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Abstract

Cloud computing has dramatically transformed how organisations handle data, offering scalability and flexibility, but it also brings about
significant cybersecurity challenges. Sharing threat intelligence within cloud communities is crucial for mitigating the risks, yet existing methods
often struggle due to issues like trust, interoperability, and privacy. This research introduces a framework for improving threat intelligence
sharing among cloud service providers using blockchain, artificial intelligence, and federated learning technologies. By thoroughly examining
current practices and conducting detailed case studies, the framework is shown to enhance collaboration and bolster the security of cloud
environments. The results suggest that overcoming the primary obstacles can achieve a secure and scalable solution that significantly improves

cybersecurity resilience across cloud platforms.
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INTRODUCTION

In recent years, cloud computing has drastically transformed
how organisations handle, process, and store data. With its
ability to offer unmatched scalability, flexibility, and cost-
effectiveness, cloud services have become a cornerstone of
modern business operations across various industries.
However, as the adoption of cloud technology continues to
expand, so does the complexity and sophistication of cyber
threats within these environments. The inherent characteristics
of cloud infrastructures, such as their distributed nature and
multitenant design, introduce specific security challenges that
traditional cybersecurity measures often struggle to address
effectively [18]. Sharing threat intelligence within cloud
communities is vital for bolstering cybersecurity defence. By
allowing organisations to exchange actionable insights on
emerging threats, such collaboration dramatically enhances the
ability to detect, mitigate, and respond to cyber-attacks [22].
Nevertheless, current approaches to threat intelligence sharing
frequently encounter obstacles, including a lack of trust
between stakeholders, concerns about data privacy, and the
absence of standardised frameworks that enable seamless
information sharing across diverse platforms [8]. This research
aims to tackle these issues by introducing an innovative
framework to improve threat intelligence sharing among cloud
service providers. The proposed framework leverages
advanced technologies like blockchain, artificial intelligence
(Al), and federated learning to overcome barriers to effective
collaboration [1]. This work's importance lies in its potential to
enhance the overall security posture of cloud environments,
making them more robust against the ever-evolving landscape
of cyber threats. The primary goal of this study is to develop a
comprehensive framework that supports secure, scalable, and
efficient threat intelligence sharing within cloud communities.
The objectives include examining current practices, identifying
key challenges, and validating the proposed framework
through case studies.
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The findings suggest that by addressing the main obstacles to
threat intelligence sharing, significant improvements can be
achieved in the security and resilience of cloud infrastructures
[18]. By offering a robust and forward-thinking solution to the
challenges in this field, this study contributes to the broader
perspective of enhancing cybersecurity in cloud computing,
ultimately ensuring that organisations can adopt cloud
technologies with greater confidence and security.

Related Work

The rapid adoption of cloud computing has necessitated a
greater focus on cybersecurity. Effective collaboration among
cloud service providers (CSPs) and other stakeholders has
become increasingly crucial as organisations migrate their
operations to the cloud. This section reviews the current
research landscape, highlighting key frameworks, challenges,
and differing perspectives on how to facilitate threat
intelligence sharing best. One notable framework in this area is
the Cloud Security Alliance's STAR Threat Intelligence
Framework, which offers guidelines for the secure exchange of
threat intelligence within cloud environments. The framework
emphasises standardisation and interoperability, essential for
seamless data exchange across various platforms [18]. Despite
its widespread recognition, critics have pointed out the
complexity of the STAR framework and the difficulties
organisations face in implementing it across different cloud
systems. Another significant initiative is the Trusted
Automated Exchange of Indicator Information (TAXII)
protocol, developed by OASIS's Cyber Threat Intelligence
Technical Committee. Developers designed TAXII 2.0 to
streamline sharing cyber threat intelligence, including
indicators of compromise (IoCs), in a machine-readable
format. Although many have acclaimed TAXII for its potential
to enhance information exchange between entities, its adoption
must be consistent, with concerns about its ability to scale in
fast-evolving cloud environments [22]. Interoperability and
data standardisation continue to be significant obstacles in
sharing threat intelligence. The Structured Threat Information
Expression (STIX) language, developed alongside TAXII,
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aims to address these issues by providing a standardised format
for representing threat data. However, the uneven adoption of
STIX across different platforms has led to fragmentation,
which weakens the overall effectiveness of threat intelligence
sharing [8].

To better understand the roles and interactions of these
frameworks, Figure 1 provides a comparative overview that
highlights their key features and overlaps.
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Figure 1. Comparative Overview of Threat Intelligence Sharing
Frameworks. (STAR, TAXII, and STIX)

Trust and privacy concerns also significantly impact the
effectiveness of threat intelligence sharing. Many organisations
hesitate to share sensitive data due to fears of exposing
vulnerabilities or violating privacy regulations. Zhang and Lee
(2021) emphasise that fostering trust among stakeholders is
vital for encouraging a culture of information sharing within
cloud communities. They advocate for using privacy-
preserving technologies, such as differential privacy and
homomorphic encryption, to mitigate these concerns. These
technologies present their challenges, adding complexity and
needing to deliver the expected level of security consistently
[7]. Adopting Threat Intelligence Platforms (TIPs) has played
a critical role in improving threat data collection, analysis, and
distribution across cloud environments. TIPs act as centralised
hubs for threat intelligence, facilitating the correlation of
security events and the automation of threat detection
processes. Interoperability issues and the varying quality of
shared data can hamper the effectiveness of these systems [15].
Experts frequently discuss emerging technologies, such as
blockchain and artificial intelligence, for their potential to
enhance threat intelligence sharing. They often propose
blockchain, with its decentralised and immutable ledger, as a
solution to ensure the integrity and trustworthiness of shared
data. Nevertheless, some researchers question whether the
benefits of blockchain outweigh its challenges, particularly
regarding scalability and energy consumption [5]. Similarly,
while Al holds promise for automating and refining threat
detection and analysis, concerns about the accuracy of Al
models and potential biases in training data persist [8].
Collaborative frameworks, such as Information Sharing and
Analysis Centres (ISACs), have proven effective in specific
industries, fostering cooperation and enhancing stakeholder
situational awareness. These centres facilitate the exchange of
threat intelligence and best practices within specific sectors.
However, their effectiveness can be limited by varying
participation levels and cross-sector collaboration difficulties

[1].

In summary, the current research on threat intelligence sharing
within cloud communities reveals a range of approaches and
ongoing debates about the most effective methods for fostering

collaboration. While frameworks like STAR and TAXII have
established a foundation, challenges related to interoperability,
trust, privacy, and integrating new technologies remain
significant. Future research must address these challenges and
explore innovative models to keep pace with the rapidly
changing cybersecurity landscape.

METHODOLOGY

This section describes techniques and processes for developing
the proposed framework to enhance threat intelligence sharing
within cloud environments. The framework addresses critical
challenges such as interoperability, trust, privacy, and
scalability, which are essential for cloud service providers
(CSPs). Carefully selected case studies reflecting common
scenarios faced by CSPs validate the framework's practical
effectiveness.

Framework Development

Technologies and Tools: The proposed framework
incorporates several advanced technologies to overcome the
significant challenges.

* Blockchain Technology: Blockchain serves as a
foundational element of the framework, offering a
decentralised and tamper-proof ledger to record shared
threat intelligence. This ensures that data remains secure,
transparent, and unalterable.

* Artificial Intelligence (AI): Al-powered analytics enhance
threat detection and analysis capabilities. Machine learning
models, especially those focused on anomaly detection and
predictive insights, are trained on diverse datasets to
identify patterns that could indicate potential security
threats.

* Federated Learning: The framework employs federated
learning to safeguard data privacy. This technique allows
multiple organizations to collaboratively train AI models
using their local datasets without sharing the actual data.
This approach ensures that sensitive information remains
protected while still benefiting from collective intelligence.
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Figure 2. Framework Architecture:

Figure 2 showcases the framework's architecture, highlighting
how blockchain, Al, and federated learning are integrated. It
illustrates the flow of threat intelligence data throughout the
system, emphasising the role of each technology in
maintaining security, privacy, and scalability.
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Process Workflow: The development of This framework
follows a well-structured workflow designed to meet the
specific needs of cloud service providers and ensure seamless
integration with existing systems:

* Design Stage: The framework’s architecture is
meticulously crafted to seamlessly incorporate blockchain,
Al, and federated learning. This stage involves creating
detailed architecture diagrams, data flow models, and
interoperability protocols to ensure easy integration into
current cloud infrastructures with minimal disruption.

* Implementation: The framework combines blockchain, Al
model training, and federated learning. The focus is on
building a secure, scalable, and robust environment for
effective threat intelligence sharing.
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Figure 3. Data Flow

Figure 3 illustrates the data flow within the framework,
depicting the process from data collection and analysis to
storage on the blockchain and subsequent sharing across cloud
service providers.

Case Studies for Validation

Overview of Case Studies: Three fundamental case studies
are selected to validate the proposed framework. These case
studies address specific challenges identified in the research,
such as interoperability, trust, and privacy, and showcase the
practical application of the framework in real-world scenarios:

Case Study 1: Ensuring Interoperability Across Multi-
Cloud Environments

e Objective: To demonstrate how the framework’s use of
standardised data formats, such as STIX and TAXII,
enables seamless data exchange across different cloud
platforms.

e Approach: In this case study, multiple cloud service
providers must share threat intelligence across varied cloud
environments in response to a significant cyber threat. The
framework standardises the data, records it on the
blockchain for verification, and facilitates its sharing across
platforms.

Expected Results
The researchers anticipate that the study will confirm the

framework's effectiveness in enabling interoperability and
ensuring the integrity of shared data.
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Figure 4. Interoperability Workflow

Figure 4 illustrates the workflow for the interoperability case
study, depicting standardising threat intelligence, recording it
on the blockchain, and sharing it across multiple cloud
platforms.

Case Study 2: Building trust and enhancing transparency

e Objective: To validate how the blockchain component of
the framework ensures data integrity and fosters trust
among CSPs.

e Approach: In this scenario, CSPs submit their threat
intelligence data to the blockchain, which is immutably
recorded. The transparency provided by the blockchain
builds confidence among participants, ensuring that all
shared data can be verified and remains untampered.

e Expected Results: The study should demonstrate increased
trust among CSPs, leading to more active participation.
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Figure 5. Trust and Transparency Workflow
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Figure 5 illustrates the workflow for the trust and transparency
case study, focusing on how blockchain technology ensures
data integrity and builds trust among cloud service providers.

Case Study 3: Protecting Data Privacy

e Objective: To show how federated learning enables
collaborative Al model training while maintaining data
privacy.

e Approach:CSPs collaboratively train AI models on their
local data using federated learning in this case study. The
global model is then created by aggregating these locally
trained models without sharing the underlying data, thereby
preserving privacy.

o Expected Results: The study is expected to validate the
framework's ability to balance the need for collaborative
threat detection with the imperative to protect sensitive
data.
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Figure 6. Data Privacy Workflow

Figure 6 highlights the workflow for the data privacy case
study, illustrating how federated learning allows for
collaborative Al model training while safeguarding the privacy
of sensitive information.

Results and Insights: The findings from these case studies
provide concrete evidence of the framework’s effectiveness in
addressing the challenges of interoperability, trust, and data
privacy in real-world cloud environments. Key outcomes
include:

* Streamlined Data Sharing: Standardized formats and
blockchain technology significantly reduce the complexity
and time required to share threat intelligence across various
platforms.

* Increased Trust: The blockchain’s transparency and
immutability foster greater trust among cloud service
providers, encouraging more open and active participation
in threat intelligence sharing.

* Effective Privacy Protection: Federated learning
successfully balances collaborative threat detection with
the need to protect sensitive data, ensuring privacy
concerns do not hinder sharing.

These results confirm that the proposed framework is well-
suited to the dynamic needs of modern cloud environments and
has the potential to enhance cybersecurity resilience across
cloud platforms significantly.

RESULTS

This section outlines the findings from evaluating the proposed
framework. The assessment focused on the framework’s core
components blockchain, artificial intelligence (Al), and
federated learning through carefully selected case studies.
These results provide insights into the framework’s
effectiveness in addressing critical challenges and highlight its
suitability for cloud service providers' (CSPs) use.

Blockchain for Trust and Transparency

Findings from Case Studies: The case studies examine the
potential of blockchain technology to foster trust and ensure
transparency in threat intelligence sharing. CSPs use
blockchain to create a secure, reliable ledger for recording data
exchanges. The findings show that this approach can
significantly enhance CSPs' ability to verify the integrity and
authenticity of the shared data.

Interpretation: The results suggest that blockchain is vital to
establishing a trustworthy and transparent environment for
threat intelligence sharing. By providing an unalterable record
of data transactions, the framework addresses common issues
related to data integrity, thereby building confidence among
CSPs. This capability is essential for fostering a cooperative
and secure environment for data exchange.

Conclusion: The case studies demonstrate that integrating
blockchain into the framework greatly enhances trust and
transparency among CSPs. Maintaining a reliable and
verifiable record of shared intelligence positions blockchain as
a crucial framework component, making it particularly suitable
for secure threat intelligence sharing within cloud
communities.

Artificial Intelligence for Enhanced Threat Detection

Findings from Case Studies: The Al component is evaluated
for its capacity to improve threat detection through advanced
analytics. The case studies reveal that Al-powered models
could efficiently process large volumes of data, identifying
potential security threats with greater accuracy and speed.

Interpretation: These results highlight AI’s ability to provide
a proactive approach to threat detection. Using machine
learning models allows the framework to quickly adapt to new
and emerging threats, offering CSPs a significant advantage
over reactive, manual methods. This makes Al an
indispensable tool in enhancing the overall security of cloud
environments.
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Conclusion: The findings show the importance of Al within
the framework, as it significantly improves the detection of
security threats. By enabling CSPs to anticipate and respond to
potential risks more effectively, Al strengthens the
framework’s role in safeguarding cloud environments, making
it a key element of the proposed solution.

Federated Learning for Data Privacy

Findings from Case Studies: Federated learning is assessed
for its effectiveness in maintaining data privacy while allowing
for collaborative Al model development. The case studies
demonstrate that CSPs could collaborate on Al training
without sharing their raw data, thereby ensuring the
confidentiality of sensitive information.

Interpretation: The results suggest that federated learning is
highly effective in balancing collaboration with the need to
protect data privacy. By allowing CSPs to develop Al models
collectively without compromising data privacy, federated
learning addresses a major barrier to threat intelligence
sharing. This approach is particularly beneficial for CSPs
operating under strict data protection regulations.

Conclusion: The case studies confirm that federated learning
is a crucial framework component, enabling privacy-
preserving collaboration among CSPs. By ensuring that
sensitive data remains protected while facilitating effective Al
model development, federated learning enhances the
framework’s suitability for industries with stringent privacy
requirements.

Overall Conclusion

The results from these case studies indicate that the proposed
framework, integrating blockchain, Al, and federated learning,
effectively addresses the key challenges of trust, transparency,
threat detection, and data privacy in cloud environments. Each
framework component significantly improves the security,,
reliability, and efficiency of threat intelligence sharing among,
CSPs. These findings suggest that the proposed framework is
theoretically robust and practically applicable, offering a
comprehensive and scalable solution that enhances
cybersecurity resilience within cloud communities.

EVALUATION AND DISCUSSION

This section delves into the findings from our assessment of
the proposed framework. The discussion is framed by
comparing these results with prior research and reflecting on
the initial hypotheses. It also explores the findings' broader
implications and suggests possible future research directions.

Interpreting the Findings in the Context of Previous
Research .

Blockchain for Trust and Transparency: The evaluation of
the blockchain component showed its effectiveness in creating
a secure and transparent platform for sharing threat
intelligence. Earlier studies have emphasised blockchain's
potential to resolve trust and data integrity issues in distributed
networks [23]. The results align with these findings,
demonstrating that blockchain can be a reliable foundation for
trust among cloud service providers (CSPs). Unlike centralised
systems, which are vulnerable to tampering, the decentralised
nature of blockchain ensures that all participants have equal

access to a ledger that cannot be altered, reinforcing the
hypothesis that blockchain enhances transparency and trust in
collaborative environments.

Artificial Intelligence for Enhanced Threat Detection: The
integration of Al into the framework significantly improved
threat detection capabilities, as evidenced by case studies.
Previous research has shown that Al, particularly through
machine learning, excels at identifying patterns and anomalies
indicative of security threats [6],[21]. The findings corroborate
these studies, showing that Al can efficiently process large
datasets, delivering real-time insights that far surpass
traditional methods. The role of Al in the framework
accelerates threat detection and supports the hypothesis that Al
can proactively address emerging threats within cloud
environments.

Federated Learning for Data Privacy: Federated learning
emerged as a key strategy for maintaining data privacy while
enabling collaborative Al development. Research has shown
that federated learning effectively protects privacy by keeping
data decentralized [13]. The results are consistent with these
findings, demonstrating that federated learning allows CSPs to
collaborate on AI model training without compromising
sensitive data. This validates the hypothesis that federated
learning can balance the need for collaboration with the
imperative to protect data privacy, making it an optimal
solution for CSPs operating under strict data protection
regulations.

Broader Implications of the Findings

The evaluation results suggest that the proposed framework
effectively addresses critical challenges in threat intelligence
sharing, positioning it as a comprehensive solution for CSPs.
The combination of blockchain, Al, and federated learning
enhances security and efficiency and offers a scalable approach
that can be adapted to various cloud environments.

Fostering Collaboration: The framework promotes a more
collaborative approach to cybersecurity, allowing CSPs to
share intelligence without sacrificing trust or privacy. This
could lead to broader adoption of collaborative threat
intelligence practices across the industry, ultimately
strengthening the security of cloud environments on a global
scale.

Building Trust: By ensuring transparent and verifiable data
exchanges, the framework helps build trust among CSPs, a
critical factor in successful collaboration. This trust could
extend beyond individual organisations, contributing to more
resilient cloud ecosystems where shared intelligence plays a
key role in collective security.

Advancing Threat Detection: The integration of Al enhances
CSPs' ability to detect and respond to threats in realtime,
offering a proactive defence mechanism. This could enable
more dynamic and adaptive security strategies in cloud
environments, where threats are identified and mitigated before
they cause significant harm.

Future Research Directions
While the proposed framework shows considerable promise,

several areas for future research could further refine and
enhance its effectiveness:



8342 International Journal of Science Academic Research, Vol. 05, Issue 10, pp.8337-8343, October, 2024

* Broadening the Range of Case Studies: Future studies
could explore a wider variety of case studies involving
different cloud environments (e.g., hybrid clouds, public
clouds) and varying levels of complexity. This would help
validate the framework's scalability and flexibility across
diverse scenarios.

* Incorporating Emerging Technologies: Investigating the
integration of additional technologies, such as quantum
computing or more advanced Al techniques, could further
strengthen the framework. Research into how these
technologies could be incorporated without compromising
trust, transparency, and privacy would be valuable.

* Conducting Longitudinal Studies: Long-term studies that
monitor the framework’s effectiveness in real-world
applications could provide deeper insights into its
resilience and adaptability over time.This approach would
also help identify potential areas for improvement and
evolution.

* Addressing Ethical and Regulatory Challenges: Future
research could also focus on the ethical implications and
regulatory challenges of implementing the framework,
particularly in regions with varying data protection laws.
Understanding how to navigate these challenges will be
crucial for broader adoption. The proposed framework's
integration of blockchain, Al, and federated learning offers
a robust solution to the challenges of threat intelligence
sharing in cloud environments. This framework can
significantly enhance security, trust, and collaboration
among CSPs. Nevertheless, continued research and
adaptation are necessary to ensure that the framework
remains effective and relevant as threats and technologies
evolve.

Conclusion

This paper has outlined a robust framework to enhance threat
intelligence sharing within cloud environments by tackling
core challenges such as trust, transparency, data privacy, and
effective threat detection. By incorporating technologies like
blockchain, artificial intelligence (Al), and federated learning,
the framework offers a secure, scalable, and collaborative
solution tailored to cloud service provider's (CSPs) needs. This
study evaluated the framework's potential through a series of
carefully chosen case studies that mimic real-world scenarios
faced by CSPs. The results confirm that blockchain technology
effectively ensures trust and transparency, providing a secure
and immutable ledger for recording data exchanges. Al-
powered analytics significantly bolster threat detection,
enabling CSPs to proactively identify and respond to potential
threats. Federated learning is crucial in safeguarding data
privacy while allowing for collaborative AI model
development, making it valuable for organisations operating
under stringent data protection regulations. The research
suggests that this framework has the potential to significantly
transform the way threat intelligence is shared across cloud
platforms. By promoting deeper collaboration, fostering trust,
and enhancing security measures, the framework could
overcome many of the limitations present in current practices
and offer a forward-looking approach to cybersecurity in the
cloud.In conclusion, the proposed framework addresses the
immediate challenges CSPs face and paves the way for more
secure, resilient, and cooperative cloud ecosystems. As cloud

computing advances and faces increasingly sophisticated
threats, this framework provides a solid foundation for the
future of threat intelligence sharing. With ongoing research
and development, it has the potential to become a key
component of modern cybersecurity strategies, empowering
CSPs to navigate the complexities of cloud security with
greater assurance and success.
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