ISSN NO: 9726-001X j’

JOURNALOF
/CURRENT SCIENCE

ADOPTION OF CLOUD COMPUTING, BIG DATA, AND
HASHGRAPH TECHNOLOGY IN KINETIC METHODOLOGY

Volume 7 Issue 03 2019

Rama Krishna Mani Kanta Yalla,
Wipro Ltd, Hyderabad, Telangana, India
ramakrishnayalla207@gmail.com
Akhil Raj Gaius Yallamelli,

Dell Technologies, Hyderabad, Telangana, India
akhilyallamelli939@gmail.com
Vijaykumar Mamidala,

Conga (Apttus), Broomfield, CO, USA
vmamidala.cs@gmail.com

ABSTRACT

A potent strategy for organizing and evaluating massive amounts of data is to integrate big data, hashgraph, and cloud
computing within the framework of the Kinetic methodology. Scalable resources are made available via cloud
computing, enabling rapid and safe processing of large datasets. Better decision-making results from the extraction of
insightful information made possible by big data analytics. Hashgraph technology, renowned for its quick and safe
consensus process, guarantees operational effectiveness and data integrity. In addition to addressing issues with
interoperability, scalability, and regulatory compliance, this study looks at how various technologies might be
combined to enhance productivity, decision-making, and data security.
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1 INTRODUCTION

"Adoption of cloud computing for big data" outlines the way companies and organizations effectively handle and
analyze massive amounts of data using cloud technologies. Scalable resources, which cloud computing offers, are
essential for handling the massive volumes of data produced in today's digital environment. Businesses that use cloud
platforms can quickly process data, store it safely, and use advanced analytics to extract insightful information. This
methodology not only lowers infrastructure expenses but also improves data security and permits instantaneous
decision-making. By utilizing data-driven insights to stimulate company growth and innovation, cloud computing for
big data ultimately helps firms maintain their competitiveness.

Combining sophisticated distributed ledger technology with a dynamic methodology that emphasizes constant
advancement and mobility is what is meant by the integration of hashgraph technology into the Kinetic methodology.
Kinetic approach is improved by Hashgraph, which is well-known for its effective consensus mechanism that
leverages virtual voting and talk about gossip. It guarantees quick and fair validation of data and transactions. In
dynamic contexts where the Kinetic technique is applied, this integration seeks to support operational efficiency,
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scalability, and data security. It supports flexible and responsive operations across a variety of sectors and applications
by facilitating quick data processing, reducing latency, and preserving data integrity.
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The combination of cutting-edge technologies like cloud computing, big data analytics, and hashgraph technology is
transforming companies globally in the current digital era. These developments are essential for improving security,
scalability, and efficiency in a wide range of applications, including the dynamic field of kinetic methodology.

Through the use of remote servers, cloud computing provides scalable and flexible computer services via the internet.
Large datasets are processed using big data analytics to provide insightful information that promotes wise decision-
making. A type of distributed ledger technology known as hashgraph technology, which is distinguished by its quick
transaction processing and strong security features, guarantees safe and effective consensus in decentralized networks.

The requirement to effectively manage enormous volumes of data led to the development of these technologies. With
the introduction of services like Amazon Web Services (AWS), which allowed companies to grow operations with
ease, cloud computing gained popularity. Big data analytics became necessary at the same time to find patterns in
large datasets. With hashgraph technology, distributed ledger systems' scalability problems were resolved, and a fresh
method for quick and safe transaction validation was provided.

Important platforms are Hedera Hashgraph for distributed ledger applications; Apache Hadoop, Spark, and Kafka for
large data processing; and AWS, Microsoft Azure, and Google Cloud for cloud computing.

Prominent technology firms, corporations, and academic institutions have embraced these technologies. Big data and
cloud computing are used by businesses like Amazon, Netflix, and financial institutions to increase operational
efficiency. Hashgraph is used in industries where quick and safe transactions are necessary.

Notwithstanding the progress made, there are still deficiencies in thorough research that include these technologies
into the Kinetic Methodology framework and tackle issues such as scalability and interoperability.

The primary objectives of integrating cloud computing, big data, and Hashgraph technology into the Kinetic
Methodology include:

e Enhanced Efficiency: Leveraging cloud resources for scalable infrastructure and real-time data processing to
streamline operations.

e Data-Driven Insights: Utilizing big data analytics to derive actionable insights and improve decision-making
processes.

e Secure and Efficient Transactions: Implementing Hashgraph to ensure secure, fast, and reliable transaction
processing in dynamic environments.

In integrating these technologies into Kinetic Methodology, there are a number of challenges to be overcome,
including interoperability, data security, managing scalability, and regulatory compliance.

This study aims to give practical insights for enterprises navigating these disruptive technologies effectively by
examining the benefits and implications of implementing cloud computing, big data analytics, and hashgraph
technology inside Kinetic Methodology.

2 LITERATURE SURVEY

In order to address the particular difficulties in heterogeneous catalysis, Medford et al. (2018) develop catalysis
informatics, a domain at the nexus of cheminformatics and materials informatics. Despite having decades-old roots,
the topic has lately acquired popularity as a result of developments in computational techniques, machine learning,
and data infrastructure. The authors use microkinetic models to produce predictive hypotheses for catalytic materials,
highlighting the hierarchy of data, information, and knowledge. They highlight potential for the future, such as
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enhanced experiment/theory coupling and open-source tools for the automated identification and enhancement of
catalytic processes.
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According to Ur Rehman et al. (2016), systems processing gigabytes of data every second are experiencing the rise of
fast data in big data analytics. The six variables that determine the complexity of contemporary big data are volume,
velocity, value, variety, variability, and truthfulness. In order to overcome the curse of dimensionality, the emphasis
is on narrowing data streams in order to remove noise, inconsistency, and redundancy. In addition to reviewing a
number of big data reduction techniques, such as network theory, compression, dimension reduction, data mining, and
machine learning, the article also lists unresolved research issues in this field.

Chiang et al. (2017) emphasize the importance of big data analytics in turning data into insights that can be used to
improve operational and business choices. The difficulty lies in utilizing the appropriate tools to make prompt
decisions as sectors such as food, energy, semiconductors, chemicals, and medicines gather more data from various
sources. The essay describes developments in these fields and looks at platform, technological, and cultural issues
while highlighting the necessity of corporate, academic, and governmental cooperation to promote innovation and
workforce development.

Big data analytics is investigated by Cai & Mahadevan (2018) for the measurement of uncertainty in structural
diagnosis and prognosis. Modern smart sensor technology generates enormous volumes of data, making traditional
analytics techniques inadequate. The authors provide a software method to efficiently handle massive amounts of
sensor data by parallelizing data processing. For diagnosis, they use Bayesian techniques and parallelized simulations
such as particle filters and Markov-chain Monte Carlo; for damage prediction, they use Monte Carlo simulations.
Through the diagnosis and prediction of alkali-silica reactions in concrete structures, the technique demonstrates a
significant reduction in computing costs.

Alias et al. (2018) talk about how the Fourth Industrial Revolution (4iR) is causing a transition from straightforward,
small-scale simulations to intricate models and big data analytics. They emphasize that in order to handle large-scale
data, sophisticated mathematical models, numerical techniques, and high-performance computing (HPC) are required.
To improve prediction, decision-making, and accuracy, the study suggests a conceptual framework for big data
classification and parallel computing. This strategy seeks to improve technological, economic, and social
developments in the 4iR while addressing data handling constraints.

Vargas-Solar et al. (2017) point out that data management faces difficulties due to the proliferation of new gear and
constant data output. They support algorithms and procedures that make use of the adaptable "pay-as-you-go"
paradigm, which balances costs and available processing power, as opposed to depending on fixed resources. Key
features like security, dependability, and adaptability must be ensured while supporting scalable and elastic
architectures that can handle Big Data in systems like smart cities and healthcare. In order to meet the issues posed by
Big Data, the article explores architectures that provide effective data management as services.

Hopkins & Hawking (2018) investigate how business processes are changing as a result of technological
advancements, particularly in the areas of big data analytics (BDA) and the internet of things (IoT). The study looks
at how these technologies are applied to lower operating costs, enhance driver safety, and diminish the environmental
effect of trucks, with a focus on a sizable logistics company. The research uses a case study methodology and real-
world data to provide insights into how BDA and IoT assist logistics strategy objectives.

Snasel et al. (2017) show how topological and geometric techniques are used in modern data science to examine big
datasets. For the study of complicated data structures, geometry—which concentrates on distances—and topology—
which investigates relationships of closeness without depending on distance—are perfect. Through the use of point
cloud data—finite samples from geometric objects—these techniques provide data features in compressed formats.
Prior to using more supervised or unsupervised techniques, this method offers a potent tool to evaluate data by assisting
in the discovery of patterns and linkages.

Bhat (2018) draws attention to the widening data-capacity divide in big data storage as a result of the data being
produced so quickly, particularly with the combination of IoT and cloud computing. Alternatives with higher storage
density, throughput, and longevity are being researched because current storage technologies are unable to keep up
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with the growing demand. This paper investigates three new technologies for data storage: optical, DNA, and
holographic. It compares these technologies with current approaches and looks at their latest developments. It assesses
their possibilities, difficulties, and chances of closing the big data storage gap as well.
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Muhammad et al. (2018) point out that despite worries about security and privacy, little thought is given to consumers'
desire to leave digital traces on social media. By evaluating the literature from 2002 to 2017, the research provides a
conceptual framework to close this gap. Customers' willingness is largely influenced by their own actions, the
advantages of technology, societal influence, and privacy concerns. This paradigm provides useful insights for future
study and real-world applications in the creation of digital footprints on social media, improving our understanding of
technology adoption.

According to Bangui et al. (2018), cloud computing helps the Internet of Things flourish by providing Quality of
Service (QoS), but because of its high latency and remote cloud services, it has trouble enabling real-time IoT
applications. Edge cloud computing has arisen as a solution to this, putting services closer to IoT devices. The
difficulties with this decentralized strategy are yet unclear, though. The transition from centralized to decentralized
platforms is examined in this study, along with the advantages and disadvantages of highly distributed edge
environments.

Yang et al. (2017) offer a cloud-based control system in an effort to solve the problem of optimal energy management
in plug-in hybrid electric buses (PHEBs). This system works in two stages: online, where a support vector machine
detects real-time situations, and offline, where driving conditions are clustered using K-means and Markov matrices
to anticipate the behavior of bus drivers. Stochastic receding horizon control is then used by the framework to
maximize energy consumption. Tests and simulations demonstrate large gains in fuel efficiency, with fuel usage
leveling as traffic data feedback rises.

3 KINETIC METHODOLOGY

Kinetic approaches ended up completely transformed by the use of cutting-edge technologies like big data, cloud
computing, and hashgraph technology. These technologies improve transactional efficiency, data storage capacity,
and processing power, which results in kinetic analyses that are more trustworthy and accurate. This approach
describes the process of integrating different technologies, focusing on their useful uses and technical features.
Scalable infrastructure is provided by cloud computing platforms such as AWS, Azure, or GCP, which are crucial for
kinetic approaches. Virtual machines (VMs) with the right CPU, memory, and GPU settings can be assigned to
researchers. Large datasets are safely stored using cloud-based storage solutions like AWS S3 or Azure Blob Storage,
and auto-scaling policies make sure that computing resources adapt dynamically to workload demands.

With a greater abstraction level offered by PaaS platforms like Google App Engine or Azure App Services, researchers
may concentrate on creating and implementing kinetic models rather than worrying about maintaining the underlying
infrastructure. These solutions enable scalable, resilient deployment, provide built-in integration services to connect
several data sources, and make it easier to create a development environment for testing and coding. Cloud-hosted
SaaS apps are perfect for certain kinetic analysis activities. The workflow for kinetic studies can be streamlined by
researchers by identifying, configuring, and using SaaS solutions designed for data analysis, simulations, and report
preparation.
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Figure 1. High-Level System Architecture

Figure 1 illustrates large-scale datasets from many sources can be gathered and ingested with the aid of big data
technologies and solutions such as AWS Glue, Apache Kafka, and Apache NiFi. To provide effective and scalable
data management, these datasets are housed in big data platforms like HDFS, Amazon Redshift, or Google BigQuery.
In kinetic approaches, the extraction of significant insights requires the processing of huge datasets. Distributed data
processing is done using frameworks like Google Dataflow, Apache Spark, and Apache Flink. Patterns and
correlations are found by machine learning models created with libraries like TensorFlow, PyTorch, or Scikit-learn,
while data transformation techniques clean, standardize, and preprocess the data. The interpretation of kinetic analysis
data is aided by visualization tools such as Tableau, Power BI, and Apache Superset. In order to facilitate decision-
making, these systems produce interactive dashboards that track important parameters, show trends, and provide
thorough reports.
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Figure 2. Data flow architecture of distributed ledger technology
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Figure 2 examines the distributed ledger technology known as hashgraph is perfect for kinetic techniques that demand
dependable and quick transaction processing since it offers high throughput, low latency, and better security. It ensures
quick and equitable transaction validation by using a virtual voting mechanism to reach consensus and a gossip
protocol to spread information effectively. In order to withstand malicious attacks, Hashgraph additionally provides
asynchronous Byzantine Fault Tolerance, or aBFT. By keeping a ledger of all transactions, including simulation results
and experimental data, hashgraph guarantees data integrity. By establishing an unchangeable ledger that offers a
verifiable history of kinetic data, its consensus process confirms these transactions.

HASHGRAPH INTEGRATION
ARCHITECTURE

Transaction
Processing

aBFT ensures Hashgraph technology
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Figure 3. Architecture of Hashgraph Integration

Hashgraph enables academics to collaborate in a transparent and safe manner by using permissioned networks that
manage data access in figure 3. Audit trails track data access and updates, improving transparency and accountability,
and smart contracts automate data-sharing agreements and ensure adherence to study standards. Kinetic techniques
are more reliable and efficient when cloud computing, big data, and hashgraph technology are combined into a single
workflow. To maintain data integrity, this entails creating a smooth workflow that makes the most of each technology's
advantages, automating operations related to data intake, processing, and analysis, and utilizing Hashgraph for real-
time data validation and transaction processing.

Feature Description

Usa

ge
Consensus Virtual voting, gossip protocol Transaction
Mechanism Validation
Data Integrity Immutable ledger
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Data
Security

[]

Secure Data
Sharing

Collaboration Permissioned networks, smart contracts

Table 1: Hashgraph Technology Features and Usage.

Algorithm: Integration of Cloud Computing, Big Data, and Hashgraph Technology in Kinetic
Methodologies

Inputs:

K: Kinetic model requiring computational power
M: Number of data sources

D: Size of the dataset

N: Number of nodes (VMs or processing units)
L: Latency for real-time validation

T: Time period for data storage and processing
H: Total number of transactions for consensus

A: Transaction arrival rate

p: Step size for data processing (learning rate)
P: Processing power of each node

U: Utilization factor of each node

Outputs:

C: Computational power required

R: Data ingestion rate

S: Storage requirement

Tp: Time required for data processing

X': Transformed data

¥: Predictive model output

Te: Consensus time for transaction validation
L: Latency for real-time validation

V: Visualization of results

Initialization:

1. Initialize computational power C to zero.

2. Initialize data ingestion rate R to zero.

13
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3. Initialize storage requirement S to zero.
4. Initialize processing time T,, to zero.
5. Initialize consensus time T, to zero.
6. Initialize latency L to zero.
1.  Compute Computational Power:
C=%L, P-U (1
The total computational power C is calculated by summing the products of the processing power P; and utilization

factor U; for each of the N virtual machines or processing nodes. This step ensures the dynamic allocation of
computational resources based on workload demands.

2. Compute Data Ingestion Rate:

The data ingestion rate R is computed by summing the ingestion rates 7; from each of the M data scurces. This step

handles the real-time or batch ingestion of data into the cloud infrastructure.

3. Compute Starage Requirement:

S=R-T 3)

The starage recuirement S for a time period T is calculated as the product of the data ingestion rate R and the time
period T. This ensures adequate storage capocity for the ingested data.

4.  Compute Data Pracessing Time:

T, = < )

2k-1 Sk

The time required for data processing T,, is determined by dividing the dataset size D by the tatal processing speed of

all nodes ¥:¥_, S,. This step facilitates efficient cistributed processing of large datasets.
5. Transform Data:

X'=T(X) )

The transformation of data X' is repesented as X' = T(X), where T is the transformation function applied to the
dataset. This peepares the data for further analysis.

6. Compute Predictive Model:

Y =XB+e (6)

The predictive model output y" is computed using the transfommed data X', model coefficients 3, and an error term
€. This step applies machine learning techniques to identify parterrs and correlations.

7. Compute Consensus Time:

=" ™)

14
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The consensus time T, for transaction validation in Hashgraph is calculated as the ratio of the tatal number of
transactions H to the number of nodes N. This step ensures fast and reliable trans-sction validation.
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8. Compute Latency for Real-Time Validation:

L=~ €)]

The latency L for real-time data validation is determined by dividing the consensus time T, by the transaction arrival

rate A. This step ensures minimal latency in transaction processing.

9. Data Integrity and Audit:

For each transaction D; :
D; is valid if H(D;) = H(D;_,) 9

The integrity of data D; is checked by comparing its cryptographic hash H (D;) with the hash of the previous transaction
H(D;_,). This step ensures data accuracy and reliability.

10. Visualizaticn:

Map processed data to graphical representation
V:X->G (10)

The processed data X is mapped to a graphical representation G for visualization purposes. This step aids in
interpreting and presenting the results.

Output:

Return computational power C, data ingestion rate R, storage requirement S, processing time T, transformed data X',
predictive model autput y”, consensus time T, latency L, and visualization V.

This algorithm outlines the integration of cloud computing, big data, and Hashgraph technology into kinetic
methodologies.

4 RESULT AND DISCUSSION

Data-driven insights, secure transaction processing, and operational efficiency have all been greatly improved by
incorporating cloud computing, big data analytics, and hashgraph technology into the Kinetic Methodology. Scalable
resources provided by cloud computing allow businesses to process massive amounts of data quickly and make better
decisions. Encouraging innovation and more informed corporate strategy are two outcomes of using big data analytics:
revealing hidden patterns and trends within large datasets. Furthermore, because of its effective consensus method
and strong security features, hashgraph technology guarantees quick and safe transaction confirmation.

The Kinetic Methodology framework's scalability, data security, and interoperability issues are all addressed by this
integration. The infrastructure required for storing and analysing massive datasets is provided by cloud platforms such
as AWS, Microsoft Azure, and Google Cloud. Data analysis and management are made possible by big data tools like
Spark, Kafka, and Apache Hadoop. Hashgraph technology improves the dependability and integrity of data
transactions with its quick transaction processing and Byzantine Fault Tolerance. This thorough integration promotes
a transparent and cooperative environment for organisations and researchers while optimising kinetic processes. To
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fully realise the potential of these technologies in dynamic situations, however, issues like maintaining interoperability
and complying with regulations must be addressed.

Adoption Rate of Technologies in Various Sectors
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Fig. 1. Adoption Rate of Technologies in Various Sectors

The adoption rate of big data, cloud computing, and hashgraph technologies across several industries, including
manufacturing, healthcare, and finance, is depicted in this fig 1. The graph illustrates how widely used cloud
infrastructure is for data processing needs, with cloud computing having the highest adoption rate, followed by big
data and hashgraph technology.
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Fig. 2. Efficiency Improvement Over Time

The gain in operational efficiency over time as a result of the Kinetic Methodology's integration of hashgraph
technology, cloud computing, and big data analytics is illustrated by this fig 2. The efficiency curve steadily increases,
suggesting that utilising both technologies together greatly improves output and performance.
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Fig. 3. Distribution of Data Processing Tasks

The distribution of different data processing jobs performed by hashgraph technology, big data analytics, and cloud
computing is shown in this fig 3. According to the figure, cloud computing handles a significant amount of data
processing, with big data analytics handling in-depth analysis and hashgraph technology handling safe transaction
validation.

5 CONCLUSION

The efficiency of data management and analysis is improved by incorporating big data, cloud computing, and
hashgraph technologies into the Kinetic methodology framework. Large dataset handling infrastructure is provided
by cloud computing, and big data analytics delivers insights for improved decision-making. Hashgraph technology
uses a robust consensus process to guarantee data security and integrity. When these technologies work together, they
provide a dynamic system that improves responsiveness and operational efficiency in a variety of industries. To fully
realize the potential of these technologies in revolutionizing smart environments, however, issues like interoperability,
data security, and regulatory compliance still exist and need to be constantly addressed.

Subsequent enhancements can concentrate on creating sophisticated standards for smooth interaction among various
devices and systems. Using quantum-resistant algorithms to strengthen data security can help defend against new

17



ISSN NO: 9726-001X Aﬂ) e

Volume 7 Issue 03 2019 i

JOURNALOF
CURRENT SCIENCE

types of cyberattacks. Including edge computing may also improve real-time data processing and lower latency.
Regulatory compliance frameworks must be updated on a regular basis in order to protect sensitive data and keep up
with the rapidly changing technology world.
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