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ABSTRACT

Effective disaster response in the United States depends on seamless coordination among multiple agencies operating
across federal, state, and local levels. However, existing coordination systems remain constrained by fragmented data
silos, delayed information exchange, and growing concerns over data privacy and security. These limitations hinder timely
decision-making and reduce the overall efficiency of emergency response operations. This study proposes a federated
artificial intelligence framework designed to enable real-time, privacy-preserving collaboration among diverse disaster
management stakeholders. The framework leverages decentralized machine learning, allowing individual agencies to train
local models on sensitive data while sharing only model updates through a secure aggregation mechanism.

The proposed architecture integrates distributed data sources, edge-based intelligence, and a centralized coordination
layer that supports adaptive decision-making without requiring raw data exchange. A simulation-based evaluation is
conducted using multi-agency disaster scenarios, incorporating heterogeneous data streams such as social media inputs
and operational logs. The results demonstrate that the federated approach significantly improves coordination efficiency,
reduces response latency, and enhances predictive accuracy compared to traditional centralized systems. Additionally,
the framework minimizes communication overhead while maintaining robust data privacy standards, making it suitable
for large-scale deployment.

This research contributes to the advancement of intelligent disaster management systems by presenting a scalable and
interoperable solution that aligns with the complex structure of U.S. emergency response networks. The findings highlight
the potential of federated Al to transform multi-agency coordination, offering a resilient foundation for future smart
disaster response infrastructures.

Keywords: Federated Learning, Disaster Management, Multi-Agency Coordination, Emergency Response, Distributed
Artificial Intelligence, Data Privacy.
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Background on Disaster Response Challenges
in the United States

The United States experiences a wide range of natural and
human-induced disasters, including hurricanes, wildfires,
floods, and public health emergencies. These events
require rapid, coordinated responses involving multiple
governmental and non-governmental actors. Despite
significant investments in emergency management
systems, disaster response operations continue to face
challenges related to information fragmentation, delayed
communication, and inconsistent situational awareness.
Effective crisis management depends on the timely
integration of data, communication, and coordinated action
across diverse stakeholders, yet these elements often remain
disjointed during large-scale emergencies (Comfort, 2007).
The increasing frequency and intensity of disasters further
exacerbate these challenges, placing pressure on existing
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response infrastructures and highlighting the need for more
adaptive and intelligent coordination mechanisms.

Complexity of Multi-Agency Coordination

Disaster response in the United States involves a complex
network of agencies, including federal entities such as the
Federal Emergency Management Agency (FEMA) and the
Department of Homeland Security (DHS), as well as state
and local emergency services, healthcare providers, and
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volunteer organizations. Each of these actors operates within
its own jurisdiction, data systems, and operational protocols,
making coordination inherently difficult. Interagency
communication often relies on hierarchical structures and
predefined procedures, which can become inefficient in
rapidly evolving disaster scenarios. Boundary spanners,
individuals or units that facilitate inter-organizational
communication, play a critical role but are often limited by
institutional constraints and information silos (Kapucu, 2006).
Furthermore, the lack of interoperability among systems
and the absence of unified data-sharing standards hinder
seamless collaboration, leading to delays in decision-making
and resource allocation (Chen et al., 2008).

Limitations of Centralized Data-Sharing
Systems

Traditional disaster management systems have largely
relied on centralized architectures, where data from
multiple agencies is aggregated into a central repository for
analysis and decision-making. While this approach offers a
unified view of operations, it introduces several limitations.
Centralized systems are prone to bottlenecks, single points of
failure, and scalability issues, particularly during high-demand
disaster events. Additionally, concerns related to data privacy,
security, and institutional control often discourage agencies
from sharing sensitive information. These limitations result
in incomplete datasets, delayed updates, and reduced trust
among participating entities. As a consequence, centralized
models struggle to support real-time, collaborative decision-
making in dynamic disaster environments, thereby limiting
their effectiveness in large-scale, multi-agency operations
(Comfort, 2007).

Emergence of Al and Big Data in Emergency
Response

Recent advancements in artificial intelligence (Al) and big data
analytics have introduced new opportunities for enhancing
disaster response capabilities. Al-driven systems can process
vast amounts of structured and unstructured data, including
sensor readings, satellite imagery, and social media feeds, to
generate actionable insights in real time. These technologies
enable predictive analytics, resource optimization, and
improved situational awareness, thereby supporting more
informed decision-making. However, most Al applications in
emergency management rely on centralized data processing
models, which reintroduce challenges related to data sharing,
privacy, and system scalability. The integration of Al into
disaster response systems must therefore address not only
analytical performance but also the structural limitations of
existing coordination frameworks (Yang et al., 2019).

Research Gap: Need for Privacy-Preserving
Decentralized Frameworks

Despite the potential of Al in disaster management, there
remains a significant gap in the development of frameworks
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that enable secure, decentralized collaboration across
multiple agencies. Current systems do not adequately
support privacy-preserving data sharing, which is critical
given the sensitive nature of information handled during
emergencies, such as personal health data and critical
infrastructure details. Federated learning, a decentralized
machine learning paradigm, offers a promising solution by
allowing agencies to collaboratively train models without
sharing raw data (McMahan et al., 2017). However, its
application in disaster coordination remains underexplored.
Thereis a clear need for aframework that integrates federated
Al with multi-agency coordination mechanisms to enable
real-time, secure, and scalable decision support.

Research Objectives

This study aims to address the identified gaps by proposing
a federated Al framework tailored for multi-agency disaster
coordination in the United States. The specific objectives
are as follows:

« Todevelop afederated Al-based coordination framework
that enables decentralized data processing across
multiple agencies

« To improve real-time decision-making by leveraging
distributed intelligence and collaborative model training

« To ensure secure inter-agency collaboration through
privacy-preserving mechanisms and secure aggregation
protocols

Contributions of the Study

This research makes several important contributions to
the field of disaster management and intelligent systems.
First, it introduces a novel integration of federated learning
into multi-agency coordination, addressing longstanding
challenges related to data sharing and interoperability.
Second, it provides a scalable and privacy-preserving
architecture that enhances real-time decision-making in
complex emergency scenarios. Third, the study bridges
the gap between theoretical advancements in federated
Al and practical applications in disaster response, offering
insights that can inform both policy and system design. By
aligning technological innovation with operational needs,
this work contributes to the development of more resilient
and adaptive emergency management systems.

LiTERATURE REVIEW

Multi-Agency Disaster Coordination Systems

Effective disaster response in the United States depends on
the ability of multiple agencies to coordinate actions under
conditions of uncertainty, time pressure, and incomplete
information. Early research emphasizes that coordination
is not merely a logistical activity but a complex cognitive
and communicative process involving dynamic information
exchange and decision alignment across institutional
boundaries. Coordination theories highlight the importance
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of shared situational awareness, interoperability, and
adaptive communication structures in enabling agencies to
act cohesively during crises (Chen et al., 2008).

One of the major challenges in multi-agency coordination
is the fragmentation of communication channels and the
lack of unified information systems. Emergency response
operations typically involve federal, state, and local entities,
each with its own data systems, protocols, and priorities.
This fragmentation often leads to delays, redundancy, and
misinterpretation of critical information. To address these
issues, early systems such as the Dynamic Emergency
Response Management Information System (DERMIS)
were developed to facilitate real-time information sharing
and collaborative decision-making (Turoff et al., 2004).
DERMIS introduced a framework for integrating distributed
information sources and supporting coordinated actions
through shared digital platforms.

Another important concept in this domain is the role
of “boundary spanners,” individuals or entities that bridge
organizational gaps and facilitate communication across
agencies. Boundary spanners play a critical role in translating
information, resolving conflicts, and ensuring continuity of
operations across institutional divides (Kapucu, 2006). Inter-
agency networks supported by these actors enhance the flow
of information and improve coordination efficiency. However,
despite these advancements, traditional coordination
systems remain largely centralized and struggle to scale
effectively in complex, data-intensive disaster scenarios.

Al and Big Data in Emergency Response

The integration of artificial intelligence and big data analytics
has significantly transformed emergency response systems
by enabling real-time data processing and predictive
decision-making. One of the most prominent sources of
real-time information during disasters is social media, where
users generate large volumes of data that can be analyzed
to identify incidents, assess damage, and monitor public
sentiment. Studies have demonstrated the potential of social
media analytics in extracting actionable insights during
crises, thereby enhancing situational awareness (Imran et
al., 2015).

Advanced machine learning techniques, particularly
deep learning models, have been applied to classify and filter
crisis-related information from noisy social media streams. For
instance, convolutional neural networks have been used to
improve the accuracy of identifying relevant disaster-related
content, enabling emergency responders to prioritize critical
information (Nguyen et al., 2017). Additionally, multimodal
datasets such as CrisisMMD incorporate both textual and
visual data, allowing for more comprehensive analysis of
disaster events (Alam et al., 2018).

Despite these advancements, several challenges persist
in the use of Al for emergency response. Real-time data
processing requires high computational resources and
robust infrastructure, which may not always be available
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in disaster scenarios. Furthermore, data heterogeneity and
quality issues can affect the reliability of Al-driven insights.
To address these challenges, cloud-native architectures
have been proposed to support scalable and flexible Al
systems capable of handling large volumes of streaming data
(Shaffi, 2020). These systems enable rapid deployment and
integration of Al models, facilitating timely decision support
during emergencies. However, most existing solutions rely
on centralized data processing, raising concerns about data
privacy, security, and interoperability.

Federated Learning: Concepts and Applications

Federated learning has emerged as a promising paradigm
for addressing the limitations of centralized Al systems by
enabling decentralized model training across multiple data
sources. The core principle of federated learning is to train
machine learning models locally on distributed datasets and
aggregate the results into a global model without sharing
raw data. This approach significantly enhances data privacy
and reduces the need for data transfer, making it suitable
for sensitive and distributed environments (McMahan et al.,
2017).

Recent advancements in federated learning have
focused on improving communication efficiency, scalability,
and robustness. Comprehensive studies highlight key
challenges such as data heterogeneity, system variability,
and communication constraints, which must be addressed
to ensure effective model training (Li et al., 2020; Kairouz
& McMahan, 2021). Despite these challenges, federated
learning has been successfully applied in various domains,
including healthcare, where it enables collaborative analysis
of medical data without compromising patient privacy (Rieke
et al., 2020).

In addition to healthcare, federated learning has been
utilized in localization systems and predictive analytics.
For example, federated frameworks have been developed
to support cooperative localization by integrating data
from multiple sources while preserving privacy (Yin et al.,
2020). These applications demonstrate the versatility of
federated learning in handling distributed data and enabling
collaborative intelligence. Furthermore, the conceptual
foundations of federated machine learning emphasize its
potential to support large-scale, decentralized systems across
various industries (Yang et al., 2019).

Federated Al for Multi-Entity Collaboration

Building on the principles of federated learning, federated Al
extends its application to complex multi-entity environments
where multiple organizations collaborate while maintaining
data sovereignty. Multi-task federated learning introduces
the capability to train models that are tailored to the
specific needs of individual entities while benefiting from
shared knowledge across the network (Smith et al., 2017).
This approach is particularly relevant in scenarios where
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different agencies operate under varying conditions and
requirements.

Secure inter-agency collaboration is another critical
aspect of federated Al. Recent studies have explored the
use of federated learning to enable secure data sharing in
critical infrastructure systems, demonstrating its potential to
enhance collaboration without exposing sensitive information
(Rahman et al., 2025). Similarly, adaptive federated systems
have been proposed to support information sharing in
distributed environments, highlighting the importance of
flexibility and scalability in real-world applications (Zheng
etal., 2025).

Emerging architectures such as cloud-edge federated
systems further enhance the applicability of federated Al
by distributing computational tasks across cloud and edge
nodes. These architectures enable real-time processing and
reduce latency, making them suitable for time-sensitive
applications such as disaster management (Carnevale et
al., 2023). Additionally, federated learning has been applied
in predictive systems, including earthquake forecasting,
demonstrating its effectiveness in handling geographically
distributed data (Tehseen et al., 2021). Collectively, these
developments indicate that federated Al provides a robust
foundation for enabling collaborative intelligence across
multiple entities.

Research Gap

Despite significant advancements in both disaster
coordination systems and federated Al technologies, there
remains a critical gap in their integration. Traditional disaster
management systems are largely centralized and struggle
to handle the scale, complexity, and privacy requirements
of modern emergency response operations. Conversely,
federated learning offers a decentralized and privacy-
preserving approach but has not been fully adapted to the
specific needs of multi-agency disaster coordination.

Existing studies have not sufficiently addressed how
federated Al can be operationalized within emergency
management frameworks to enable real-time, secure, and
scalable collaboration among diverse agencies. Thereis a clear
need for a unified framework that combines the strengths
of federated learning with the operational requirements of
disaster response systems. Such a framework would facilitate
efficientinformation sharing, enhance decision-making, and
ensure data privacy across agencies, ultimately improving the
effectiveness of disaster management efforts.

Proprosep FEDERATED Al
FRAMEWORK FOR DISASTER
COORDINATION

Framework Overview

The proposed federated artificial intelligence framework
is designed to address the long-standing fragmentation in
multi-agency disaster coordination by enabling decentralized,
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privacy-preserving collaboration across heterogeneous
entities. Unlike traditional centralized systems that require the
pooling of sensitive operational data into a single repository,
the framework adopts a distributed learning paradigm in
which each participating agency retains control over its local
data while contributing to a shared global intelligence model.

At the conceptual level, the framework integrates multiple
stakeholders into a unified yet decentralized coordination
ecosystem. The primary participating entities include federal
agencies such as FEMA and the Department of Homeland
Security, which provide strategic oversight and national-
level coordination. State and local responders, including
emergency management agencies and fire departments,
contribute real-time operational data and situational updates.
Healthcare units, such as hospitals and emergency medical
services, provide critical patient and resource availability
data, which is essential for triage and logistics optimization.
Additionally, social media data sources serve as an auxiliary
layer of real-time, crowd-sourced intelligence, enabling
rapid detection of emerging incidents and public sentiment
analysis, consistent with prior work on crisis informatics.

The integration of these entities into a federated
architecture ensures that decision-making is both distributed
and synchronized. Each agency operates as an independent
node, contributing to a collaborative learning process
without exposing raw data. This approach not only enhances
data privacy but also improves scalability and resilience,
particularly in large-scale disaster scenarios where centralized
systems often become bottlenecks.

System Architecture Components

The architecture of the proposed framework is structured
into four interconnected layers, each performing a distinct
role in enabling efficient disaster coordination.

Data Layer (Distributed Agency Datasets)

This foundational layer consists of heterogeneous datasets
residing within individual agencies. These include operational
logs, sensor data, electronic health records, and social media
streams. Data heterogeneity is a critical challenge in disaster
management, and the federated approach accommodates
this by allowing local preprocessing and feature extraction
tailored to each agency’s data structure. The decentralized
nature of this layer ensures compliance with data governance
policies and reduces the risk of data breaches.

Edge Intelligence Layer (Local Model Training)

At the edge level, each participating agency trains a local
machine learning model using its own data. These models
are designed to capture localized patterns such as incident
detection, resource allocation needs, and response delays.
By performing computation at the edge, the system reduces
dependency on centralized infrastructure and enables real-
time responsiveness. This aligns with emerging distributed
Al paradigms where intelligence is pushed closer to data
sources to enhance efficiency and reduce latency.
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Federated Aggregation Layer (Global Model
Updates)

The federated aggregation layer serves as the coordination
hub for model integration. Instead of transmitting raw data,
agencies share model parameters or gradients, which are
then aggregated to form a global model. Techniques such
as secure aggregation ensure that individual contributions
remain confidential while enabling collective learning
(Bonawitz et al., 2019). This layer is critical for synthesizing
insights across agencies, enabling a unified understanding
of disaster dynamics without compromising data privacy.
The iterative update process also allows the system to
continuously adapt to evolving conditions, consistent with
federated learning methodologies (Li et al., 2020).

Decision Support Layer (Real-Time Coordination
Dashboard)

The final layer translates aggregated intelligence into
actionable insights through a real-time coordination
dashboard. This interface provides decision-makers with
predictive analytics, resource allocation recommendations,
and situational awareness metrics. By integrating outputs
from the global model, the dashboard enables synchronized
decision-making across agencies, reducing delays and
improving coordination efficiency. The visualization of
insights in a unified platform ensures that all stakeholders
operate with a consistent understanding of the disaster
environment.

Communication and Security Mechanisms

Effective communication and robust security are central
to the success of the proposed framework. The system
incorporates advanced mechanisms to ensure both efficiency
and confidentiality.

Secure Aggregation Protocols

To prevent exposure of sensitive information, the framework
employs secure aggregation techniques that encrypt model
updates before transmission. These protocols ensure that
individual contributions cannot be reverse-engineered, even
by the aggregation server, thereby preserving confidentiality
while enabling collaborative learning (Bonawitz et al., 2019).

Privacy-Preserving Model Sharing

In addition to encryption, the framework incorporates
privacy-enhancing strategies such as differential privacy
and model anonymization. These techniques introduce
controlled noise into model updates, further reducing the
risk of data leakage while maintaining model performance.
Such approaches are essential in disaster contexts where data
may include personally identifiable information and sensitive
operational details (Li et al., 2020).

Latency-Aware Communication Strategies
Given the time-critical nature of disaster response, the
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framework adopts latency-aware communication protocols
that optimize the frequency and size of model updates. By
prioritizing high-impact updates and reducing unnecessary
communication overhead, the system ensures timely
synchronization without overloading network resources.
This is particularly important in disaster scenarios where
communication infrastructure may be degraded or unreliable.

Workflow of the Proposed System

« The operational workflow of the framework follows a
structured sequence that enables continuous learning
and real-time decision support.

- The process begins with data collection, where each
agency gathers relevant information from its local
environment, including sensor readings, operational
reports, and social media inputs. This is followed by local
model training at the edge, where each agency develops
a model tailored to its specific data context.

«  Subsequently, model aggregation occurs at the federated
layer, where local updates are securely transmitted and
combined to produce a global model. This aggregated
model captures cross-agency insights, enabling a
comprehensive understanding of the disaster scenario.
Finally, the system generates decision outputs, which

are delivered through the coordination dashboard. These
outputs include predictive analytics, risk assessments, and
resource allocation recommendations, facilitating informed
and synchronized decision-making across all participating
entities.

This graph illustrates the relationship between the
number of participating agencies and the overall model
accuracy. As the number of agencies increases, the diversity
and volume of data improve, leading to higher model
performance. The trend demonstrates the scalability and
collaborative advantage of the federated framework.

Model Accuracy vs Number of Participating Agencies
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Table 1: Comparison of Centralized vs Federated Disaster Coordination Systems

Feature Centralized Systems Federated Framework Performance Impact

Data Sharing Requires full data Data remains local Improved privacy and compliance
centralization

Scalability Limited by central server Highly scalable across Enhanced system flexibility
capacity nodes

Latency High due to data transfer Reduced via edge Faster response times

processing

Security Vulnerable to single-point  Distributed and Increased system resilience
breaches encrypted

Coordination Efficiency  Often delayed and Real-time synchronized Improved decision-making speed
fragmented insights

ReEseARCH METHODOLOGY

This section outlines the methodological foundation used
to evaluate the proposed federated Al framework for
multi-agency disaster coordination. The approach adopts a
simulation-driven design to replicate real-world emergency
response conditions, integrating heterogeneous data
sources and distributed computational environments. The
methodology is structured around four key components:
experimental design, model implementation, evaluation
metrics, and system setup.

Experimental Design

The experimental design is centered on simulating a realistic
multi-agency disaster response environment in the United
States. The simulation reflects the operational complexity of
coordinated response efforts involving federal agencies, state
emergency management units, healthcare providers, and
local responders. Each entity is modeled as an independent
node with localized data storage and computational
capabilities, reflecting the decentralized nature of real-world
emergency systems.

To ensure ecological validity, the study integrates two
primary categories of datasets. First, social media crisis data
is utilized to represent real-time public information streams
during disasters. Social platforms such as Twitter have
been widely recognized as valuable sources of situational
awareness, enabling rapid identification of incidents,
resource needs, and population movements (Imran et al.,
2015). Crisis-related datasets, including multimodal and
text-based collections, are incorporated to simulate high-
velocity, unstructured data flows typical of disaster scenarios
(Alam et al., 2018). These datasets are further processed using
classification techniques to distinguish relevant emergency
signals from noise, aligning with established approaches in
crisis informatics (Nguyen et al., 2017).

Second, synthetic inter-agency communication data is
generated to emulate structured information exchanges
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between agencies. This includes simulated reports, resource
allocation requests, and operational updates. The synthetic
dataset is designed to capture communication delays,
inconsistencies, and partial information sharing, which are
common challenges in emergency coordination systems
(Chen et al., 2008). By combining real-world and synthetic
data, the experimental design achieves a balance between
realism and controllability, allowing for systematic evaluation
of the proposed framework.

Model Implementation

The proposed framework is implemented using a federated
learning paradigm, where multiple agencies collaboratively
train a shared global model without exchanging raw data.
The core algorithm employed is the Federated Averaging
(FedAvg) method, which iteratively aggregates locally trained
model updates from participating nodes (McMahan et al.,
2017). In each communication round, individual agencies
train their local models on private datasets and transmit
model parameters to a central aggregation server. The server
computes a weighted average of these updates to produce
a global model, which is then redistributed to all nodes for
further refinement.

To address the heterogeneity of data and operational
roles across agencies, the model incorporates a multi-task
learning extension. This approach allows each agency to
optimize its local model for task-specific objectives while
contributing to a shared representation that enhances overall
coordination performance (Smith et al., 2017). For instance,
healthcare agencies may focus on patient triage predictions,
while emergency responders prioritize incident detection
and resource deployment. The multi-task framework enables
these diverse objectives to coexist within a unified federated
architecture.

Additionally, privacy-preserving mechanisms are
embedded within the model implementation. Local data
remains within each agency, and only model updates are
communicated, reducing the risk of sensitive information
exposure. This design aligns with the growing emphasis on
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secure and decentralized Al systems in critical infrastructure
environments (Li et al., 2020).

Evaluation Metrics

To comprehensively assess the performance of the proposed
framework, four key evaluation metrics are defined.

Coordination efficiency measures the system’s ability
to synchronize decision-making across multiple agencies.
It is evaluated based on the consistency and timeliness of
shared insights generated by the federated model. Improved
coordination efficiency indicates enhanced alignment of
operational actions among participating entities.

Response time captures the latency between data
ingestion and actionable decision output. In disaster
scenarios, rapid response is critical, and the federated
framework is expected to reduce delays by enabling parallel
local processing and minimizing centralized bottlenecks.

Model accuracy evaluates the predictive performance of
the federated system in tasks such as incident classification
and resource allocation. Accuracy is measured using standard
metrics, including precision, recall, and F1-score, ensuring
robustness across diverse data sources.

Communication overhead assesses the cost associated
with transmitting model updates between nodes and the
aggregation server. This metric is particularly important in
distributed environments where bandwidth constraints and
network reliability can impact system performance. Lower
communication overhead indicates a more scalable and
efficient framework.

Experimental Setup

The experimental setup is designed to emulate a distributed
disaster response network using a cloud-edge hybrid
infrastructure. Each participating agency is represented as
a computational node, either at the edge (local servers) or
within a cloud environment. Edge nodes perform local model
training and data processing, while the cloud layer facilitates
global model aggregation and coordination.

The use of a cloud-edge continuum enhances scalability
and resilience, allowing the system to adapt to varying
network conditions and computational demands. This
architecture is consistent with emerging distributed

intelligence frameworks for disaster management, which
emphasize the integration of edge computing and cloud
resources to support real-time decision-making (Carnevale
etal., 2023).

The simulation includes multiple communication rounds,
during which model updates are exchanged and aggregated.
Network latency, data heterogeneity, and node availability
are systematically varied to evaluate the robustness of the
framework under different operational conditions.

REsuLTs AND ANALYSIS

Performance Evaluation

The performance of the proposed federated Al framework
was evaluated against a traditional centralized disaster
coordination system using simulated multi-agency
emergency scenarios. The evaluation focused on response
time, model accuracy, and system scalability under varying
levels of data distribution and communication intensity.
The results demonstrate that the federated framework
consistently outperforms centralized architectures,
particularly in environments characterized by high data
heterogeneity and geographically dispersed agencies.

In centralized systems, all participating agencies
transmit raw data to a central server for processing and
decision-making. While this approach simplifies model
training, itintroduces significant latency due to data transfer
bottlenecks and processing delays. In contrast, the federated
framework enables local model training at each agency, with
only model updates transmitted to a central aggregation
server. This significantly reduces network congestion and
accelerates response times, particularly during high-pressure
disaster events.

Empirical results indicate that the federated approach
reduces average response time by approximately 25-40
percent across multiple disaster scenarios, including
hurricanes, wildfires, and urban flooding. This improvement
can be attributed to parallelized computation and reduced
dependency on centralized data pipelines. These findings
align with prior studies highlighting the efficiency of
decentralized learning systems in distributed environments
(McMahan et al., 2017; Li et al., 2020).

Table 2: Experimental Parameters and Configuration

Parameter Description Value/Range

Number of Nodes Simulated agencies in the network 10-50

Data Size per Node Volume of local dataset per agency 10,000-100,000 records
Communication Rounds Iterations of federated model updates 50-200

Model Type Learning architecture used CNN + LSTM hybrid model
Aggregation Method Federated optimization approach FedAvg

Network Latency Simulated communication delay 10-200 ms

Infrastructure Type

Deployment environment

Cloud-edge hybrid
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Response Time Comparison (Federated vs Centralized Systems)
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Figure 2: Response Time Comparison (Federated vs
Centralized Systems)

Response time comparison across disaster scenarios
shows that federated systems consistently achieve lower
latency due to decentralized processing and reduced
communication overhead.

This graph illustrates that centralized systems experience
a steep increase in response time as the complexity and
scale of disaster scenarios grow. Conversely, the federated
framework maintains relatively stable performance due to
distributed computation and localized decision-making.
This demonstrates the framework’s suitability for real-time
emergency response, where delays can significantly impact
operational effectiveness.

Coordination Efficiency Analysis

Coordination efficiency is a critical factor in multi-agency
disaster response, as it determines how effectively agencies
can share information, synchronize decisions, and execute
joint operations. The proposed federated framework
enhances coordination efficiency by enabling collaborative
model learning without requiring direct data sharing. Each
agency contributes to a global model while retaining control
over its local data, thereby fostering trust and improving
participation.

The results indicate a marked improvement in decision
synchronization across agencies. Specifically, the federated
system achieves higher consistency in situational awareness
and decision outputs compared to centralized systems. This is
largely due to the ability of federated models to incorporate
diverse local insights, leading to a more comprehensive
and adaptive global model. Prior research has emphasized
the importance of distributed intelligence in improving
coordination outcomes in complex systems (Yang et al., 2019;
Zheng et al., 2025).

Furthermore, the federated framework reduces
communication redundancy by transmitting only model
parameters rather than raw data streams. This optimization
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Communication Overhead vs Model Performance Trade-off
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Figure 3: Communication Overhead vs Model Performance
Trade-off

leads to more efficient use of network resources while
maintaining high model performance. The trade-off between
communication cost and model performance is illustrated
in Figure 3.

The federated framework achieves higher model
performance with lower communication overhead compared
to centralized systems, demonstrating efficient resource
utilization.

This graph demonstrates that centralized systems incur
significantly higher communication costs as data volume
increases, while federated systems maintain a more balanced
trade-off. This efficiency is crucial in disaster scenarios where
network infrastructure may be compromised or bandwidth
is limited.

Privacy and Security Evaluation

Privacy and security are paramount in multi-agency disaster
coordination, particularly when sensitive data such as medical
records, infrastructure vulnerabilities, and operational
strategies are involved. The federated Al framework
addresses these concerns by eliminating the need for raw
data sharing between agencies. Instead, only encrypted
model updates are transmitted, significantly reducing the
risk of data breaches and unauthorized access.

The evaluation shows that the federated approach
reduces data exposure by over 60 percent compared to
centralized systems. This reduction is achieved through
decentralized data storage and secure aggregation protocols,
which ensure that individual data points remain within their
originating agencies. These findings are consistent with
existing literature on federated learning, which highlights
its effectiveness in preserving data privacy while enabling
collaborative intelligence (Li et al., 2020; Rahman et al., 2025).

In addition to privacy preservation, the federated
framework enhances regulatory compliance by aligning with
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Table 3: Performance Comparison Metrics

Metric Centralized Approach Federated Approach Improvement (%)
Response Time (seconds) 120 75 37.5%

Model Accuracy (%) 82 89 8.5%
Communication Overhead  High Moderate 30% reduction
Data Privacy Risk High Low 60% reduction
Scalability Limited High Significant

data protection standards that restrict cross-agency data
sharing. Thisis particularly relevantin the United States, where
agencies must adhere to strict legal and ethical guidelines
when handling sensitive information. By maintaining data
locality, the proposed system reduces compliance risks and
facilitates smoother inter-agency collaboration.

The results summarized in Table 3 confirm that the
federated Al framework provides substantial improvements
across all key performance metrics. The most notable
gains are observed in response time reduction and
privacy enhancement, both of which are critical in disaster
management contexts. Additionally, the improved scalability
of the federated system makes it well-suited for large-scale
deployments involving multiple agencies and dynamic
operational environments.

DiscussionN

The findings of this study provide important insights into how
afederated artificial intelligence (Al) framework can reshape
disaster coordination across multiple agencies in the United
States. In real-world emergency management contexts,
coordination failures often arise not from a lack of data, but
from fragmented access to it, delayed information flows, and
institutional boundaries that restrict collaboration. The results
demonstrate that federated Al offers a practical mechanism
to overcome these long-standing structural constraints by
enabling decentralized yet synchronized intelligence sharing
across agencies.

From a real-world operational perspective, the
improvement in coordination efficiency and response time
observed in the results aligns closely with the challenges
documented in disaster management literature. Emergency
environments are characterized by uncertainty, time
pressure, and the need for rapid decision-making across
multiple jurisdictions. Traditional centralized systems often
struggle under these conditions due to bottlenecks in data
aggregation and processing. In contrast, the federated
framework distributes computation to local agencies,
allowing them to train models on their own data while
contributing to a shared global model. This structure
reduces latency and enhances responsiveness, which are
critical factors during high-impact events such as hurricanes,
wildfires, and large-scale accidents. The findings therefore
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suggest that federated Al is not merely a technological
upgrade, but a structural reconfiguration of how information
is generated and shared in crisis environments.

A central contribution of this study lies in demonstrating
the role of federated Al in addressing coordination
fragmentation. Fragmentation has long been identified
as a key barrier to effective emergency response, where
agencies operate in silos with limited interoperability and
trust. Comfort (2007) emphasizes that coordination depends
heavily on cognitive alignment and shared situational
awareness, both of which are difficult to achieve when data
remains isolated within institutional boundaries. Similarly,
Chen et al. (2008) highlight that coordination breakdowns
often stem from inconsistent information flows and lack
of integration across systems. The federated approach
directly addresses these issues by creating a shared learning
mechanism without requiring raw data exchange. Each
agency retains control over its data while still contributing
to a collective intelligence system. This not only enhances
trustamong agencies but also promotes a unified operational
picture, which is essential for coordinated action.

The integration of heterogeneous data sources further
strengthens the framework’s ability to reduce fragmentation.
Modern disaster response increasingly relies on diverse
data streams, including social media, sensor networks, and
operational reports. Imran et al. (2015) show that social media
data can provide real-time situational awareness during
crises, but its effective use requires robust processing and
integration mechanisms. The federated framework enables
local processing of such data streams while aggregating
insights at a global level, thereby improving both the
timeliness and accuracy of information used for decision-
making. This capability is particularly valuable in rapidly
evolving scenarios where centralized systems may fail to
keep pace with the volume and velocity of incoming data.

Scalability is another critical dimension examined in this
study. The results indicate that the federated Al framework
scales effectively with the number of participating agencies,
maintaining performance while improving model accuracy.
This is highly relevant for the United States, where disaster
response involves a complex network of federal, state,
and local entities. The decentralized nature of federated
learning allows new agencies to join the network without
overloading a central system, making it well-suited for
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nationwide deployment. Moreover, the use of distributed
computation reduces infrastructure strain and supports
edge-level intelligence, which is increasingly important in
geographically dispersed disaster zones. The framework’s
scalability also suggests its applicability beyond national
boundaries, offering potential for cross-border disaster
coordination in future implementations.

From a policy and implementation standpoint, the
adoption of federated Al introduces both opportunities
and challenges. On one hand, the framework aligns with
growing policy emphasis on data privacy and security, as it
minimizes the need for raw data sharing. This is particularly
importantin sectors such as healthcare and law enforcement,
where sensitive information is involved. On the other hand,
successfulimplementation requires standardized protocols,
interoperability frameworks, and governance mechanisms to
ensure consistent participation across agencies. Policymakers
must therefore focus on creating enabling environments that
support federated architectures, including investments in
digital infrastructure and the development of common data
standards. Training and capacity building will also be essential
to ensure that personnel across agencies can effectively
utilize Al-driven decision support systems.

Finally, the findings of this study are consistent with and
extend prior research in both disaster coordination and Al
applications. Comfort (2007) underscores the importance
of adaptive systems that can respond dynamically to
changing conditions, a characteristic that is inherently
supported by federated learning. Chen et al. (2008) call for
improved integration of information systems to enhance
coordination, which the proposed framework achieves
through decentralized model sharing. Meanwhile, the work
of Imran et al. (2015) on real-time data processing highlights
the need for scalable analytics solutions, a requirement that
federated Al fulfills by distributing computational workloads.
By bridging these strands of literature, this study contributes
anovel perspective that integrates coordination theory with
advanced Al methodologies.

LIMITATIONS OF THE STUDY

Despite the promising results demonstrated by the
proposed federated Al framework for multi-agency disaster
coordination, several limitations must be acknowledged
to provide a balanced interpretation of the findings and to
guide future research.

Simulation-Based Evaluation Limitations

The primary limitation of this study lies in its reliance on
a simulation-based experimental environment rather
than real-world deployment. While simulation enables
controlled testing of distributed coordination scenarios,
it cannot fully capture the complexity, uncertainty, and
unpredictability inherent in actual disaster situations. Real-
world emergencies involve dynamic human behaviors,
infrastructure failures, incomplete information, and evolving
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environmental conditions, which are difficult to model
comprehensively in a simulated setting. Existing research on
emergency coordination emphasizes that decision-making
during crises is influenced by cognitive, organizational, and
communication constraints that extend beyond technical
system performance (Comfort, 2007).

Furthermore, simulation environments often assume
idealized communication channels and consistent data
availability across agencies. In practice, disaster scenarios
frequently involve network disruptions, delayed information
flows, and partial system failures, which can significantly
affect the performance of distributed Al systems. Although
the simulation attempts to approximate inter-agency
interactions, it cannot replicate the full range of operational
challenges observed in real emergency response systems
(Chen et al., 2008). As a result, the reported improvements
in coordination efficiency and response time should be
interpreted with caution, as they may differ under real-world
constraints.

Data Availability Constraints

Another critical limitation concerns the availability and quality
of data used for training and evaluation. Disaster response
systems rely on heterogeneous data sources, including
social media streams, sensor networks, emergency reports,
and agency-specific databases. However, access to such
data is often restricted due to privacy concerns, regulatory
requirements, and institutional barriers. While federated
learning is designed to address data-sharing limitations by
enabling decentralized model training, it still depends on
the presence of sufficient and representative local datasets
at each participating agency (Li et al., 2020; Yang et al., 2019).

In this study, a combination of publicly available crisis
datasets and synthetic data was utilized to simulate inter-
agency information flows. Although these datasets provide
valuable insights into crisis-related information patterns
(Imran et al., 2015; Alam et al., 2018), they may not fully
reflect the diversity, scale, and sensitivity of real operational
data used by U.S. emergency agencies. Additionally,
inconsistencies in data quality, labeling accuracy, and
temporal relevance can affect model performance and
generalizability. The absence of standardized, high-quality
datasets across agencies remains a significant barrier to
the effective implementation of federated Al in disaster
management contexts.

Scalability Challenges in Real-World
Deployment

While the proposed framework demonstrates scalability
within a simulated multi-node environment, extending this
approach to large-scale, real-world disaster coordination
systems presents notable challenges. Federated learning
systems require repeated communication between
distributed nodes and a central aggregation mechanism,
which can introduce latency and communication overhead,
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particularly when the number of participating agencies
increases (McMahan et al., 2017; Kairouz & McMahan, 2021).

In large-scale disaster scenarios involving federal, state,
and local agencies, as well as private and non-governmental
organizations, the volume of participating nodes may be
substantial. Managing synchronization, model convergence,
and communication efficiency across such a distributed
network is a complex task. Moreover, infrastructure
limitations, such as bandwidth constraints and uneven
computational resources across agencies, may hinder the
consistent performance of the federated system. Although
recent studies have proposed adaptive and cloud-edge
federated architectures to improve scalability (Carnevale
et al., 2023; Zheng et al., 2025), practical implementation
remains an ongoing challenge. Consequently, the scalability
results presented in this study should be viewed as indicative
rather than definitive.

Interoperability Issues

Interoperability represents another significant limitation
affecting the practical adoption of the proposed framework.
Disaster response systems typically involve multiple agencies
operating with diverse information systems, data formats,
communication protocols, and organizational procedures.
Achieving seamless integration across these heterogeneous
systems is inherently complex and requires substantial
coordination efforts. Prior research highlights that inter-
agency collaboration is often constrained by institutional
silos and incompatible technologies, which can impede
effective information sharing (Kapucu, 2006; Turoff et al.,
2004).

Although the federated Al framework is designed to
facilitate decentralized collaboration without requiring direct
data sharing, it still depends on a level of standardization in
model architecture, data representation, and communication
interfaces. Differences in technological maturity and
system capabilities across agencies may limit their ability to
participate effectively in a federated network. Additionally,
policy and governance considerations, including data
ownership, accountability, and trust, play a critical role in
determining the feasibility of inter-agency collaboration.
These non-technical factors are not fully addressed within
the scope of this study but are essential for real-world
implementation.

ConcLusioN AND FUTURE RESEARCH

This study set out to address one of the most persistent
challenges in disaster management in the United States:
the fragmentation of information and coordination across
multiple agencies operating under high-pressure, time-
sensitive conditions. Drawing on established insights from
crisis coordination theory and distributed intelligence
systems, the research developed a federated Al framework
that enables decentralized, privacy-preserving collaboration
among emergency response entities. The findings
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demonstrate that such an approach offers a viable alternative
to traditional centralized systems, which often struggle with
datasilos, latency, and limited interoperability (Comfort, 2007;
Chen et al., 2008).

A key contribution of this research lies in the
conceptualization and validation of a federated learning-
based architecture tailored specifically for multi-agency
disaster coordination. By leveraging decentralized model
training and secure aggregation techniques, the proposed
framework allows agencies to collaboratively learn from
distributed data without exposing sensitive information.
This aligns with the foundational principles of federated
learning, which emphasize communication efficiency, privacy
preservation, and scalability (McMahan et al., 2017; Kairouz &
McMahan, 2021). Furthermore, the integration of multi-task
learning enhances the system’s ability to accommodate
heterogeneous agency objectives, thereby improving
coordination outcomes in complex emergency scenarios
(Smith et al., 2017). The study also contributes empirically by
demonstrating improvements in response time, coordination
efficiency, and predictive accuracy when compared to
centralized approaches, reinforcing the applicability of
federated Al in real-world disaster contexts.

The importance of federated Al in disaster coordination
cannot be overstated. Modern emergency response
increasingly depends on diverse data streams, including
social media, sensor networks, and agency-specific
operational data. Traditional systems are ill-equipped to
handle the scale and sensitivity of such data, often leading to
delayed or suboptimal decisions (Imran et al., 2015; Nguyen
et al., 2017). Federated Al addresses these limitations by
enabling real-time, distributed intelligence while maintaining
strict data privacy controls. This is particularly critical in inter-
agency environments where legal, ethical, and operational
constraints limit direct data sharing. By facilitating secure
collaboration, federated Al enhances situational awareness
and supports more synchronized decision-making across
federal, state, and local entities (Rahman et al., 2025). In
doing so, it advances the broader goal of building resilient
and adaptive disaster management systems capable of
responding effectively to increasingly complex crises.

From a practical standpoint, the proposed framework has
significantimplications for U.S. emergency systems. Agencies
such as FEMA, DHS, and local emergency management
units can benefit from a federated approach that reduces
dependency on centralized infrastructures while improving
coordination efficiency. The framework supports incremental
adoption, allowing agencies to integrate federated learning
capabilities into existing systems without requiring
complete architectural overhauls. Additionally, the use of
secure aggregation protocols ensures compliance with data
protection regulations, thereby addressing one of the major
barriers to inter-agency data sharing (Bonawitz et al., 2019;
Li et al., 2020). The scalability of the framework also makes it
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suitable for nationwide deployment, where diverse agencies
with varying technological capabilities must operate
cohesively. Importantly, the ability to incorporate real-time
data from social media and other dynamic sources further
enhances the responsiveness of emergency operations (Alam
et al,, 2018; Shaffi, 2020).

Despite these contributions, several avenues for future
research remain. First, real-world deployment of the
proposed framework is essential to validate its effectiveness
under operational conditions. While simulation results
are promising, practical implementation would provide
deeper insights into system performance, user adoption,
and integration challenges across agencies. Second, the
integration of Internet of Things technologies and edge
Al presents a significant opportunity to enhance the
framework’s capabilities. Edge-based processing can reduce
latency and enable faster decision-making by bringing
intelligence closer to data sources, particularly in scenarios
involving sensor networks and critical infrastructure
monitoring (Carnevale et al., 2023). Third, the development
of policy-driven Al governance models is crucial to ensure
the ethical and responsible use of federated systems. This
includes establishing standards for data sharing, model
accountability, and inter-agency collaboration, as well as
addressing potential biases in Al-driven decision-making
processes.

In conclusion, this research highlights the transformative
potential of federated Al in reshaping disaster coordination
in the United States. By addressing key limitations of existing
systems and providing a scalable, privacy-preserving
alternative, the proposed framework contributes to both
theoretical advancement and practical innovation in
emergency management. Future efforts should focus on
bridging the gap between conceptual design and real-world
implementation, ensuring that federated Al becomes an
integral component of next-generation disaster response
systems.
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