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Abstract - This project aims to improve the automated
classification of electrocardiograms (ECGs) for the early
detection of cardiac arrhythmias, which is essential for
diagnosing cardiovascular diseases (CVDs). It tackles
significant challenges such as time-series dependencies in
ECG signals and class imbalance. The proposed approach
uses the Random Forest method, an ensemble learning
technique, for classifying ECG heartbeats. The model was
trained using the MIT-BIH Arrhythmia Database, which
consists of over 109,000 labeled heartbeats, and
incorporates SMOTE to address class imbalance. Advanced
preprocessing methods, including median and Savitzky-
Golay filters, are applied to enhance the reliability of the
dataset. Achieving an impressive correctness of 99.88%, this
Random Forest model surpasses previous methods in
detecting complex arrhythmias such as ventricular and
supraventricular beats. These findings demonstrate the
model’s potential for telemedicine applications and its
ability to provide reliable CVD diagnoses. Future research
should focus on utilizing larger datasets and improving
feature extraction methods to further optimize model
performance.

Keywords— Electrocardiogram, Cardiac Arrhythmia
Detection, Deep learning techniques such as
Convolutional Neural Networks (CNNs) and
Bidirectional Long Short-Term Memory (BiLSTM)
networks, Machine Learning, Ensemble Learning,
Random Forest, Support Vector Machine, XGBoost,
Adaboost, Stacked Ensemble, MIT-BIH Arrhythmia
Database.

1.INTRODUCTION

The paper highlights the significant impact of
cardiovascular diseases as the primary cause of death
worldwide, using a considerable proportion among deaths
attributed to heart attacks. Detecting cardiac arrhythmias
early is essential for effective disease management and
improving patient outcomes. Electrocardiograms, as non-
Internal and affordable diagnostic tools, are commonly
used to identify irregularities in heart rhythms. A standard
ECG includes elements like the P-wave, QRS complex, and
T-wave, and occasionally the U-wave, with deviations from
these patterns often indicating arrhythmias. Undiagnosed

arrhythmias can impair circulation and potentially harm
vital organs, including the brain and heart. However,
manual examination of ECGs is labor-intensive, prone to
errors, and unsuitable for processing large-scale data in
clinical settings. Additional challenges, including noise in
signals, imbalanced data, and the temporal nature of ECG
signals, complicate automated analysis. These limitations
emphasize the need for advanced, efficient systems for
classifying heartbeats to support early arrhythmia
diagnosis.

To address these challenges, the paper introduces an
innovative methodology combining machine learning
ensemble techniques with A combined deep learning
framework that leverages CNN architectures and
Bidirectional LSTM networks. This approach effectively
addresses issues such as class imbalance and temporal
dependencies in ECG data while enhancing classification
accuracy.

Key aspects of the methodology include:

1.Dataset: The study uses the MIT-BIH Arrhythmias
Database, a comprehensive resource containing over

109,000 ECG  beats categorized into Normal,
Supraventricular, Ventricular, Fusion, and Unknown
classes.

2.Preprocessing: Advanced noise reduction techniques,
including median and Savitzky-Golay filters, are applied.
The signals are segmented into heartbeat intervals using
established algorithms like Pan-Tompkins.

3.ClassImbalance: The Synthetic Minority Oversampling
Technique is utilized to address data imbalance,
particularly for underrepresented arrhythmia classes.

4.Feature Extraction: Features are extracted using a time-
series library, TSFEL, and optimized through recursive
feature elimination (RFE) to focus on the most relevant
attributes.

5.Classification: The proposed framework combines
ensemble machine learning methods, including Random
Forest and Support Vector Machines, XGBoost, as well as
Adaboost, with a CNN-BiLSTM hybrid model. CNN captures
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hierarchical features, while BiLSTM processes temporal
dependencies in the data.

The ensemble CNN-BiLSTM model demonstrated
exceptional accuracy of 99.88%, outperforming previous
methods and achieving high precision and sensitivity,
particularly for complex arrhythmia classes like
Supraventricular and Ventricular beats. This robust hybrid
model effectively handles imbalanced datasets and noisy
signals, making it a reliable choice for real-world clinical
applications. Communication. This helps candidates
identify areas for improvement, refine their interview
techniques, and boost their confidence for real-world
interviews.

2. PROPOSED SYSYTEM
2.1 DATA PREPROCESSING:

The preprocessing phase for ECG signals is essential to
prepare raw data for effective classification, addressing the
challenges posed by noise and non- stationarity. This
process includes noise removal techniques such as
baseline drift removal using a median filter (200-600 ms
window) and high-frequency noise removal with the
Savitzky-Golay filter, which smooths the signal while
preserving essential characteristics like the P-wave, QRS
complex, and T-wave are essential components of the ECG
signal. Precise detection of the R-peak is accomplished
using the Pan-Tompkins algorithm, which uses squaring,
differentiation, bandpass filtering, and a moving window
integrator to precisely locate R-peaks. The ECG signal is
then segmented into individual heartbeats using a fixed
window of 500 ms around each R-peak, enabling focused
analysis of each cardiac cycle. Additionally, normalization
techniques ensure consistent scaling of the data, improving
model performance. These preprocessing steps result in a
cleaned and structured ECG dataset, ready for feature
extraction and classification, which is crucial for reliable
arrhythmia

2.2 DATA AGUMENTATION AND BALANCING:

The synthetic oversampling technique for minority class is
employed to address the class imbalance present in the
ECG data pool, where certain arrhythmia classes (such as
supraventricular and ventricular beats) are
underrepresented compared to normal beats. SMOTE
addressing the imbalance by creating synthetic samples for
the underrepresented classes, effectively enhancing the
model’s capacity to categorize rare arrhythmias. It works
by identifying the k- nearest neighbors of each minority
class sample and creating new synthetic instances along
the paths linking the samples for their surrounding
entities. This process augments the minority class without
simply duplicating existing data, thus reducing the bias
toward the majority class. By teaching the model using a
more broad and representative data pool, SMOTE

improves its performance in detecting rare arrhythmias
while minimizing the risk of overfitting to the dominant
class. consequently, the technique leads to a more balanced
dataset, enabling more accurate and reliable classification
of both common and rare arrhythmia types.

2.3 FEATURE EXTRACTION:

To convert raw ECG signals into meaningful
representations that can be Feeding into machine learning
or deep learning models Feature extraction is key to the
classification process in the preprocessing pipeline. The
Time Series Feature Extraction package, a comprehensive
Python package made to extract a variety of features from
time-series data, is used in this work to extract features.
TSFEL includes methods for extracting spectral, statistical,
and temporal features from ECG signals, each of which
captures different aspects of the signal’s characteristics.
Spectral features help capture frequency-domain
characteristics, such as power spectral density, that reflect
the energy distribution of the ECG signal over various
frequency bands. Statistical features include measures like
Mean, spread, skewness, and tailedness which describe
this distribution and shape of the ECG waveform, providing
insights into its overall behavior. Temporal features
include measures that describe the signal’s behavior over
time, such as mean absolute deviation, signal energy, and
autocorrelation, which are important for identifying
patterns in the sequential data of ECG recordings. By
leveraging TSFEL, a rich set of features is extracted that
encapsulates both global and local properties of the ECG
signal, aiding in the accurate detection and classification of
arrhythmias. These features are then used in machine
learning and deep learning models, where their distinctive
properties help enhance the functionality of the
arrhythmia detection network.

2.4 MODELING:

In the modeling phase, ECG heartbeat classification can be
efficiently achieved with The Random Forest model is an
ensemble learning technique that builds multiple decision
trees and combines their predictions to enhance accuracy.
While reducing the likelihood of overfitting. Each decision
Each tree is trained on a distinct random subset of the data
and features, allowing the model to capture various
patterns in ECG signals without overfitting to any specific
part of the data. In the classification phase, each tree
generates its own prediction, the final classification is
made based on the majority vote from all the decision
trees. This approach is especially effective for handling
complex, high-dimensional data such as ECG signals, as it
minimizes variance and enhances predictive performance.
The Random Forest model is also robust against noise, it is
also capable of handling missing data, making it highly
suitable for real-world ECG datasets, which frequently
contains noise and artifacts. By leveraging the power of
multiple decision trees, the Random Forest model excels in
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identifying patterns within ECG signals, making it an
excellent tool for accurate arrhythmia detection.

2.5 CLASSIFICATION:

In the proposed ECG heartbeat classification system, the
Random Forest machine learning algorithm is used to
detect and classify various types of cardiac arrhythmias
from ECG signals. As an ensemble learning method,
Random Forest is particularly effective in managing
diverse data distributions and classification patterns. The
model it operates by constructing several decision trees
and aggregating their predictions to enhance overall
accuracy and performance minimize overfitting. This
approach makes use of the MIT-BIH Arrhythmias Database
and applies SMOTE to balance the dataset. Advanced
Preprocessing methods, such as median filtering and
Savitzky-Golay smoothing, are used to. enhance the data's
quality. The system excels in detecting complex
arrhythmias by utilizing Random Forest’s ability to capture
patterns and reduce variance. The method achieves high
accuracy in distinguishing both normal and abnormal
heart rhythms, offering strong potential for reliable cardiac
arrhythmia detection in practical applications.

Feature Extraction
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2.6 PERFORMANCE AND EVALUATION:

The model's performance is assessed using several key
metrics, including accuracy, sensitivity, precision, and the
Fl-score. These metrics provide a comprehensive
evaluation of the model's ability to accurately classify ECG
heartbeats. Accuracy represents the proportion of correct
classifications, while sensitivity (or recall) measures the
model’s effectiveness in detecting positive instances, such
as arrhythmic heartbeats, by reducing false negatives.

Precision reflects the ratio of true positive predictions to
all predicted positives, indicating the model's reliability in
identifying arrhythmic events without falsely classifying
normal heartbeats as abnormal. The F1-score, calculated
as the harmonic mean of precision and sensitivity, is
particularly valuable when both false positives and false
negatives are significant. To ensure robust performance
and prevent overfitting, cross-validation is used. This
involves splitting the dataset into multiple folds, where the
model is trained and tested iteratively on each fold,
guaranteeing a consistent performance evaluation across
different subsets of data.

3. RELATED WORKS

Malleswari et al. proposed a Bi-LSTM model for ECG-based
heartbeat classification, achieving 98% accuracy using the
MIT-BIH dataset. Their method outperformed existing
classifiers in sensitivity (96.9%), specificity (97.4%), and
F1 score (97.5%), with simulations conducted in MATLAB
2020a[1].

Lim et al. introduced an advanced deep learning model
integrating dynamic beat segmentation and corresponding
heart rate data for ECG classification. Their method
achieved 99.81% sensitivity for normal beats and
outperformed existing PAC detection techniques using
PhysioNet QT and MIT-BIH databases [2].

Degachi and Ouni developed a CNN-BiLSTM seq2seq model
with an attention mechanism for heartbeat classification.
Their model, using ADASYN for data augmentation,
achieved 99.87% accuracy on the MIT-BIH database,
demonstrating enhanced reliability through an inter-
patient paradigm [3].

Swaroop et al. presented an integrated CNN-LSTM model
for ECG classification, achieving 98.94% accuracy on the
MIT- BIH dataset. Their approach improves cardiovascular
disease diagnosis and patient monitoring [4].

Vavekanand et al. developed a CNN model for binary ECG
classification. While fine-tuned models achieved 93.5%
accuracy, individual classifiers attained 94.6%,
demonstrating the effectiveness of transfer learning [5].

Sattar et al. explored CNN, LSTM, and SSL models for
digitized ECG signal classification. The CNN model attained
the highest accuracy of 92%, highlighting its potential for
real-time ECG monitoring [6]

Yildirim et al. evaluated various machine learning models,
including LSTM BiLSTM, GRU, SVM, and ensemble
techniques for ECG classification. Ensemble learning
methods significantly improved classification performance
in handling imbalanced datasets using the MIT-BIH
database [7].
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Alkhawaldeh et al. introduced a DeepResidualBiLSTM
model combining residual CNNs and BiLSTMs. The model
addressed vanishing gradient issues, captured long-term
dependencies, and achieved 99.4% accuracy, making it
effective for early arrhythmia detection [8].

Alharbi Et al. developed an LSTM-CNN ensemble model for
the classification of ECG signals. achieving 94.52%
sensitivity, 96.42% specificity, and 95.45% accuracy. This
approach enhances cardiovascular disease diagnosis and
preventive healthcare [9].

Rekha and Miruthula developed two models for cardiac
abnormality detection: a voting ensemble classifier
(Random Forest, SVM, XGBoost, LightGBM) with 98.52%
accuracy and a CNN model with 99.03% accuracy. These
methods support early detection of heart conditions [10].

Zhang et al. developed an inter-patient ECG heartbeat
classification model using an adversarial convolutional
neural network (CNN). The model enhances generalization
across patients by generating adversarial samples during
training, supporting more robust arrhythmia detection
[11].

Mondejar-Guerra et al. proposed a method that fuses
temporal and morphological ECG information through an
ensemble of classifiers. This technique achieved improved
heartbeat classification by integrating diverse learning
models [12].

de Lannoy et al. introduced a Weighted Conditional
Random Fields (WCRF) model for supervised inter-patient
heartbeat classification. This method effectively modeled
sequential dependencies and spatial relations in ECG
signals [13].

Raj and Ray designed a personalized arrhythmia
monitoring platform using machine learning models
tailored to individual ECG patterns. Their approach
supports patient-specific monitoring and early detection of
irregularities [14].

Alarsan and Younes analyzed ECG signals using machine
learning algorithms such as SVM, KNN, and Decision Trees.
Their method utilized handcrafted heartbeat features for
heart disease classification with high accuracy [15].

Zhang et al. developed a disease-specific feature selection
method for heartbeat classification. By selecting features
tailored to particular cardiac conditions, their model
enhanced the precision of ECG-based diagnosis [16].

Afkhami et al. proposed a model combining statistical and
mixture modeling features for cardiac arrhythmia
detection. Their method employed feature engineering to
improve classification reliability across arrhythmia types
[17].

Shi et al. introduced a hierarchical classification method
using weighted Extreme Gradient Boosting (XGBoost). This
method achieved high ECG heartbeat classification
performance by leveraging a multi-stage learning
approach [18].

Xu et al. developed an end-to-end ECG classification model
that processes raw signal input using deep neural
networks (DNNs). This model eliminates the need for
handcrafted feature extraction, enabling automated and
scalable ECG analysis [19].

Singh et al. implemented Recurrent Neural Networks
(RNNs) for ECG arrhythmia classification. Their model
captured temporal ECG dynamics, allowing accurate
sequence-based prediction of heartbeat types [20].

Li et al. proposed a personalized heartbeat classification
model optimized for long-term ECG signal analysis. The
system maintained high accuracy by adapting to individual
patient variations over time [21].

Saadatnejad et al. presented an LSTM-based ECG
classification model designed for continuous monitoring
on wearable devices. The approach enabled real-time
detection of heartbeat abnormalities with high
performance on low-power platforms [22].

Akan et al. proposed ECGformer, a transformer-based
model for ECG arrhythmia classification. Their approach
achieved superior performance on the MIT-BIH and PTB
datasets by effectively capturing long-range dependencies
in ECG signals [23].

These studies highlight a wide range of approaches and
performance metrics for ECG classification using machine
learning and deep learning models. Table 1 provides a
summary of these related works.

TABLE-1: SUMMARY TABLE OF RELATED WORKS

DESCRIPTION

Proposed a Bi-LSTM model for ECG
classification using the MIT-BIH
dataset, achieving 98% accuracy. Their
MATLAB 2020a-based simulations

al. outperformed existing methods in

sensitivity (96.9%), specificity (97.4%),
and F1 score (97.5%) [1].

Developed a deep learning model with

dynamic beat segmentation and heart
rate data. Achieved 99.81% sensitivity

TITLE

Malleswari et

Lim etal. for normal beats using PhysioNet QT
and MIT-BIH databases, outperforming
PAC detection techniques [2].
Degachi and Designed a CNN-BiLSTM seq2seq model
Ouni with attention and ADASYN-based data
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augmentation, achieving 99.87%
accuracy on the MIT-BIH dataset under
inter-patient evaluation [3].

Swaroop et al.

Introduced a hybrid CNN-LSTM model
for ECG classification, achieving 98.94%
accuracy on the MIT-BIH dataset and
supporting improved cardiovascular
disease diagnosis [4].

Vavekanand
etal.

Created a CNN-based binary ECG
classifier using transfer learning. Fine-
tuned models reached 93.5% accuracy;

individual models attained 94.6%

accuracy [5].

Sattar et al.

Evaluated CNN, LSTM, and SSL models
for ECG classification. CNN yielded the
best performance with 92% accuracy,
indicating suitability for real-time
monitoring [6].

Yildirim et al.

Assessed ML and DL models (LSTM,
BiLSTM, GRU, SVM, ensemble) for ECG
classification on MIT-BIH data.
Ensemble methods effectively handled
class imbalance and boosted accuracy

[7]-

Alkhawaldeh
etal.

Proposed DeepResidualBiLSTM,
integrating residual CNN and BiLSTM
layers to overcome vanishing gradient

issues and capture long-term ECG

dependencies. Achieved 99.4%

accuracy [8].

Alharbi et al.

Developed an LSTM-CNN ensemble
model for ECG classification with
94.52% sensitivity, 96.42% specificity,
and 95.45% accuracy, improving
preventive healthcare [9].

Rekha and
Miruthula

Designed two models: a voting
ensemble (RF, SVM, XGBoost,
LightGBM) with 98.52% accuracy, and a
CNN model with 99.03% accuracy for
cardiac abnormality detection [10].

Zhang et al.

Presented an inter-patient heartbeat
classification model using adversarial
CNNs. Adversarial training enhanced
generalization and arrhythmia
detection robustness [11].

Mondejar-
Guerra et al.

Introduced an ensemble approach that
fuses temporal and morphological ECG
features to enhance classification
accuracy [12].

de Lannoy et

Proposed a Weighted Conditional
Random Fields model that effectively
captures temporal and spatial

al. relationships in ECG for inter-patient
classification [13].
Developed a personalized arrhythmia
monitoring platform using patient-
Raj and Ray | specific ML models for early irregularity

detection [14].
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Used handcrafted ECG features with ML
algorithms (SVM, KNN, DT) for
classifying various heart diseases with
high accuracy [15].

Alarsan and
Younes

Developed a disease-specific feature
selection method for ECG classification,
enhancing diagnosis precision by
tailoring features to specific conditions
[16].

Used statistical and mixture modeling
features to classify arrhythmias,
combining multiple features to improve
reliability [17].

Introduced a hierarchical classifier
based on weighted XGBoost that
achieved strong results in ECG
classification through a multi-stage
strategy [18].

Zhang et al.

Afkhami et al.

Shi et al.

Developed an end-to-end deep neural
network that processes raw ECG input,
eliminating the need for feature
engineering [19].

Xu et al.

Applied Recurrent Neural Networks to

capture temporal ECG signal dynamics

for accurate arrhythmia classification
[20].

Designed a personalized heartbeat
classification model optimized for long-
term ECG monitoring, maintaining high

performance over time [21].

Singh et al.

Lietal.

Proposed an LSTM-based model for
real-time ECG classification on
wearable devices, enabling continuous
monitoring [22].

Saadatnejad
etal.

Proposed a transformer-based model
(ECGformer) for ECG classification,
achieving high accuracy on MIT-BIH
and PTB datasets [23].

Akan et al.

4. EXPERIMENTAL RESULTS

The study demonstrates the effectiveness of various
machine learning and deep learning models for ECG
heartbeat classification, focusing on arrhythmia detection
using the MIT-BIH Arrhythmias Data pool. The Random
Forest classifier achieved 98% accuracy, with good
sensitivity and precision, while SMOTE was applied to
address class imbalance, improving performance. Cross-
validation ensured unbiased results, with XGBoost
outperforming SVM in sensitivity and precision. The
Ensemble CNN-BiLSTM model achieved the highest
accuracy of 99.88%, demonstrating superior performance
in detecting complex arrhythmias and addressing
challenges like class imbalance and the temporal nature of
ECG data.
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4.1 DATASET:

The MIT-BIH Arrhythmias Database used in this study
consists of 109,443 labeled ECG beats from 47 subjects,
including 90,589 normal beats, 8,039 supraventricular
beats, 7,236 ventricular beats, 2,776 fusion beats, and 803
unknown beats. Table 2 presents the number of training
and testing instances for each ECG heartbeat class in the
MIT-BIH Arrhythmias Database. The dataset is commonly
used for cardiac arrhythmia classification and contains
ECG recordings obtained from two electrodes at a
sampling rate of 360 samples per second. The database is
crucial for developing and evaluating automated ECG
classification systems, as it provides a wide variety of
heartbeat classes, which are essential for training and
testing models aimed at detecting arrhythmias in clinical
applications.

TABLE-2: DATASET

CLASS NO. OF TRAINING NO. OF TESTING
INSTANCES INSTANCES

NB 67997 22592

SB 5953 2086

VB 5447 1789

FB 2078 698

QB 609 194

5.IMPLEMENTATION
5.1 SYSTEM SPECIFICATIONS:

The proposed ECG classification system was developed
using specific tools and platforms. Table 3 lists the
software packages used. Fig 2 illustrates the packaged
environment used during model development and

execution.
Table-3:PACKAGED USED
Operating system Windows
Development Platform Google colab
Language used Python
Dataset MIT-BIH

The images (Fig. 2 to Fig. 6) demonstrate the step-by-step
preprocessing of an ECG signal in a Google Colab
environment. The process begins with the installation of
key Python libraries such as “wfdb’, "numpy’, “scipy’, and
‘matplotlib® (Fig. 2), which are essential for working with
ECG data, performing numerical operations, and creating
visualizations. The raw ECG signal is then visualized (Fig.
3), showing noticeable noise and baseline drift that must

be addressed before analysis. To mitigate baseline wander,
a filtering technique is applied (Fig. 4), where the original
and corrected signals are plotted for comparison—
highlighting improved signal stability. In the next step,
high-frequency noise is removed from the signal (Fig. 5),
resulting in a smoother and cleaner ECG waveform. These
preprocessing steps (Fig. 6) significantly enhance signal
quality and reliability, forming a crucial foundation for
accurate heartbeat classification and diagnostic modeling
in ECG-based applications.
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Fig-2: PACKAGED USED

The preprocessing phase for ECG signals is essential to
prepare raw data for effective classification, addressing the
challenges posed by noise and non-stationarity. This
process includes noise removal techniques such as
baseline drift removal using a median filter, as illustrated
in Fig 3.
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These preprocessing steps result in a cleaned and
structured ECG dataset, ready for feature extraction and
classification, which is crucial for reliable arrhythmia
detection. Fig 4 summarizes the complete ECG signal
preprocessing workflow
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Fig-4: ECG SIGNAL PREPROCESSING

These preprocessing steps result in a cleaned and
structured ECG dataset, ready for feature extraction and
classification. Fig 5 illustrates the ECG signal after
successful noise removal.

(\J & heartoeat classification joynb 12
" Fle Edt View Inset Rutime Tools Help Al changes saved

— +Code +Text

)

ECG Signal After Noise Removal

Amplitude (mv)

24 = After Baseline Removal
= After High-Frequency Noise Removal

0 250 500 750 1000 1250 1500 1750
Time (s)
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Fig 6 illustrates the class distribution before and after
applying SMOTE, demonstrating the improved balance
across heartbeat categories.
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Fig-6: CLASS DISTRIBUTION BEFORE AND AFTER SMOTE
6. PERFORMANCE METRICS
6.1 EPOCHS:

An epoch refers to one full pass through the entire training
dataset. Neural networks usually require several epochs to
learn patterns effectively from the data. After training the
model for up to 10 epochs, plot the training and test loss
values against the number of epochs to track the progress
of learning.

6.2 ACCURACY:

Accuracy evaluates how effectively a model can recognize
patterns and correlations among variables. Test accuracy,
calculated using data excluded from the training phase,
indicates the model’s capability to perform on unseen data.

6.3 LOSS:

Model performance is assessed through evaluation
metrics. The training loss quantifies the model's learning
capability on the training dataset, whereas the test loss
evaluates its generalization performance on previously
unseen data.

7. CONCLUSION

The "Electrocardiogram Heartbeat Classification Using
Machine Learning and Ensemble Convolutional Neural
Network-Bidirectional = Long  Short-Term  Memory
Technique" project used the MIT-BIH arrhythmia database
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to successfully implement Machine learning and deep
learning approaches for ECG-based cardiac arrhythmia
classification. The ensemble ML classifier attained an
overall accuracy of 98.67%, while the ensemble CNN-
BiLSTM model got an even greater accuracy of 99.88%,
exceeding cutting-edge approaches regarding sensitivity,
exactness, and precision. This paper aims to demonstrated
the efficiency for wusing the synthetic minority
oversampling method for data balancing with CNN-BiLSTM
models to improve heartbeat.
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