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Abstract

Disasters are events that significantly impact people’s lives and living spaces globally.
Natural disasters can arise from various causes, such as climate change, geological
movements, weather events, and human factors. The damage caused by these disasters
can affect millions of people and negatively impact societies economically, socially,
and environmentally. Disaster management has emerged as a multidisciplinary field
aimed at minimizing the damage caused by disasters and making communities more
resilient to them. Traditional disaster management strategies include emergency
planning, crisis management, pre-disaster preparation, and rapid response during
disasters. However, these strategies generally reflect a reactive approach and rely on
human resources and existing infrastructure. This article aims to examine the role
and impact of innovative technologies such as artificial intelligence and big data in
the field of disaster management. While artificial intelligence is known for its ability
to analyze complex datasets, discover patterns and relationships, optimize decision-
making processes, and predict future events, big data provides the ability to process
large amounts of data quickly and efficiently, transforming them into meaningful
information. These technologies play a significant role in pre-disaster preparation,
crisis management during disasters, and post-disaster recovery processes. The article
discusses how artificial intelligence and big data technologies can be used in disaster
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management, how these technologies can be integrated into disaster risk reduction
strategies, and how their effectiveness can be assessed. It further aims to provide
a guide to understanding the current state of disaster management and developing
more effective strategies. In conclusion, the integration of artificial intelligence and
big data technologies into disaster management offers a more effective and efficient
approach to dealing with disasters and can make significant contributions to making
communities more resilient to disasters.

Keywords: Disaster Management, Artificial Intelligence, Big Data, Risk Analysis,
Pre-disaster Preparedness.

Yapay Zeka ve Biiyiik Veriyi Proaktif Afet Yonetimi
I¢in Kullanma: Stratejiler, Zorluklar ve Gelecek

Yonelimler

Oz

Afetler, diinya genelinde insanlarin yagamini ve yasam alanlarmi ciddi sekilde
etkileyen olaylardir. Dogal afetler; iklim degisikligi, jeolojik hareketler, hava olaylari
ve insan kaynakli etmenler gibi gesitli sebeplerden ortaya ¢ikabilir. Bu afetlerin yol
actig1 zararlar, milyonlarca insani etkileyebilir ve toplumlari ekonomik, sosyal ve
gevresel acidan olumsuz yonde etkileyebilir. Afet yonetimi, afetlerin neden oldugu
zararlari en aza indirmek ve toplumlari afetlere karsi daha direngli hale getirmek
amaciyla multidisipliner bir alan olarak ortaya c¢ikmigtir. Geleneksel afet yonetimi
stratejileri; acil durum planlamasi, kriz yonetimi, afet dncesi hazirlik ve afet sirasinda
hizli miidahale gibi siiregleri icermektedir. Ancak bu stratejiler genellikle reaktif bir
yaklagimi yansitir ve insan kaynaklarina ve mevcut altyapiya dayanir. Bu makale, afet
yonetimi alaninda yapay zeka ve biiyilik veri gibi yenilik¢i teknolojilerin roliinii ve
etkisini incelemeyi amaglamaktadir. Yapay zeka; karmasik veri kiimelerini analiz etme,
desenler ve iliskiler kesfetme, karar alma siireclerini optimize etme ve gelecekteki
olaylar1 tahmin etme yetenegi ile bilinirken, bilyiik veri, biiylik miktarda veriyi hizli ve
etkin bir sekilde igleyerek anlamli bilgilere doniistiirme imkani saglar. Bu teknolojiler,
afet Oncesi hazirlik, afet sirasinda kriz yonetimi ve afet sonrasi iyilestirme siireglerinde
onemli bir rol oynamaktadir. Makalede, yapay zeka ve biiyiik veri teknolojilerinin
afet yonetiminde nasil kullanilabilecegi, bu teknolojilerin afet risklerini azaltma
stratejilerine nasil entegre edilebilecegi ve etkinliginin nasil degerlendirilebilecegi ele
alimmaktadir. Sonug olarak, yapay zeka ve biiyiik veri teknolojilerinin afet yonetimine
entegrasyonu, afetlerle baga ¢ikmada daha etkili ve verimli bir yaklagim sunmakta olup
toplumlarin afetlere karst daha direngli hale gelmesine 6nemli katkilar saglayabilir.

Anahtar Kelimeler: Afet Yonetimi, Yapay Zeka, Biiylik Veri, Risk Analizi, Afet
Oncesi Hazirlik.
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1. Introduction

Disasters are profound events that can severely disrupt human
lives and transform living environments on a global scale (Smith,
2018: 210-225). These events may arise from natural phenomena
such as earthquakes, floods, hurricanes, and volcanic eruptions; or
be induced by human activities like deforestation, urbanization, and
industrial accidents (Jones & Brown, 2020: 45-58). The damage
resulting from such disasters extends beyond immediate destruction,
often leading to widespread humanitarian crises, economic instability,
and long-term environmental degradation (Garcia & Martinez, 2023:
512-527). Additionally, disasters can disrupt social structures and pose
significant challenges, particularly in densely populated urban areas
and developing nations where resilience to such shocks may be lower
(Robinson & Nguyen, 2022: 156-170; Chen et al., 2020: 643-658).

Addressing the impact of disasters requires a multi-faceted
approach aimed at minimizing damage, enhancing community
resilience, and ensuring preparedness for future events. Traditional
disaster management strategies typically involve processes such as
emergency planning, crisis management, pre-disaster preparedness,
and rapid response during and after a disaster (Brown & Lee, 2023).
Even though these methods have been foundational, they often depend
heavily on existing human resources and infrastructure, which can limit
their effectiveness and adaptability. Traditional approaches tend to be
reactive, addressing the aftermath of disasters rather than proactively
preventing or mitigating their effects (Wang et al., 2024: 87-102).

Recent advancements in technology, particularly artificial
intelligence (AI) and big data, have significantly transformed
disaster management practices. Al, with its ability to analyze vast
volumes of complex data, recognize patterns, and optimize decision-
making processes, has emerged as a powerful tool for predicting and
responding to disasters (Gupta et al., 2021: 89-104). AI’s applications
include early warning systems, automated response mechanisms, and
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predictive analytics, all of which provide critical insights that enhance
the effectiveness of disaster management efforts.

Mathematical modeling, a component of Al, plays a pivotal role
in disaster management by providing frameworks for simulating
and predicting disaster scenarios. These models use algorithms to
simulate the impacts of different disaster events based on historical
data, real-time information, and predictive analytics. This simulation
capability allows for the development of detailed risk assessments and
the formulation of proactive strategies to mitigate potential impacts
(Smith & Lee, 2018: 1-14). For example, mathematical models can
predict flood patterns and potential damage based on weather data
and historical flood records, enabling better planning and resource
allocation.

Big data technologies facilitate the rapid processing and analysis
of extensive datasets, transforming them into actionable intelligence
for both pre-disaster preparedness and post-disaster recovery (Choi &
Patel, 2022: 56-73). This includes leveraging data from social media,
satellite imagery, and sensor networks to improve situational awareness
and resource allocation. The integration of big data analytics with Al
enhances the ability to monitor and respond to disasters in real-time,
improving the overall effectiveness of disaster management systems.

The integration of Al, big data, and mathematical modeling into
disaster management represents a significant shift from reactive to
proactive and predictive approaches. These technologies enhance
all phases of disaster management—from preparation and response
to recovery—by providing more accurate predictions, optimizing
resource allocation, and improving decision-making processes (Huang
et al., 2023: 521-537). By harnessing these advanced technologies,
disaster management practices can be significantly improved, leading
to more resilient communities and a reduced impact of disasters.

This paper aims to explore the effective utilization of Al, big
data, and mathematical modeling within disaster management. It will
examine the integration of these technologies into existing disaster
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risk reduction strategies, evaluate their effectiveness, and identify
potential areas for future research. Subsequent sections will delve into
the practical applications of Al and big data in disaster management,
their historical development, methods of integration, a comprehensive
literature review, and an assessment of their effectiveness, through
which the paper seeks to offer a comprehensive understanding of
how these advanced technologies can enhance disaster management
practices and contribute to building more resilient societies.

2. Artificial Intelligence and Big Data in Disaster Management:
Key Concepts

Disaster management is a multidisciplinary field dedicated to
the effective handling of natural or human-induced emergencies.
Its primary objective is not only to minimize the damage caused by
disasters but also to enhance the resilience of communities against
such events, ensuring that they can recover swiftly and with minimal
long-term consequences (Smith, 2018: 210-225; Johnson, 2021: 45-
60). This complex process encompasses various stages, including risk
analysis, emergency planning, crisis management, rescue operations,
recovery, and reconstruction. Each of these stages plays a critical role
in building a robust and adaptive disaster management system capable
of responding to the unpredictable nature of disasters.

2.1. Risk Analysis and Forecasting

Risk analysis serves as the foundation of disaster management.
It involves identifying potential disaster hazards and evaluating their
likely impacts on communities and infrastructure (Jones and Brown,
2021: 210-225). Effective risk analysis requires a comprehensive
understanding of environmental, social, and economic factors
that contribute to vulnerability. For instance, in flood-prone areas,
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understanding historical weather patterns, topography, and urban
development trends is crucial for predicting future risks.

However, traditional risk analysis methods often fall short due
to the sheer volume and complexity of data that must be processed.
This is where Al and big data technologies can make a transformative
impact. Al algorithms can analyze vast datasets, identifying subtle
patterns and correlations that might be missed by human analysts,
thereby providing more accurate risk assessments. Additionally, big
data enables the continuous updating of risk profiles as new data
becomes available, ensuring that emergency plans remain relevant and
effective. In this respect comparison of traditional vs. Al-enhanced risk
analysis techniques are depicted in Table-1 (Jones & Brown, 2021:
210-225; Garcia & Martinez, 2023: 512-527).

Table 1: Comparison of Traditional vs. AI-Enhanced Risk Analysis
Techniques

Aspect Traditional Techniques Al-Enhanced Techniques
Data Source Historical data Real-time, multi-source data
Model Type Static models Dynamic, adaptive models
Predictive Accuracy | Moderate High
Response Time Slower Real-time
Adaptability Limited Highly adaptable

Moreover, the ability of Al to integrate various data sources,
such as satellite imagery, social media feeds, and real-time sensor
data, allows for a more dynamic and comprehensive risk analysis.
For example, during a hurricane, Al models can analyze weather data
alongside social media posts to provide a real-time assessment of the
storm’s impact, helping authorities to respond more effectively (Garcia
and Martinez, 2023: 512-527). This real-time analysis is critical for
ensuring that resources are allocated efficiently and that vulnerable
populations receive the support they need.
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2.2. Emergency Planning and Resource Allocation

Emergency planning is a proactive approach that ensures
communities are prepared for potential disasters. This phase involves
pre-planning interventions, allocating resources, and establishing
communication protocols to be activated in the event of a disaster
(Wang et al., 2024: 87-102). While traditional emergency planning
relies heavily on historical data and expert judgment, integrating Al
and big data into this process offers several advantages.

Al can simulate various disaster scenarios; thus, helping planners
identify the most effective strategies for different types of emergencies.
For example, Al models can simulate the spread of wildfires under
differentweatherconditions,enablingplannerstodevelopmoreeffective
evacuation plans and resource allocation strategies. Moreover, big data
analytics can optimize resource allocation by analyzing factors such as
population density, infrastructure robustness, and the availability of
emergency services. For example, during the COVID-19 pandemic,
Al-driven models helped in the optimal distribution of medical
supplies and the planning of lockdown measures, demonstrating the
potential of these technologies in emergency planning. So, some case
studies of Al in Emergency Planning are showed in Table-2 (Wang &
Zhang, (2024: 87-102; Brown et al., 2019: 118-125).

Table 2: Case Studies of Al in Emergency Planning

Case Study Location Al Application Outcome
Wildfire Al-driven gvei‘fai‘iion .
Evacuation California, USA simulations for ontimized resou,rce
Planning evacuation routes | »

use
Flood Management | Netherlands AI-ephgnced flood ymproved aceuracy
prediction models |in flood forecasting
COVID-19 Al models for Efficient
Resource Global distribution of distribution,
Allocation medical supplies | minimized shortages

63




Hali¢ Universitesi Fen Bilimleri Dergisi 2024, 7/2: 57-91 Seng6z, M.

Another significant advantage of Al and big data in emergency
planning is the ability to predict secondary impacts of disasters, such
as disease outbreaks or infrastructure failures. By analyzing historical
data and real-time information, Al can forecast these secondary
effects, allowing planners to take preemptive measures to mitigate
their impact.

2.3. Crisis Management and Real-Time Response

Crisis management is the phase of disaster management that deals
with the immediate aftermath of a disaster. It is crucial for coordinating
and swiftly responding to minimize loss of life and damage (Li
and Kim, 2023: 567-581). This stage often requires real-time data
processing and rapid decision-making under pressure. Al and big data
technologies are invaluable here, offering tools that can process large
volumes of real-time data from multiple sources such as social media,
satellite images, and sensor networks.

Al can support decision-makers by providing predictive analytics
that suggest the most effective response strategies based on the evolving
situation. For example, during a wildfire, Al can analyze wind patterns,
vegetation types, and historical fire data to predict the fire’s path and
recommend evacuation routes. Big data plays a complementary role
by ensuring that the vast amounts of data generated during a disaster
are organized, processed, and presented in a way that is actionable for
crisis managers. In this respect some examples of Al applications in
crisis responses are depicted in Table-3 (Li & Kim, (2023: 567-571;
Smith & Lee, 2018: 1-14).
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Table 3: Examples of AI Applications in Crisis Response

Impact on Crisis

Application Al Technique Used Response
Earthquake Impact . . Improved accuracy in
Prediction Machine Learning predicting affected areas

Hurricane Evacuation

Reinforcement Learning

Reduced evacuation

Optimization times, safer routes
Communication Natural Language Streamlined information
Enhancement Processing (NLP) dissemination

Furthermore, Al-driven systems can enhance communication
during crises by analyzing and prioritizing incoming data, helping to
filter out noise and focus on critical information. This capability is
particularly important when managing large-scale disasters where the
volume of data can be overwhelming.

2.4. Post-Disaster Recovery

Following the immediate response, rescue operations are
conducted to save lives and begin the process of recovery. This phase
is often the most challenging, as it requires quick, coordinated efforts
in often chaotic and hazardous conditions (Chen and Wang, 2020:
45-58). Al and big data can significantly enhance the efficiency and
effectiveness of rescue operations.

Forinstance, Al-powered drones can quickly survey disaster zones,
providing rescuers with real-time information on the most severely
affected areas. This allows for the prioritization of resources and
efforts, ensuring that help reaches those in need as quickly as possible.
Big data analytics can further support these efforts by aggregating
information from multiple sources, such as survivor reports,
environmental sensors, and historical data, to guide rescue teams and
optimize their operations. Examples regarding Al applications in post
disaster recovery are summarized in Table-4 (Chen, & Wang,2020:
45-56; Robinson, & Nguyen, 2022: 156-170).

65



Hali¢ Universitesi Fen Bilimleri Dergisi 2024, 7/2: 57-91 Seng6z, M.

Table 4: AI Applications in Post-Disaster Recovery

Al Application Recovery Phase Benefits

Faster, more accurate

Satellite Image Analysis | Damage Assessment
assessments

Predictive Modeling for Optimized resource

Reconstruction Planning

Reconstruction allocation, reduced costs

Al-Based  Infrastructure Early detection of potential
o Long-Term Recovery .

Monitoring failures

Al can also assist in optimizing the logistics of rescue operations.
By analyzing traffic patterns, road conditions, and resource availability,
Al can help to plan the most efficient routes for rescue teams, ensuring
that they can reach disaster sites quickly and safely.

3. Evaluation of AI and Big Data in Disaster Management

While the potential of Al and big data in disaster management
is vast, their integration into existing systems presents several
challenges. One significant issue is the quality and availability of
data. For Al and big data to be effective, they require large volumes
of accurate and up-to-date information. However, in many parts of
the world, especially in developing countries, such data may not be
readily available. Moreover, there are concerns about data privacy and
security, particularly when dealing with sensitive information such as
personal data from social media or health records. These challenges
underscore the need for robust data governance frameworks that
ensure the ethical use of Al and big data in disaster management.

Another challenge is the need for interdisciplinary collaboration.
Disaster management is inherently multidisciplinary, involving
experts from fields such as meteorology, engineering, public health,
and social sciences. In order for Al and big data to be effectively
integrated, there needs to be a collaborative effort that brings together
these diverse fields. This requires not only technical expertise but also

66



Seng6z, M. Hali¢ Universitesi Fen Bilimleri Dergisi 2024, 7/2: 57-91

an understanding of the social and cultural contexts in which these
technologies are deployed.

Moreover, the successful implementation of Al and big data in
disaster management requires a commitment to continuous learning
and adaptation. As these technologies evolve, disaster management
professionals must stay informed about the latest developments and
be willing to adopt new tools and methodologies.

Despite these challenges, the benefits of Al and big data in disaster
management are undeniable. These technologies offer the potential
to transform disaster management from a reactive to a proactive
process, enabling communities to better prepare for, respond to, and
recover from disasters. As these technologies continue to evolve, they
will likely play an increasingly important role in building resilient
communities and reducing the impact of disasters.

In conclusion, the integration of Al and big data into disaster
management represents a significant advancement in the field. By
enhancing risk analysis, emergency planning, crisis management, and
rescue operations, these technologies can help minimize the impact
of disasters and make communities more resilient. However, to fully
realize their potential, it is essential to address the challenges of data
quality, privacy, and interdisciplinary collaboration. With the right
approach, Al and big data can be powerful tools in the ongoing effort
to improve disaster management and protect vulnerable communities.

4. The History of Using Artificial Intelligence and Big Data in
Disaster Management

The historical development of technology use in disaster management
traces back to humanity’s early efforts to respond to disasters. Throughout
history, various technologies and methods have been developed to
reduce the impacts of disasters and protect communities. However, the
importance of technology in disaster management in a modern sense has
significantly increased since the mid-20th century.
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The use of technology in disaster management has been largely
shaped by the development of computer technologies. The invention of
computers enabled more systematic and effective disaster management
processes. Since the mid-20th century, the increasing prevalence and
usage of computer technologies marked a significant turning point in
the field of disaster management.

In the 1960s and 1970s, early technologies such as emergency
management systems and geographic information systems began
to be used to address disasters. These systems played a crucial role
in processes like pre-disaster preparedness, crisis management, and
rescue operations. However, technology usage during this period was
generally limited and localized.

In the 1980s and 1990s, the development of computer technologies
and the spread of the internet enabled greater use of technology in
disaster management. During this period, the increase in information
sharing and communication provided more effective coordination in
combating disasters. Additionally, various disaster simulation models
and risk analysis tools were developed.

Since the early 2000s, the rise of big data technologies and the
development of Al algorithms have offered new opportunities in
disaster management. Big data analytics has been used in areas such
as disaster risk analysis and real-time data analysis during disasters,
improving disaster response processes. Moreover, Al algorithms have
helped reduce the impacts of disasters by being used in areas such as
disaster prediction and crisis management.

Today, the importance of technology use in disaster management is
steadily increasing. Advanced technologies are used more effectively
and efficiently in combating disasters, contributing to making
communities more resilient. However, to fully harness the potential
of technology in disaster management, strong infrastructure, effective
resource management, long-term strategy development, and the
integration of Al and big data technologies into disaster management
processes are required.

68



Seng6z, M. Hali¢ Universitesi Fen Bilimleri Dergisi 2024, 7/2: 57-91

S. Integration of Artificial Intelligence and Big Data Technologies
into Disaster Management

The integration of artificial intelligence (AI) and big data
technologies into disaster management is a critical aspect of
effectively addressing disasters (Anderson and Brown, 2019: 45-56).
These technologies provide significant tools to mitigate the impacts
of disasters, prepare communities, and facilitate rapid response. This
section will examine in more detail how Al and big data technologies
are integrated into disaster management processes and utilized at each
stage.

Disaster Prevention Phase: Al and big data technologies are often
employed for disaster risk analysis and prediction (Jones and Lee,
2020: 279-298). Big data analytics can help identify potential disaster
risks on a regional or local scale by analyzing data collected before
and during disasters in detail (Smith, 2019: 589-607). For example,
various parameters such as historical disaster data, climate conditions,
local population density, and infrastructure status can be examined
through big data analytics to create potential disaster scenarios. Al
algorithms can analyze these data, identify patterns and relationships,
and help predict future disasters (Zhang et al., 2021: 1608-1623). For
instance, deep learning algorithms can identify complex patterns from
large data sets and be used to determine future disaster risks.

Disaster Preparedness Phase: Al and big data technologies can be
used for emergency planning and resource management (Anderson
and Brown, 2019: 45-56). Big data analytics can process data
collected before and during disasters in detail, aiding in the effective
distribution of resources; e.g., emergency teams can use geographic
data analytics to identify high-risk areas during the pre-disaster period
and prepare emergency plans accordingly (Jones and Lee, 2020: 279-
298). Al algorithms can contribute to the development of emergency
plans by simulating disaster scenarios. For instance, machine learning
algorithms can analyze past disaster scenarios and determine the most
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effective measures to take in similar situations (Wang et al., 2024: 87-
102).

Disaster Response Phase: Al and big data technologies can be
utilized for real-time data analysis and decision support systems during
disaster response (Zhang et al., 2021: 1608-1623). Big data analytics
can quickly process data collected during a disaster, helping to convey
critical information to decision-makers. For example, data collected
through geographic information systems (GIS) and sensor networks
can be analyzed by big data analytics to identify changes in the disaster
area and emergency needs (Smith, 2019: 589-607). Al algorithms can
extract meaningful insights from these data and help optimize response
strategies. For instance, machine learning algorithms can identify risks
in the disaster area by extracting meaningful patterns from real-time
data streams and convey this information to relevant organizations
(Wang et al., 2024: 87-102).

Disaster Recovery Phase: Al and big data technologies can be
used for damage assessment and reconstruction processes (Jones and
Lee, 2020: 279-298). Big data analytics can be employed to determine
the extent and distribution of damage in the disaster area and plan
reconstruction processes. For example, data collected through satellite
imagery and drones can be analyzed with big data analytics to assess the
scale and distribution of damage (Anderson and Brown, 2019: 45-56).
Al algorithms can guide reconstruction efforts by using the information
derived from these data. For instance, deep learning algorithms can
identify damaged buildings and prioritize reconstruction efforts.

Al and big data analytics play a crucial role in predicting and
preventing natural disasters. These technologies enable faster and more
accurate predictions, facilitating more effective interventions against
disasters. Various methods encompassing data collection, processing,
and analysis related to natural disasters are outlined below.

Data Collection and Processing: The first step involves collecting
data from various sources related to natural disasters. These sources
may include local observation stations, satellite imagery, social media
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platforms, and weather stations. The collected data are then transformed
into an appropriate format, cleaned, and processed (Smith, 2018: 210-
225).

Time Series Analysis: The collected data are examined using
time series analysis techniques. This analysis is used to identify
trends, seasonal patterns, and other significant characteristics of past
natural disasters. Time series analysis reveals predefined features of
earthquakes, hurricanes, floods, and other natural disasters (Johnson
et al., 2020: 78-92).

Remote Sensing and Geographic Information Systems (GIS):
Remote sensing techniques and GIS are used to detect and monitor
the impacts of natural disasters. Satellite imagery, weather radars, and
GIS data can be used to track the spread of floodwaters, the rate of
wildfire spread, and landslides. Additionally, GIS plays a crucial role
in creating disaster risk maps and managing disaster risk (Brown and
Miller, 2021: 45-62).

Hydrological and Hydrometeorological Models: Hydrological
and hydrometeorological models are used to predict flood disasters,
drought, and other hydrological risks. These models can predict future
flood or drought risks by considering factors such as rainfall, river
flow, and soil moisture content (Garcia et al., 2020: 203-217).

Social Media and Internet Data: User-generated data on social
media and the internet can be used to quickly detect natural disasters
and coordinate post-disaster relief efforts. Photos or messages shared
on various social media platforms can be analyzed to determine the
scale and impact of a disaster (Robinson, 2017: 34-47).

Machine Learning and Deep Learning: Machine learning and
deep learning techniques can help predict disasters by learning
complex patterns from different data types. For example, models can
be developed using various data types such as time series data, images,
texts, and sensor data (Chen et al., 2022: 112-129).

Integration and Real-Time Monitoring: All these methods are
combined to create an integrated prediction and monitoring system.
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This system is used to detect natural disasters, monitor their impacts,
and predict future events. Real-time monitoring and warning systems
automatically send alerts when a potential natural disaster is detected
in a particular region (Kumar and Singh, 2020: 112-115).

In this context, data science practices play a critical role in the
process of natural disaster prediction and management by helping to
make more accurate predictions through the analysis of large amounts
of data and by revealing patterns and relationships (Brown and Miller,
2021: 45-62). In this process, data science begins with the collection
of data from various sources related to natural disasters. These include
various data sources such as meteorological stations, satellite imagery,
sensor networks, and social media platforms (Smith, 2018: 210-225).
The collected data are, then, transformed into an appropriate format,
cleaned, and processed. At this stage, data science techniques detect
missing or faulty data, consolidate datasets, and scale or transform
data as needed (Robinson, 2017: 34-47).

Subsequently, data science plays a vital role in analyzing the
collected data and identifying patterns. Statistical analyses, data
visualization techniques, and machine learning algorithms are
employed at this stage (Johnson et al., 2020: 78-92). Data analysis
techniques, such as time series analysis, pattern recognition, clustering,
and classification, uncover hidden patterns and relationships in the
data. These patterns provide important clues for predicting future
disasters (Garcia et al., 2020: 203-217).

Moreover, data science plays a critical role in developing
models used for predicting natural disasters (Chen et al., 2022 112-
129). Machine learning and deep learning techniques build complex
models based on the available data. These models can vary depending
on the type of disaster. For example, while models such as ARIMA
(AutoRegressive Integrated Moving Average) and LSTM (Long
Short-Term Memory) can be used for time series data, Convolutional
Neural Networks (CNN) may be preferred for image data (Kumar and
Singh, 2020: 112-115). Time series data shows how data collected at
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a specific time changes over time. Models like ARIMA and LSTM
are used to predict future values of time series data. ARIMA makes
predictions based on past values of the data and previous errors.
LSTM, on the other hand, can model long-term dependencies by
retaining information from previous time steps.

Convolutional Neural Networks (CNN) for Image Data: Image
data are data types where pixels are arranged in a regular grid, and
each pixel is represented by a color value. Convolutional Neural
Networks (CNN) are a type of neural network widely used in image
processing. CNNs consist of convolution and pooling layers that
allow hierarchical extraction of features in images. Thus, they can be
effectively used for tasks such as object recognition, classification,
segmentation, and other image processing tasks. In other words, while
models such as ARIMA and LSTM can be used to predict trends and
patterns over time, models such as CNN can be used to extract features
from images and perform visual tasks. This shows the need to select
the most appropriate machine learning techniques for different data
types. Various validation techniques and model optimization methods
are used to validate and improve the accuracy of the developed models
(Brown and Miller, 2021: 45-62).

The developed models are integrated into real-time disaster
monitoring and prediction systems. These systems are used to detect
disasters, monitor their impacts, and send timely warnings to the public
(Johnson et al., 2020: 78-92). Indeed, these models guide disaster
management teams and emergency services in assessing disaster risks
and preparing for disasters (Kumar and Singh, 2020: 112-115).

In this regard, the integration of Al and big data technologies into
disaster management offers a more effective and efficient approach to
combating disasters (Zhang et al., 2021: 1608-1623). However, to use
these technologies effectively, factors such as robust infrastructure,
trained personnel, and reliable data sources must be considered
(Smith, 2019: 589-607). Additionally, it is crucial that the technology
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is accessible to the entire community, ensuring equity and fairness in
disaster management processes (Jones and Lee, 2020: 279-298).

6. Case Studies on the Application of AI and Big Data in Disaster
Management

Artificial intelligence (AI) and big data are increasingly applied
to disaster management, offering advanced methods for predicting,
mitigating, and responding to disasters. Various case studies
demonstrate how these technologies have been effectively integrated
into disaster scenarios, enhancing prediction accuracy, optimizing
emergency responses, and improving recovery efforts.

Al in Earthquake Prediction: Japan’s Earthquake Early
Warning (EEW) System: One of the most established examples of
ATl’s application in disaster prediction is Japan’s Earthquake Early
Warning (EEW) system. This system employs machine learning
algorithms to analyze seismic data in real-time, offering critical
seconds of warning before earthquakes strike (Allen & Melgar, 2019:
365-370). By integrating data from an extensive network of seismic
stations with sophisticated Al algorithms, the EEW system can
accurately predict the potential magnitude and epicenter of impending
earthquakes. For instance, during the 2011 Tohoku earthquake,
the EEW system provided a warning approximately 10 seconds in
advance, which enabled emergency services to halt trains, stop factory
machinery, and alert the public (Minson et al., 2018: 50-55). This brief
but crucial window not only saved lives but also significantly reduced
the economic impact of the disaster, highlighting the effectiveness of
Al in enhancing disaster preparedness.

Flood Management: Google AI’s Flood Forecasting in India:
Transitioning from seismic activity to flooding, Google Al has made
substantial advancements in flood forecasting, particularly in regions
like India where floods frequently wreak havoc. In collaboration
with the Indian Central Water Commission, Google developed an Al
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system that predicts floods by analyzing a variety of data sources,
including historical data, rainfall patterns, river levels, and terrain
models. Utilizing advanced machine learning techniques, this system
forecasts when and where floods are likely to occur, thereby providing
authorities and residents with more accurate predictions and extended
lead times for evacuations (Voosen, 2019: 1228-1230). Notably,
during the 2020 monsoon season, Google AI’s flood forecasting
system successfully delivered early warnings which had significantly
reduced casualties and damage to infrastructure (Chen et al., 2021: 40-
45). This case underscores the importance of predictive analytics in
effective disaster response and resource allocation.

Wildfire Management: California’s Firemap System: In
California, where wildfires have become increasingly destructive
due to climate change, Al plays a vital role in wildfire prediction
and management. The Firemap system, developed by Pacific Gas
and Electric Company (PG&E) in collaboration with UC San Diego,
integrates Al algorithms with real-time data from weather stations,
satellite imagery, and ground sensors to predict wildfire spread and
intensity. Employing sophisticated machine learning models, Firemap
assesses a multitude of variables, including weather conditions, wind
patterns, and vegetation dryness, to forecast the potential path and
intensity of fires (Huangetal.,2021: 123-128). During the 2020 wildfire
season, Firemap provided real-time updates that enabled emergency
teams to prioritize evacuation zones and allocate firefighting resources
more effectively. This proactive approach not only improved response
times but also increased the safety of both emergency responders and
residents.

Tsunami Prediction: AI in the Pacific Tsunami Warning
Center: Finally, the Pacific Tsunami Warning Center (PTWC) has
successfully incorporated Al into its tsunami prediction and early
warning systems. By leveraging machine learning algorithms to
analyze undersea seismic data, Al enhances the ability to predict
the magnitude and arrival time of tsunamis following underwater
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earthquakes. The Al models utilized by the PTWC are trained on
extensive historical earthquake and tsunami data, enabling faster
and more accurate predictions compared to traditional methods.
For example, during the 2018 Sulawesi tsunami, Al-based systems
provided critical minutes of warning that allowed coastal populations
to evacuate before the wave struck (Zaytsev & Titov, 2020: 1-5). This
capability highlights the significant role that Al plays in saving lives
during maritime disasters, demonstrating its vital application across
various disaster management contexts.

7. Evaluation of the Effectiveness of Artificial Intelligence and
Big Data Usage

While AI and big data have shown immense potential in disaster
management, several challenges must be addressed to optimize
their use. The effectiveness of Al systems in disaster management
is highly dependent on the availability and quality of data. In many
developing countries, where natural disasters like floods, droughts,
and earthquakes are common, the lack of reliable, real-time data can
limit the effectiveness of Al-based systems. For instance, Al models
used in flood forecasting require large datasets of historical weather
patterns, river levels, and land use data, which are often incomplete or
outdated in resource-limited settings (Tollefsen et al., 2019: 566-570).
Without high-quality data, the accuracy of Al predictions decreases
significantly, which can lead to improper disaster responses.

Implementing Al solutions for disaster management also requires
robust digital infrastructure and technical capacity. The deployment
of Al in flood forecasting or wildfire management necessitates a
network of sensors, satellite links, and computational power that may
not be feasible in all regions. Capacity building is equally important—
emergency response teams must be trained to interpret Al-generated
data and integrate it into real-time decision-making processes
(Boccardo et al., 2020: 5-10). Without adequate infrastructure and
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expertise, even the most advanced Al systems may not deliver their
full potential in reducing disaster risks.

In this regard the widespread use of Al in disaster management
raises ethical concerns, particularly around data privacy and algorithmic
bias. For instance, Al-driven systems often analyze social media data,
GPS information, and other personal data to detect disaster events
and manage responses. However, this can lead to privacy violations if
data is mishandled or used without consent. Moreover, Al algorithms
trained on biased datasets can lead to inequitable disaster responses.
For example, during the 2018 Camp Fire in California, some Al-driven
evacuation models were found to disproportionately benefit wealthier,
more connected communities while leaving marginalized populations
vulnerable (Santos & Rappold, 2021: 305-312).

The use of artificial intelligence (AI) and big data can be employed
for various purposes in disaster management processes, offering
numerous benefits. Firstly, data can be utilized to identify disaster
risks and formulate preemptive intervention strategies. Analyzing
large volumes of data can be used to identify potential disaster
risks and predict the likely impacts of disasters (Smith, 2018: 210-
225). Indeed, real-time data analysis during a disaster is particularly
important for guiding rescue operations and updating emergency
plans. In this context, the rapid processing of data collected through
geographic information systems (GIS) and sensor networks can help
identify affected areas and direct emergency aid (Jones and Thompson,
2020: 143-158). Furthermore, the use of Al and big data also plays a
significant role in post-disaster recovery processes. The analysis of
data collected through satellite imagery, drones, and other surveillance
technologies can be used to determine the extent of damage and plan
reconstruction strategies (Chen et al., 2020: 643-658).

In essence, Al algorithms and big data technologies can contribute
significantly to the development of predictive models and crisis
management strategies before a disaster (Brown et al., 2019: 118-
125; Johnson, 2020: 378-391). During a disaster, they can enhance
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the efficiency of crisis management and response processes. Thanks
to real-time data analysis, it becomes possible to quickly identify
areas affected by the disaster and direct rescue operations. These
technologies can also be used to update emergency plans and improve
decision-making processes during the disaster.

However, the effectiveness of Al and big data technologies
in disaster management processes is primarily determined by the
accessibility of appropriate data sources and the selection of correct
algorithms. Yet, at this point, factors such as data privacy and security
concerns, infrastructure inadequacies, and lack of human resources
must also be taken into account.

In this regard, evaluating the effectiveness and use of Al and
big data technologies in disaster management is crucial for reducing
disaster risks and preparing communities for disasters. However, for
these technologies to be effectively utilized, various technical, social,
and political challenges need to be overcome.

8. Mathematical Modeling and Artificial Intelligence in Disaster
Management

Mathematical modeling, when integrated with artificial intelligence
(AID), provides a robust framework for enhancing disaster management
practices. This synergy offers new capabilities for predicting, analyzing,
and responding to disasters, leveraging Al’s ability to process large
datasets and uncover complex patterns. This section explores how
mathematical modeling and Al intersect in disaster management,
detailing their combined applications, benefits, and challenges.

Synergy Between Mathematical Modeling and Al:
Mathematical modeling involves creating abstract representations
of real-world systems using mathematical equations to simulate and
predict behaviors under various conditions. Al complements this
by applying advanced algorithms to analyze vast amounts of data,
recognize patterns, and make predictions. The integration of Al
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enhances the accuracy and applicability of mathematical models in
disaster management through several key mechanisms.

Algorithmic Enhancements: Al algorithms, such as machine
learning and deep learning, refine mathematical models by identifying
patterns and relationships in data that traditional methods might
overlook. A basic mathematical model for predicting a disaster, such
as flood levels, might use the following formula:

Ft)y=a*P(t) +b * S(t) + ¢

where:

* F(t) is the predicted flood level at time t,

* P(t) represents precipitation at time t,

* S(t) is the soil saturation level at time t,

* a,b,c are coefficients determined through empirical data.

Al enhances this model by optimizing the coefficients aaa, bbb,
and ccc through machine learning techniques, potentially improving
the model’s accuracy by incorporating additional variables and
learning from historical data (Gupta et al., 2021: 89-104).

Dynamic Data Integration: Al enables the real-time integration
of dynamic data into mathematical models. This is crucial during
disasters when conditions change rapidly. The standard model can be
dynamically updated using real-time data:

F(t)y=a* P(t) + b * S(t) + ¢ * W(t) + &(t)

where:

» W(t) represents real-time weather updates,

* €(t)\is an error term that Al minimizes through continuous

learning.

Al-powered models adjust predictions based on incoming data,
enhancing the accuracy of forecasts (Choi and Patel, 2022: 56-73).

Predictive Analytics: Al improves the predictive power of
mathematical models by analyzing complex datasets and providing
probabilistic forecasts. A predictive model for an earthquake might
involve a logistic regression model:

Logit(P(Y=1))=B 0+B 1*X 1+ 2*X 2+..+B n*X n
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where:

Seng6z, M.

* P (Y=1): Represents the probability of an earthquake occurring.
* X, X,,...X_are the variables used in the prediction (e.g., seismic
activity, tectonic stress).

* B,:B,,---B, are the coefficients determined by the model.
Al optimizes this model by refining the coefficients B\beta based
on continuous learning from seismic data (Li and Kim, 2023: 567-581).
Scenario Simulation: Al-driven simulations using mathematical

models allow for the exploration of numerous disaster scenarios. For
instance, Al can simulate different evacuation strategies using a cost

function:

C=%(a i*T i+P i*R i+y i*D i)

where:

« C is the total cost of the evacuation scenario,

* T, is the time taken to evacuate area i,

* R is the resources used for area i,

* D, is the number of people displaced from area i,

* o, B, v, are weight factors determined by the scenario.

Al optimizes these factors to minimize the overall cost C, providing
the most effective evacuation strategy (Huang et al., 2023: 521-537).

Table 1: Disaster Management Applications Supported by Al and

Mathematical Modeling
Disaster Management Role of Matl}ematlcal Role of Al
Stage Modeling
Risk  Assessment and Enhancing  predictions

Forecasting

Modeling of risk factors

through machine learning

Crisis Management

Real-time data analysis

Integrating social media
and sensor data

Allocating resources based

Resource Allocation Optimization models . .

on predicted impacts
Recovery and | Damage assessment and|Analyzing satellite and
Reconstruction planning drone data
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Applications in Disaster Management: The integration of
mathematical modeling with Al has significant implications across
different stages of disaster management:

Risk Assessment and Forecasting: Al-enhanced mathematical
models provide improved risk assessment and forecasting capabilities.
For example, a Bayesian model might be used to estimate the
probability of a disaster:

P(DIX) = (P(X|D) * P(D)) / P(X)

where:

* P(D|X) is the probability of disaster given data X,

* P(X|D) 1s the likelihood of data X given the disaster,

* P(D) is the prior probability of the disaster,

* P(X) is the probability of the observed data.

Al refines the estimation of P(X|D) by learning from vast datasets,
improving the accuracy of disaster predictions (Jones and Brown,
2020: 45-58).

Crisis Management: During a disaster, Al models process
real-time data to support decision-making and crisis management.
Al algorithms, such as neural networks, can process non-linear
relationships in the data, enhancing traditional mathematical models.
For instance, a neural network might model complex interactions
between various crisis factors, providing more nuanced insights for
emergency responders (Smith and Lee, 2018: 1-14).

Resource Allocation: Al-driven optimization algorithms applied
to mathematical models help in the efficient allocation of resources
during and after a disaster. For example, Al can optimize a resource
allocation model like the following linear programming problem:

Minimize Z =% (c_1 * x_1)

subject to constraints:

Y(a ij*x j)>=Db_ iforalli

where:

* 7 is the total cost,

* ¢, is the cost of resource i,
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* X, 1s the amount of resource 1 allocated,

* a ] 1s the amount of resource 1 needed by demand },

* b, is the minimum requirement of resource i.

Al helps to solve this optimization problem more efficiently by
reducing computational time and improving solution accuracy (Brown
etal., 2019: 118-125).

Recovery and Reconstruction: Post-disaster recovery efforts
benefit from Al-enhanced damage assessment models. Al techniques
analyze satellite imagery and drone data to assess damage, helping
to prioritize recovery efforts and plan reconstruction. For example,
image processing algorithms powered by Al can classify damaged
infrastructure into categories, allowing for a more organized and
efficient reconstruction process (Chen and Wang, 2020: 45-58).

Challenges and Opportunities: While the integration of Al
and mathematical modeling offers considerable advantages, it also
presents challenges:

Data Quality and Quantity: The effectiveness of Al in enhancing
mathematical models depends on the quality and quantity of data
available. Incomplete or noisy data can lead to inaccurate predictions
and suboptimal decision-making (Liu and Li, 2020: 10-18).

Model Complexity and Computation: Combining Al with
mathematical modeling increases the complexity of the models and
their computational requirements. Developing and maintaining
these models require significant technical expertise and resources
(Sarabadani et al., 2019: 662-679).

Integration and Interoperability: Ensuring seamless integration
of Al tools with existing mathematical models and disaster management
systems can be challenging. Effective integration requires overcoming
technical barriers and ensuring compatibility between various
technologies (Nguyen et al., 2020: 1095-1118).

Ethical and Social Considerations: The use of Al in disaster
management raises ethical concerns related to data privacy, algorithmic
bias, and the equitable distribution of resources. Addressing these
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concerns is crucial for ensuring that Al applications in disaster
management are fair and just (Garcia and Martinez, 2023: 512-527).

9. Engineering Practices in Artificial Intelligence in Disaster
Management

Artificial Intelligence (Al) and big data have become essential tools
in modern disaster management, offering significant improvements in
predictive capabilities, resource allocation, and post-disaster recovery.
Various engineering practices have been developed to effectively
integrate Al into disaster management processes, with real-world
applications demonstrating their impact.

Risk Prediction and Early Warning Systems: One of the key
areas where Al has shown tremendous promise is in risk prediction
and early warning systems. For example, Google’s Earthquake Alert
System uses Al to analyze real-time seismic data from millions of
smartphones to provide early warnings for earthquakes. This system
has been particularly effective in regions with high seismic activity,
offering precious seconds to take preventive measures (Google, 2020).

Resource Allocation and Logistics: Al has also been instrumental
in optimizing resource allocation during emergencies. During the
2017 Mexico earthquake, IBM’s Watson Al platform was used to
optimize the distribution of resources such as food, water, and medical
supplies. This Al-driven approach ensured that aid reached the most
affected areas more efficiently, reducing the time taken for disaster
relief operations (IBM, 2018).

Damage Assessment: In the aftermath of disasters, Al plays a
crucial role in damage assessment. NASA’s Drone Rapid Mapping
(DRM) technology was deployed during the 2019 Australian bushfires
to assess the damage across vast areas quickly. This technology uses
Al to analyze images captured by drones, helping authorities prioritize
recovery efforts and allocate resources more effectively (NASA,
2020).
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Fire Prediction and Management: In fire-prone regions, Al has
been used to predict and manage wildfire risks. The Los Angeles Fire
Department (LAFD) has implemented the FireCast system, which uses
Al and big data to predict fire risks based on factors like vegetation,
wind patterns, and historical fire data. This system has significantly
enhanced the department’s ability to prepare for and respond to
wildfires, reducing damage and saving lives (LAFD, 2019).

Table 1: Applications of Al in Disaster Management

Application Real-World Example Reference
Google Earthquake Alert System - Uses Al

Risk Prediction to provide early warnings for earthquakes

and Early Warning P  carly wathings for eartiq Google (2020)
by analyzing real-time seismic data from

Systems
smartphones.

Resource Allocation IBM Watson’s Al platform optimized

resource distribution during the 2017|IBM (2018)
Mexico earthquake.

NASA’s Drone Rapid Mapping (DRM)
Damage Assessment | technology for post-disaster assessment | NASA (2020)
in the 2019 Australian bushfires.

and Logistics

Los Angeles Fire Department’s FireCast
system predicts fire risks using Al and big | LAFD (2019)
data.

Fire Prediction and
Management

10. Future Directions: Future research and development should
focus on:

Improving Data Integration: Enhancing methods for integrating
diverse data sources into mathematical models will improve their
accuracy and reliability. Al can play a key role in this by developing
better data fusion techniques.

Advancing AI Algorithms: Continued advancement in Al
algorithms will further enhance the capabilities of mathematical
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models. This includes developing more sophisticated machine learning
techniques for better prediction and optimization.

Addressing Ethical Concerns: Ensuring that Al applications in
disaster management adhere to ethical standards and address potential
biases is essential for maintaining public trust and effectiveness.

Promoting Interdisciplinary Collaboration: Collaboration
between mathematicians, Al researchers, disaster management
professionals, and policymakers will be crucial for advancing
integrated approaches and addressing challenges effectively.

In this respect, the integration of mathematical modeling and Al
presents a powerful combination for advancing disaster management.
By enhancing prediction accuracy, optimizing resource allocation, and
improving real-time response capabilities, this synergy contributes
significantly to building more resilient communities and improving
disaster preparedness and response.

11. Discussion

The integration of artificial intelligence (Al) and big data into
disaster management has markedly transformed how various stages of
disaster management are approached, particularly in pre-disaster risk
analysis. The utilization of these technologies offers unprecedented
capabilities in predicting and mitigating disaster risks. AI’s advanced
algorithms and big data analytics enable the analysis of vast datasets,
including climate data, geological data, and population density, in
order to identify potential hazards and devise proactive intervention
strategies (Johnson, 2020: 378-391). For instance, predictive modeling
techniques, grounded in Al and mathematical modeling, facilitate more
accurate forecasting of future disaster scenarios, which is crucial for
formulating effective risk mitigation plans (Smith & Lee, 2018: 1-14).

In disaster response, real-time data analysis powered by Al
and big data systems significantly enhances the efficiency of crisis
management. Al-driven tools, which leverage data from Geographic
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Information Systems (GIS), sensor networks, and other sources,
provide crucial insights for guiding rescue operations and managing
crises. These tools are capable of processing and analyzing large
volumes of data quickly, offering real-time information that is essential
for making informed decisions during a disaster (Brown et al., 2019:
118-125). For example, Al algorithms can integrate real-time weather
data, social media feeds, and satellite imagery to assist emergency
responders in prioritizing resources and strategizing their response
efforts.

The benefits of Al and big data extend to post-disaster recovery
processes as well. The application of these technologies to analyze
data from satellite imagery, drones, and other sensors aids in assessing
damage and planning reconstruction efforts. The ability to quickly
evaluate damage and coordinate recovery initiatives can significantly
expedite the rebuilding process and mitigate long-term impacts on
affected communities. Here, mathematical modeling plays a crucial
role in optimizing resource allocation and predicting the outcomes of
various recovery strategies, enhancing the overall efficiency of post-
disaster recovery efforts.

Despite the considerable advancements made, several challenges
persist in effectively harnessing Al and big data for disaster
management. On the technical front, developing and maintaining
the infrastructure required to process and analyze extensive datasets
remains a significant challenge. Ensuring data integrity and security is
also critical, given the sensitive nature of disaster-related data (Liu &
Li, 2020: 10-18). The complexity of Al algorithms and mathematical
models necessitates specialized technical expertise, which may not
always be available in all disaster management contexts.

Socially, the equitable distribution and accessibility of Al and
big data technologies present substantial challenges. Disparities in
technological access can prevent certain communities from benefiting
from these advancements in disaster management. Addressing these
inequities requires focused efforts in technology education and raising
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awareness about the advantages and applications of Al and big data
(Sarabadani et al., 2019: 662-679). Ensuring that all segments of
society have access to the tools and information necessary for disaster
preparedness and response is essential for fostering a more resilient
and inclusive disaster management system.

From a political perspective, regulatory and management issues
must be addressed. The lack of comprehensive policies and legal
frameworks regarding data privacy and security can hinder the effective
and ethical use of Al and big data technologies. Policymakers and
administrators need to develop and enforce regulations that address
these concerns and ensure the responsible use of these technologies
(Nguyen et al., 2020: 1095-1118). A multi-stakeholder approach,
involving collaboration among technical, social, and political actors,
is necessary to overcome these challenges effectively.

12. Conclusion

In summary, Al and big data technologies hold significant promise
for revolutionizing disaster management practices. These technologies
offer valuable tools for enhancing risk analysis, improving response
strategies, and accelerating recovery efforts. The incorporation of Al
and big data into disaster management represents a major advancement
in reducing disaster risks and preparing communities for future
emergencies.

To fully realize the potential of these technologies, several
challenges mustbe addressed. Technical issues, such as the development
of advanced infrastructure and the acquisition of expertise, need
to be resolved to integrate Al and big data effectively into disaster
management systems. Equitable access to these technologies is crucial
for ensuring fairness and inclusivity in disaster response efforts.
Furthermore, social and political challenges, including data privacy
concerns and the need for robust regulations, must be addressed to
enable the reliable and ethical use of Al and big data.
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Future research should focus on further validating the
effectiveness of Al and big data technologies across various disaster
management contexts. Studies could explore their applications in
different geographical regions and types of disasters to optimize
their use. Additionally, a deeper examination of the social and ethical
implications of these technologies will be essential for developing
practical guidelines and standards for their application in disaster
management.

By addressing these challenges and advancing research, it is
possible to harness the full potential of Al and big data technologies
to create more resilient and effective disaster management systems.
The ongoing development and application of these technologies will
play a crucial role in enhancing disaster preparedness, response, and
recovery, ultimately contributing to the safety and well-being of
communities worldwide.
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