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ABSTRACT: Numerous advancements in artificial intelligence drive better accuracy and improved performance of 
disaster prediction and early warning systems for hazards. This review gathers and integrates current findings on AI 
management of disasters through machine learning, deep learning, and data analytics techniques that address natural 
disasters and human-made emergencies. The paper examines how artificial intelligence contributes to earthquake 
forecasting while also providing information on flood forecasting, wildfire detection systems, and other hazard assessment 
needs. This research explores how AI technology connects with the Internet of Things (IoT) and remote sensing systems 
for real-time disaster monitoring. The discussion includes detailed assessments of key barriers, such as data quality issues, 
system limitations, and ethical concerns. Future researchers can use this study to identify ways to enhance AI-based disaster 
resilience strategies. 
 
INDEX TERMS Artificial Intelligence, Machine Learning, Disaster Prediction, Early Warning Systems, IoT, Remote 
Sensing, Deep Learning    

I. INTRODUCTION 
The advent of Artificial Intelligence technology enables the 
enhancement of disaster prediction through more precise and 
efficient hazard prediction operations [1]. A systematic review 
examines present-day advancements in AI-based disaster 
control along with machine learning and deep learning 
platforms coupled with analytics methods used to predict 
natural and human-generated calamities [2].  
The paper analyzes how artificial intelligence contributes to 
earthquake forecasting processes while also providing 
information regarding flood forecasting and wildfire detection 
systems and other hazard assessment needs. The research 
investigates combinations of AI technology with things from 
the IoT and remote sensing capabilities to deliver real-time 
disaster observation systems [3]. The discussion includes 
thorough assessments of important barriers, which include 
issues with data quality, together with system limitations and 
moral concerns. Future researchers can use this study to 
determine ways that will enhance AI-based disaster resilience 
strategies [4]. 
Several obstacles remain in the way of AI's ability to predict 
and warn of disasters, even though it shows substantial promise 
[5]. The key obstacles to using AI models include poor data 
quality as well as limited data availability since these systems 
need large datasets with proper labels for proper training and 
verification processes [6]. Monitoring procedures in real-time, 
together with disaster monitoring, creates ethical issues relating 
to privacy. Underdeveloped infrastructure becomes a major 
barrier that prevents AI-based disaster management systems 
from becoming widely used, particularly in developing areas 
[7,8]. 
This analytical review studies the extensive usage of AI 
technology for disaster prediction through an investigation of 
major approaches as well as strengths and weaknesses factors 
together with potential research paths [9,10]. The paper 
conducts an exploration of contemporary AI-based early 

warning technology to advance scientific understanding about 
utilizing technology for disaster resilience and risk reduction. 

This overall review seeks to address the following 
Research Questions (RQs). 

 
RQ1: How does artificial intelligence (AI) contribute to the 
prediction and early warning of natural and human-made 
disasters? 
 
RQ2: What are the key AI methodologies (e.g., machine 
learning, deep learning) and technologies (e.g., IoT, remote 
sensing) used in disaster prediction and early warning 
systems? 
 
RQ3: What are the main challenges and limitations in 
implementing AI-driven disaster prediction and early 
warning systems? 
 
RQ4: How can AI-based disaster prediction systems be 
improved to enhance disaster resilience and risk reduction? 
 
RQ5: What are the ethical and privacy concerns associated 
with the use of AI and IoT in real-time disaster monitoring 
and management? 

 
II. METHODOLOGY 
The paper contains professional journal articles as well as 
conference presentations, along with technical reports 
published in the period spanning from 2015 to 2024[11]. 
Literature retrieval was accessed through the databases IEEE 
Xplore, SpringerLink, ScienceDirect, as well as Google 
Scholar. 
 
A. Search Terms 

• "Artificial Intelligence" AND "Disaster Prediction" 
• "Machine Learning" AND "Early Warning Systems" 
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• "Deep Learning" AND "Hazard Forecasting" 
• "IoT" AND "Disaster Management" 

 
B. Inclusion and Exclusion Criteria 
 
1) Inclusion Criteria: 
Research conducted about AI applications during disaster 
prediction along with response activities. Research that applies 
machine learning as well as deep learning or IoT to forecast 
hazards. 
The research draws upon English-language peer-reviewed 
articles in addition to conference papers spanning from 2015 
up to 2024. 
 
2) Exclusion Criteria: 
The studies do not relate to AI applications in disaster 
management. 
Editorials, opinion pieces, and non-peer-reviewed sources. 
 
The research excludes studies about disaster recovery 
initiatives when they lack predictive models. 

C. Data Extraction 
Figure 1 shows the step-by-step process used to collect and 
organize data for this study. The workflow helped identify and 
extract key details such as disaster types [11], AI methods used 
[12], data sources, and performance measures from the selected 
research articles. 

D. AI Applications in Disaster Prediction 
 
1) Earthquake Prediction 
Advancements in artificial intelligence through neural 
networks and support vector machines serve the purpose of 
seismic activity prediction [12]. The combination of sensor-
based monitoring with AI technology now gives better real-
time earthquake alerts because it detects small earthquakes 
through ground vibration examination while monitoring fault 
lines [13]. AI processing of seismic data from the past enables 
them to make predictions about earthquake probabilities which 
deliver important alert systems [14]. 
 
2) Flood Forecasting 
Deep learning models carry out flood prediction by applying 
CNNs and LSTMs to process both satellite pictures together 
with hydrological information [15,16]. 
AI achieves better predictive results through the union of 
meteorological data and geospatial analysis and rainfall 
information [17] used to judge flood hazards in immediate 
time. Written algorithms produce water flow simulations that 
enable public services to discover vulnerable flood areas before 
developing appropriate emergency response actions [18,19]. 
 
3) Wildfire Detection and Management 
AI-based computer vision tools review current space and drone 
visual data to spot fire occurrences through combined heat-
signal recognition and smoke observation methods [20,21].  
Through reinforcement learning, organizations acquire better 
management of wildfire containment resources to boost 
firefighting operational decisions [22]. AI systems use wind 
data as well as temperature measurements alongside vegetation 
moisture levels to determine active fire spread patterns and to 

help create the evacuation strategy [23]. 

Figure 1. PRISMA model used for the literature review and data 
extraction process 

 
4) Tsunami and Cyclone Forecasting 
Current numerical weather predictions based on AI process 
data from the ocean and atmosphere to detect seismic threats 
below the ocean surface, thereby providing early alerts about 
tsunamis. 
 
E. AI and IOT Integration in Disaster Management 
 
• Real-time disaster prediction models function with IoT-

enabled sensor networks that collect data. 
• Emergency situations require faster decision-making 

which gets supported by cloud computing along with edge 
AI. 

• AI drones along with robotic systems use their technology 
to support search and rescue missions. 

F. Challenges and Limitations 

The performance of AI models depends on real-time high-
quality data which gets negatively affected by inconsistent 
collection methods [24]. AI-driven disaster prediction systems 

Records identified through database searching 
(n=500) 

Additional records identified through database 
searching(n=65) 

Records after duplicates removed (n=450) 

Records screened (n=450) 

Records excluded (n=300) 

Full-text articles assessed for eligibility(n=150) 

Full-text articles excluded, with reasons(n=100) 

Studies included in qualitative synthesis(n=65) 
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operate based on accurate data [25] availability as well as its 
reliable form. An incorrect model output results from multiple 
kinds of discrepancies between satellite imaging alongside 
sensor data and ground reports [26]. A lack of historical disaster 
data accessibility in specific regions causes deterioration in the 
quality of training AI algorithms [27]. Crowdsourced data 
combined with social media feeds successfully address data 
gaps although their authenticity remains under question for 
reliability purposes [28]. The quality of data input depends 
heavily on data preprocessing techniques because they perform 
noise reduction through anomaly detection. This ensures data 
quality needed to feed AI models [29,30]. 
Processing costs together with hardware restrictions prevent 
the use of real-time AI systems for disaster prediction tasks. 
Prediction of disasters using AI models demands enormous 
computation power because deep learning systems need time-
sensitive processing of voluminous datasets [31]. The process 
of disaster scenario simulation as well as storm path prediction 
and seismic analysis requires extensive access to GPU and 
cloud computing resources. Developing nations together with 
resource-constrained locations face constrained access to 
performance-enhanced computing systems making AI-driven 
early warning systems impractical to deploy [32]. Predictions 
for disaster events can be managed in real time using lower-
resource devices through model optimization combined with 
distributed computing platforms and edge AI deployment 
strategies [33,34]. The use of AI for disaster management 
policies faces three main challenges including protection of 
data privacy together with algorithmic decision-making biases 
and decisions made by AI systems. Data privacy issues emerge 
because of real-time information [35] acquisition which comes 
from multiple sources such as mobile devices and IoT sensors 
and surveillance cameras. The share of personal location or 
health data by citizens becomes limited due to privacy concerns 
[36]. AI algorithms acquire discrimination from data used for 
training purposes which results in less than equal disaster 
management actions that selectively assist certain geographical 
areas and population groups. The adoption of ethical standards 
should determine how AI-driven disaster management systems 
develop their policies to maintain fair unbiased decisions across 
the board [37]. Procedures for data defense protection must 
exist through government regulations that simultaneously 
enable public clarification of AI prediction mechanisms to 
establish trust-based disaster preparedness systems [38,39]. 

The document "AI-Driven Disaster Prediction and Early 
Warning Systems: A Systematic Literature Review" outlines 
several significant challenges and limitations in implementing 
AI-driven disaster prediction and early warning systems, 
spanning data quality, computational constraints, ethical 
concerns, model scalability, and regulatory barriers [40]. Data 
quality and availability pose a major hurdle, as the document 
notes that "the performance of AI models depends on real-time 
high-quality data which gets negatively affected by 
inconsistent collection methods" (p. 4). Inconsistencies 
between satellite imagery, sensor data, and ground reports, 
coupled with a lack of historical disaster data in specific 
regions, particularly developing countries, lead to inaccurate 
model outputs and limited training capabilities [41,42]. 
Crowdsourced data from social media, while useful for 
addressing gaps, lacks reliability, requiring robust 
preprocessing like anomaly detection to ensure quality [43,44]. 

Computational and infrastructural constraints further impede 
implementation, with the document highlighting that 
"processing costs together with hardware restrictions prevent 
the use of real-time AI systems for disaster prediction tasks" (p. 
4). Deep learning models demand significant computational 
resources, such as GPUs and cloud computing, which are often 
inaccessible in resource-constrained regions, and 
underdeveloped infrastructure, like unreliable IoT networks 
[45], limits deployment [46]. Ethical and privacy concerns are 
also critical, as "data privacy issues emerge because of real-
time information acquisition" from mobile devices and IoT 
sensors, causing reluctance among citizens to share personal 
data [47,48]. Algorithmic biases in training data can result in 
unequal disaster response, and the opaque nature of AI models 
reduces public trust, necessitating transparent mechanisms 
[49]. 

Model scalability and generalization challenges arise because 
models trained on specific datasets may not perform well 
across diverse regions or disaster types, exacerbated by limited 
data availability. The document suggests that "model 
optimization combined with distributed computing platforms 
and edge AI deployment strategies" (p. 4) could address 
scalability, but these solutions are still developing [50,51]. 
Finally, regulatory and adoption barriers, including the lack of 
standardized ethical frameworks and government regulations, 
hinder system adoption, particularly in developing nations 
where infrastructural and policy challenges are pronounced 
[52]. These challenges underscore the need for improved data 
management, computational efficiency, ethical standards, and 
global collaboration to enhance AI-driven disaster prediction 
systems [53,54]. 

III. RESULTS AND DISCUSSION 
 
1) RQ1: How does artificial intelligence (AI) contribute to the 
prediction and early warning of natural and human-made 
disasters? 

Artificial Intelligence (AI) significantly enhances disaster 
prediction and early warning systems by leveraging advanced 
data processing, pattern recognition, and real-time analytics to 
improve accuracy, speed, and efficiency in detecting and 
responding to hazards. The document outlines AI's 
transformative role across various disaster types, including 
earthquakes, floods, wildfires, tsunamis, and cyclones, as well 
as its potential for human-made emergencies. For earthquake 
prediction, [55] AI employs neural networks and support vector 
machines to analyze historical seismic data and real-time 
sensor inputs, detecting micro-earthquakes through ground 
vibration analysis and monitoring fault lines. This enables 
probabilistic forecasting and timely alerts, reducing casualties 
and damage. In flood forecasting, deep learning models like 
Convolutional Neural Networks (CNNs) and Long Short-Term 
Memory (LSTM) networks process satellite imagery, 
hydrological data, and meteorological information to simulate 
water flow and identify flood-prone areas, facilitating proactive 
emergency responses. 

AI also excels in wildfire detection, using computer vision 
tools to analyze satellite and drone imagery for heat signals and 
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smoke, while reinforcement learning optimizes containment 
strategies by evaluating wind, temperature, and vegetation 
moisture data [56,57]. For tsunamis and cyclones, AI enhances 
numerical weather prediction models by processing oceanic 
and atmospheric data, providing early warnings that support 
evacuation and preparedness. The integration of AI with IoT 
sensor networks and remote sensing enables continuous 
monitoring and instant feedback, critical for real-time decision-
making. For human-made disasters, such as industrial 
accidents, AI’s predictive analytics and anomaly detection 
monitor infrastructure to identify potential failures. By 
improving predictive accuracy, enabling faster response times, 
and optimizing resource distribution, AI enhances global 
emergency preparedness, as evidenced by its ability to 
coordinate disaster response teams effectively [58].  
 
2) RQ2: What are the key AI methodologies (e.g., machine 
learning, deep learning) and technologies (e.g., IoT, remote 
sensing) used in disaster prediction and early warning 
systems? 

The document details a suite of AI methodologies and 
complementary technologies that underpin disaster prediction 
and early warning systems, leveraging diverse data sources to 
address various hazards. Machine learning techniques include 
neural networks, used for earthquake prediction to identify 
seismic patterns, and support vector machines (SVMs), which 
classify seismic events for early warnings. Deep learning 
methodologies, such as CNNs, are critical for flood forecasting, 
processing satellite imagery to detect water flow patterns,[59] 
while LSTM networks capture temporal dependencies in 
hydrological data. Reinforcement learning is applied in wildfire 
management to optimize resource allocation, adapting to 
dynamic environmental conditions. Data analytics, including 
anomaly detection and noise reduction, enhances data quality 
for model training, processing geospatial, meteorological, and 
crowdsourced data to generate actionable insights. 

Complementary technologies amplify AI’s effectiveness. 
IoT-enabled sensor networks collect real-time environmental 
data, such as ground vibrations or water levels, feeding AI 
models for continuous monitoring, as seen in earthquake and 
flood prediction. Remote sensing, utilizing satellite and drone 
imagery, provides high-resolution spatial data for detecting 
floods, wildfires, and cyclones, with AI analyzing heat signals 
or smoke patterns. Cloud computing supports the processing of 
large datasets for deep learning, while edge AI enables real-
time analysis on resource-constrained devices, improving 
scalability in developing regions. Geographic Information 
Systems (GIS) integrate with AI for geospatial analysis, 
identifying vulnerable areas for hazard mapping. Examples 
include combining neural networks with IoT for earthquake 
detection and CNNs with satellite imagery for flood 
forecasting, showcasing robust integration [60]. 
 

3) RQ3: What are the main challenges and limitations in 
implementing AI-driven disaster prediction and early warning 
systems? 

Implementing AI-driven disaster prediction and early 
warning systems faces significant challenges, as outlined in the 
document, spanning data, infrastructure, and ethical domains. 
Data quality and availability are major hurdles; inconsistent 
collection methods and discrepancies between satellite 
imagery, sensor data, and ground reports lead to inaccurate 
model outputs. Limited historical disaster data, particularly in 
developing countries, restricts model training, while 
crowdsourced data from social media, though useful for filling 
gaps,[61] often lacks reliability, requiring preprocessing like 
anomaly detection. Computational constraints, such as the high 
processing costs of deep learning models, demand GPUs and 
cloud resources, which are scarce in resource-constrained 
regions. Underdeveloped infrastructure, including unreliable 
IoT networks or satellite access, further limits system 
deployment, and time-sensitive tasks like storm path prediction 
are hindered by hardware limitations. 

Ethical and privacy concerns also pose challenges. Real-
time data collection from mobile devices, IoT sensors, and 
surveillance cameras raises privacy issues, with citizens 
reluctant to share personal data. Algorithmic biases in training 
data can lead to unequal disaster response, prioritizing certain 
regions or populations, while the opaque nature of AI models 
reduces public trust, necessitating transparent communication 
[62]. Regulatory barriers, such as the lack of standardized 
ethical frameworks, hinder adoption, and models trained on 
specific datasets may not generalize across regions or disaster 
types. The document suggests that model optimization and 
edge AI can address some issues, but these solutions are still 
evolving. 
 
4) RQ4: How can AI-based disaster prediction systems be 
improved to enhance disaster resilience and risk reduction? 

The document proposes multiple strategies to enhance AI-
based disaster prediction systems, focusing on improving data 
quality, advancing methodologies, leveraging technologies, 
addressing ethical issues, and fostering global collaboration. 
Enhancing data quality involves integrating multimodal data 
sources, such as satellite imagery, IoT sensor data, social 
media, and weather forecasts, to boost predictive accuracy, 
with advanced preprocessing techniques like noise reduction 
ensuring reliable inputs [63]. Global data-sharing frameworks 
can address data scarcity, enabling robust model training. 
Advancing AI methodologies includes model optimization 
techniques like compression and transfer learning to reduce 
computational demands, allowing deployment on low-resource 
devices [64]. Hybrid models combining machine learning, deep 
learning, and reinforcement learning, such as CNN-LSTM for 
flood forecasting, can improve predictive capabilities, while 
autonomous AI-driven drones and robots enhance real-time 
monitoring and response. 
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Emerging technologies, such as edge AI and distributed 
computing, enable real-time processing in areas with limited 
cloud access, and enhanced IoT networks provide continuous 
monitoring for early warnings. Addressing ethical concerns 
requires transparent AI methods, regulatory policies to combat 
biases, and encryption to protect data privacy, fostering public 
trust. Global collaboration, including capacity building in 
developing nations and initiatives like the ASEAN [65] 
Integrated Network for Earthquake Early Warning, supports 
technology and data sharing. Developing scalable, adaptable 
AI models ensures long-term disaster mitigation, aligning with 
sustainable management goals. 
 
5) RQ5: What are the ethical and privacy concerns associated 
with the use of AI and IoT in real-time disaster monitoring and 
management? 

The document identifies significant ethical and privacy 
concerns in using AI and IoT for real-time disaster monitoring 
and management, stemming from data collection, processing, 
and decision-making [65]. Data privacy is a primary issue, as 
AI and IoT systems collect sensitive information, such as 
location or health data, from mobile devices, surveillance 
cameras, and sensors, leading to citizen reluctance due to 
potential misuse or unauthorized access. Cross-border data 
sharing in collaborative systems complicates compliance with 
varying privacy regulations. Algorithmic biases, inherited from 
non-representative training data, can result in discriminatory 
disaster response actions, prioritizing certain areas or groups 
and exacerbating inequities, as the document warns. The lack 
of transparency in complex AI models, particularly deep 
learning systems, undermines public trust, as stakeholders 
struggle to understand prediction mechanisms, necessitating 
clear communication. Ethical decision-making challenges arise 
in resource allocation, where AI-driven prioritization may raise 
fairness concerns, and autonomous systems like drones may act 
without human oversight, risking unintended consequences. 
The absence of standardized ethical frameworks hinders the 
development of accountable systems, and privacy violations or 
biased outcomes can reduce community participation in 
preparedness efforts. Mitigation strategies include encryption 
and anonymization for data protection, diverse datasets to 
reduce biases, explainable AI for transparency, and global 
regulatory standards to ensure equitable outcomes. 
 
6) Summary of Key Findings 

The summary of findings from the research questions is 
presented in Table 1, highlighting how artificial intelligence 
contributes to various aspects of disaster prediction and 
management [65]. Each question addresses a specific disaster 
context, technological integration, or challenge, and the 
corresponding contributions are drawn from the reviewed 
literature.  

Figure 2 shows a visual representation of these 
contributions, helping to illustrate the focus areas and 
frequency of AI applications across different disaster types. 

Table 1: Research questions and contributions 

Research Question Contribution 
How does AI enhance 
earthquake prediction? 

AI enables early alerts through seismic 
data analysis using neural networks 
and SVMs. 

How effective is AI in 
flood forecasting? 

CNNs and LSTMs process satellite 
and hydrological data to improve flood 
prediction accuracy. 

What is the role of AI in 
wildfire detection and 
management? 

Computer vision tools detect fire using 
thermal and smoke signals, optimizing 
firefighting responses. 

How can AI predict 
tsunamis and cyclones? 

AI analyzes oceanic and atmospheric 
data for early seismic threat detection. 

How does integration 
with IoT support real-
time disaster 
management? 

IoT sensors and edge computing 
provide real-time data for emergency 
response and decision-making. 

What are the challenges 
in implementing AI-
based disaster prediction 
systems? 

Issues include poor data quality, 
inconsistent data collection, lack of 
historical data, and ethics. 

 

Figure2: Research Questions and Contribution Graph 

IV. CONCLUSION 

AI-driven disaster prediction systems together with early 
warning protocols established a major progress for global 
emergency preparedness and response and recovery 
capabilities. Machine learning connected with deep learning 
and the Internet of Things combines to generate real-time 
assessment solutions through which disaster risks are early 
detected for immediate response action. These capabilities 
become more advanced through IoT device integration since 
they provide continuous monitoring functions and instant 
feedback systems crucial for making timely and efficient 
decisions. AI models grow more accurate with increased 
diversity and granulation of data input from different sources. 
The efficient emergency response management is achieved 
through AI optimization of resource distribution as well as the 
implementation of effective evacuation protocols which leads 
to improved coordination between disaster response teams.  

AI applications in disaster management will bring promising 
results even though they must overcome issues related to data 
quality standards and large calculation needs and model clarity. 
Future improvements in resources and data exchange 
operations together with algorithm development strategies will 
resolve current limitations so AI systems can expand their 
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effectiveness for disaster zones that face changing 
requirements. AI technology continues to develop at a rapid 
pace which will enable exponential expansion of its utility to 
reduce effects of natural disasters and human-made calamities. 
Botanical and robotic autonomous systems operated with AI 
models will become increasing numerous to assist disaster 
response efforts and measurement of damage in future 
scenarios. The strength of worldwide disaster responses will 
increase by implementing AI-driven disaster prediction tools 
and this will become the foundation for worldwide safety 
networks in the future. 

V. FUTURE WORK 

Artificial intelligence disaster forecasting methods and 
response systems require future development toward multiple 
vital enhancements to increase their operational capabilities 
and extended application lifespan. Future developments in 
disaster prediction systems will emphasize the improvement of 
multimodal AI models that unify satellite imagery data with 
sensor data along with social media platforms and weather 
forecasts for higher accuracy in decision making. These models 
achieve better disaster scenario understanding when they 
process diverse data sources since they produce enhanced 
analytical results. Autonomous disaster response systems 
require AI to work together with IoT technologies toward their 
development. The integration Synergy allows continuous 
observation abilities along with quick identification abilities 
and automated crisis response capabilities to decrease human 
dependence and produce speedier well-optimized reactions. 
The adoption of AI systems in disaster management requires 
immediate attention to ethical issues because they will grow 
increasingly prevalent in this domain. Foreign policy and 
regulatory systems which develop transparent AI methods 
together with privacy protection statements will guarantee 
equitable outcomes and both organizational standards and 
privacy rights. The frameworks developed to combat biases in 
AI models as well as promote resource fairness distributions 
will create trust in the AI-driven systems used for disaster 
management. Advanced AI models predicted for future 
development will establish better disaster mitigation strategies 
which will create an environment of sustainable disaster 
management. 
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