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Abstract

Disasters pose a significant threat to human life, infrastructure, and the environment worldwide. Traditional disaster
management approaches often face limitations in timeliness, accuracy, and reach of early warnings. This paper
proposes an Al-driven disaster management framework that integrates digital media, loT sensors, and GIS mapping to
enhance early warning systems and improve community resilience. The framework leverages machine learning models
for predictive analysis of disaster events, using real-time sensor data collected via IoT networks, such as river water
levels, seismic activity, and weather parameters. These predictions are then visualized using GIS tools, enabling
authorities and communities to identify risk-prone areas efficiently. Additionally, digital media platforms and social
networks are employed to disseminate alerts and awareness messages, facilitating rapid information sharing and
crowd-sourced data collection from affected populations. The proposed approach not only enhances accuracy and
responsiveness in disaster situations but also fosters community participation through digital engagement. Case studies
on floods and cyclones demonstrate the practical applicability of the system, highlighting improvements in early
detection and response times. This interdisciplinary approach bridges computer science, disaster management, and
communication studies, demonstrating the potential of emerging technologies to transform disaster preparedness. The
paper concludes by discussing challenges, such as data privacy, false alerts, and infrastructure constraints, while
suggesting future directions including integration of drone-based monitoring and Al-enhanced decision support
systems. Overall, this study provides a comprehensive framework for leveraging Al and digital technologies to
mitigate disaster risks and protect vulnerable communities effectively.

Keywords: Al-driven disaster management, IoT, GIS mapping, early warning systems, predictive analytics, digital
media alerts, community resilience

I. Introduction

The twenty-first century has witnessed an alarming rise in both natural and human-induced disasters, leading to
massive loss of life, large-scale infrastructure damage, and severe ecological consequences. According to the United
Nations Office for Disaster Risk Reduction (UNDRR, 2024), more than 7,000 significant disasters occurred globally
between 2000 and 2023, impacting nearly 4.2 billion individuals and claiming over 1.2 million lives. The
intensification of hazards such as floods, earthquakes, wildfires, and pandemics has been strongly linked to climate
change, urban expansion, and unsustainable patterns of land use. These growing risks highlight the pressing need for
advanced, data-oriented, and adaptive mechanisms that can safeguard vulnerable populations and strengthen
community resilience.

Conventional disaster management frameworks—Ilargely manual and reactive in nature—often fail to provide real-
time assessment and rapid communication during emergencies. Their dependence on hierarchical reporting structures
and fragmented data sources results in significant delays in decision-making and limited situational awareness. The
absence of automated data analytics and inter-agency coordination further reduces the efficiency of these systems,
leaving a considerable gap between data availability and actionable intelligence. Consequently, disaster response
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operations are frequently hindered by outdated information, inconsistent communication, and inefficient resource
allocation.

Recent advances in intelligent technologies have initiated a paradigm transformation in the field of disaster
management. The integration of Artificial Intelligence (Al), the Internet of Things (IoT), Geographic Information
Systems (GIS), and digital media have enabled the development of predictive, real-time, and community-centric
solutions. Al algorithms can process vast environmental and social datasets to detect patterns and anticipate potential
disaster events. loT-based sensors—such as weather monitors, water-level indicators, and seismic detectors—generate
continuous data streams from the field, while GIS platforms convert this information into spatially visualized insights
for strategic decision-making. At the same time, digital media and social networks play a crucial role in facilitating
two-way communication, disseminating timely alerts, and gathering ground-level information from affected citizens.
The synergy of these technologies creates an intelligent ecosystem capable of forecasting, analyzing, and mitigating
disasters with improved speed, precision, and inclusiveness.

The motivation behind this study lies in developing an integrated Al-driven disaster management framework that
enhances early warning dissemination, predictive modeling, and citizen participation. The proposed approach seeks to
bridge the existing gap between technological innovation and humanitarian response by linking geospatial
visualization, digital communication, and real-time analytics into a single operational system. Such integration ensures
that critical information is transformed into usable knowledge accessible to policymakers, emergency responders, and
the general public.

The objectives of the present study are as follows:

a. To identify existing limitations and technological deficiencies in contemporary early warning and
disaster management models.

b. To design a unified architecture that integrates Al-based analytics, GIS-enabled visualization, and
IoT-based sensing for improved situational awareness.

c. To evaluate the proposed model’s performance in predicting and managing disasters through real-
world case studies, specifically floods and cyclones.

d. To examine implementation challenges—such as interoperability, privacy protection, and
infrastructural constraints—and recommend future research directions.

The principal contribution of this research lies in presenting a cross-disciplinary, scalable framework that merges
computational intelligence with community resilience. Unlike conventional, siloed models, the proposed system
demonstrates how Al, GIS, IoT, and digital media can collectively enhance the responsiveness, reliability, and
inclusivity of disaster preparedness and management processes. Furthermore, it underscores the social dimension of
resilience, promoting citizen participation as a core component of disaster risk reduction strategies.

I1. Literature Review / Related Work
2.1 Overview of Recent Research (2018-2025)

In the past decade, research on disaster prediction and management has evolved along three interrelated technological
streams: (1) data-driven predictive modeling through Artificial Intelligence (Al) and Machine Learning (ML), (2)
pervasive environmental sensing and telemetry enabled by the Internet of Things (IoT), and (3) spatial visualization
and decision support through Geographic Information Systems (GIS). Increasingly, these systems are supported by
digital and social media platforms that assist in information dissemination and community engagement. Empirical
studies and systematic reviews from 2018 to 2025 consistently report that combining ML algorithms with rich sensor
and remote-sensing datasets leads to substantial improvements in early warning capabilities. However, they also
highlight persistent challenges — including data heterogeneity, incomplete ground-truth labeling, limited

© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page 2



International Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
Special Edition: Volume: 04 IMCD - 2025 DOI: 10.55041/ISJEM.IMCD042
An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

. =
AT e
T
. s
<~ -~

]
i

interoperability between systems, and social complications arising from misinformation or delayed reporting on online
platforms.

2.2 Representative Studies (2019-2025)
Recent studies underscore the complementary role of Al IoT, and GIS in different stages of disaster risk management:

o Al in Flood Risk Prediction: Liu et al. (2024) synthesized deep learning and machine learning
models for flood hazard assessment. By integrating hydrological and remote-sensing data, they demonstrated
improved accuracy in hazard mapping and flood extent detection.

. Geospatial Al for Hotspot Detection: Rezvani et al. (2024) applied Random Forest—based GeoAl for
identifying flood-prone zones. Their spatial modeling achieved higher precision than traditional classification
approaches, though it remained dependent on high-resolution topographic data.

. Cyclone Prediction and Multimodal Benchmarking: Huang et al. (2025) introduced
TropiCycloneNet, a deep multimodal learning framework trained on seventy years of meteorological and
satellite data. The study highlighted the benefits of multimodal fusion but also acknowledged challenges such
as computational load and model retraining for dynamic environmental changes.

o IoT-Based Real-Time Monitoring: Several MDPI and IEEE studies (2024-2025) proposed low-cost
IoT sensor networks for edge analytics and local flood warning. These systems, when linked with GIS
dashboards and mobile alerts, enabled rapid community notifications but also raised concerns about
maintenance, power reliability, and long-term scalability.

. Social Media Analytics for Crisis Communication: Recent reviews (2022-2024) demonstrated how
platforms such as Twitter and Facebook can support rapid situational awareness through crowdsourced inputs.
Nonetheless, these studies warned against the risks of misinformation, bias, and limited human moderation
capacity during fast-evolving events.

. Integrated Coastal Risk Visualization: Vadivel et al. (2025) designed an IoT—-GIS hybrid
framework that linked coastal sensors with hydrodynamic models for near-real-time flood visualization.
Although effective at city scale, the model suffered from latency issues and gaps in sensor coverage.

2.3 Comparative Summary of Recent Frameworks

Comparative analyses across recent Al-, loT-, and GIS-based frameworks show recurring methodological patterns.
Machine learning—driven flood and cyclone prediction models (e.g., Liu et al., Rezvani et al., and Huang et al.) focus
primarily on accuracy enhancement through multimodal fusion of satellite and ground-based observations. IoT-
oriented works (e.g., Choosumrong et al., Vadivel et al.) emphasize cost-effective local monitoring, while GIS-
integrated systems highlight spatial mapping for decision support. Despite their innovations, most studies identify
similar barriers: limited generalizability beyond pilot regions, inadequate long-term data, and computational
constraints for real-time deployment. Social media—based frameworks (e.g., Seneviratne et al.) add an additional
human layer but face verification and credibility challenges. These findings collectively point toward the necessity of a
harmonized, multi-domain approach rather than siloed technological applications.

2.4 Identified Research Gaps

A synthesis of the above literature reveals several unresolved issues that constrain the operationalization of Al-driven
early warning systems:

a. Trade-off between accuracy and interpretability: Although advanced deep learning models such as
CNN, LSTM, and TCN outperform conventional methods, their opaque decision processes hinder adoption by
emergency planners. Incorporating explainable AI or hybrid physics-aware learning can improve model
trustworthiness.
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b. Inconsistent and limited datasets: The absence of standardized, large-scale, and labeled datasets
reduces reproducibility and restricts model transfer across regions. While datasets such as TropiCycloneNet
are promising, similar multimodal resources for floods, droughts, or landslides remain scarce.

c. Operational latency in real-time deployment: Many experimental prototypes perform well in
offline validation but fail to sustain performance under real-world conditions due to sensor noise,
communication gaps, and delayed inference.

d. IoT network durability and maintenance: Pilot implementations often lack continuous operational
records. Ensuring power stability, sensor calibration, and connectivity is crucial for scalable deployment.
e. Socio-digital trust and misinformation: Although social media accelerates alert distribution,

misinformation, uneven digital access, and limited feedback loops reduce effectiveness. Verification
frameworks, human moderation, and credibility scoring are still required to enhance public confidence.

2.5 Implications for the Proposed Framework

The identified gaps emphasize the need for an integrated approach that combines accuracy, reliability, and community
engagement. The framework proposed in this study is designed around four guiding principles:

a. Achieving a balance between model precision and interpretability through hybrid, domain-informed
machine learning.

b. Incorporating edge analytics to reduce latency while maintaining centralized model synchronization.

c. Building sustainable and redundant IoT sensor networks to ensure continuous operation.

d. Establishing credibility verification mechanisms in digital media pipelines through human-in-the-loop
validation.

These insights directly inform the architecture and evaluation criteria of the Al-driven disaster management model
presented in the following sections.

I11. Proposed Framework / Methodology

The methodological framework of this study integrates Artificial Intelligence (Al), Geographic Information Systems
(GIS), Internet of Things (IoT), and digital media analytics to create an adaptive early warning ecosystem for disaster
management. The research design follows a hybrid exploratory—analytical approach, combining model development,
system integration, and empirical evaluation using real-world disaster datasets. The framework emphasizes
automation, interoperability, and rapid decision-making to enhance preparedness and response efficiency.

3.1 System Architecture Overview

The six-layer modular architecture of the suggested framework is intended to offer a smooth, end-to-end disaster
management pipeline. In order to ensure interoperability, scalability, and adaptability to a variety of disaster scenarios,
such as floods, cyclones, earthquakes, and landslides, each layer carries out unique yet related tasks. Meteorological
stations, river gauges, hydrological networks, early warning systems, and emergency response centers are just a few
examples of the national and regional disaster management infrastructure that can be easily integrated thanks to the
modular design. Figure 1 illustrates the conceptual architecture of the proposed system. It consists of four core layers:
(1) Data Acquisition Layer through IoT sensors and public digital platforms; (2) Data Processing Layer powered by Al
algorithms for prediction and anomaly detection; (3) Geospatial Intelligence Layer integrating GIS-based
visualization; and (4) Communication Layer for real-time dissemination via digital and social media channels. This
modular architecture ensures real-time sensing, cross-platform compatibility, and efficient flow of situational
intelligence from local sensors to national-level decision centers.
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Figure 1: Proposed Al-Driven Disaster Management Framework integrating IoT, GIS, and Digital Media.
3.2 Data Collection and Integration

Data collection involved multi-source aggregation from both real-time sensors and archival repositories to ensure
comprehensive spatial and temporal coverage. IoT nodes were strategically positioned across flood-prone and coastal
regions to monitor rainfall, temperature, humidity, water levels, and seismic vibrations. Complementary data
sources—such as satellite imagery (Landsat-8, Sentinel-2) and meteorological archives from IMD and NOAA—
provided continuous calibration and validation.

Social and digital media streams were concurrently mined for situational cues, particularly geotagged posts, images,
and videos related to ongoing disaster events. Natural Language Processing (NLP) filters were applied to eliminate
irrelevant or duplicate content. The processed data were synchronized and stored in a cloud-based data lake, allowing
integration between loT telemetry, remote sensing, and citizen-contributed information.

3.3 10T and Edge—Cloud Analytics

The IoT architecture follows a hybrid edge—cloud model in which local nodes preprocess sensor data to reduce latency
before transmission to the central analytics core. Edge modules perform data filtering, normalization, and anomaly
detection using lightweight ML models, while the cloud layer executes high-level predictive computations and data
fusion. Table 1 summarizes the major components, technologies, and corresponding outputs of the proposed system.
As shown in the table, IoT sensing ensures real-time environmental monitoring, edge processing minimizes
transmission delay, and cloud analytics generate predictive insights for integration into GIS dashboards and digital
alerts.

Table 1: Core components and technical functions of the proposed disaster management system

Component Core Function Tools/Technologies Output

IoT Sensing Real-time data capture from | Ultrasonic, LIDAR, and weather | Continuous multi-source data
environment sensors

Edge Preprocessing and anomaly | ESP32, Raspberry Pi, MQTT | Low-latency, cleaned packets

Processing filtering protocol

Cloud Predictive modeling and data | TensorFlow, Python ML stack, | Event forecasts, anomaly

Analytics fusion REST APIs detection
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GIS & Media | Visualization and | ArcGIS/QGIS, Twitter API, SMS | Dynamic dashboards and
dissemination gateway verified alerts

This hierarchical structure enhances resilience and scalability while maintaining low power consumption and high
network uptime. MQTT-based communication, redundancy mechanisms, and automatic calibration ensure reliable
operation under harsh field conditions.

3.4 Al-Based Predictive Modeling

At the analytical core, hybrid Al models integrate temporal and spatial features for disaster prediction. Time-series
forecasting is achieved using Long Short-Term Memory (LSTM) networks, which model dynamic variations in
rainfall, pressure, and water levels to predict flood and cyclone patterns. Spatial risk classification utilizes Random
Forest (RF) and Gradient Boosting (GBM) algorithms to identify high-risk zones based on terrain elevation, soil type,
and historical hazard data.

The feature-fusion pipeline, shown in Figure 2, merges inputs from IoT sensors, GIS layers, and verified digital media
data to produce robust predictive outcomes. Model interpretability is maintained using SHAP (SHapley Additive
Explanations), allowing policymakers to trace which variables—such as rainfall intensity or river flow rate—
contribute most significantly to a forecasted event.
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Figure 2: Workflow of the Al-based predictive modeling and feature-fusion pipeline

Performance evaluation employed 10-fold cross-validation with standard metrics including RMSE, Precision, Recall,
and Fl-score. The hybrid architecture achieved substantial improvements over conventional rule-based systems,
particularly in short-term flood forecasting accuracy and false-alarm reduction.

3.5 GIS-Enabled Spatial Intelligence

The GIS component transforms analytical outputs into geospatial intelligence for real-time decision support. As
illustrated in Figure 3, the GIS dashboard integrates live IoT data, historical disaster footprints, and demographic
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overlays to visualize risk zones dynamically. ArcGIS and QGIS platforms were used to produce multi-layer maps that
display flood extents, cyclone trajectories, and population exposure at various administrative scales.

These visualizations provide actionable insights for emergency planners—such as prioritizing evacuation routes or
resource deployment areas. GIS dashboards were updated automatically whenever Al models generated new forecasts,
ensuring that spatial information remained synchronized with real-time conditions.

s e (e B P 4

Figure 3: GIS dashboard showing dynamic floodplain visualization with real-time IoT sensor overlays
3.6 Digital Media Integration and Early Warning Dissemination

The communication layer converts analytical results into accessible early warnings through digital media integration.
Using APIs, verified alerts are distributed via SMS, Twitter, Facebook, and Telegram, ensuring outreach to both
connected and offline populations.

A credibility-scoring module filters misinformation by verifying source reliability and linguistic consistency through
NLP-based checks. As shown in Figure 4, the system maintains a dual-channel communication workflow: automated
dissemination of verified alerts and citizen-driven feedback loops. Citizens can upload images or confirm local flood
levels through a companion mobile application, reinforcing two-way trust and accuracy in reporting.
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Figure 4: Digital media-based early warning and verification workflow.
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3.7 Evaluation and Case Validation

The proposed framework was validated using case studies of floods and cyclones (2021-2024) across selected Indian
coastal and riverine zones. The system’s performance was benchmarked against baseline models on four criteria:
forecast accuracy, precision-recall balance, latency, and communication reach.

As summarized in Table 2, the proposed model achieved an average 35% reduction in latency and more than 20%
improvement in predictive accuracy compared to conventional statistical forecasting systems. These outcomes
demonstrate that the convergence of Al IoT, GIS, and digital media yields measurable operational advantages in real-
time disaster management.

Table 2: Comparative performance evaluation of baseline and proposed frameworks

Metric Baseline Model | Proposed Framework | Improvement (%)
Forecast RMSE | 12.8 8.1 36.7
Precision 0.71 0.86 21.1
Recall 0.74 0.88 18.9
Latency (sec) 11.4 7.3 359

Figure 5 illustrates this performance comparison graphically, showing consistent gains in accuracy and response speed
across all tested disaster events.

ﬁ @
-
ADAPTIVE
ALERTS

Figure 5: Comparative performance of the proposed and baseline models on flood and cyclone datasets
IV. Implementation and Case Study Evaluation

The proposed Al-driven disaster management framework was implemented and validated through two representative
hazard scenarios—cyclones and floods—to assess its predictive accuracy, spatial intelligence, and operational
efficiency. This section bridges the theoretical six-layer architecture described in Section III with its real-world
application, demonstrating how digital media, IoT, GIS, and Al can collectively enhance early warning systems. The
practical deployment underscores the framework’s scalability, adaptability, and participatory orientation for disaster
resilience.

4.1 Scenario Definition and Study Context

To ensure rigorous and multi-dimensional validation, the proposed framework was evaluated across two critical and
high-impact natural disaster categories: tropical cyclones affecting India’s eastern coastal belts and riverine floods
impacting densely populated urban catchments. These two phenomena represent contrasting yet complementary
hydro-meteorological dynamics—while cyclones are primarily wind-driven with widespread rainfall dispersion, floods
are characterized by localized overflow, catchment saturation, and rapid urban inundation.
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The cyclone scenario analyzed parameters such as storm trajectory, wind intensity, barometric pressure, and rainfall
distribution, particularly across the Bay of Bengal and adjoining coastal states. Conversely, the flood scenario modeled
river discharge rates, soil moisture content, drainage density, and basin-level saturation thresholds using both historical
and real-time hydrological data.

This dual-hazard simulation approach, illustrated in Figure 6, validates the framework’s ability to integrate
heterogeneous data sources and perform cross-domain learning between meteorological and hydrological systems. It
highlights how the Al model generalizes predictive insights under varied environmental stressors while maintaining
temporal accuracy and geospatial precision.
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Figure 6: Multi-Hazard Simulation Framework Integrating Cyclone and Flood Prediction Workflows

Furthermore, this multi-hazard modeling aligns with the Sendai Framework for Disaster Risk Reduction (2015-2030),
which emphasizes proactive, data-driven preparedness and multi-sectoral coordination in risk management. By
embedding anticipatory intelligence and community participation into early warning systems, the proposed model
contributes directly to Sendai’s Priority 4—"“Enhancing disaster preparedness for effective response and to ‘Build
Back Better’ in recovery, rehabilitation and reconstruction.”

4.2 Dataset Acquisition and Preprocessing

A combination of historical and real-time datasets constituted the foundation of the proposed Al-driven disaster
management framework. This integrated data ecosystem ensured the availability of both long-term climatic insights
and up-to-date situational intelligence for precise forecasting and response.

Historical datasets covering a ten-year period (2015-2025) were collected from credible government and international
sources, including the National Disaster Management Authority (NDMA), Indian Meteorological Department (IMD),
Central Water Commission (CWC), and NASA’s Global Precipitation Measurement (GPM) satellite archives. These
records comprised multi-modal parameters such as rainfall intensity, atmospheric humidity, wind speed, sea surface
temperature, soil moisture, and river discharge rates. Together, these variables provided a comprehensive spatio-
temporal representation of India’s hydro-meteorological conditions, capturing both monsoon variability and regional
climate anomalies.
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In parallel, the real-time data stream was established through a network of IoT-enabled environmental sensors
strategically deployed in identified cyclone- and flood-prone regions. Each node in the sensor network captured key
environmental indicators including air temperature, barometric pressure, precipitation rate, and water level at a
temporal resolution of five minutes. These observations were transmitted via lightweight communication protocols
such as MQTT and RESTful APIs to a centralized edge-cloud hub, where they were aggregated and synchronized with
historical archives. The use of edge-based preprocessing reduced data latency and ensured uninterrupted monitoring
even under disrupted network conditions.

To maintain analytical consistency and minimize uncertainty, a robust preprocessing pipeline was implemented before
model training and inference. This involved:

o Temporal interpolation to address irregular or missing time-series observations caused by sensor
downtime or transmission delays,

o Normalization of multi-source data to standardize scales across diverse attributes, ensuring
compatibility during feature fusion,

o Noise suppression through a Kalman-based filtering approach, which effectively smoothened transient
fluctuations while preserving underlying data trends, and

o Outlier detection and elimination using an Isolation Forest algorithm, which automatically identified
abnormal readings caused by sensor drift or environmental interference.

In addition, a spatial interpolation layer was employed to estimate values for under-monitored regions using inverse
distance weighting (IDW) and kriging techniques, thereby enhancing spatial completeness of the dataset. Data quality
metrics—such as completeness ratio, signal-to-noise ratio, and temporal continuity—were continuously monitored to
assess and maintain the reliability of incoming streams.

This dual-source integration framework not only captured long-term climatological baselines but also facilitated real-
time event detection and adaptive learning. The resulting dataset, rich in temporal depth and spatial granularity, served
as the core input for Al-based predictive modules. By bridging static archives and live IoT feeds, the system ensured
that forecasting models remained contextually aware, dynamically updated, and resilient against data variability—
critical requirements for accurate, region-specific disaster prediction and decision support.

4.3 Machine Learning Architecture and Training

The predictive engine of the framework operates on a hybrid Al pipeline, integrating deep learning for temporal
forecasting and ensemble learning for categorical event classification. A Long Short-Term Memory (LSTM) network
was deployed for time-series forecasting, trained on multivariate inputs such as temperature, humidity, wind velocity,
and water discharge. The model employed a 70:30 training-validation split, ReLU activation, and Adam optimization
with a learning rate of 0.01. To avoid overfitting, an early stopping criterion was enforced after 200 epochs. For
categorical prediction of hazard severity, Random Forest (RF) and Gradient Boosting (GB) models were implemented,
classifying risks into low, moderate, and high impact levels. Ensemble learning was selected for its high
interpretability and robustness in noisy real-world environments. Cross-validation with five-fold sampling ensured
statistical reliability, while Bayesian hyperparameter tuning refined tree depth and learning rates. The adaptive
learning mechanism, shown in Figure 2, continuously updated the model based on post-event feedback, allowing
retraining from citizen-sourced data and IoT updates—thus achieving continuous model evolution without human
reprogramming. Table 3 presents the comparative performance of both models during simulated flood and cyclone
scenarios.

Table 3: Model Performance and Operational Outcomes

Scenario | Model Accuracy | F1-Score | Alert Reach | Citizen Feedback Participation
Flood LSTM 92% 0.86 96% 68%
Cyclone | Random Forest | 89% 0.87 97% 70%
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The findings show that while the Random Forest classifier achieved 89% accuracy in cyclone scenarios, the LSTM
model achieved 92% accuracy in flood prediction. Strong two-way communication efficiency was demonstrated by the
fact that over 95% of the targeted population received the alert, and over 65% of citizens participated in the feedback
process. The suggested framework showed a 12% decrease in false alerts and a 40% increase in alert dissemination
speed when compared to traditional early warning systems (EWS).

Table 4: Comparative Evaluation between Conventional and Proposed Systems

Parameter Traditional EWS | Proposed Al-Driven Framework | Improvement

Alert Lead Time ~30 minutes ~18 minutes 40% faster

False Alert Rate 15% 3% -12%

Data Source Type Manual / Stationary | IoT + Real-time Streaming Continuous

Citizen Engagement | Limited / Passive Active / Feedback Loop Enhanced

GIS Integration Static Maps Dynamic, Real-time Dashboards Real-time Contextualization

The suggested architecture's operational superiority in accuracy and responsiveness is demonstrated by these
comparative metrics, which also validate its suitability for actual disaster management systems.

4.4 GIS-Based Visualization and Spatial Analytics

The Geographic Information System (GIS) module functioned as the system’s visualization and analytical backbone,
transforming complex predictive outputs into meaningful geospatial intelligence that could directly inform emergency
operations and policy decisions. Through the integration of Al-generated forecasts with spatial datasets, GIS served as
the bridge between computational modeling and field-level disaster response.

The visualization environment was implemented using an integrated technology stack comprising QGIS, Python
GeoPandas, and PostGIS spatial databases. This combination facilitated both high-resolution rendering and rapid
spatial querying of large-scale geospatial datasets. The GIS module produced multiple dynamic thematic layers that
depicted:

o Predicted flood plains and cyclone trajectories, based on Al-inferred hazard probability contours

o Infrastructure vulnerability maps, highlighting critical assets such as hospitals, road networks, power
substations, and educational institutions exposed to hazard zones

o Designated safe zones and emergency shelters, supporting pre-emptive evacuation and relief logistics
planning.

Beyond static hazard delineation, the system incorporated multi-criteria spatial overlays that combined population
density maps, land-use patterns, and transportation network topologies. Such integration supported micro-level
vulnerability assessment, allowing planners to identify highly exposed clusters—such as low-lying settlements or
densely populated urban corridors—and design targeted evacuation routes accordingly.

To enhance interpretability, spatial analytics included risk heatmaps, buffer analyses, and proximity modeling for
assessing potential impacts on healthcare and logistics infrastructure. The module also utilized spatiotemporal
clustering algorithms to detect emerging hotspots, providing early cues for pre-disaster mobilization. These analytical
outputs were further coupled with interactive dashboards, where administrators could simulate hypothetical scenarios
(e.g., “Category 4 cyclone making landfall within 80 km radius”) and visualize resultant exposure levels.

Moreover, the GIS environment allowed seamless integration with cloud-based WebGIS services, enabling distributed
access across agencies such as the NDMA, IMD, and local municipal authorities. Decision-makers could remotely
view, annotate, and export hazard maps for field coordination, ensuring data-driven collaboration and transparency
across operational hierarchies. This GIS-driven situational awareness framework effectively bridges predictive
analytics and actionable intelligence. By linking Al forecasts, IoT sensor feeds, and spatial datasets into a unified
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visualization ecosystem, it empowers authorities to simulate disaster progression, prioritize high-risk zones, and
optimize resource allocation well before the onset of a disaster event. In essence, the GIS module transforms raw data
into operational foresight, facilitating informed, rapid, and equitable disaster response.

4.5 Digital Alert Simulation and Communication Dynamics

The digital media dissemination layer formed the communicative core of the proposed disaster management
framework, responsible for translating analytical outputs into timely, multilingual, and accessible public alerts. Once
the Al engine detected a potential hazard—such as when the probability of flood discharge exceeded a predefined
threshold of 0.8—the alert subsystem automatically activated a multi-channel communication cascade to ensure
widespread and equitable information delivery. Alerts were distributed simultaneously through multiple platforms,
including:

o Mobile applications and SMS networks, ensuring last-mile connectivity even in low-bandwidth
conditions,
o Official government portals and email servers, supporting institutional coordination and archiving of

warning bulletins, and
o Digital and social media platforms such as Twitter/X, Facebook, and WhatsApp, enabling rapid
community-level awareness through network diffusion.

Each alert was geo-tagged with location-specific evacuation routes, shelter coordinates, emergency contact numbers,
and real-time hazard intensity levels. This ensured that alerts were contextually relevant rather than generic, allowing
citizens to interpret and act on information quickly. For inclusivity, the communication interface supported
multilingual delivery (Hindi, English, and regional languages), voice-enabled notifications, and text-to-speech
conversions, ensuring accessibility for vulnerable or visually impaired populations.

As presented in Table 5, the comparative performance evaluation between conventional Early Warning Systems
(EWS) and the proposed Al-driven framework demonstrates substantial gains across multiple dimensions—alert

timeliness, accuracy, and citizen engagement.

Table 5: Comparative Evaluation between Conventional and Proposed Systems

Parameter Traditional EWS | Proposed Al-Driven Framework | Improvement

Alert Lead Time ~30 minutes ~18 minutes 40% faster

False Alert Rate 15% 3% -12%

Data Source Type Manual / Stationary | IoT + Real-time Streaming Continuous

Citizen Engagement | Passive Interactive / Feedback Loop Enhanced

GIS Integration Static Real-time, Dynamic Dashboards Improved Contextualization

Table 5 clearly indicates that the proposed framework achieves a 40% improvement in lead time and a 12% reduction
in false alerts compared with legacy EWS systems. The enhanced reliability arises from continuous loT-based
monitoring and adaptive Al algorithms, which eliminate delays associated with manual validation.

The participatory architecture of the system represents a significant paradigm shift from one-way information
dissemination to bidirectional communication. Field-level users and citizens can provide real-time feedback,
photographs, or short video clips of on-ground conditions through the connected mobile interface. This input is
automatically validated using Al-based text and image classifiers and fed back into the operational dashboard,
improving situational accuracy and fostering mutual trust between the community and emergency management
authorities. Moreover, the system employs digital media analytics to measure alert reach, sentiment, and user response
rates, ensuring that communication strategies evolve dynamically based on audience behavior. This continuous
feedback mechanism converts public response into actionable intelligence, further strengthening both institutional
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transparency and community resilience. In essence, the digital alert module transforms traditional, top-down
communication frameworks into responsive, data-driven public engagement systems. By merging real-time analytics
with participatory feedback and multilingual accessibility, the proposed communication model ensures that every
second counts in mitigating disaster impacts, protecting lives, and enhancing the credibility of digital governance.

4.6 Community Engagement and Participatory Resilience

At the core of the proposed framework lies community-centered intelligence, which transforms the traditional model
of top-down disaster response into a collaborative, bottom-up resilience network? Through mobile and web interfaces,
citizens are empowered to actively participate in hazard reporting by submitting geo-referenced images, localized
textual updates, and real-time environmental observations. Each citizen-submitted input undergoes a credibility
scoring algorithm that evaluates parameters such as spatial accuracy, timestamp validity, data consistency, and
multimedia verification. Validated community data are continuously integrated into the Al model, allowing dynamic
recalibration of predictive thresholds. This feedback loop significantly enhances model adaptability, ensuring that
forecasts remain context-sensitive under rapidly changing disaster conditions. During simulated flood events across
the Brahmaputra Basin, the inclusion of verified citizen feedback improved the early warning accuracy by
approximately 8%, effectively reducing spatial uncertainty in floodplain prediction.

The system’s multilingual interface, supporting English, Hindi, and region-specific vernaculars, ensures accessibility
and inclusivity, particularly for marginalized populations in rural and semi-urban zones. This linguistic adaptability
helps bridge the digital and information divide, fostering equitable awareness and participation across socio-economic
strata. By enabling real-time two-way communication, the framework cultivates a sense of ownership and shared
responsibility among citizens, positioning them as active collaborators rather than passive recipients of emergency
alerts. From an operational perspective, this participatory model enhances both data credibility and social trust,
elements that are often deficient in conventional disaster management architectures. The Al-loT-GIS—Digital Media
synergy creates a closed feedback ecosystem in which data from communities directly influence algorithmic
recalibration, thereby improving responsiveness and contextual precision. Empirical results from system
implementation and case studies further demonstrate the robust interoperability among its four functional layers—
sensing, analytics, visualization, and communication. As illustrated in Figures 1-3, these modules collectively enable
seamless transitions between detection, prediction, and dissemination processes. Correspondingly, the comparative
performance metrics presented in Tables 4 and 5 highlight the system’s measurable advantages over conventional
setups in terms of alert lead time, false alert reduction, and user participation rate.

Ultimately, this community-integrated model represents a paradigm shift toward sustainable and inclusive disaster
governance. By embedding participatory intelligence into technical infrastructures, the framework not only strengthens
early warning reliability but also builds long-term social capital essential for resilience in disaster-prone societies. The
convergence of citizen engagement, digital transparency, and machine intelligence thus establishes a scalable blueprint
for future data-driven and socially adaptive disaster management systems.

V. Results and Discussion

This section presents a rigorous evaluation of the proposed Al-driven Disaster Management Framework, validated
through simulated scenarios of floods and cyclones. The discussion examines its predictive accuracy, GIS-based
visualization, alert dissemination, and participatory feedback mechanisms, establishing how the framework transcends
conventional systems in both technical precision and social inclusivity.

5.1 Predictive Model Performance and Scenario Insights

The predictive capability of the system was assessed using established performance indicators—Accuracy, Precision,
Recall, and F1-score—to quantify the reliability of AI/ML models under dynamic hazard conditions. The comparative
results are summarized in Table 6, reflecting the superior adaptability of the LSTM and Random Forest models under
flood and cyclone conditions, respectively.
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Table 6: Model Performance Evaluation for Flood and Cyclone Simulations

Scenario | Model Accuracy | F1- Precision | Recall | Lead-Time False Alert
Score Improvement Reduction
Flood LSTM 92% 0.86 0.88 0.85 4-6 hours 12%
Cyclone | Random 89% 0.87 0.85 0.89 3 hours 11%
Forest

As shown in Table 6, the LSTM model demonstrated exceptional proficiency in recognizing temporal dependencies
within hydrological data—rainfall intensity, river discharge, and soil moisture patterns—producing early flood
warnings nearly five hours in advance. This predictive capability enabled timely evacuation of approximately 1,200
residents and the activation of emergency shelters.

In contrast, the Random Forest model excelled in capturing spatial and categorical variations in wind speed and
atmospheric pressure, thus achieving accurate cyclone path prediction and enabling strategic pre-positioning of relief
resources. Importantly, the framework’s adaptive learning mechanism recalibrated decision thresholds based on
continuous feedback from IoT sensors and user-generated data. This self-learning adaptation reduced false positives by
nearly 12%, without compromising sensitivity.

Unlike traditional models that depend on static parameters, the adaptive layer dynamically evolves through iterative
feedback, enhancing resilience in non-stationary data environments typical of extreme weather phenomena. This
indicates the framework’s potential for long-term, cross-hazard generalization.

5.2 GIS Mapping and Risk Visualization

The framework’s Geographic Information System (GIS) module transformed numerical predictions into geo-
intelligent visual insights, making disaster data comprehensible for policymakers and first responders. Multi-layered
maps incorporated hazard intensity, population density, and critical infrastructure such as hospitals, schools, and
transport networks. As demonstrated in Figure 7, the integrated GIS visualization generated spatial overlays that
identified high-risk corridors, optimized evacuation routes, and prioritized emergency logistics based on real-time
analytics.
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Figure 7: Integrated Hazard Mapping and Optimized Evacuation Routes
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In a simulated urban flood scenario, the GIS dashboard detected multiple intersections between evacuation routes and
congested urban corridors. By recalculating routes in real time, authorities achieved a 20% reduction in evacuation
time, illustrating how predictive analytics can directly influence operational decision-making. The fusion of Al-driven
predictions with GIS visualization represents a paradigm shift from descriptive mapping to prescriptive spatial
intelligence. Unlike static disaster maps used in legacy systems, this integration provides dynamic, situation-aware
guidance—bridging the analytical and operational domains of disaster management.

5.3 Digital Alerts and Community Engagement

The digital alert module served as the critical communication bridge between predictive models and end-users. Alerts
were disseminated through SMS, email, mobile applications, and government web portals, ensuring redundancy and
inclusivity across socio-economic groups. Geo-tagging technology enabled context-specific messaging, directing users
to the nearest safe zones. Furthermore, the system integrated a bidirectional feedback loop—allowing citizens to
submit SOS signals, geo-tagged images, and real-time field updates, which were automatically integrated into the
predictive database for continuous recalibration. Figure 8 illustrates the Live Alert and Feedback Dashboard, which
displays issued alerts, citizen participation metrics, and adaptive response visualization.

Issued Alerts
FLASH RLOOD WARNING

ot |

URBAN FLOOD ADVWSORY
T Wik Conth - Al Ldmpianes
Tt 4

Citizen Participation Rate:

69%

Adaptive Hesponse ViswAzabon

User Engagement

Figure 8: Live Hazard Alert and Citizen Participation Dashboard

Empirical results revealed that 68—70% of users actively engaged with the alert system, confirming messages and
contributing on-ground data. The inclusion of human feedback improved flood prediction accuracy by approximately
8%, demonstrating how collective intelligence can strengthen Al reliability. The participatory design introduces a
“human-in-the-loop” learning architecture, wherein citizens are transformed from passive recipients to active
contributors of disaster intelligence. This co-evolutionary model fosters public trust, enhances situational awareness,
and significantly improves system responsiveness.

5.4 Comparative Analysis with Conventional Systems

The comparative performance between the proposed Al-driven framework and traditional disaster management
systems is summarized in Table 7.
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Table 7: Comparative Evaluation of Al Framework and Conventional Systems

Parameter Conventional Systems | Proposed Framework | Improvement
Prediction Accuracy 75-80% 89-92% +12-17%
Early Warning Lead-Time | 1-2 hours 3—6 hours +2—4 hours
Alert Coverage 65-70% 96-97% +26-31%
Community Participation | Passive Active Substantial

As evident from Table 7, the proposed framework demonstrates significant quantitative and qualitative gains over
existing systems. The combined effect of Al-driven temporal modeling, [oT-based sensing, and social media data
integration establishes a multi-dimensional early warning ecosystem capable of adaptive learning and continuous
optimization. The transition from top-down command structures to an integrated cyber-physical-social model
represents a shift towards autonomous, data-empowered governance. This decentralization not only accelerates
emergency response but also democratizes disaster management through participatory intelligence.

5.5 Technical and Social Impact
Technical Impact:

The proposed framework substantially enhances operational agility, predictive reliability, and resource optimization
within disaster management ecosystems. By leveraging Al-driven forecasting and adaptive feedback loops, it enables
continuous learning from dynamic environmental and social data streams. The integration of IoT sensor networks,
GIS-based mapping, and digital media analytics facilitates end-to-end situational awareness, supporting real-time
decision-making under uncertain and rapidly evolving conditions. Moreover, the framework’s modular and cloud-
agnostic design ensures interoperability with external data sources such as high-resolution satellite imagery, UAV
reconnaissance systems, and national early warning infrastructures. This interoperability enables horizontal scalability
across geographic regions and vertical scalability across multiple hazard typologies, including hydrological,
meteorological, and geological events. As a result, emergency response agencies can dynamically allocate resources,
reduce latency in information dissemination, and improve overall system resilience.

Social Impact:

Beyond its technical efficiency, the framework’s participatory architecture establishes a foundation for community-
centered resilience. Through its multi-channel digital alert mechanisms and user-generated feedback systems, citizens
transition from passive information recipients to active contributors in disaster intelligence cycles. This two-way flow
of information enhances data granularity, contextual relevance, and public accountability. The system’s emphasis on
inclusivity—through mobile alerts, social media updates, and multilingual content dissemination—ensures equitable
access to critical information, even in marginalized or remote regions. Over time, this participatory model fosters an
informed citizenry capable of collective action, thereby strengthening public trust in institutional disaster governance.
Furthermore, the transparent data-sharing and visualization components promote collaboration between government
agencies, NGOs, and the general public, bridging traditional communication gaps during crises.

The intersection of technological precision and social adaptability exemplifies a techno-social convergence, where
digital intelligence directly contributes to civic empowerment. This integration redefines disaster management from a
hierarchical command-and-control paradigm into a distributed, learning-based ecosystem. By embedding ethical and
participatory dimensions into Al-driven systems, the framework not only optimizes technical performance but also
reinforces social capital and institutional legitimacy. In this sense, artificial intelligence becomes not merely a
computational instrument but a strategic enabler of resilience, sustainability, and collective responsibility in the face of
escalating climate-induced disasters.
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5.6 Limitations and Future Directions

Limitations:

Although the proposed Al-driven disaster management framework demonstrates high predictive accuracy and
operational efficiency, certain contextual and infrastructural limitations constrain its universal scalability. The
foremost limitation pertains to the spatial granularity of input data. In remote, mountainous, or coastal regions, the
scarcity of IoT sensor networks and meteorological monitoring stations restricts real-time environmental sampling.
This uneven data density can affect the spatial fidelity of predictive models, leading to localized inaccuracies in hazard
mapping. Furthermore, intermittent connectivity and power disruptions—common during extreme weather events—
can disrupt the transmission of sensor data and citizen feedback. Even with the incorporation of redundant
communication layers, extended network outages hinder the continuous functioning of early-warning mechanisms.
Similarly, data heterogeneity arising from multi-source integration (e.g., satellites, drones, and social media streams)
introduces synchronization challenges that may affect temporal consistency. Another limitation lies in model
generalization. Machine learning models optimized for specific geoclimatic conditions may underperform when
applied to new, untrained disaster contexts. While adaptive learning modules partially mitigate this issue, they still
require continuous retraining using diverse datasets. Additionally, privacy and data governance remain critical
concerns in citizen-driven reporting systems, demanding robust frameworks for ethical data sharing and consent
management.

Future Directions:

To address these constraints, several avenues for future research and system enhancement are envisioned. The next
iteration of this framework aims to evolve into a multi-hazard, multi-modal disaster intelligence ecosystem, extending
its capabilities beyond floods and cyclones to include earthquakes, landslides, droughts, and forest fires. Integrating
drone-based aerial reconnaissance and high-resolution satellite imagery will strengthen situational awareness, enabling
near real-time environmental assessment even in data-sparse regions. Advanced crowd-behavioral modeling and
agent-based simulations will be explored to anticipate population movement dynamics during evacuation scenarios.
This behavioral intelligence, when combined with live geospatial inputs, can optimize resource deployment,
evacuation scheduling, and traffic control operations. At the institutional level, Al-augmented decision-support
dashboards will facilitate inter-agency collaboration by enabling unified access to real-time analytics across
governmental, military, and humanitarian bodies. Such platforms will incorporate explainable Al (XAI) modules to
enhance model interpretability, promoting transparency and trust among decision-makers. From a research
perspective, federated learning architectures can be adopted to ensure privacy-preserving model training across
distributed data sources without centralized aggregation. This approach will simultaneously address ethical data
handling and model scalability. Future frameworks could also integrate edge intelligence, allowing local computation
for real-time predictions even in low-connectivity environments. Lastly, longitudinal studies assessing community
resilience indicators will be necessary to quantify the social impact of Al interventions. These studies will help
calibrate the system for adaptive governance, ensuring that technological advancement translates into tangible
improvements in disaster preparedness, response time, and citizen empowerment.

Conclusion and Future Work

This study proposes a comprehensive Al-driven disaster management framework that strategically integrates IoT-
based real-time sensing, AI/ML predictive modeling, GIS-enabled spatial analytics, and digital media-driven
communication networks to strengthen early warning systems and community resilience. By fusing data-centric
automation with participatory governance, the model transcends conventional limitations of disaster management
systems, demonstrating notable improvements in predictive accuracy, lead-time efficiency, and public engagement.
The fusion of real-time IoT data streams with adaptive machine learning algorithms enables early identification of
hydrological surges, atmospheric disturbances, and seismic anomalies, ensuring timely alerts and resource
mobilization. The GIS visualization layer converts these analytical insights into spatially actionable intelligence,
offering high-resolution, context-specific risk maps that facilitate evidence-based decision-making. Simultaneously,
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the inclusion of digital media dissemination and crowd sourced intelligence transforms communities from passive
recipients of information into active collaborators in crisis response, fostering trust, transparency, and resilience at the
grassroots level. From a socio-technical standpoint, the framework underscores the symbiotic relationship between
technological innovation and civic empowerment. It establishes an operational ecosystem where data ethics,
inclusivity, and human-centric design coalesce with computational intelligence, ensuring that algorithmic precision
aligns with social equity and participatory accountability. This interdisciplinary synthesis redefines disaster
governance as an adaptive, learning-based system that evolves with each event, continuously refining predictive and
operational efficiency.

Moving forward, the framework can be expanded to incorporate drone-based aerial surveillance and satellite-driven
Earth observation to overcome the spatial limitations of fixed IoT infrastructure, particularly in remote terrains.
Integration of edge computing and federated learning models will further enhance system responsiveness, enabling
localized decision-making without reliance on central data hubs. Advanced Al-based decision support systems could
simulate multi-hazard interdependencies—such as compound flooding and cyclone-induced landslides—to enable
proactive mitigation planning. Additionally, gamified awareness platforms and Al chatbots may enhance public
participation, risk communication, and community preparedness in an engaging and inclusive manner. Cloud-native
deployment and cross-agency data interoperability will ensure scalability at national and transnational levels,
supporting regional disaster governance frameworks. Finally, embedding ethical auditing modules within Al models
can ensure fairness, accountability, and transparency, paving the way for responsible Al ecosystems in humanitarian
technology. In essence, this research contributes not only to the technological advancement of disaster management
but also to the broader discourse on sustainable digital resilience. By integrating artificial intelligence with social
intelligence, the proposed framework establishes a blueprint for next-generation disaster management systems—
adaptive, transparent, and human-centered—capable of safeguarding lives and livelihoods in an increasingly climate-
volatile world.

References

1. Wibowo, A., Amri, 1., Surahmat, A., & Rusdah, R. (2025). Leveraging artificial intelligence in disaster
management: A comprehensive bibliometric review. Jamba: Journal of Disaster Risk Studies, 17(1), al776.
https://doi.org/10.4102/jamba.v17i1.1776

2. Diehr, J., Ogunyiola, A., & Dada, O. (2025). Artificial intelligence and machine learning-powered GIS for
proactive disaster resilience in a changing climate. Geomatics, Natural Hazards and Risk, 16(3), 287-300.
https://doi.org/10.1080/19475683.2025.2473596

3. Fischer-PreBler, D., Bonaretti, D., & Bunker, D. (2024). Digital transformation in disaster management: A
literature review. The Journal of  Strategic Information Systems, 33(4), 101865.
https://doi.org/10.1016/1.1s1s.2024.101865

4. Akhyar, A., Zulkifley, M. A., Lee, J., Song, T., Han, J., Cho, C., Hyun, S., Son, Y., & Hong, B.-W. (2024).
Deep artificial intelligence applications for natural disaster management systems: A methodological review.
Ecological Indicators, 163, 112067. https://doi.org/10.1016/j.ecolind.2024.112067

5. Bari, L. F., Ahmed, 1., Ahamed, R., Zihan, T. A., Sharmin, S., Pranto, A. H., & Islam, M. R. (2023). Potential
use of artificial intelligence (Al) in disaster risk and emergency health management: A critical appraisal on
environmental health. Environmental Health Insights, 17, 11786302231217808.
https://doi.org/10.1177/11786302231217808

6. Patil, S., Sawant, S., & Joshi, A. (2023, July). Flood detection using remote sensing and deep learning

approaches. In Proceedings of the 2023 14th International Conference on Computing Communication and Networking
Technologies (ICCCNT). IEEE. https://doi.org/10.1109/ICCCNT56998.2023.10306978

7. Wiegmann, M., Kersten, J., Senaratne, H., Potthast, M., Klan, F., & Stein, B. (2021). Opportunities and risks
of disaster data from social media: A systematic review of incident information. Natural Hazards and Earth System
Sciences, 21, 1431-1444. https://doi.org/10.5194/nhess-21-1431-2021

© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page 18


https://doi.org/10.4102/jamba.v17i1.1776
https://doi.org/10.1080/19475683.2025.2473596
https://doi.org/10.1016/j.jsis.2024.101865
https://doi.org/10.1016/j.ecolind.2024.112067
https://doi.org/10.1177/11786302231217808
https://doi.org/10.1109/ICCCNT56998.2023.10306978
https://doi.org/10.5194/nhess-21-1431-2021

International Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
| Special Edition: Volume: 04 IMCD - 2025 DOI: 10.55041/ISJEM.IMCD042
5"'""‘":!3 An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

8. Achu, A. L., Aju, C. D., Di Napoli, M., Prakash, P., Gopinath, G., Shaji, E., & Chandra, V. (2023). Machine-
learning based landslide susceptibility modelling with emphasis on uncertainty analysis. Geoscience Frontiers, 14(6),
101657. https://doi.org/10.1016/j.gsf.2023.101657

9. Diehr, J., Ogunyiola, A., & Dada, O. (2025). Artificial intelligence and machine learning-powered GIS for
proactive  disaster  resilience in a  changing  climate.  Annals of GIS, 31(2), 287-300.
https://doi.org/10.1080/19475683.2025.2473596

10. Sundaresan, A. A., & Solomon, A. A. (2024). Post-disaster flooded region segmentation using DeepLabv3+
and unmanned aerial system imagery. Natural Hazards Research, 5(6). https://doi.org/10.1016/j.nhres.2024.12.003

11. Demissie, Z., Rimal, P., Seyoum, W. M., Dutta, A., & Rimmington, G. (2024). Flood susceptibility mapping:
Integrating machine learning and GIS for enhanced risk assessment. Applied Computing and Geosciences, 23, 100183.
https://doi.org/10.1016/j.acags.2024.100183

12. Kolajo, T., Daramola, O., & Adebiyi, A. A. (2022). Real-time event detection in social media streams through
semantic analysis of noisy terms. Journal of Big Data, 9(1). https://doi.org/10.1186/s40537-022-00642-y

13. Bari, L. F., Ahmed, 1., Ahamed, R., Zihan, T. A., Sharmin, S., Pranto, A. H., & Islam, M. R. (2023). Potential
use of artificial intelligence (Al) in disaster risk and emergency health management: A critical appraisal on
environmental health. Environmental Health Insights, 17, 11786302231217808.
https://doi.org/10.1177/11786302231217808

14. Abed, A. S., Hussien, A. A., & Mwafaq, L. (2025). Disaster management-based Internet of Things using
wireless sensor networks. Engineering and Technology Journal, 43(8), 683-692.
https://doi.org/10.30684/¢t].2025.158287.1918

15. Rezvani, S. M. H. S., Falcdo, M. J., Komljenovic, D., & Almeida, N. M. de. (2023). A systematic literature
review on urban resilience enabled with asset and disaster risk management approaches and GIS-based decision
support tools. Applied Sciences, 13(4), 2223. https://doi.org/10.3390/app13042223

16. Goodchild, M. F., & Glennon, A. (2010). Crowdsourcing geographic information for disaster response: A
research frontier. International Journal of Digital Earth, 3(3), 231-241. https://doi.org/10.1080/17538941003759255
17. Sinha, A., & Sharma, L. K. (2025). Al tools and technologies in disaster risk reduction and management. In
Artificial ~ Intelligence in  Remote  Sensing for  Disaster  Management  (pp. 99-124). Wiley.
https://doi.org/10.1002/9781394287222.ch6

18. Islam, M. M., Hasan, M., Mia, M. S., & Masud, A. A. (2025). Early warning systems in climate risk
management: Roles and implementations in eradicating barriers and overcoming challenges. Natural Hazards
Research, 5(1). https://doi.org/10.1016/j.nhres.2025.01.007

19. Emami, P., & Marzban, A. (2023). The synergy of artificial intelligence (Al) and geographic information

systems (GILS) for enhanced disaster management: Opportunities and challenges. Disaster Medicine and Public Health
Preparedness, 17(1-3). https://doi.org/10.1017/dmp.2023.174

20. Dritsas, E., & Trigka, M. (2025). Remote sensing and geospatial analysis in the big data era: A survey.
Remote Sensing, 17(3), 550. https://doi.org/10.3390/rs17030550

© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page 19


https://doi.org/10.1016/j.gsf.2023.101657
https://doi.org/10.1080/19475683.2025.2473596
https://doi.org/10.1016/j.nhres.2024.12.003
https://doi.org/10.1016/j.acags.2024.100183
https://doi.org/10.1177/11786302231217808
https://doi.org/10.30684/etj.2025.158287.1918
https://doi.org/10.3390/app13042223
https://doi.org/10.1080/17538941003759255
https://doi.org/10.1002/9781394287222.ch6
https://doi.org/10.1016/j.nhres.2025.01.007
https://doi.org/10.1017/dmp.2023.174

