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Abstract

Stroke is a leading cause of mortality and long-term
disability, necessitating early detection and timely
intervention to improve patient outcomes.
Traditional stroke monitoring systems often face
challenges related to real-time processing,
imbalanced data, and computational efficiency.
Existing stroke detection systems face challenges in
real-time processing, leading to delayed diagnosis
and intervention. Traditional models struggle with
imbalanced and noisy physiological data, reducing
classification accuracy. Additionally, optimizing
deep learning models for cloud-based deployment
remains complex due to high computational costs.
These limitations necessitate an efficient, adaptive,
and scalable solution for accurate stroke monitoring
and early intervention. This study proposes a
Bayesian-Enhanced LSTM-GRU Hybrid Model for
cloud-based stroke detection and early intervention.
The model leverages Long Short-Term Memory
(LSTM)  networks to capture long-term
dependencies and Gated Recurrent Units (GRU) for
computational efficiency. To further enhance
performance, Bayesian Optimization is employed
for hyperparameter tuning, ensuring optimal
accuracy while minimizing resource consumption.
The system integrates cloud computing for real-time
data processing, enabling continuous monitoring
and automated alerts for healthcare providers.
Experimental  results  demonstrate  superior
classification  performance, achieving 96%
accuracy, 95% precision, 94% recall, and an AUC-
ROC of 1.00, with significantly reduced latency
compared to traditional models. The proposed
approach enhances stroke detection reliability,
reduces false positives, and supports proactive
medical intervention, making it a scalable and
efficient solution for cloud-based healthcare
systems.

Keywords: Stroke Detection, LSTM-GRU
Hybrid Model, Bayesian Optimization, Cloud

Computing, Deep Learning, Real-Time onitoring,
Early Intervention.

1.Introduction

Stroke is a leading cause of disability and mortality
worldwide, making early detection and timely
intervention critical for improving patient outcomes
[1]. Traditional stroke monitoring systems often rely
on manual assessment or localized computing,
which may not provide real-time insights necessary
for emergency response [2]. With the advent of
cloud computing and artificial intelligence (AI),
stroke monitoring has evolved into a more efficient
and scalable process [3]. Deep learning models,
particularly Recurrent Neural Networks (RNNs)
such as Long Short-Term Memory (LSTM) and
Gated Recurrent Units (GRU), have shown
remarkable potential in analyzing time-series
physiological data, including EEG, ECG, and blood
pressure variations [4]. However, optimizing these
models for real-time cloud-based deployment
remains a challenge, necessitating advanced tuning
techniques to enhance accuracy, efficiency, and
computational performance [5].

This study proposes a Bayesian-Enhanced LSTM-
GRU Hybrid Model to improve stroke classification
and early intervention [6]. The hybrid approach
leverages LSTM’s ability to capture long-term
dependencies and GRU’s efficiency in handling
sequential ~data  while ensuring reduced
computational complexity [7]. To further enhance
model performance, Bayesian Optimization is
employed to fine-tune hyperparameters, enabling
the system to achieve optimal accuracy with
minimal resource consumption [8]. The integration
of this optimized model within a cloud-based
infrastructure facilitates real-time monitoring, early
stroke prediction, and automated alerts for
healthcare providers [9]. By combining deep
learning, Bayesian optimization, and cloud
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computing, this research aims to create a robust and
scalable stroke monitoring system that enhances
early intervention strategies and improves patient
outcomes [10].

Recent advancements in deep learning architectures
have enabled more accurate and reliable analysis of
complex physiological signals for stroke detection.
Hybrid models that combine LSTM and GRU units
have demonstrated improved capability in capturing
both long- and short-term temporal dependencies
within sequential health data, leading to better
classification results than standalone architectures
[11][12]. Moreover, the integration of Bayesian
Optimization has been shown to outperform
conventional hyperparameter tuning methods such
as grid search and random search by efficiently
exploring the hyperparameter space and reducing
computational costs [13][14]. These optimization
techniques are particularly beneficial when
deploying models on cloud platforms where
resource efficiency and latency are critical
considerations [15][16].

Furthermore, cloud computing environments
provide a flexible and scalable infrastructure that
supports continuous data collection, storage, and
processing necessary for real-time stroke monitoring
systems [17][18]. By leveraging cloud-native
technologies, healthcare providers can remotely
monitor patients, enabling timely alerts and
interventions that can significantly reduce the risk of
severe disability or fatal outcomes [19][20]. Recent
studies emphasize the importance of integrating Al-
driven predictive analytics with cloud platforms to
facilitate proactive healthcare management and
personalized treatment plans for stroke patients
[21][22]. This fusion of AI and cloud technology
promises not only enhanced accuracy and efficiency
but also broader accessibility and cost-effectiveness,
crucial for managing the global burden of stroke
[23][24][25].

2.Literature Review

Building upon these foundations, recent literature
emphasizes the synergy between optimization
algorithms and deep learning architectures for
improving predictive analytics in healthcare. Kumar
et al. [26] demonstrated that integrating Bayesian
Optimization with LSTM models significantly
enhances hyperparameter tuning efficiency,
resulting in improved disease classification accuracy
while reducing computational overhead. Similarly,
Singh and Patel [27] employed hybrid GRU-LSTM
models combined with metaheuristic algorithms for
robust cardiovascular disease prediction using ECG
signals, highlighting the benefits of hybrid models in
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capturing  complex temporal dependencies.
Moreover, Chen et al. [28] explored cloud-based Al
frameworks integrating attention mechanisms with
recurrent networks to improve early detection of
neurological disorders, demonstrating the potential
for scalable, real-time monitoring solutions.

In the realm of cloud security and resource
optimization, Zhang et al. [29] proposed a multi-
agent reinforcement learning approach for dynamic
resource  allocation in  healthcare  cloud
environments, balancing system performance and
security requirements. Li and Huang [30] introduced
a federated learning mechanism to protect patient
data privacy while enabling collaborative model
training across distributed healthcare institutions.
Furthermore, Alqahtani et al. [31] investigated
hybrid deep learning and optimization frameworks
for predictive maintenance in IoT-enabled
healthcare devices, improving fault detection
accuracy and prolonging device lifespan. The
growing adoption of Graph Neural Networks
(GNNs) in healthcare anomaly detection has been
explored by Verma et al. [32], who utilized dynamic
graph structures for adaptive threat detection in
medical [oT systems. Similarly, Rao and Bhatt [33]
proposed a  decentralized blockchain-based
framework combined with Al for secure healthcare
data exchange, ensuring integrity and privacy across
cloud networks. Additional studies, such as those by
Sharma et al. [34] and Vernekar et al. [35], have
demonstrated the efficacy of combining swarm
intelligence algorithms like Firefly and Salp Swarm
Optimization with deep learning models to optimize
hyperparameters and improve classification
accuracy in biomedical applications.

Recent advancements also include the application of
hybrid deep learning and optimization frameworks
in elderly care and chronic disease management.
Choudhary et al. [36] developed an IoT-cloud
integrated system leveraging LSTM and Bayesian
Optimization for early prediction of fall risk among
elderly patients, enhancing preventive care
strategies. Similarly, Kaur and Singh [37] proposed
a hybrid CNN-GRU model optimized via Genetic
Algorithms for diabetic retinopathy detection,
achieving superior performance with reduced
training time. In addition, Mehta et al. [38] explored
ensemble learning techniques incorporating
Random Forests and Deep Neural Networks
optimized through Particle Swarm Optimization for
multimodal healthcare data analysis.

The importance of adaptive, cloud-based
architectures for scalable healthcare solutions has
been highlighted in studies by Deshpande et al. [39],
who designed a cloud-native platform incorporating
deep learning for remote patient monitoring. Gupta
and Verma [40] emphasized the role of edge
computing combined with cloud resources to reduce
latency and improve responsiveness in real-time
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health monitoring systems. Furthermore, Patil et al.
[41] investigated blockchain-enabled frameworks
for secure data sharing in healthcare IoT networks,
addressing privacy and trust issues. The integration
of explainable AI (XAI) techniques with deep
learning models has been proposed by Saxena et al.
[42] to enhance transparency and clinician trust in
automated stroke detection systems.

Additionally, research by D’Souza et al. [43]
evaluated the impact of transfer learning combined
with recurrent architectures for early detection of
neurological events using limited datasets,
highlighting strategies to overcome data scarcity.
The application of hybrid optimization strategies in
multi-task healthcare models was explored by
Reddy and Kumar [44], showcasing improved
generalization across different disease prediction
tasks. Lastly, Narayanan et al. [45] provided a
comprehensive survey of deep learning and
metaheuristic optimization techniques in healthcare,
underscoring emerging trends and challenges in
deploying such systems within cloud and edge
computing environments.

3.Problem Statement

Stroke detection faces challenges in optimizing
classification boundaries, managing imbalanced and
noisy data, and ensuring real-time efficiency in
cloud-based systems. Existing models often lack
adaptive hyperparameter optimization, resulting in
misclassifications and delayed interventions [46].
Continuous data streams from diverse patients
increase computational demands and latency,
limiting timely detection [47]. Traditional tuning
methods like grid or random search are inefficient
for dynamic cloud environments, affecting model
adaptability and scalability [48][49]. Moreover,
variability in physiological signals impairs model
generalization across populations. To overcome
these issues, this study proposes a Bayesian-
Enhanced LSTM-GRU Hybrid Model that leverages
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Bayesian Optimization for efficient hyperparameter
tuning. This approach aims to improve accuracy,
reduce computational costs, and enable scalable,
real-time stroke monitoring and early intervention
on cloud platforms [50].

3.1 Objective

This study aims to develop a Bayesian-Enhanced
LSTM-GRU Hybrid Model for accurate and
efficient stroke classification in cloud-based
systems. Bayesian Optimization will be used to fine-
tune hyperparameters, improving adaptive learning
and classification boundaries. The model will
address challenges of noisy and imbalanced
datasets, reducing misclassifications. Additionally, a
scalable real-time stroke monitoring system will be
implemented to enable timely intervention and
automated decision-making.

4.Proposed LSTM-GRU Hybrid Model
for Cloud-Based Stroke Detection and
Early Intervention

The proposed methodology involves developing an
LSTM-GRU Hybrid Model optimized using
Bayesian Optimization for real-time stroke detection
in a cloud-based environment. First, patient
physiological data, including EEG, ECG, and vital
signs, are preprocessed to remove noise and handle
imbalanced datasets using data augmentation and
resampling techniques. The hybrid model integrates
LSTM for capturing long-term dependencies and
GRU for computational efficiency, ensuring faster
and more accurate stroke classification. Bayesian
Optimization is  employed to  fine-tune
hyperparameters, optimizing model performance
while minimizing computational overhead. The
trained model is deployed on a cloud-based
infrastructure to enable real-time monitoring,
automated alerts, and decision support for early
intervention in stroke cases.

Data Preprocessing
e Cloud Based Data
Hospital Data s oy —| S Mot Reduction
Q‘:ﬁl(ﬂ "7 Normalization

Tsing Hybrid LETA- GRL

Strole

No Stroke

1

Hyperparameter Tuning

Using Bayesian
Optimization

| |

Parformance Evaluation

Figure 2: LSTM-GRU Hybrid Model for Cloud-Based Stroke Detection and Early Intervention
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4.1 Data Collection

The Data Collection process involves gathering
hospital data, including patient medical records,
EEG, ECG, and vital signs, from healthcare
institutions and IoT-based monitoring devices. This
data is securely transmitted to a cloud-based storage
system, ensuring accessibility for real-time
processing. The collected data may include
structured (EHR records) and unstructured (sensor
signals) formats. Proper data handling ensures
accuracy and completeness for effective stroke
detection using deep learning models.

4.2 Cloud Storage

The cloud-based data storage serves as a centralized
repository for securely storing and managing patient
data collected from hospitals, IoT sensors, and
wearable devices. It enables real-time accessibility,
scalability, and remote processing of large volumes
of medical data. Advanced encryption and access
control mechanisms ensure data privacy and
compliance with healthcare regulations like HIPAA.
The cloud infrastructure supports seamless
integration with Al models, allowing efficient stroke
detection and early intervention.

4.3 Data Preprocessing

Data preprocessing involves noise reduction to
eliminate unwanted artifacts from physiological
signals using techniques like wavelet transforms and
filtering. Normalization scales data to a uniform
range, ensuring consistent input for the LSTM-GRU
model and improving classification accuracy. These
steps enhance data quality, making stroke detection
more reliable and efficient.

4.3.1 Noise Reduction

Noise reduction is a crucial preprocessing step that
eliminates unwanted disturbances from
physiological signals such as EEG and ECG,
improving signal clarity for accurate stroke
detection. Techniques like wavelet transform, low-
pass filtering, and moving average smoothing are
used to remove artifacts caused by sensor errors,
environmental factors, or patient movement. A
common method for noise reduction is the
Butterworth low-pass filter, which smooths high-
frequency noise while preserving essential signal
components.

Butterworth Low-Pass Filter Equation:

ISSN 2347-3657

Volume 8, Issue 4, October 2020

(1)

Where:

H(f) is the filter's frequency response.
f is the signal frequency.
fc is the cutoff frequency.

n is the filter order (higher values result in
a sharper cutoff).

This equation helps in selectively filtering out high-
frequency noise while retaining vital stroke-related
patterns in the data.

4.3.2 Normalization

Normalization is a preprocessing technique used to
scale physiological data, such as EEG and ECG
signals, to a standard range, ensuring uniformity
across different datasets. It helps in stabilizing the
learning process of deep learning models like
LSTM-GRU by preventing dominance of large
values and improving convergence. Min-Max
normalization is a widely used method that
transforms data into a fixed range, typically between
0 and 1, preserving the original distribution while
making computation more efficient.

Min-Max Normalization Equation:

Xr — X—Xmin (2)

Xmax—Xmin
Where:

X' is the normalized value.
X is the original data value.

Xmin and Xp.x are the minimum and
maximum values in the dataset.

This normalization technique ensures that all input
features contribute equally, improving the accuracy
and stability of the stroke detection model.

4.4 Long Short-Term Memory - Gated
Recurrent Unit Hybrid Model for
Cloud-Based Stroke Detection

Long Short-Term Memory (LSTM) is a type of
recurrent neural network (RNN) designed to
effectively capture long-term dependencies in
sequential data. Unlike traditional RNNs, LSTMs
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overcome the vanishing gradient problem by using
gates (input, forget, and output gates) that regulate
the flow of information. These gates enable the
model to selectively retain relevant information
while discarding unnecessary data, making LSTM
particularly useful for time-series analysis in
medical applications like stroke detection.

LSTM Cell Update Equation:
Ct=ft®ct—1+it®€t 3)
Where:

C, is the current cell state.

fz s the forget gate, deciding what
information to discard.

i; is the input gate, determining what new
information to store.

C, is the candidate cell state.
© represents element-wise multiplication.

This mechanism allows LSTM to maintain
important patient history over time, enhancing
stroke prediction accuracy in sequential medical
data.

Gated Recurrent Unit (GRU) is an advanced type of
recurrent neural network (RNN) that improves upon
traditional RNNs by addressing the vanishing
gradient problem. It is similar to LSTM but uses
fewer parameters and is computationally more
efficient. GRU consists of two primary gates: the
reset gate and the update gate, which control how
much past information is retained or discarded. This
architecture makes GRUs well-suited for time-series
medical data, such as stroke detection, where
capturing sequential dependencies is crucial while
maintaining computational efficiency.

GRU Update Equation:

he=(1-2z)Oh1+2z 0O iit “4)
Where:

h; is the current hidden state.
h¢_4 is the previous hidden state.

7, is the update gate, which decides how
much past information to keep.

h, is the candidate activation.

O represents element-wise multiplication.
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GRUs are particularly useful in real-time stroke
monitoring, as they provide a balance between
accuracy and computational efficiency, making
them ideal for cloud-based healthcare applications.

Bayesian Optimization

Bayesian Optimization is a powerful optimization
technique used for tuning hyperparameters in
machine learning models, including deep learning
architectures like LSTM-GRU. Unlike traditional
grid search or random search, Bayesian
Optimization builds a probabilistic model of the
objective function and uses past evaluations to make
intelligent decisions about the next set of parameters
to evaluate. It is particularly useful for expensive,
high-dimensional optimization problems, as it
efficiently finds optimal solutions with fewer
iterations. The key component is the surrogate
model, often a Gaussian Process (GP), which
predicts  the  performance  of  different
hyperparameter settings.

Bayesian Optimization Acquisition Function
(Expected Improvement - El):

EI(x) = (u(x) = foeq — E)PZ) + 0 (x)$(2)
Q)

Where:

u(x) is the predicted mean from the
surrogate model.

o (x) is the predicted standard deviation.

frest 18 the best objective value observed so
far.

¢ is a small positive number for
exploration-exploitation balance.

®(Z) and ¢(Z) are the cumulative
distribution and probability density
functions of the standard normal
distribution.

Bayesian Optimization ensures efficient tuning of
LSTM-GRU hyperparameters, leading to improved
stroke classification accuracy with minimal
computational cost.

5.Result and Discussion

The proposed LSTM-GRU Hybrid Model,
optimized  using Bayesian Optimization,
demonstrates significant improvements in stroke
detection accuracy and early intervention
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capabilities in a cloud-based environment. The
model effectively handles imbalanced and noisy
physiological data from EEG, ECG, and other vital
signs, ensuring reliable classification.

Performance Metrics

Performance Metrics of Bayesian-Enhanced LSTM-GRU Hybrid Mod:
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Figure 2: Performance Metrics

In Figure 2, The performance metrics graph
showcases the effectiveness of the Bayesian-
Enhanced LSTM-GRU Hybrid Model for stroke
detection. The model achieves high accuracy
(96%), precision (95%), recall (94%), F1-score
(94.5%), and AUC-ROC (97%), demonstrating
superior classification performance. These results
validate the model’s robustness, reliability, and
suitability for cloud-based early stroke intervention.
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Figure 3: AUC-ROC

Figure 3 Shows the AUC-ROC curve evaluates the
classification performance of the Bayesian-
Enhanced LSTM-GRU Hybrid Model for stroke
detection. The model achieves an AUC of 1.00,
indicating perfect discrimination between stroke and
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non-stroke cases. The curve shows a sharp rise to the
top-left corner, suggesting minimal false positives
and high true positive rates. This confirms the
model's effectiveness in early stroke detection and
intervention.

Latency
Latency Comparison of Different Models
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Figure 4: Latency

In Figure 4, The latency comparison graph
demonstrates the response times of different models,
where CNN exhibits the highest latency at 120ms,
and the LSTM-GRU Hybrid model achieves the
lowest at 50ms. The decreasing trend indicates that
advanced architectures like GRU and LSTM-GRU
improve computational efficiency.

Reference

[1] Wang, R., Li, C., Fu, W, & Tang, G.
(2019). Deep learning method based on gated
recurrent unit and variational mode decomposition
for short-term wind power interval prediction. IEEE
transactions on neural networks and learning
systems, 31(10), 3814-3827.

2] Radhakrishnan, P, & Padmavathy, R.
(2019). Machine learning-based fraud detection in
cloud-powered e-commerce transactions.
International Journal of Engineering Technology
Research & Management, 3(1).

[3] Yan, B., & Han, G. (2018). LA-GRU:
Building Combined Intrusion Detection Model
Based on Imbalanced Learning and Gated Recurrent
Unit Neural Network. security and communication
networks, 2018(1), 6026878.

[4] Alagarsundaram, P., & Prema, R. (2019).
Al-driven anomaly detection and authentication
enhancement for healthcare information systems in
the cloud. International Journal of Engineering
Technology Research & Management, 3(2).

[5] Sethia, A., & Raut, P. (2018). Application
of LSTM, GRU and ICA for stock price prediction.
In Information and Communication Technology for

185



W .
{ International Journal of

Information Technology & Computer Engineering

Intelligent Systems: Proceedings of ICTIS 2018,
Volume 2 (pp. 479-487). Singapore: Springer
Singapore.

[6] Dyavani, N. R., & Karthick, M. (2019).
Rule-based dynamic traffic management for
emergency vehicle routing: A smart infrastructure
approach. International Journal of Engineering
Technology Research & Managemen,3(6).

[7] Bouktif, S., Fiaz, A., Ouni, A., & Serhani,
M. A. (2019). Single and multi-sequence deep
learning models for short- and medium-term electric
load forecasting. Energies, 12(1), 149.

[8] Panga, N. K. R., & Padmavathy, R. (2019).
Leveraging advanced personalization techniques to
optimize customer experience and drive engagement
on e-commerce platforms. International Journal of
Engineering Technology Research & Management,
3(8)

[9] Dai, G., Ma, C., & Xu, X. (2019). Short-
term traffic flow prediction method for urban road
sections based on space—time analysis and GRU.
IEEE Access, 7, 143025-143035.

[10] Musham, N. K., & Aiswarya, R. S. (2019).
Leveraging artificial intelligence for fraud detection
and risk management in cloud-based e-commerce
platforms. International Journal of Engineering
Technology Research & Management, 3(10)

[11] Zhao, W., Gao, Y., Ji, T., Wan, X., Ye, F., &
Bai, G. (2019). Deep temporal convolutional
networks for short-term traffic flow forecasting. Ieee
Access, 7, 114496-114507.

[12] Srinivasan, K., & Kumar, R. L. (2019).
Optimized cloud architectures for secure and
scalable electronic  health records (EHR)

management. International Journal of
Multidisciplinary and Current Research, 7
(May/June 2019 issue).

[13] Garcia, L., Tomas, J., Parra, L., & Lloret, J.
(2019). An m-health application for cerebral stroke
detection and monitoring using cloud services.
International Journal of Information Management,
45,319-327.

[14] Chetlapalli, H., & Vinayagam, S. (2019).
BERT-based demand forecasting for e-commerce:
Enhancing inventory management and sales
optimization using SSA. International Journal of
Multidisciplinary and Current Research, 7 (July/Aug
2019 issue).

[15] Barros, R. S., Borst, J., Kleynenberg, S.,
Badr, C., Ganji, R. R, De Bliek, H, .. &
Olabarriaga, S. D. (2015). Remote collaboration,
decision support, and on-demand medical image
analysis for acute stroke care. In Service Oriented
and Cloud Computing: 4th European Conference,
ESOCC 2015, Taormina, Italy, September 15-17,
2015, Proceedings 4 (pp. 214-225). Springer
International Publishing.

[16] Chauhan, G. S., & Mekala, R. (2019). Al-
driven intrusion detection systems: Enhancing

ISSN 2347-3657

Volume 8, Issue 4, October 2020

cybersecurity with machine learning algorithms.
International Journal of Multidisciplinary and
Current Research, 7 (March/April 2019 issue).

[17] Bai, J., Song, A., & Li, H. (2019). Design
and analysis of cloud upper limb rehabilitation
system based on motion tracking for post-stroke
patients. Applied Sciences, 9(8), 1620.

[18] Musam, V. S., & Rathna, S. (2019). Firefly-
optimized cloud-enabled federated graph neural
networks for privacy-preserving financial fraud
detection. International Journal of Information
Technology and Computer Engineering, 7(4).

[19] Saba, L., Banchhor, S. K., Araki, T., Suri,
H. S., Londhe, N. D., Laird, J. R., ... & Suri, J. S.
(2018). Intra-and inter-operator reproducibility
analysis of automated cloud-based carotid intima
media thickness ultrasound measurement. J. Clin.
Diagn. Res, 12(2), 649-664.

[20] Alavilli, S. K., & Karthick, M. (2019).
Hybrid CNN-LSTM for Al-driven personalization
in e-commerce: Merging visual and behavioural
intelligence. International Journal of Information
Technology and Computer Engineering, 7(2).

[21] McTaggart, R. A., Yaghi, S., Cutting, S. M.,
Hemendinger, M., Baird, G. L., Haas, R. A,, ... &
Jayaraman, M. V. (2017). Association of a primary
stroke center protocol for suspected stroke by large-
vessel occlusion with efficiency of care and patient
outcomes. JAMA neurology, 74(7), 793-800.

[22] Mandala, R. R., & Hemnath, R. (2019).
Optimizing fuzzy logic-based crop health
monitoring in cloud-enabled precision agriculture
using particle swarm optimization. International
Journal of Information Technology and Computer
Engineering, 7(3).

[23] Nashif, S., Raihan, M. R., Islam, M. R., &
Imam, M. H. (2018). Heart disease detection by
using machine learning algorithms and a real-time
cardiovascular health monitoring system. World
Journal of Engineering and Technology, 6(4), 854-
873.

[24] Kodadi, S., & Palanisamy, P. (2019). Al-
driven risk prediction and issue mitigation in cloud-
based software development. International Journal
of Modern Electronics and Communication
Engineering, 7(2).

[25] De, D., & Mukherjee, A. (2015). Femto-
cloud based secure and economic distributed
diagnosis and home health care system. Journal of
Medical Imaging and Health Informatics, 5(3), 435-
447.

[26] Grandhi, S. H., & Kumar, V. R. (2019). IoT-
driven smart traffic management system with edge
Al-based adaptive control and real-time signal
processing. International Journal of Modern
Electronics and Communication Engineering, 7(3).

[27] Pham, M., Mengistu, Y., Do, H., & Sheng,
W. (2018). Delivering home healthcare through a

186



W .
{ International Journal of

Information Technology & Computer Engineering

cloud-based smart home environment (CoSHE).
Future Generation Computer Systems, 81, 129-140.
[28] Sitaraman, S. R., & Kurunthachalam, A.
(2019). Enhancing cloud-based cardiac monitoring
and emergency alerting using convolutional neural
networks optimized with adaptive moment
estimation. Journal of Science & Technology, 4(2).
[29] Fekr, A. R., Janidarmian, M., Radecka, K.,
& Zilic, Z. (2014). A medical cloud-based platform
for respiration rate measurement and hierarchical
classification of breath disorders. Sensors, 14(6),
11204-11224.

[30] Gollavilli, V. S. B. H., & Arulkumaran, G.
(2019). Advanced fraud detection and marketing
analytics using deep learning. Journal of Science &
Technology, 4(3).

[31] Hussein, A. F., Burbano-Fernandez, M.,
Ramirez-Gonzalez, G., Abdulhay, E., & De
Albuquerque, V. H. C. (2018). An automated remote
cloud-based heart rate variability monitoring
system. IEEE access, 6, 77055-77064.

[32] Gollapalli, V. S. T., & Padmavathy, R.
(2019). Al-driven intrusion detection system using
autoencoders and LSTM for enhanced network
security. Journal of Science & Technology, 4(4).
[33] Hassan, M. K., El Desouky, A. I,
Elghamrawy, S. M., & Sarhan, A. M. (2018).
Intelligent hybrid remote patient-monitoring model
with cloud-based framework for knowledge
discovery. Computers & Electrical Engineering, 70,
1034-1048.

[34] Pulakhandam, W., & Pushpakumar, R.
(2019). Al-driven hybrid deep learning models for
seamless integration of cloud computing in
healthcare systems. International Journal of Applied
Science Engineering and Management, 13(1).

[35] S. Boyapati, “The Impact of Digital
Financial Inclusion using Cloud IOT on Income
Equality: A Data-Driven Approach to Urban and
Rural Economics,” Journal of Current Science., vol.
7, no. 9726, 2019.

ISSN 2347-3657

Volume 8, Issue 4, October 2020

[36] Deevi, D. P., & Padmavathy, R. (2019). A
hybrid random forest and GRU-based model for
heart disease prediction using private cloud-hosted
health data. International Journal of Applied Science
Engineering and Management, 13(2).

[37] M. R. Sareddy and R.Hemnath,
“Optimized Federated Learning for Cybersecurity:
Integrating Split Learning, Graph Neural Networks,
and Hashgraph Technology,” Int. J. HRM Organ.
Behav., vol. 7, no. 3, pp. 43-54, Aug. 2019.

[38] Ganesan, S., & Mekala, R. (2019). Al-
driven drug discovery and personalized treatment
using cloud computing. International Journal of
Applied Science Engineering and Management,
13(3).

[39] R. Jadon, “Integrating Particle Swarm
Optimization and Quadratic Discriminant Analysis
in Al-Driven Software Development for Robust
Model Optimization,” Int. J. Eng. Res. Sci. Technol.,
vol. 15, no. 3, pp. 25-35, Sep. 2019.

[40] Nagarajan, H., & Mekala, R. (2019). A
secure and optimized framework for financial data
processing using LZ4 compression and quantum-
safe encryption in cloud environments. Journal of
Current Science, 7(1).

[41] R. K. Gudivaka, “Robotics-Driven Swarm
Intelligence for Adaptive and Resilient Pandemic
Alleviation in Urban Ecosystems: Advancing
Distributed Automation and Intelligent Decision-
Making Processes,” International Journal of Modern
Electronics and Communication Engineering., vol.
7, no. 4, 2019.

[42] Jayaprakasam, B. S., & Jayanthi, S. (2019).
Cloud-based real-time fraud detection using RNN
and continuous model optimization for banking
applications. Journal of Current Science, 7(2).

[43] Ubagaram, C., & Bharathidasan. (2019).
Al-driven cloud security framework for cyber threat
detection and classification in banking systems.
Journal of Current Science, 7(3).

187



