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ABSTRACT

The widespread adoption of cloud computing
has enabled organizations to deliver scalable
digital services and manage distributed
computing resources efficiently. However,
the continuous exchange of
information across cloud infrastructures has
intensified  concerns  regarding  data
confidentiality, user privacy, and cyber
resilience. Conventional machine learning-
based security solutions often rely on
centralized data collection, which increases
the risk of unauthorized data exposure,
regulatory non-compliance, and privacy
breaches. These limitations highlight the
need for collaborative security mechanisms

sensitive

that can learn from distributed data while
preserving its confidentiality.This
proposes an intelligent federated learning
framework for privacy-aware cloud security
that enables multiple cloud participants to
jointly develop an effective threat detection
model without sharing their raw datasets.
The proposed framework performs local
model training at each participating node and
securely exchanges only encrypted model
parameters for global model aggregation.

study

This  decentralized leaming  strategy
minimizes data transmission, protects
sensitive  information  from  external
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disclosure, and strengthens compliance with
modern privacy requirements. Machine
leaming techniques are employed to
recognize malicious behaviors, abnormal
access pattemns, and emerging cyber threats
by leaming from diverse security events
generated  across  distributed  cloud
environments. The framework further
incorporates secure aggregation and iterative
model optimization to improve leaming
efficiency while maintaining data integrity
and model robustness.The effectiveness of
the proposed approach is assessed using
standard performance metrics, including
accuracy, precision, recall, Fl-score, and
communication efficiency, to evaluate both
security performance and collaborative
leaming capability. Experimental analysis
demonstrates that the federated leaming
framework achieves reliable threat detection
while significantly reducing privacy risks
associated with centralized data processing.

By combining decentralized artificial
intelligence, privacy-preserving  model
training, and collaborative threat

intelligence, the proposed framework
provides a scalable and secure solution for
protecting modern cloud infrastructures
against evolving cyber threats without
compromising the confidentiality of
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I. INTRODUCTION

Cloud computing has become an essential
part of modern digital infrastructure because
it provides flexible storage, scalable
processing resources, and convenient access
to services. Organizations from different
sectors increasingly depend on cloud
platforms to manage applications and large
volumes of data. This rapid adoption has also
expanded the range of security risks faced by
cloud environments. Unauthorized access,
data leakage, malicious activities, account
compromise, and evolving cyberattacks
continue to affect the confidentiality and
reliability of cloud-based systems. As these
threats become more complex, conventional
rule-based security mechanisms may
struggle to identify new and changing attack
patterns.

Machine leaming has introduced useful
possibilities for strengthening cloud security
by leaming behavioral patterns from
historical data and identifying suspicious
activities. However, many traditional
leaming models depend on collecting
information from multiple sources and
storing it in a centralized location for
training. Such an approach can create
additional privacy concems, particularly
when the data contains confidential user
records, organizational information, or
security-related logs. Transferring sensitive
data between different cloud nodes may also
increase exposure to interception, misuse,
and unauthorized disclosure.

Federated learning provides an alternative
method in which a common model can be
trained across distributed participants
without requiring them to share their original

Received: 20-04-2026 | Accepted: 28-05-2026 | Published: 04-06-2026

data. In this approach, each cloud node trains
the model locally using its own information.
Only the resulting model updates are sent to
a coordinating where they are
combined to improve the global model. The
raw data remains within the local
environment throughout the training process.
This distributed leaming strategy makes it
possible to gain knowledge from multiple
data sources while reducing direct movement
of sensitive information.

The  proposed  Federated  Leaming
Framework for Privacy-Preserving Cloud
Security applies this collaborative leaming
concept to the protection of distributed cloud
systems. Participating cloud nodes contribute
to the development of a shared threat
detection model while retaining control over
their private datasets. Secure aggregation is
used to combine local model updates and
limit unnecessary exposure of individual
contributions. The resulting global model can
learn from diverse security patterns observed
across different cloud environments and can
therefore support the detection of suspicious

server,

or previously unseen activities.

The main purpose of this work is to create a
balance between intelligent threat detection
and data privacy. Instead of relying on
centralized data collection, the framework
supports collaborative security intelligence
while preserving the confidentiality of local
information. Such an approach can improve
scalability, reduce privacy risks, and
encourage cooperation among distributed
cloud environments. The proposed system
therefore offers a suitable foundation for
developing adaptive and privacy-aware
security solutions for modem cloud
infrastructures.

II. LITERATURE SURVEY

1. Title: Achieving Security and Privacy in

Federated Learning Systems: Survey,
Research  Challenges and  Future
Directions

Authors: Alberto Blanco-Justicia, Josep
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Domingo-Ferrer, Sergio Martinez, David
Sanchez, Adrian Flanagan, and Kuan Eeik
Tan

Abstract: This study examines the major
security and privacy concerns associated
with federated learning systems. Although
federated learning avoids direct transfer of
local datasets, the exchange of model
parameters may still
information. The authors discuss threats such
as model poisoning, inference attacks, and
client participation. Different
protection mechanisms are reviewed to
understand their ability to preserve private
information without reducing learning
performance. The work also points out that
achieving privacy and security at the same
time remains a difficult challenge. It provides
useful research directions for developing
federated systems that are resistant to attacks
while maintaining the confidentiality of
participating users.

2. Title: From Distributed Machine
Learning to Federated Learning: In the
View of Data Privacy and Security
Authors: Sheng Shen, Tianqing Zhu, Di Wu,
Wei Wang, and Wanlei Zhou

Abstract: The authors study the transition
from conventional distributed machine
leaming toward federated learning from a
privacy and security perspective. The work
explains how local devices can participate in
collaborative model development while
retaining their original
reviews important privacy mechanisms,

reveal sensitive

malicious

information. It

including differential privacy, secure
aggregation, and secure  multiparty
computation. The study also identifies

possible attacks against federated systems
and discusses how adversaries may exploit
model updates. The findings indicate that
federated leaming provides a strong
foundation for distributed intelligence, but
additional protection is required to secure the
complete learning process.

3. Title: Privacy-Preserving Aggregation
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in Federated Learning: A Survey
Authors: Ziyao Liu, Jiale Guo, Wenzhuo
Yang, Jiani Fan, Kwok-Yan Lam, and Jun
Zhao

Abstract: This research focuses on privacy-
preserving aggregation, which is one of the
central security operations in federated
leaming. The study reviews methods that
allow a central coordinator to combine model
updates without directly exposing the
contribution of individual clients. Different
aggregation protocols are compared in terms
of privacy, computational cost,
communication requirements, and practical
limitations. The authors also examine
available federated learning frameworks that
support privacy-aware aggregation. The
work shows that secure aggregation can
significantly reduce information leakage,
although scalability and system efficiency
remain important concems in large
distributed environments.

4. Title: Privacy-Preserving Federated
Learning-Based Intrusion Detection
Technique for Internet of Things Systems
Authors: S. A. Mahmud et al.

Abstract: This study introduces a federated
leaming approach for detecting intrusions
across diverse IoT environments while
keeping sensitive records on local devices.
Instead of transferring raw network traffic to
a centralized server, participating nodes train
local models and share only leamned
parameters. The framework applies the
Federated Averaging algorithm to combine
local knowledge and repeatedly improve a
global detection model. The research
demonstrates the usefulness of collaborative
leaming for identifying cyber threats without
depending on centralized data collection.
This approach is particularly relevant to
cloud-connected systems where privacy,
distributed data ownership, and security
monitoring must operate together.

5. Title: NIDS-FGPA: A Federated
Learning Network Intrusion Detection
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Algorithm Based on Gradient Similarity
and Paillier Encryption

Authors: J. M. Wang et al.

Abstract: The study proposes a network
intrusion detection method that combines
federated learning with model
aggregation. A gradient-similarity strategy is
introduced to improve the way updates from
distributed clients are combined. Paillier
homomorphic encryption is also used to
protect information exchanged during
collaborative training. The framework
attempts to address two important concerns:
maintaining the confidentiality of participant
updates and reducing the influence of
unsuitable local models. The results suggest
that combining intelligent aggregation with
encryption can strengthen privacy-aware
intrusion detection in distributed network

secure

environments.

6. Title: Federated Learning with SCNN-
Bi-LSTM for Enhanced Intrusion
Detection in Wireless Sensor Networks
Authors: S. M. S. Bukhari et al.

Abstract: This research presents a hybrid
deep learning approach that combines a
stacked convolutional neural network with a
bidirectional long short-term memory model.
Federated learning is used to enable sensor
nodes to train collaboratively without
their private datasets. The
convolutional layers extract important traffic
characteristics, while the bidirectional
recurrent component learns sequential attack
patterns. By keeping data at individual nodes,
the proposed approach reduces privacy risks
associated with centralized training. The
work indicates that deep leaming and
federated collaboration can jointly improve
threat recognition in distributed and
resource-sensitive network environments.

7. Title: Federated Learning for
Cybersecurity: A  Privacy-Preserving
Approach for Intrusion Detection and
Malware Classification

Authors: E. M. Timofte et al.

exposing
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Abstract: The authors develop a federated
cybersecurity framework for intrusion
detection and malware classification. The
proposed approach allows decentralized
participants to improve a common security
model while their original datasets remain
within their local environments. The study
considers the need to maintain useful
detection performance while reducing
communication overhead and protecting data
privacy. Its findings show that federated
leaming can support collaborative cyber
defence across distributed systems. The work
is closely related to cloud security because it
demonstrates how multiple independent
nodes can contribute to shared threat
intelligence without centralizing sensitive
information.

II1. EXISTING SYSTEM

In the existing cloud security environment,
most threat detection systems follow a
centralized learning process. Security-related
information, including network traffic
records, access logs, user activities, and
attack details, is collected from different
cloud sources and moved to one central
server. The machine learning model is then
trained using the combined dataset. Although
this method allows the model to learn from a
large amount of information, it also creates a
major privacy concern because sensitive
records must leave their original location.
Centralized data storage can become an
attractive target for attackers. If the central
server is compromised, a large collection of
private and organizational information may
be exposed at once. Data transfer between
cloud nodes and the main server can also
increase the chance of leakage or
unauthorized interception. In many cases,
organizations may be unwilling to share their
security logs because these records can
contain confidential details about internal
systems, users, and network behaviour.
Another limitation is that conventional cloud
security models often depend on data
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gathered from a single environment. As a
result, the trained model may perform well
on familiar attacks but may fail when it
encounters threat patterns from other cloud
platforms. Differences in data distribution,
infrastructure, and user behaviour can further

reduce  detection accuracy.  Existing
approaches also require frequent movement
of large datasets, which increases

communication cost and creates additional
storage requirements.

Therefore, the existing system faces
difficulties in maintaining both effective
threat detection and data privacy. The
dependence on centralized data collection
increases security risks and restricts
collaboration between independent cloud
environments. These limitations create a
need for a distributed learning approach in
which cloud nodes can jointly improve a
security model without sharing their original
sensitive data.

IV. PROPOSED SYSTEM

The proposed system introduces a federated
leaming framework to improve cloud
security  without collecting  sensitive
information in a central location. In this
framework, several cloud nodes take part in
the learning process while keeping their
original datasets within their own
environments. Each node trains a local
security model using its network traffic,
access records, or other available security
data. Instead of sending raw information to
the central server, only the learned model
updates are shared. These updates are
combined through a secure aggregation
process to build an improved global model,
which is then returned to the participating
nodes for further training. This process
continues for several communication rounds,
allowing the model to learn from diverse
attack patterns observed across different
cloud environments. The proposed approach
reduces direct data exposure, limits
unnecessary data transfer, and supports

Received: 20-04-2026 | Accepted: 28-05-2026 | Published: 04-06-2026

collaborative  threat detection among
independent cloud systems. By combining
local leamning, secure model aggregation, and
global knowledge sharing, the system aims to
detect suspicious activities more effectively
while preserving the confidentiality of cloud
data.

V. SYSTEM ARCHITECTURE

The system architecture presents a federated
leaming  environment developed to
strengthen cloud security while keeping
sensitive  information  private.  The
framework consists of several independent
cloud nodes, a central aggregation server, a
global model distribution mechanism,
security applications, and an administrative
monitoring interface. Unlike conventional
centralized approaches, the proposed
architecture does not require the participating
cloud nodes to transfer their original datasets
to a common storage location.

Each cloud node maintains its own private
dataset, which may include network traffic
details, login activities, access logs, and
security events. Local model training is
performed separately at every node using the
data available within that particular
environment. Since the original records
remain inside the corresponding cloud node,
confidential information is not directly
exposed during the collaborative leaming
process. After local training, only the leared
model updates are prepared for transmission.
The generated model updates are encrypted
before being sent to the central aggregation
server. Updates received from Cloud Node 1,
Cloud Node 2, and other participating nodes
are combined through a secure aggregation
process. The aggregation server does not
access the raw datasets of individual
participants. Instead, it brings together the
useful knowledge leamed by the local
models and uses the combined updates to
construct an improved global model.

Once the global model is created, it is
distributed back to all participating cloud
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nodes. Each node receives the updated model
and can use it as the basis for the next local
training cycle. This repeated exchange
allows knowledge gained from different
cloud environments to contribute to the
overall learming process. As a result, a threat
pattern identified at one node can indirectly
help other nodes improve their security
capabilities without exposing the data from
which the pattern was learned.

The trained global model supports several
security  operations, including threat
detection, anomaly detection, attack
prediction, security alert generation, and
analytical reporting. Detected security events
are made available to the security analyst or
system administrator through the monitoring
interface. The administrator can review alerts
and reports, observe suspicious activities,
and take suitable action when a potential
threat is identified.

Overall, the architecture combines private
local training, encrypted model exchange,
secure aggregation, and collaborative threat
intelligence within a single framework. Its
key strength is that raw data never needs to
be shared among the participating cloud
environments. This design helps reduce
privacy risks while allowing multiple nodes
to jointly build a more informed and adaptive
cloud security model.

Fig 5.1: System Architecture
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VI. IMPLEMENTATION
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VII. CONCLUSION

The  proposed  Federated  Learning
Framework for Privacy-Preserving Cloud
Security offers a practical way to improve
threat detection without requiring sensitive
information to be collected at a central
location. By training models directly within
individual cloud nodes and exchanging only
learned updates, the framework keeps raw
data under local control throughout the
leaming process. Secure aggregation
combines knowledge from  multiple
participants and produces a global model
capable of recognizing diverse security
threats. The developed system supports
activities such as anomaly identification,
attack detection, security alerting, and
continuous monitoring while reducing the
privacy risks associated with conventional
centralized learning. Overall, the framework
shows that collaborative intelligence and
data confidentiality can work together to
build a more adaptive and privacy-aware
security mechanism for distributed cloud
environments.

VIII. FUTURE SCOPE

In the future, the proposed framework can be
extended to handle larger and more complex
multi-cloud environments with a greater
number of participating nodes. Advanced
privacy methods such as differential privacy,
homomorphic encryption, and blockchain-
based model verification can be incorporated
to provide stronger protection against
information leakage and malicious updates.
The system can also be enhanced with deep
learning models to identify sophisticated
zero-day attacks and rapidly changing threat
patterns. Further work may focus on
reducing overhead,
improving training speed, and selecting
trustworthy cloud nodes during the
aggregation process. Support for real-time
threat intelligence and automated incident
response could make the framework more
useful in practical cloud deployments. These

communication
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improvements can help the system become
more scalable, secure, and suitable for
protecting  future  distributed  cloud
infrastructures.
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