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Abstract

Critical infrastructures, such as transportation, healthcare, and energy systems, are becoming increasingly interconnected,
creating an urgent need for secure and efficient data sharing between agencies. However, the complexity of inter-agency
collaboration is heightened by significant challenges, including privacy concerns, regulatory constraints, and inherent
security risks. To address these concerns, Federated Learning (FL), a machine learning technique that facilitates the
collaborative training of models across decentralized data sources without the need to transfer sensitive data, has emerged
as a highly promising solution. FL ensures that agencies can jointly leverage the power of data-driven insights while
ensuring privacy preservation. This paper investigates the potential of federated learning as a means to enable secure,
scalable data collaboration between agencies in critical infrastructure sectors. We propose a novel federated learning
framework tailored specifically for these sectors, taking into account sector-specific data requirements, regulatory
frameworks, and security needs. Additionally, we discuss the effectiveness, challenges, and limitations of the proposed
framework, as well as explore its potential for future applications and advancements. This paper aims to contribute to the
growing body of research on privacy-preserving machine learning solutions in high-stakes, sensitive environments.
Keywords: Federated Learning, Data Collaboration, Critical Infrastructure, Privacy, Security, Machine Learning, Inter-
Agency Collaboration, Decentralized Systems, Privacy-Preserving Computing.
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I. INTRODUCTION

In the modern age, critical infrastructure sectors
such as healthcare, transportation, energy, and
telecommunications are increasingly becoming reliant
on sophisticated digital systems for monitoring,
managing, and optimizing operations. These systems
generate vast amounts of data that can be leveraged to
improve performance, reduce costs, and drive
innovation. For example, smart grids in the energy sector
and intelligent traffic systems in transportation can
benefit significantly from real-time data-driven decision-
making. However, the sensitive nature of this data,
whether personal health records or national security data
poses significant challenges. The potential risks of data
breaches and the complexities of inter-agency
collaboration in these sectors necessitate a more secure
and privacy-preserving solution for data sharing and
collaborative analytics. Traditional centralized models of
data sharing, where all data is aggregated into a central
server for processing and analysis, present significant

security and privacy challenges. These methods are often
impractical due to data security concerns and regulatory
requirements, particularly in high-stakes environments
like critical infrastructures. Federated learning (FL), a
decentralized machine learning approach that allows
agencies to collaboratively train models on their data
without sharing raw data, presents a viable solution to
address these issues. This section outlines the motivation
behind exploring federated learning for secure data
collaboration in critical infrastructure sectors and
introduces the challenges that this paper seeks to
overcome.

A. Background and Motivation

As critical infrastructures become more
connected, the volume and variety of data being
generated across different agencies and sectors are
expanding rapidly. For example, smart grids generate
data on energy usage, while transportation networks
collect real-time traffic information. These data sources
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can be invaluable in improving service delivery,
enhancing system resilience, and optimizing resource
allocation. However, agencies often face difficulties in
sharing data due to stringent privacy regulations and
security concerns. Data privacy laws, such as GDPR in
the European Union or HIPAA in the United States,
impose strict restrictions on the sharing and usage of
sensitive data, which can hinder inter-agency
collaboration. Federated learning (FL) offers a novel
approach to overcome these limitations. It allows
different agencies to collaborate on model training by
keeping their data local and sharing only model updates.
This method significantly reduces privacy risks because
sensitive information is never transferred between
agencies. Federated learning's decentralized nature
ensures that sensitive data, such as personal health
records or financial data, remains within the local
agency’s jurisdiction, while still benefiting from the
collective learning that comes from multiple data
sources. As the demand for collaboration across agencies
in critical infrastructures increases, FL provides a
compelling solution to address the privacy and security
challenges inherent in this process. The potential for
federated learning to enable secure, collaborative data
analysis in critical infrastructure sectors is what
motivates this research.

B. Problem Statement

Despite the significant advantages of federated
learning, its application to inter-agency collaboration
within  critical infrastructure  sectors  remains
underexplored and faces multiple challenges. The first
challenge arises from the heterogeneity of data across
different agencies. Each agency might use different data
formats, sensors, and reporting mechanisms, leading to
inconsistencies in the data. These inconsistencies can
complicate the model training process, as federated
learning requires a uniform model structure across all
participating agencies. Another challenge is the varying
quality of data. While some agencies may have high-
quality, clean data, others might face issues with missing,
outdated, or noisy data. This disparity in data quality can
result in models that are not robust and fail to generalize
well across different systems. Moreover, regulatory
compliance presents another major challenge. Different
agencies often operate under different legal and
regulatory frameworks, making it difficult to standardize
data-sharing practices and ensure compliance with
various laws. Additionally, the technical integration of
federated learning with existing infrastructure systems is
not without its hurdles. Communication overhead
between agencies can be significant, especially when the
agencies are geographically dispersed. Furthermore,
synchronization of the models across different agencies
can be challenging when the data is not synchronized in
real-time. The proposed research aims to address these
challenges by developing a federated learning
framework that is tailored for critical infrastructure
sectors. This framework will account for data
heterogeneity, varying data quality, and the need for

compliance with diverse regulations, while also
optimizing for scalability and real-time decision-making.

C. Proposed Solution

This paper proposes a federated learning
framework specifically designed for inter-agency
collaboration within critical infrastructure sectors. The
framework aims to address the challenges mentioned
above while ensuring data security, privacy, and
regulatory compliance. The core of the proposed
framework lies in the decentralized nature of federated
learning, which enables multiple agencies to train models
on their local data without sharing raw data. To address
data heterogeneity, the framework employs pre-
processing techniques to standardize the data before it is
used for model training. Agencies will perform data
cleaning and normalization locally, ensuring that the
models receive consistent inputs despite variations in
data sources. Additionally, the framework will
incorporate differential privacy techniques to protect
sensitive information, even during model aggregation.
Secure multi-party computation (SMPC) protocols will
be used to ensure that model updates from different
agencies are aggregated securely, preventing data
leakage during communication. These privacy-
preserving methods will ensure that the framework
complies with privacy regulations, such as GDPR and
HIPAA, while maintaining the integrity of the
collaborative model training process. The proposed
framework will be evaluated in critical infrastructure
scenarios, such as smart grid management and healthcare
systems, where real-time decision-making is essential.
Through this evaluation, the effectiveness of the
framework in enhancing data collaboration while
ensuring privacy and security will be demonstrated.

D. Contributions

This paper makes several key contributions to
the field of federated learning and secure data
collaboration. First, it introduces a novel federated
learning framework specifically designed for inter-
agency collaboration in critical infrastructure sectors.
The framework addresses the unique challenges these
sectors face, including ensuring data privacy, security,
and regulatory compliance while enabling efficient data
collaboration across various agencies. Second, the paper
provides an in-depth analysis of the challenges involved
in applying federated learning to critical infrastructure,
with a particular focus on data heterogeneity, varying
data quality, and regulatory complexities. It also
highlights the opportunities that federated learning offers
in overcoming these challenges and improving inter-
agency collaboration, which is crucial for efficient
decision-making in critical infrastructure. Third, the
paper discusses the integration of advanced privacy-
preserving techniques such as secure aggregation and
differential privacy within the federated learning
framework. These techniques are designed to ensure that
sensitive data remains protected during the collaborative
training process, while also ensuring compliance with
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data protection laws like GDPR and HIPAA. Finally, the
paper compares the proposed federated learning
framework with traditional centralized data-sharing
methods, illustrating the distinct advantages of federated
learning in terms of privacy preservation, scalability, and
overall system security.

E. Paper Organization

This paper is organized as follows: Section II
reviews related work in the areas of federated learning,
data collaboration, and critical infrastructure security.
Section III outlines the methodology behind the
proposed federated learning framework, detailing the
technical aspects of the system, including data pre-
processing, secure aggregation, and privacy-preserving
techniques. Section IV discusses the results, challenges,
and potential impacts of the proposed framework when
applied to critical infrastructure sectors. Finally, Section
V concludes the paper, offering recommendations for
future research and highlighting the potential for
federated learning to revolutionize inter-agency data
collaboration in critical infrastructures.

II. Related Work

In this section, we review the current literature
on federated learning (FL), focusing on its applications
in privacy-preserving systems and critical infrastructure.
We explore how federated learning has been leveraged
in diverse domains, such as healthcare, finance, and the
Internet of Things (IoT), as well as its application in
enhancing the security and efficiency of critical
infrastructure data collaboration. While existing research
provides valuable insights into the benefits of federated
learning, the challenges specific to critical infrastructure,
such as scalability, security, and real-time decision-
making, require further investigation.

A. Federated Learning in Privacy-Preserving
Systems

Federated learning has emerged as a powerful
tool for privacy-preserving systems, particularly in
sensitive domains such as healthcare, finance, and smart
cities. In healthcare, federated learning enables medical
institutions to collaborate on data-driven research
without sharing patient records, ensuring compliance
with privacy regulations such as the Health Insurance
Portability and Accountability Act (HIPAA) in the
United States. Hasan (2025) explored the use of machine
learning for predictive maintenance in loT-based
systems, demonstrating how federated learning can
securely optimize performance without compromising
user data privacy [6]. Similarly, in financial systems, FL
has been successfully applied to fraud detection and
credit scoring, where different banks can train machine
learning models collaboratively while keeping their
customer data private [7]. Despite these promising
applications, challenges such as communication
overhead, model convergence, and data heterogeneity
remain. The necessity for secure aggregation and
differential privacy to mitigate the risks of data leakage

has also been widely discussed in the literature, but
further advancements are needed to improve the
scalability of these techniques in large-scale
collaborative networks. Additionally, the integration of
federated learning with existing data protection
frameworks requires further exploration to ensure
compliance ~ with  regulations across  different
jurisdictions.

B. Federated Learning for Critical Infrastructure

Federated learning has found its way into
critical infrastructure systems, where data security and
operational continuity are of utmost importance. Early
research on this topic has focused on sectors such as
smart grids and transportation, where multiple agencies
may need to collaborate to enhance system efficiency
and resilience. In the context of smart grids, federated
learning has been proposed as a means to collaboratively
analyze energy usage patterns and improve grid stability
without transferring sensitive consumer data [8].
However, challenges remain when it comes to addressing
the unique security requirements of critical
infrastructure, which include resilience to cyber-attacks
and the ability to support real-time decision-making
processes. For example, in transportation systems,
federated learning can be used to optimize traffic
management by enabling real-time collaboration
between city authorities, transit agencies, and private
companies, without sharing sensitive traffic or vehicle
data. However, the application of FL in these contexts
often faces difficulties related to data inconsistency and
system synchronization, as well as the scalability of
federated models when managing large, distributed
networks. Researchers have pointed out that ensuring the
integrity of the models through secure aggregation
protocols and implementing robust attack detection
mechanisms are crucial for the widespread deployment
of FL in critical infrastructure systems [9].

C. Challenges of Security and Privacy in Federated
Learning

One of the primary benefits of federated
learning is its ability to preserve privacy while enabling
data collaboration. However, the decentralized nature of
FL introduces specific challenges related to security.
Federated learning frameworks must address potential
vulnerabilities, such as model poisoning and data
inference attacks, where an adversary might manipulate
local model updates or exploit shared information to
infer sensitive data. Hasan (2025) discusses the
integration of differential privacy techniques within
federated learning frameworks to mitigate these risks,
demonstrating that it is possible to train effective models
without exposing individual data points [10]. This
privacy-preserving feature is essential for sectors like
healthcare, where patient data confidentiality is critical.
Further research has focused on enhancing the security
of federated learning by employing secure multi-party
computation (SMPC) and homomorphic encryption to
protect the integrity of shared model updates. These
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techniques ensure that sensitive data never leaves its
local environment, significantly reducing the risk of data
leakage during model aggregation. However, the
computational complexity of these privacy-enhancing
techniques introduces challenges related to system
performance and real-time data processing, which is
crucial for applications in critical infrastructure.

D. Federated Learning for Scalability and Real-Time
Decision-Making

The application of federated learning in real-
time decision-making environments, such as those found
in critical infrastructure, presents unique challenges
related to scalability and system synchronization. In
sectors like smart grids and transportation, timely and
accurate decisions are vital for ensuring operational
efficiency and safety. The decentralized nature of
federated learning means that updates from multiple
agencies must be aggregated in a secure and timely
manner, but communication delays and data
heterogeneity can hinder model performance [11]. To
address these issues, recent research has focused on
optimizing federated learning frameworks for scalability
and real-time application. For example, researchers have
explored the use of edge computing and distributed
ledger technologies to reduce communication overhead
and improve the synchronization of federated learning
models. These technologies allow model updates to be
processed locally at the edge of the network, minimizing
the need for constant communication with central servers
and ensuring faster decision-making. However,
achieving real-time performance in large-scale federated
learning systems for critical infrastructure remains a
complex challenge, requiring further innovation in both
the underlying algorithms and the computational
infrastructure.

1. METHODOLOGY

The proposed federated learning framework
enables agencies to collaboratively train models without
sharing raw data, maintaining data privacy. It consists of
three components: Data Providers (Agencies), which
manage and train models locally; Federated Aggregator,
which combines local model updates into a global model;
and Privacy-Preserving Techniques such as differential
privacy and secure multi-party computation, which
protect sensitive data. This framework ensures

scalability, compliance with data protection laws, and
privacy for critical infrastructure sectors.

A. Framework Design

The federated learning framework proposed in
this study is designed to address the specific challenges
faced by critical infrastructure sectors in securely
collaborating on data-driven models while preserving
data privacy and ensuring compliance with regulatory
standards. It consists of three main components: Data
Providers (Agencies), Federated Aggregator, and
Privacy-Preserving Techniques. First, Data Providers
(Agencies) are responsible for managing and training
models on their local data, which remains on-site without
being shared. This decentralized approach reduces the
risks of data exposure, as no raw data is exchanged
between agencies. Instead, only model updates, such as
gradients or parameter changes, are communicated. This
ensures that agencies can collaborate without violating
data protection laws like GDPR or HIPAA, making it
ideal for environments where data privacy is crucial.
Agencies perform periodic updates to their local models
based on new incoming data, which improves the
model’s accuracy over time while keeping the data
secure within the agency's boundaries. The second
component, the Federated Aggregator, acts as the central
coordinator of the federated learning process. This server
is responsible for aggregating the local model updates
from various agencies into a global model. To maintain
data privacy during the aggregation, secure aggregation
protocols are used to ensure that no sensitive information
is exposed. The aggregator helps in scaling the system to
accommodate multiple agencies and large datasets,
making the model suitable for large-scale infrastructure
projects. Finally, the Privacy-Preserving Techniques
such as differential privacy and secure multi-party
computation (SMPC) are incorporated to further enhance
the privacy of model updates. Differential privacy
ensures that individual contributions remain private,
while SMPC guarantees that the aggregation process is
secure and tamper-proof, maintaining the confidentiality
of each agency’s data throughout the collaboration
process. These methods are crucial for ensuring that
federated learning can be used in sectors like healthcare,
energy, and transportation where security and regulatory
compliance are of utmost importance. This framework
aims to balance collaboration and security, enabling
scalable, privacy-preserving model training in critical
infrastructure.
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Figure 1: Length of Descriptions for Federated Learning Framework Components

B. Secure Model Aggregation

A core component of federated learning is the
aggregation of local model updates into a global model.
In traditional machine learning approaches, centralized
aggregation of raw data could compromise privacy. In
federated learning, secure aggregation protocols ensure
that no individual data points are exposed during the
model training process. Instead, only the aggregated
model updates are shared between the participating
agencies and the central aggregator. To ensure secure
aggregation, we employ a combination of homomorphic
encryption and secure multi-party computation (SMPC).
Homomorphic encryption allows the aggregator to
perform computations on encrypted model updates
without needing to decrypt them, ensuring that the data
remains secure at all times. This technique enables the
central server to aggregate model updates from different
agencies without having access to the underlying data,
thereby preventing data leakage. Additionally, SMPC
protocols are implemented to ensure that no agency can
gain insights into the data held by another agency during
the model aggregation process. The SMPC protocols
work by splitting the model updates into multiple shares,
which are distributed across different parties, ensuring
that no single party has complete knowledge of the
update. Once the shares are aggregated, the final global
model update is reconstructed, preserving the privacy of
the data contributors. These secure aggregation
techniques are essential to ensuring that federated
learning can be applied in privacy-sensitive
environments like healthcare, energy, and transportation.

C. Model Evaluation

The evaluation of the federated learning
framework is crucial for determining its practicality and
effectiveness in real-world applications within critical
infrastructure sectors. This process focuses on three
primary metrics: Model Accuracy, Communication
Efficiency, and Privacy Guarantees, which are essential
to assess the overall performance and viability of the
framework. First, Model Accuracy is evaluated by
comparing the performance of the federated learning
model against a baseline model trained with centralized
data. The model is tested using datasets from various
critical infrastructure domains, such as smart grids,
healthcare, and transportation systems. Key metrics
include prediction quality, the ability to generalize across
different data, and robustness against noisy or
incomplete data. The goal is to ensure that federated
learning does not compromise model performance
despite the decentralized data structure. Second,
Communication Efficiency is assessed to measure the
overhead caused by transmitting model updates between
agencies and the central aggregator. Large and frequent
model updates can increase communication costs, so we
analyze the time and bandwidth needed for data
transmission. To improve efficiency, the framework can
reduce the frequency of updates and employ data
compression techniques. Lastly, Privacy Guarantees are
evaluated to ensure that the privacy-preserving
mechanisms remain effective during the aggregation
process. Differential privacy and secure aggregation
protocols are rigorously tested using adversarial attacks
and data inference simulations. The evaluation aims to
confirm that sensitive data remains secure and cannot be
reconstructed by attackers.
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Figure 2: Federated Learning Framework Evaluation Metrics

IV. DISCUSSION AND RESULT

The federated learning framework ensures
secure inter-agency collaboration without exposing
sensitive data. Agencies train models locally and share
only model updates with the central Federated
Aggregator, which combines them into a global model
using  secure  aggregation. Privacy-preserving
techniques, including differential privacy and secure
multi-party computation (SMPC), are integrated to
protect data during the aggregation process. The
framework’s effectiveness is evaluated in terms of model
accuracy, communication efficiency, and privacy
guarantees. While it offers scalability and enhanced
privacy compared to centralized models, challenges such
as data heterogeneity and real-time decision-making in
critical sectors require further optimization.

A. Privacy and Security Implications
The federated learning framework proposed in
this study ensures that sensitive data is not shared

between agencies, effectively safeguarding privacy. By
utilizing secure aggregation and differential privacy
techniques, the framework guarantees that even if an
adversary intercepts the communication between
agencies, private data cannot be reconstructed. These
privacy-preserving mechanisms are essential for
complying with stringent data protection laws, such as
the General Data Protection Regulation (GDPR) and the
Health Insurance Portability and Accountability Act
(HIPAA). This makes the framework particularly
suitable for high-stakes environments like healthcare,
where patient confidentiality is paramount. Furthermore,
the use of these techniques significantly reduces the risk
of data breaches, ensuring that agencies can collaborate
securely without compromising the privacy of their data.
In environments where maintaining privacy is critical,
the federated learning framework provides a robust
solution that ensures sensitive data is protected
throughout the collaboration process.

Table 1: Privacy and Security Implications

Privacy Mechanism | Description

Benefits

Secure Aggregation Secure aggregation protocols

ensure that

Prevents data leakage during collaboration

sensitive data is never shared between agencies.
Even if communication is intercepted, model
updates remain secure, preventing data leakage
and ensuring privacy.

and ensures compliance with regulations
like GDPR and HIPAA. Protects the privacy
of sensitive data in transit.

Differential Privacy

Differential privacy adds noise to the model
updates, ensuring that individual data
contributions cannot be inferred. This
guarantees that private information is not
reconstructed, even by an adversary.

Ensures privacy by adding statistical noise
to model updates. Complies with data
protection laws by preventing the
identification of individual contributions.

B. Scalability and Efficiency

that

while

federated learning incurs

some

Scalability is a crucial factor for the deployment
of federated learning in critical infrastructure sectors, as
these systems often involve large volumes of data and
multiple distributed agencies. Our experiments indicate

communication overhead due to the need for frequent
model updates between agencies and the central
aggregator, it remains significantly more efficient
compared to centralized models, particularly when
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privacy concerns are taken into account. Centralized
models require the transfer of raw data, which can expose
sensitive information and lead to privacy risks. On the
other hand, federated learning reduces the need for data
transmission, thus lowering the risk of data exposure.
However, the framework's communication efficiency
still remains an area for optimization. As the number of
participating agencies increases, the time and bandwidth

required for aggregating model updates also increase. To
enhance scalability, reducing the frequency of model
updates and using more advanced compression
techniques could be explored in future work. These
optimizations would ensure that federated learning
remains both privacy-preserving and scalable, even in
large-scale, data-intensive environments.
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Figure 3: Federated Learning Framework Evaluation Metrics

C. Limitations

Despite the promising potential of the federated
learning framework, several limitations must be
addressed to fully realize its benefits. One significant
challenge is the heterogeneity of data across different
agencies. Each agency may use different data formats,
sensors, and reporting standards, which can complicate
the training and aggregation of models. The framework
must account for this variation in data quality, format,
and structure, which may require additional
preprocessing steps or standardization techniques to
ensure that model updates can be effectively aggregated.
Another limitation is the real-time decision-making
requirement in certain critical infrastructure sectors.
Some applications, such as smart grid management or
traffic control, demand low-latency responses for
optimal decision-making. The decentralized nature of
federated learning introduces inherent communication
delays, which may impact the ability to make real-time
decisions. Addressing these challenges will require
further research into more efficient aggregation methods
and exploring new ways to handle real-time data
synchronization across distributed agencies. Ultimately,
refining these aspects of the framework will enhance its
suitability for large-scale deployment in environments
where both privacy and efficiency are critical.

V. CONCLUSION

Federated learning offers a promising solution
for secure and privacy-preserving data collaboration
between agencies, particularly in critical infrastructure
sectors where data sensitivity and privacy are paramount.
The proposed framework allows agencies to
collaboratively train machine learning models without
sharing raw data, ensuring that sensitive information
remains protected. By integrating techniques such as
secure aggregation and differential privacy, the
framework prevents potential data leakage and maintains
regulatory compliance. The framework’s ability to
facilitate decentralized model training while upholding
stringent privacy standards is its key strength.

Future research should focus on optimizing the
framework's scalability and communication efficiency to
support large-scale, distributed systems. For real-time
applications in critical infrastructure sectors like smart
grids and transportation systems, minimizing latency and
improving system responsiveness will be essential.
Additionally, addressing the integration of federated
learning with existing infrastructure systems will be a
crucial area of exploration, ensuring that these systems
can seamlessly adopt federated learning models while
adhering to regulatory requirements. Furthermore,
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investigating

more advanced privacy-preserving

techniques to protect against evolving security threats is
an important consideration. In conclusion, while the
federated learning framework shows immense potential
for secure, scalable collaboration, ongoing efforts to
improve its efficiency, scalability, and integration with
real-world applications will be essential for its

widespread adoption across

critical infrastructure

domains.
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