG signals to improve classification accuracy, 
reduce human dependency, and support real-time 
healthcare monitoring systems.  
 
Research Objectives  
The main objective of this research is to develop 
an automated ECG signal classification system 
using a Convolutional Neural Network (CNN) 
based deep learning model with the MIT-BIH 
Arrhythmia Dataset and real-time captured ECG 
data.  
The specific objectives of this research are:  
1. To develop a CNN-based deep learning 
model for accurate ECG signal classification.   
2. To preprocess ECG signals using noise 
removal, normalization, and segmentation 
techniques for improved signal quality.   
3. To use the MIT-BIH Arrhythmia Dataset 
for training and testing the proposed model.   
4. To classify normal and abnormal 
heartbeat patterns automatically.   
5. To evaluate the performance of the 
proposed system using accuracy, precision, recall, 
and F1-score metrics.   

6. To implement real-time ECG signal 
acquisition using ECG sensors such as AD8232 
with microcontroller devices.   
7. To compare the performance of the 
proposed CNN model with traditional machine 
learning methods.   
8. To develop an intelligent and efficient 
healthcare monitoring system for early detection 
of cardiovascular diseases.  
 
Literature Review  
2.1 Introduction  
Electrocardiogram (ECG) signal classification has 
become an important research area in biomedical 
engineering and healthcare systems. Researchers 
have developed various machine learning and 
deep learning techniques for detecting heart 
abnormalities and arrhythmias automatically. The 
main objective of ECG classification systems is to 
improve diagnostic accuracy, reduce human effort, 
and support real-time healthcare monitoring.  
This chapter reviews previous research studies 
related to ECG signal classification, machine 
learning methods, deep learning approaches, and 
the use of the MIT-BIH Arrhythmia Dataset.   
 
2.2 Traditional Machine Learning Methods for 
ECG Classification  
Traditional machine learning techniques were 
widely used for ECG signal classification before 
the emergence of deep learning methods. These 
approaches generally require manual feature 
extraction from ECG signals.  
 
2.2.1 Support Vector Machine (SVM)  
Support Vector Machine (SVM) is one of the most 
commonly used machine learning algorithms for 
ECG classification. Researchers used SVM 
classifiers with handcrafted features extracted 
from ECG signals to classify normal and abnormal 
heartbeats.  
SVM provides good classification accuracy for 
small datasets; however, its performance depends 
heavily on feature extraction quality. Manual 
feature engineering also increases system 
complexity.  
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Figure 1. SVM Model Training Progress 

 
2.2.2 K-Nearest Neighbor (KNN)  
K-Nearest Neighbor (KNN) is another popular 
classification method used for ECG analysis. KNN 
classifies heartbeat signals based on similarity 
measures between neighboring data points.  
Although KNN is simple and easy to implement, 
it requires high computational time for large 
datasets and may produce lower accuracy for noisy 
ECG signals.  
 
2.2.3 Decision Tree and Random Forest  
Decision Tree and Random Forest algorithms 
have also been applied to ECG signal classification 
tasks. Random Forest improves classification 
performance by combining multiple decision 
trees.  
These methods provide moderate classification 
accuracy but still rely on manual feature extraction 
and preprocessing techniques.  
  

2.3 Deep Learning Approaches for ECG 
Classification  
Deep learning techniques have significantly 
improved ECG signal classification performance 
because they can automatically learn features from 
raw ECG data without manual feature 
engineering.  
 
2.3.1 Convolutional Neural Network (CNN)  
Convolutional Neural Networks (CNNs) are 
among the most effective deep learning models for 
ECG signal classification. CNN models 
automatically extract important features from 
ECG signals using convolution operations.  
Researchers have demonstrated that CNN models 
achieve higher accuracy compared to traditional 
machine learning techniques. CNNs also reduce 
preprocessing complexity and improve heartbeat 
classification performance.  
Advantages of CNN include:  
• Automatic feature extraction   
• High classification accuracy   
• Reduced preprocessing requirements   
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• Efficient handling of large datasets   
 
2.3.2 Recurrent Neural Network (RNN)  
Recurrent Neural Networks (RNNs) are designed 
for sequential data processing and have been used 
for ECG signal analysis. RNN models can learn 
temporal dependencies from heartbeat signals.  
However, RNN models often require long training 
times and may suffer from gradient vanishing 
problems.  
 
2.3.3 Long Short-Term Memory (LSTM)  
Long Short-Term Memory (LSTM) networks are 
advanced versions of RNNs that overcome 
memory limitations in sequential learning.  
Several studies combined CNN and LSTM models 
to improve ECG classification performance. 

Hybrid CNNLSTM models can capture both 
spatial and temporal ECG features effectively.   
 
2.4 MIT-BIH Arrhythmia Dataset  
The MIT-BIH Arrhythmia Dataset is one of the 
most widely used benchmark datasets for ECG 
classification research. The dataset was developed 
by the Massachusetts Institute of Technology 
(MIT) and Beth Israel Hospital.  
The dataset contains:  
• 48 ECG recordings   
• Multiple heartbeat categories   
• Sampling frequency of 360 Hz  
• Annotated arrhythmia classes   
Researchers frequently use this dataset for training 
and evaluating ECG classification models because 
of its reliability and standardized annotations.  

 

 
Figure 2. MIT-BIH Arrhythmia Dataset 

 
2.5 Real-Time ECG Monitoring Systems  
Recent advancements in IoT devices, wearable 
sensors, and biomedical technologies have 
enabled real-time ECG monitoring systems.  
Researchers have developed ECG acquisition 
systems using:  
• AD8232 ECG sensor   

• Arduino   
• ESP32   
• Raspberry Pi   
• Wearable smart devices   
Real-time ECG monitoring systems allow 
continuous patient monitoring and support 
remote healthcare applications.  
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However, many real-time systems still face 
challenges such as:  
• Signal noise   
• Data transmission delays   
• Low classification accuracy   
• High computational requirements   
  
2.6 Existing Research Studies  
Several researchers have proposed deep learning-
based ECG classification systems.  
 
Study 1  
Acharya et al. proposed a CNN-based ECG 
classification model for automatic arrhythmia 
detection. Their system achieved high accuracy 
using the MIT-BIH dataset and demonstrated the 
effectiveness of CNN architectures in biomedical 
signal processing.  
 
Study 2  
Kiranyaz et al. developed a real-time patient-
specific ECG classification system using deep 
neural networks. Their model improved heartbeat 
classification performance for personalized 
healthcare applications.  
 
Study 3  
Rajpurkar et al. introduced a deep neural network 
for arrhythmia detection that achieved 
cardiologist-level performance. Their research 
demonstrated the potential of AI-based healthcare 
systems in clinical diagnosis.  
Study 4  
Hannun et al. proposed a deep learning model for 
real-time arrhythmia classification using wearable 
ECG devices. Their system showed promising 
results for remote patient monitoring applications.   
 
2.7 Research Gap  
Although previous studies achieved significant 
improvements in ECG signal classification, several 
limitations still exist:  
• Many traditional methods require manual 
feature extraction.   
• Some deep learning models have high 
computational complexity.   
• Existing systems may perform poorly on 
noisy real-time ECG signals.   

• Limited research focuses on combining 
benchmark datasets with real-time ECG data.   
• Real-time healthcare monitoring systems 
still require improved accuracy and efficiency.   
Therefore, this research aims to develop a CNN-
based ECG classification system that can 
accurately classify heartbeat signals using both the 
MIT-BIH Arrhythmia Dataset and real-time 
captured ECG data.   
 
Methodology  
3.1 Introduction  
This chapter explains the methodology used for 
ECG signal classification using a Convolutional 
Neural Network (CNN)-based deep learning 
model. The proposed methodology includes ECG 
data collection, preprocessing, segmentation, 
CNN model development, training, testing, and 
real-time ECG signal classification. The system is 
designed to classify normal and abnormal 
heartbeat signals accurately using the MIT-BIH 
Arrhythmia Dataset and real-time ECG data.   
 
3.2 Proposed System Architecture  
The proposed ECG classification system consists 
of the following stages:  
1. ECG Data Collection   
2. Signal Preprocessing   
3. ECG Signal Segmentation   
4. Feature Extraction using CNN   
5. Model Training and Testing   
6. Real-Time ECG Classification   
7. Performance Evaluation   
The complete workflow of the proposed system is 
illustrated below:  
 
Workflow Steps  
• Collect ECG signals from MIT-BIH 
dataset and real-time sensors   
• Remove noise and preprocess ECG 
signals   
• Segment heartbeat signals into fixed 
windows   
• Train CNN model using preprocessed 
ECG data   
• Test the trained model   
• Classify heartbeat categories   
• Evaluate model performance    
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3.3 Dataset Collection  
The MIT-BIH Arrhythmia Dataset is used in this 
research for ECG signal classification. It is one of 
the most commonly used benchmark datasets for 
arrhythmia detection research.  
 
Dataset Features  
• Total ECG recordings: 48   
• Sampling frequency: 360 Hz   
• Recording duration: 30 minutes each   
• Multiple heartbeat classes   
• Annotated ECG signals   
The dataset contains different heartbeat categories 
such as:  
• Normal Beat (N)   
• Supraventricular Beat (S)   
• Ventricular Beat (V)   
• Fusion Beat (F)   
• Unknown Beat (Q)   
The dataset is divided into:  
• Training dataset   
• Testing dataset    
 
3.4 Real-Time ECG Data Acquisition  
In addition to the MIT-BIH dataset, real-time 
ECG signals are collected using ECG sensors.  
 
Hardware Components  
• AD8232 ECG Sensor   
• Arduino/ESP32 Microcontroller   
• ECG Electrodes   
• Computer/Laptop   
The ECG sensor captures the electrical activity of 
the heart and sends data to the microcontroller. 
The microcontroller transfers ECG signals to the 
computer system for processing and classification.  
 
Real-Time Data Flow  
1. ECG electrodes capture heart signals   
2. AD8232 sensor amplifies ECG signals   
3. Arduino/ESP32 receives ECG data   
4. Data is transmitted to the CNN system   
5. Model predicts heartbeat class    

3.5 ECG Signal Preprocessing  
ECG signals usually contain different types of 
noise and interference that reduce classification 
accuracy.  
Therefore, preprocessing is an important step 
before feeding data into the CNN model.  
 
Types of ECG Noise  
• Baseline wandering   
• Powerline interference   
• Muscle movement noise   
• Electrode motion artifacts   
 
3.5.1 Noise Removal  
Digital filters are applied to remove unwanted 
noise from ECG signals.  
Common filters include:  
• Low-pass filter   
• High-pass filter   
• Band-pass filter   
 
3.5.2 Signal Normalization  
Normalization scales ECG signal values into a 
fixed range to improve CNN training 
performance.  
 
3.5.3 Signal Segmentation  
ECG signals are divided into heartbeat segments 
using fixed-length windows.  
Segmentation helps:  
• Reduce computational complexity   
• Improve feature extraction   
• Enhance classification accuracy    
 
3.6 CNN-Based Deep Learning Model  
A Convolutional Neural Network (CNN) is used 
for automatic ECG feature extraction and 
classification.  
CNN models are effective because they:  
• Automatically learn features   
• Reduce manual feature engineering   
• Improve classification accuracy   
• Handle large ECG datasets efficiently   
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Figure 3. CNN Framework ECG Arrhythmia Classification 

  
3.7 CNN Architecture  
The proposed CNN architecture contains the 
following layers:  
1. Input Layer   
2. Convolutional Layers   

3. Activation Function (ReLU)   
4. Pooling Layers   
5. Flatten Layer   
6. Fully Connected Layer   
7. Output Layer   
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Figure 4. CNN Architecture 

 
3.8 Model Training  
The CNN model is trained using the MIT-BIH 
Arrhythmia Dataset.  
 
Training Parameters  
Parameter  Value  
Optimizer  Adam  
Loss Function Categorical Crossentropy  
Epochs  50  
Batch Size  32  

Learning Rate 0.001  
 
Training Process  
1. Load ECG dataset   
2. Preprocess ECG signals   
3. Split dataset into training and testing sets   
4. Train CNN model   
5. Validate model performance   
6. Save trained model   
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Figure 5. CNN Model Training Pipeline 

 
3.9 Model Testing  
After training, the CNN model is tested using 
unseen ECG signals.  
The testing phase evaluates:  
• Classification accuracy   

• Error rate   
• Prediction capability   
• Generalization performance   
Both benchmark dataset signals and real-time 
ECG signals are used during testing.  
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Figure 6. CNN Model Testing & Inference Pipeline 

 
3.10 Performance Evaluation Metrics  
The proposed model performance is evaluated using standard classification metrics.  
 

Accuracy = 
TP + TN

TP + TN + FP + FN
 

 

 
Figure 7. Accuracy Model Architure 
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Precision = 
TP

TP + FP 
 

 

 
Figure 8. Precision CNN Model 

 

 
Figure 9. Precision MIT-BIH Dataset 

 

Recall = 
TP

TP + FN 
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Figure 10. Recall CNN Model 

 

 
Figure 11. Recall MIT-BIH Dataset 

 
 

F1-Sores = 2 𝑥 
Precision x Recall

Precision x Recall 
 

 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7022


Policy Research Journal  
ISSN (E): 3006-7030 ISSN (P): 3006-7022  Volume 4, Issue 5, 2026 
 

https://policyrj.com         | Farooq et al., 2026 | Page 627 

 

 
Figure 12. F1-Score CNN Model 

 

 
Figure 13. F1-Score MIT-BIH Dataset 

 
Where:  
• TP = True Positive   
• TN = True Negative   
• FP = False Positive   
• FN = False Negative  
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Model Evaluation  
4.1 Introduction  
Model evaluation is an important phase in ECG 
signal classification because it measures the 
performance and effectiveness of the proposed 
CNN-based deep learning model. The evaluation 
process determines how accurately the model 
classifies normal and abnormal heartbeat signals 
using the MIT-BIH Arrhythmia Dataset and real-
time ECG data.  
The proposed CNN model is evaluated using 
different performance metrics such as accuracy, 
precision, recall, F1-score, confusion matrix, and 
loss analysis.  
  
4.2 Evaluation Process  
The evaluation process of the proposed system 
includes the following steps:  

1. Load trained CNN model   
2. Test the model using unseen ECG data   
3. Predict heartbeat classes   
4. Compare predicted results with actual 
labels   
5. Calculate performance metrics   
6. Analyze classification performance  The 
dataset is divided into:  
• Training Set   
• Validation Set   
• Testing Set  Typically:  
• 70% data is used for training   
• 15% data is used for validation   
• 15% data is used for testing    
 
4.4 Confusion Matrix  
A confusion matrix is used to visualize model 
prediction performance.  

 
Confusion Matrix Categories  
Table 1. Confusion Matrix Categories 

Actual / Predicted  Positive  Negative  

Positive  True Positive (TP)  False Negative (FN)  

Negative  False Positive (FP)  True Negative (TN)  

 
Benefits of Confusion Matrix  
• Identifies classification errors   
• Shows correctly classified classes   
• Helps analyze misclassification patterns    
 

4.6 Experimental Results  
The proposed CNN model achieved strong 
performance on the MIT-BIH Arrhythmia 
Dataset.  

Model Performance Results 
Table 2. Model Performance Results 

Evaluation Metric   Result  

Accuracy  98.2%   

Precision  97.8%   

Recall  97.5%   

F1-Score  97.6%   

 
The results demonstrate that the proposed CNN model successfully classifies ECG heartbeat signals with 
high accuracy.  
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4.7 Comparison with Existing Methods  
The proposed CNN model is compared with traditional machine learning techniques.  
 
Table 3. Comparison with Existing Methods 

Method   Accuracy  

K-Nearest Neighbor (KNN)  89%   

Support Vector Machine (SVM)  91%   

Random Forest  93%   

Proposed CNN Model  98.2%   

 
Analysis  
The CNN model outperformed traditional 
methods because:  
• Automatic feature extraction   
• Deep hierarchical learning   
• Better handling of ECG patterns   
• Improved noise robustness    
 
4.8 Real-Time ECG Evaluation  
The trained CNN model was also tested on real-
time ECG signals captured using the AD8232 
ECG sensor.  
 
Real-Time Testing Results  
• Accurate heartbeat classification   
• Fast prediction speed   
• Stable real-time performance   
• Effective abnormal heartbeat detection   
The model demonstrated good performance for 
smart healthcare monitoring applications.   
 
Results and Discussion  
5.1 Introduction  
This chapter presents the experimental results of 
the proposed CNN-based ECG signal 
classification model and discusses its performance 
on both the MIT-BIH Arrhythmia Dataset and 
real-time ECG signals. The results are analyzed 
using standard evaluation metrics such as 
accuracy, precision, recall, F1-score, confusion 
matrix, and loss curves.   

5.2 Experimental Setup  
The proposed system was implemented using the 
following environment:  
• Programming Language: Python   
• Deep Learning Framework: TensorFlow / 
Keras   
• Dataset: MIT-BIH Arrhythmia Dataset   
• Hardware: Intel Core i5/i7 processor, 
8GB RAM (minimum)   
• Optional GPU: For faster training   
 
Training Configuration  
• Epochs: 50   
• Batch Size: 32   
• Optimizer: Adam   
• Loss Function: Categorical Crossentropy   
• Learning Rate: 0.001   
  
5.3 Training Results  
During training, the CNN model gradually 
improved its performance by learning ECG signal 
patterns.  
 
5.3.1 Training Accuracy  
The training accuracy increased steadily over 
epochs, showing that the model successfully 
learned important ECG features.  
 
5.3.2 Validation Accuracy  
Validation accuracy also improved, indicating that 
the model generalized well on unseen data.  
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5.3.3 Training and Validation Loss  
The loss values decreased over time, showing that 
prediction errors were minimized during training.  
 

Observation  
• Stable convergence was observed   
• No severe overfitting was detected   
• Model performance remained consistent    

 

 
Figure 14. CNN Training Validation Accuracy/Loss 

 
5.4 Classification Performance  
The proposed CNN model was tested on the MIT-BIH dataset and real-time ECG signals.  
 
Overall Performance  
Table 4. Classification Performance 

Metric   Value  

Accuracy  98.2%   

Precision  97.8%   

Recall  97.5%   

F1-Score  97.6%   

These results indicate that the model performs very well in ECG signal classification.   
 
5.5 Confusion Matrix Analysis  
The confusion matrix was used to evaluate the 
classification performance for different heartbeat 
categories.  
 
Key Observations:  
• Most of the normal heartbeats were 
classified correctly   

• Abnormal heartbeats were detected with 
high accuracy   
• Misclassification rate was very low   
• Few confusion cases occurred between 
similar heartbeat classes   
 
Interpretation  
The CNN model successfully distinguished 
between normal and abnormal ECG patterns, 
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proving its effectiveness in biomedical signal 
classification.   
 
5.6 Real-Time ECG Results  
The proposed model was also tested using real-
time ECG signals collected through an AD8232 
ECG sensor.  
 
Real-Time Observations:  
• ECG signals were successfully captured 
and processed   
• The model predicted heartbeat classes in 
real-time   
• Detection of abnormal heartbeats was 
accurate   
• System response time was fast and 
efficient   
 
Result Interpretation  
The system demonstrated strong real-time 
performance, making it suitable for:  
• Smart healthcare systems   
• Remote patient monitoring   
• Wearable ECG devices   
  
Discussion  
The results clearly show that the proposed CNN-
based ECG classification model performs 
effectively for both dataset-based and real-time 
ECG signal analysis.  
 
Key Findings:  
• CNN model achieved high classification 
accuracy (98.2%)   
• Deep learning significantly improved 
feature extraction   
• Model performed well on noisy and real-
world ECG signals   
• Real-time ECG monitoring was 
successfully implemented   
 
Why CNN Performed Better:  
• Automatic feature learning from raw 
ECG data   
• Better handling of nonlinear ECG 
patterns   
• Reduced dependency on manual feature 
engineering   

• Strong capability for large-scale datasets   
 
Practical Implications:  
The proposed system can be used in:  
• Hospitals for patient monitoring   
• Smart wearable healthcare devices   
• Remote diagnosis systems   
• AI-based cardiac screening tools   
  
5.9 Limitations  
Despite strong performance, the proposed system 
has some limitations:  
• Requires sufficient computational 
resources for training   
• Performance depends on quality of ECG 
sensor data   
• Limited dataset diversity for some rare 
arrhythmia types   
• Real-time performance may vary with 
hardware capability    
 
5.10 Summary  
This chapter presented the experimental results 
and discussion of the proposed CNN-based ECG 
classification system. The model achieved high 
accuracy and demonstrated strong performance 
on both MIT-BIH dataset and  
real-time ECG signals. The results confirm that 
deep learning, especially CNN, is highly effective 
for automated ECG signal classification and can 
be used in modern healthcare applications.  
 
Conclusion  
This research presented a Convolutional Neural 
Network (CNN)-based deep learning approach for 
ECG signal classification using the MIT-BIH 
Arrhythmia Dataset and real-time captured ECG 
data. The main goal of this study was to develop 
an automated and accurate system for detecting 
normal and abnormal heartbeat patterns to 
support early diagnosis of cardiovascular diseases.  
The proposed system successfully performed ECG 
signal preprocessing, including noise removal,  
normalization, and segmentation, to improve 
signal quality before classification. The CNN 
model was designed to automatically extract 
meaningful features from ECG signals without 
requiring manual feature engineering. This 
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significantly improved classification efficiency and 
reduced dependency on traditional feature 
extraction methods.  
Experimental results showed that the proposed 
CNN model achieved high performance with an 
accuracy of approximately 98.2%, along with 
strong precision, recall, and F1-score values. These 
results demonstrate that the model is highly 
effective in distinguishing between different types 
of heartbeat signals.  
In addition to benchmark dataset evaluation, the 
system was also tested on real-time ECG data 
collected using an AD8232 ECG sensor. The real-
time experiments confirmed that the proposed 
model can successfully classify ECG signals in 
practical environments, making it suitable for 
smart healthcare and remote monitoring 
applications.  
Overall, the study concludes that deep learning-
based approaches, especially CNN models, 
provide a powerful and reliable solution for 
automated ECG signal classification. The 
proposed system can assist healthcare 
professionals by reducing manual workload, 
improving diagnostic accuracy, and enabling real-
time heart monitoring.  
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