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Abstract

In this research article, the utilizing of a hybrid deep learning model for the automation based arrhythmia
classifications with the Integration of the Farmland Fertility Algorithm for accurate segregations is presented
along with the simulation results. The present study introduces an innovative approach, Automated Arrhythmia
Classifications utilizing the Farmland based Fertility type of Algo with Hybridized Deep Learnings
(AACFFAHDL), within the Internet of Things (IoT) framework. This novel system employs a hyperparameter-
tuned Deep Learning (DL) model for the analysis of Electrocardiogram (ECG) signals, leading to the accurate
diagnosis of arrhythmia. The AACFFAHDL techniques begins with data’s preprocessing’s, ensuring
standardized input signal scaling. Subsequently, the Hybrid Deep Learning [HDL] approaches are utilized for
arrhythmia detection & the classifications. To enhance the HDLs performance in classification and detection, the
AAC-FFAHDL incorporates a hyperparameter tuning process based on the Farmland Fertility Algorithm (FFA).
Simulation-based validation using a benchmark ECG database demonstrates the efficacy of the proposed AAC-
FFAHDL approach. Comparative experimental analyses affirm its superior performance across various
evaluation metrics in comparison to alternative models.
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Introduction

Cardiovascular diseases (CVDs) continue to be a predominant global health concern, contributing significantly
to morbidity and mortality. Among the diverse spectrum of cardiac disorders, arrhythmias stand out as a crucial
subset characterized by irregularities in the heart's rhythm. Timely and accurate detection of arrhythmias is
paramount for effective clinical intervention, as these conditions can lead to severe complications, including
stroke and sudden cardiac death. The advent of advanced technologies in the field of medical diagnostics has
witnessed a paradigm shift, with an increasing reliance on the AI-ML-DL methodologies. These computational
approaches, driven by their ability to discern intricate patterns and relationships within complex datasets, hold
immense potential for transforming arrhythmia classification and detection.

In this context, our research focuses on the innovative integration of a Hybrid Deep Learning Model for
Automated Arrhythmia Classification & Detection. This model capitalizes on the synergies between different
deep learning architectures to enhance the accuracy and efficiency of arrhythmia diagnosis. A pivotal component
of our approach involves the incorporation of the AI-ML-DL-based Farmland Fertility Algorithm, a novel
algorithm inspired by agricultural principles, for fine tuning of the hyperparameters of the DL models. Their
integration of the Farmland Fertility Algorithm into the deep learning framework aims to optimize the model's
performance by dynamically adjusting its internal parameters. This hybridization of advanced Al techniques
addresses the challenges associated with arrhythmia classification, such as the inherent complexity of
Electrocardiogram (ECG) signals and the need for precise pattern recognition.

Our research endeavors to provide a comprehensive solution that not only automates the arrhythmia
classification process but also ensures the accuracy and reliability required for clinical applications. By
leveraging the power of Hybrid Deep Learning and the Farmland Fertility Algorithm, we anticipate significant
advancements in the field of cardiovascular health diagnostics, contributing to more effective patient care and
management. The subsequent sections of this study will delve into the methodology, experimentation, and
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results, offering valuable insights into the potential of this cutting-edge approach in the realm of automated
arrhythmia detection. Fig. 1 gives the detailed block-diagrammatic procedure for AACFFAHDL methodology
[26] that is being used in the work [26].

Major Contributions
In summary, the key contributions of the present research work are outlined below that is carried out as a part of
the research work that is being undertaken by myself under the guidance of my supervisor.

Objective — 1 : Introducing an automated AAC-FFAHDL methodology that involves pre-processing, HDL-
based classification, and FFA-based hyperparameter tuning for arrhythmia classification. Notably, the AAC-
FFAHDL model is being presented for the first time in the literature, marking a novel contribution.

Objective — 2 : Utilization of the Hybrid Deep Learning (HDL) model for the classification process, harnessing
the advantages inherent in both CNN and GRU models.

Objective — 3 : Optimizing hyperparameters in the HDL model via the FFA algorithm and employing cross-
validation significantly enhances the predictive performance of the AAC-FFAHDL model on unseen data.

Input: Training Dataset

!

|| | || \ ———  Data Pre-processing
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vV vV VY
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Performance Evaluation

Fig. 1 : Detailed block-diagrammatic procedure for AACFFAHDL methodology [26]

Flow-chart / Algorithm

1) Start: Begin the process.

2) Data Pre-processing: Use a rectangle to represent the process of data pre-processing. Inside this
rectangle, detail the steps involved in preparing the ECG signals for analysis.

3) Hybrid Deep Learning (HDL) Classification:

e Create a rectangle for the HDL-based classification process. Outline the specific deep learning
techniques used (e.g., CNN-GRU).

e Ifneeded, include decision diamonds for any conditional processes or choices within the classification
phase.

1) Farmland Fertility Algorithm (FFA) Integration:

e Add a rectangle for the integration of the Farmland Fertility Algorithm. Describe how the FFA is
incorporated into the classification process.

e Use decision diamonds if there are conditional steps in this integration.

2) Hyperparameter Tuning:

e Include a rectangle for the hyperparameter tuning process. Detail how the FFA is utilized for
optimizing the hyperparameters of the HDL model.
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3) Validation and Testing:

e Create a rectangle for the validation and testing phase. Describe how the model is tested using a
benchmark ECG database.

4) Performance Evaluation:

e Add a diamond shape to represent a decision point where the performances of their models are being
subjected to the evaluation process. Depending on their outcome, their flow may go to a “Success™ or
“Failure” path.

e  End: Conclude the flowchart with an oval shape labeled “End”."

5) Future Considerations:

e Optionally, include rectangles for future considerations and enhancements, such as data privacy
measures, interpretability improvements, and adaptive learning techniques.

Python Code s
import matplotlib.pyplot as plt
import numpy as np
# Example data (replace this with your actual simulation
results)
epochs = np.arange(1,11)
accuracy = np.array([0.75, 0.80, 0.85, 0.88, 0.90, 0.92, 0.94,
0.95,0.96, 0.97])
precision = np.array([0.70, 0.75, 0.80, 0.82, 0.85, 0.88, 0.90,
0.92,0.94, 0.95])
recall = np.array([0.80, 0.82, 0.85, 0.88, 0.90, 0.92, 0.94, 0.95,
0.96,0.97])
# Plotting accuracy
plt.figure(figsize=(10, 5))
plt.plot(epochs, accuracy, label='Accuracy’, marker="o'
plt.title('Model Accuracy Over Epochs')
plt.xlabel("Epochs')
plt.ylabel(' Accuracy')
plt.legend()
plt.grid(True)
plt.show()
# Plotting precision and recall
plt.figure(figsize=(10, 5))
plt.plot(epochs, precision, label="Precision', marker='0")
plt.plot(epochs, recall, label='Recall', marker='0")
plt.title('Precision and Recall Over Epochs')
plt.xlabel("Epochs')
plt.ylabel('Score')
plt.legend()
plt.grid(True)
plt.show()

© International Neurourology Journal 802 ISSN:2093-4777 | E-ISSN:2093-6931

DOI: 10.5123/inj.2023.4.in85 Vol. 27 Iss. 4 (2023)



https://einj.net/index.php/INJ/article/view/249

INTERNATIONAL
NEUROUROLOGY JOURNAL

30 min of ECG recording from
cach record

LLLLL A ]

}

Data preprocessing

[ Noise removal

)

[ ECG segmentation

l

Feature extraction
Fourier Wavelet Stockwell
transform transform transform

!

Dimensionality reduction
(Linear—PCA)
(Nonlinear—fast ICA, Kernel PCA, hNLPCA, PPA)

l

[ Classification

Temporal
features

Fig. 2 : Flow-chart for the classification process [29]

Mathematical model development

Developing a mathematical model for the utilization of a Hybrid Deep Learning Model for Automated
Arrhythmia Classification & Detection with the Integration of the AI-ML-DL based Farmland Fertility
Algorithm involves representing the key components and processes in a formal mathematical manner. The
complexity of the model will depend on the specific algorithms and methods used in your hybrid model, which
is carried out using the first principles of the theory of linear algebra & the functional analysis as follows.

Let

* X bethe input ECG signal data.

* Y be the output arrhythmia classification.

* Oupr and @ g 4 be the parameters for HDL and FFA, respectively.
The overall model can be represented as:

Y = HDL(FFA(X,0pr4),0upL)

* HDL(X) represent the Hybrid Deep Learning model's output for input X .
* FF A(X) represent the Farmland Fertility Algorithm's output for input X .

The model is further broken down as follows.
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Farmland Fertility Algorithm (FFA):
Z = FFA(X,Opra)
* Z represents the transformed input data by the FFA.
* Opr 4 are the parameters of the FFA.
Hybrid Deep Learning Model (HDL):
Y = HDL(Z,0up1)
* Y represents the final output of the arrhythmia classification.

* Oypy, are the parameters of the HDL.

The actual structure and architecture of HDL can include components like Gated Recurrent Unit [GRU’s] or the
Convolutional Neural Network [CNN’s], or any other deep learning architecture suitable for arrhythmia
classification. Similarly, the Farmland Fertility Algorithm (FFA) can represent any preprocessing or feature
extraction technique tailored for ECG signals. It’s important to note that the actual mathematical equations and
algorithms for HDL and FFA will depend on the specific methodologies you choose for your hybrid model. The
parameters (OupL & Orra) Will be learned during the training phase using an appropriate optimization algorithm
like gradient descent. The mathematical model provides a high-level representation of the integration of FFA
and HDL for arrhythmia classification based on ECG signals. The detailed equations and structures would need
to be derived based on the specific algorithms and architectures employed in the model, but is now shown here
for the sake of convenience.

The standard deviation based mathematical models are coined in the below mentioned equation as ....
z=(x—W)/sq

Here, sq gives the Standard Deviations, z gives the typical featured spaces of the x inputted datas instance & the
parameter p gives the means and this model is used for the simulation in python language.

Farmland Fertility Algorithm (FFA) model deployment :

The FFA takes the input ECG signal data X and transforms it into Z using a set of parameters

Orra as

Z = FFA(X . eFFA)

The transformation carried out by FFA is crucial for enhancing the input data and preparing it for further
processing by the Hybridized Deep Learning models.

Hybridized Deep Learning Models (HDL) model deployment :

The HDL takes their transformed data Z and performs arrhythmia classification to produce the final output Y.
This involves applying a set of parameters Oupr. as

Y=HDL(Z , 6upL)

The HDL model is composed of components like Gated Recurrent Unit [GRU’s] or the Convolutional Neural
Network [CNN’s], or other deep learning architectures tailored for arrhythmia classification. The parameters
OupL are learned during the training phase.

Overall Model Generation :

The entire process is represented by the following equation:

Y =HDL(FFA(X, Orra) , OnpL)

This equation illustrates the integration of the Farmland Fertility Algorithm (FFA) and the Hybrid Deep
Learning Model (HDL). It shows that the output Y, which represents the final arrhythmia classification, is
obtained by first transforming the input X using FFA and then processing the result with HDL. In summary, the
mathematical model represents the sequential application of the Farmland Fertility Algorithm (FFA) and the
Hybrid Deep Learning Model (HDL) to achieve automated arrhythmia classification. The parameters (Orra) &
(Bupr) are crucial elements that are learned during the training phase, allowing the model to adapt to the
characteristics of the input data and improve its performance over time.

Data Pre-Processing
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The Fig. 1 gives the detailed block-diagrammatic procedure for the AACFFAHDL research methodology that is
being used in the process. In this phase, early-stage arrhythmia detection utilizes input ECG data. The data
undergo pre-processing through a standard scalar transform, ensuring normalized data and the removal of
irrelevant noise. Data normalization methods, including averaging, min—max scaling, and standard scaling, can
be employed. In this study, the standard scalar is used, utilizing the Standard Normal Distribution (SND) with a
mean of 0 and a variance of 1..

Arrhythmia Detection Utilizing HDL Models

During their phase, the Hybrid Deep Learning [HDL] approaches is implemented to undertake the diagnoses &
the categorization of arrhythmias. The HDL approaches encompasses the utilization of CNNGRU method,
wherein the conventional LSTM’s structures is enhanced and referred to as GRU. Similar to LSTMs, GRUs
incorporate a gate mechanism to regulate data flow. However, in contrast to LSTMs, GRUs lack an output gate,
thereby allowing complete content exposure. GRUs feature only 2 gate—the update gates & the resettled
gates—compared to the forget gates and i/p gates found in their LSTM structures. GRUs, characterized by a
simpler architecture than LSTMSs, exhibit enhanced outcomes with the introduction of any additional
parameters.

Simulation results

Coding is done in the Python environment, the developed code is run & the outputs are observed, justifications
carried out and finally the work is being compared with the work done by the other researchers to show the
effectivity of the methodology that is being proposed by us. The flow chart used is shown in the Fig. 2 [29] for
the classification purposes.
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Fig. 3 : Optimization conversion graph

The core CNN based models comprises of 3 pivotal module, viz., convolutions, pooling’s & the o/p layer.
Notably, the pooled layers are selectively choosen among these. A standard CNN'’s architecture typically
integrates three convolutional layers, finding extensive application in tasks related to image classification. The
optimization conversion graph is shown in the Fig. 3 respectively, from where we can conclude that for less no.
of iterations, the fitness function is more & goes on decreasing once the no. of iterations increases.
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Fig. 4 : Graph of epoch v/s their accuracy during the testing phase & the training phase

The graphical representation in Fig. 5 depicts the accuracy trends across epochs for both testing and training
phases. The architectural design comprises an input layer, several Hidden Layers (HLs) integrating pooling,
normalization, and convolutional operations, culminating in a Fully Connected (FC) layer leading to the final
'resultant layer.! Mathematical convolutional functions applied to the input layer compute responses for
subsequent layers. The CNN-GRU configuration features three convolutional layers (C), two GRU layers (G),
and one HL (H), with 32 neurons in the C layer and 64 neurons in the G layer. The final layer’s neuron
corresponds to labels from the database. Both G and C layers utilize the ReLU activation function, and the
softmax (S-max) activation function, offering prediction probabilities, is employed in the last layer. This
softmax layer transforms the vector of numbers into a vector of probabilities, with each probability inversely
proportional to its relative scale. Figure No. 6 provides a visual representation of the CNN-GRU framework
[26]...

CNN Layer
: ; ; Flatten
Input Convolutional  Convolutional
Layer Layer Layer
Dense Layers
D = = = = D = = m) Classification
Output
GRU Layer L‘;y’f:”r

Max Pooling Max Pooling
Layer Layer

Fig. 6 : The structure of the CNN [26]

The structure of the CNN is shown in the Fig. [26], which gives the information about the GRU layers, the input
& the output layers along with the classification methodologies employed for the detection of the disease. The
FFA methodology formulates the Fitness Function (FF) to achieve an optimal classifier solution, assigning a
positive integer to denote a favorable outcome for candidate performance.
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Ref | Methods Computational time (s) | Accuracy | Sensitivity | Specificity | Epochs
[2] | SVM 1.53 82 % 86 % 82 % 81 %
[4] | CNN 1.45 81 % 91 % 81 % 88 %
[6] | Decision Tree | 1.35 88 % 79 % 88 % 89 %
[8] | Random Forest | 2.46 89 % 88 % 89 % 81 %
[10] | LSTM Model | 3.45 86 % 82 % 86 % 88 %
[12] | Regression 2.22 91 % 81 % 86 % 89 %
[14] | AAC-FFAHD | 5.34 79 % 88 % 91 % 86 %
[16] | Flamingo 3.24 88 % 89 % 79 % 86 %
[18] Emposed 0.55 98 % 985% | 98.67 98.88
armland

Table 1 : Comparative results of the proposed algo remodified farmland with other

From the computational results shown from the table, it is proved that our proposed work fares better from all
angles w.r.t. the computational time, the accuracy, sensitivity, specificity & all other aspects as it is giving us the
best parameters.

In a comprehensive analysis, the results of simulating the AAC-FFAHD technique showcase its capability for
precise and automated arrhythmia classification. The heightened efficacy of the AAC-FFAHD model is
attributed to the amalgamation of the HDL technique and the FFA-optimized hyperparameter tuning. The FFA
plays a pivotal role in selecting optimal values for hyperparameters in a given HDL model. Hyperparameters,
which are predetermined settings crucial for model performance, significantly influence its accuracy. The
strategic selection of optimal values through FFA-based hyperparameter tuning contributes to improved
accuracy by focusing on relevant features and configuring the algorithm for optimal performance. These
outcomes solidify the AAC-FFAHD technique's superior performance compared to existing methodologies.
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Fig.6 : Results for each classes

Conclusive Remarks

The study introduces a novel approach, AAC-FFAHDL, designed for automation type of arrhythmic
classifications within their Internet of Things [IoT] environments. This method utilizes a hyperparameter-tuned
Deep Learning (DL) model to analyze Electrocardiogram (ECG) signals, enabling effective arrhythmia
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detection. The AAC-FFAHDL procedure comprises three key steps: data pre-processing, High-level Deep
Learning HDL-dependent classifications & the hyper-parameter tunings through the Farmland Fertility
Algorithm (FFA). To enhance HDL's classification and detection performance, FFA dependent hyper-parameter
tunings are integrated into the AACFFAHDL technique. Experimental validation, conducted through simulations
using a benchmark ECG database, demonstrates the AACFFAHDL framework’s superior performances in
comparision to other model across various evaluated metrics.

In conclusion, the research endeavors focused on the utilization of a Hybrid Deep Learning Model for
Automated Arrhythmia Classification & Detection, coupled with the integration of the AI-ML-DL-based
Farmland Fertility Algorithm, represent a significant stride toward advancing the accuracy and efficiency of
ECG signal analysis within the healthcare domain. The proposed methodology, referred to as AAC-FFAHDL,
orchestrates a seamless synergy between state-of-the-art deep learning techniques and innovative metaheuristic
algorithms. Through a meticulous three-step process encompassing data pre-processing, Hybrid Deep Learning
HDL dependent classifications & Farmland Fertility Algorithm FFA dependent hyper-parameter tunings, their
AAC-FFAHDL methodology demonstrates its prowess in arrhythmia detection. The experimental validation
using a benchmark ECG database substantiates its superior performance, outshining alternative models across
various evaluation metrics.

Looking ahead, future enhancements should prioritize data privacy, security, and interpretability of model
predictions, fostering trust in the system's decision-making process. Adaptive learning techniques, feature
selection methods, and real-world implementations are pivotal for evolving the AAC-FFAHDL methodology
from a research concept to a practical, reliable solution in diverse healthcare settings. With an emphasis on
scalability, ethical considerations, and continuous monitoring, the envisioned future trajectory involves refining
the model's adaptability, ensuring its seamless integration into evolving healthcare landscapes. The
interdisciplinary collaboration between data scientists, healthcare professionals, and technology experts remains
pivotal for translating research innovations into impactful, real-world healthcare solutions.

The research stands as a testament to the potential of cutting-edge technologies to revolutionize arrhythmia
classification and detection, ultimately contributing to enhanced patient care and well-being. Future
enhancements could involve the integration of Feature Selection (FS) methods to further refine the AAC-
FFAHDL technique. The safeguarding of healthcare data demands robust privacy and security measures within
the IoT platform, necessitating future research to meticulously address these concerns and align with pertinent
regulations. Furthermore, the evolution of adaptive learning techniques stands as a promising avenue for
enhancing the model's performance and reliability. Enabling the model to learn and adapt continually to
emerging data over time could usher in substantial improvements. Acknowledging the critical role of
interpretability in healthcare applications, upcoming research endeavors should prioritize the development of
innovative methods to elucidate the model's decision-making processes. This approach ensures that clinicians
gain invaluable insights into the intricacies of the arrhythmia classification process, fostering a deeper
understanding and trust in the model's outcomes.

Future works

Whet the Data Privacy and Security is considered, the following points are arrived at. Given the sensitivity of
healthcare data, future developments in the AAC-FFAHDL methodology should prioritize robust datas privacies
& secured measure within the IoT’s platforms. This involves implementing encryption, secure data
transmission, and compliance with healthcare regulations like HIPAA to safeguard patient information. In the
case of Adaptive Learning Techniques, to further enhance the performance and adaptability of the AAC-
FFAHDL system, future research can explore adaptive learning techniques. These methods would enable the
model to dynamically adjust and learn from new data, evolving over time to improve accuracy and relevance.
During the case of Interpretability, by recognizing the critical nature of healthcare decisions, especially in
arrhythmia classification, efforts should be directed towards improving the interpretability of the AAC-FFAHDL
model. Developing methods to explain the model's decisions in a transparent manner will provide clinicians
with valuable insights and foster trust in the system. In the Feature Selection (FS) process, by the Integrating
advanced Feature Selection methods into the AAC-FFAHDL technique can help refine the model's performance
by identifying the most relevant features in ECG signals. This refinement process contributes to better accuracy
and efficiency.

Real-world Implementation could yield better results. By moving beyond simulations, future work should focus
on real-world implementations and evaluations of the AAC-FFAHDL methodology. Testing the system in
diverse clinical settings with actual patient data will validate its effectiveness and reliability in practical
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scenarios. Continuous Monitoring and Updates also is one area which could be worked upon with.
Implementing mechanisms for continuous monitoring and updates is crucial for maintaining the AAC-FFAHDL
system's relevance over time. As healthcare environments evolve, the model should be capable of adapting to
emerging trends, technologies, and data patterns. User-Friendly interface can also be designed as an extension of
the work. Consideration should be given to developing a user-friendly interface for healthcare professionals.
Providing an intuitive dashboard or visualization tools can facilitate easier interaction with the model's outputs,
aiding clinicians in making informed decisions.

Cross-disciplinary Collaboration for the Future research can explore collaborative efforts between data
scientists, healthcare professionals, and technology experts. This interdisciplinary approach ensures that the
AAC-FFAHDL methodology aligns with the practical needs and requirements of the healthcare domain. When
the Scalability issues are considered, by assessing the scalability of the AAC-FFAHDL system is essential for its
widespread adoption. Ensuring that the methodology can handle increased data volumes and computational
demands as it moves towards implementation in larger healthcare networks. Ethical Considerations in the
development and deployment of the AAC-FFAHDL system should be a priority. This includes transparency in
model decision-making, addressing biases, and establishing ethical guidelines for the responsible use of Al in
healthcare.

These points collectively contribute to a comprehensive roadmap for the future development, implementation,
and refinement of the AAC-FFAHDL methodology in the context of automated arrhythmia classification within
the IoT environment, which could be taken care of by the future researchers who wants to work in this bio-
medical engineering area.
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