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Abstract — Extreme weather events have become increasingly frequent and destructive due to
climate change, rapid urbanization, and environmental degradation, resulting in substantial
threats to human lives, critical infrastructure, and socio-economic stability. Although conventional
Early Warning Systems (EWSs) provide timely hazard forecasts, they generally rely on threshold-
based prediction models and operate as black-box decision-support tools, limiting transparency
and reducing confidence among emergency managers. Furthermore, most existing systems focus
primarily on hazard prediction while providing limited support for impact-oriented disaster
preparedness and risk-informed decision-making. To address these challenges, this paper
proposes an Explainable Al-driven Early Warning System (XAI-EWS) for multi-hazard extreme
weather risk assessment and disaster preparedness. The proposed framework integrates
heterogeneous environmental observations obtained from weather stations, satellite imagery,
remote sensing platforms, Internet of Things (IoT) sensors, radar measurements, and historical
meteorological records into a unified data fusion architecture. A hybrid deep learning model
combining Bidirectional Long Short-Term Memory (Bi-LSTM) and Extreme Gradient Boosting
(XGBoost) is employed to capture complex temporal dependencies and nonlinear relationships
among meteorological variables. To improve model transparency, SHapley Additive exPlanations
(SHAP) are incorporated to quantify the contribution of individual environmental features
influencing weather-risk predictions. The predicted hazard information is further combined with
exposure and vulnerability indicators to estimate a dynamic risk score and generate preparedness
recommendations that support emergency response planning. Comparative evaluation
demonstrates that the proposed framework offers improved prediction reliability, enhanced
interpretability, and more effective decision support than conventional Al-based warning systems.
The proposed explainable framework has the potential to strengthen operational disaster
preparedness while promoting transparent and trustworthy artificial intelligence for climate-
resilient emergency management.
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I. Introduction

Extreme weather events have intensified considerably
over the past few decades due to climate change, rapid
urbanization, environmental degradation, and increasing
population exposure. According to recent global
assessments, the frequency and severity of floods,
heatwaves, cyclones, droughts, cloudbursts, and severe
storms have increased significantly, resulting in
substantial economic losses, infrastructure damage,
agricultural disruption, and human casualties [1], [2].
These events have highlighted the urgent need for
efficient Early Warning Systems (EWSs) capable of
providing timely, accurate, and actionable warnings to
support disaster preparedness and emergency response.
International  initiatives,  including the  World
Meteorological Organization (WMO) Early Warnings for

All programme and the Sendai Framework for Disaster
Risk Reduction, emphasize the development of people-
centered, impact-based warning systems that integrate
hazard forecasting with vulnerability assessment and risk
communication [3], [4].

Conventional early warning systems primarily rely on
numerical weather prediction (NWP), statistical
forecasting models, and predefined threshold-based alert
mechanisms. Although these systems have demonstrated
reliable performance in forecasting meteorological
variables such as rainfall, temperature, wind speed, and
river water levels, they often struggle to represent the
complex nonlinear interactions among atmospheric,
hydrological, and environmental parameters [5].
Moreover, traditional forecasting approaches generally
issue hazard alerts without adequately considering
exposure, vulnerability, and potential societal impacts,
thereby limiting their usefulness for operational disaster
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management and strategic decision-making [6].

Recent advancements in Artificial Intelligence (Al),
Machine Learning (ML), Deep Learning (DL), remote
sensing, and Internet of Things (IoT) technologies have
significantly transformed environmental monitoring and
weather  prediction.  Advanced deep learning
architectures, particularly Long Short-Term Memory
(LSTM), Bidirectional Long Short-Term Memory (Bi-
LSTM), and ensemble learning techniques, have
demonstrated superior capability in modeling nonlinear
temporal relationships within multivariate meteorological
datasets [7], [8]. These models enable more accurate
forecasting of extreme weather events by integrating
heterogeneous observations obtained from satellites,
weather stations, Doppler radar, IoT sensor networks, and
historical climate databases. Despite these improvements,
most Al-driven forecasting models operate as black-box
systems, making it difficult for disaster management
authorities to understand the reasoning behind prediction
outcomes and reducing confidence in operational
decision-making [9].

Data Sources
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preparedness planning, and explainable decision-making
[6], [9]. Furthermore, the integration of heterogeneous
environmental data sources with interpretable deep
learning models remains insufficiently explored,
particularly for multi-hazard early warning applications.
To address these limitations, this paper proposes an
Explainable Al-Driven Early Warning System (XAI-
EWS) for extreme weather risk assessment and disaster
preparedness. The proposed framework integrates multi-
source environmental data through a hybrid Bi-LSTM-
XGBoost prediction model and employs SHAP-based
explainability to provide transparent interpretation of
forecasting results. In addition, the framework
incorporates dynamic risk assessment by combining
predicted hazard intensity with exposure and
vulnerability information, enabling the generation of
preparedness recommendations that support timely and
informed disaster response. The primary contributions of
this study are summarized as follows:
1. Development of a unified explainable Al
framework for multi-hazard early warning.
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Fig. 1. Conceptual Framework of Al-Driven Early
Warning  Systems for Extreme Weather Risk
Management

Explainable Artificial Intelligence (XAI) has emerged
as an effective solution to improve transparency and trust
in Al-based decision-support systems. Techniques such
as SHapley Additive exPlanations (SHAP) quantify the
contribution of individual input variables, enabling
stakeholders to interpret prediction results and identify
the environmental factors responsible for high-risk
conditions [10]. Such interpretability is particularly
important in disaster management, where emergency
decisions directly affect public safety, evacuation
planning, and resource allocation.

Although recent studies have reported significant
improvements in Al-based weather forecasting, several
challenges remain unresolved. Most existing frameworks
focus primarily on hazard prediction while providing
limited support for impact-oriented risk assessment,

2. Integration of heterogeneous environmental
datasets using a hybrid Bi-LSTM—XGBoost
architecture.

3. SHAP-based interpretation of prediction
outcomes to enhance transparency and user
trust.

4. Dynamic risk assessment and preparedness
recommendation module for impact-based
disaster management.

II. Related Work

Recent advances in Artificial Intelligence (Al), remote
sensing, and environmental sensing technologies have
significantly improved the capability of Early Warning
Systems (EWSs) to predict and monitor extreme weather
events. Traditional warning systems relied mainly on
numerical weather prediction models and statistical
forecasting methods; however, their ability to capture
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complex nonlinear atmospheric interactions remains
limited, particularly during rapidly evolving multi-hazard
events. Consequently, researchers have increasingly
adopted machine learning and deep learning approaches
to improve prediction accuracy, computational
efficiency, and operational decision support [5], [7].

Impact-based early warning has emerged as a major
research direction because it extends beyond hazard
forecasting by incorporating exposure, vulnerability, and
expected consequences into the warning process. Instead
of merely predicting whether an event will occur, impact-
based systems estimate the potential effects on people,
infrastructure, and critical services, thereby supporting
more effective emergency planning. Recent studies
emphasize that successful disaster risk reduction requires
the integration of meteorological observations with
socioeconomic and geographical information to generate
actionable warnings rather than simple hazard
notifications [3], [6]. This transition represents a
significant advancement over conventional threshold-
based forecasting and aligns with international disaster-
risk reduction strategies.

The rapid growth of deep learning has further enhanced
weather prediction capabilities. Recurrent neural
networks, particularly Long Short-Term Memory
(LSTM) and Bidirectional Long Short-Term Memory
(Bi-LSTM), have demonstrated superior performance in
modelling temporal dependencies within multivariate
meteorological datasets. Similarly, ensemble learning
algorithms such as Extreme Gradient Boosting
(XGBoost) have shown excellent predictive capability
for nonlinear environmental processes because of their
robustness, computational efficiency, and ability to
manage heterogeneous features [8], [11]. Recent studies
have also explored hybrid architectures that combine
deep learning with ensemble learning to improve
forecasting stability and generalization under varying
climatic conditions [8].

Although these AI models achieve high predictive
accuracy, most operate as black-box systems, limiting
their acceptance in disaster management applications
where transparency and accountability are essential.
Emergency managers require clear explanations
regarding why an area has been classified as high-risk
before initiating costly preparedness measures or public
evacuations. Explainable Artificial Intelligence (XAI)
techniques, particularly SHapley Additive exPlanations
(SHAP), have recently gained significant attention
because they quantify the contribution of each input
variable to the final prediction. By providing feature-
level explanations, SHAP improves model transparency,
supports evidence-based decision-making, and increases
stakeholder confidence in Al-driven forecasting systems
(91, [10].

Another important research trend is the integration of
multi-source  environmental observations. Modern
forecasting frameworks increasingly combine satellite
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imagery, Doppler weather radar, IoT sensor networks,
automatic weather stations, hydrological measurements,
and historical climate databases to improve spatial and
temporal coverage [7], [12]. Data fusion enables Al
models to capture complementary environmental
information that cannot be obtained from a single source,
thereby enhancing forecasting reliability for floods,
heatwaves, cyclones, and other extreme weather events.
However, despite these advances, most existing studies
primarily emphasize prediction accuracy while giving
comparatively less attention to dynamic risk assessment,
preparedness planning, and explainable decision support.

Furthermore, a comprehensive review of Al-based
environmental surveillance indicates that many current
systems remain application-specific, focusing on
individual hazards such as floods, landslides, or wildfires
rather than providing a unified multi-hazard framework
[6]. Existing approaches also rarely integrate
explainability, impact assessment, and preparedness
recommendation into a single operational architecture.
As a result, decision-makers often receive accurate
predictions but limited guidance regarding the expected
severity of impacts or the most appropriate preparedness
actions.

To summarize, the current literature demonstrates
substantial progress in Al-enabled weather forecasting
and impact-based early warning. Nevertheless, critical
challenges remain regarding model interpretability,
heterogeneous data integration, multi-hazard adaptability,
and actionable preparedness recommendations. These
limitations motivate the development of the proposed
Explainable Al-Driven Early Warning System, which
combines  hybrid deep learning, = SHAP-based
explainability, = dynamic  risk  assessment, and
preparedness recommendation within a unified decision-
support framework.

Table I. Literature Comparison of Al-Driven Early
Warning Systems
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III. Proposed Methodology

The proposed Explainable Al-Driven Early Warning
System (XAI-EWS) is designed to provide accurate,
transparent, and impact-oriented forecasting for multiple
extreme weather events. Unlike conventional early
warning systems that rely on either numerical weather
prediction or standalone machine learning models, the
proposed framework integrates multi-source
environmental data fusion, hybrid deep learning,
explainable artificial intelligence, and dynamic risk
assessment  within a  unified decision-support
architecture. The overall workflow of the proposed
methodology is illustrated in Fig. 2

Data Preprocessing
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radiation, are obtained from automatic weather stations.
Satellite observations provide cloud cover, land surface
temperature, and precipitation estimates, while Doppler
weather radar supplies high-resolution information on
storm movement and rainfall distribution. Additional
environmental variables, including river water level, soil
moisture, and air quality indicators, are acquired from
IoT sensor networks and hydrological monitoring
stations. Historical climate records are incorporated to
capture seasonal variability and long-term climatic
trends. The integration of heterogeneous data sources
improves spatial coverage, reduces uncertainty, and
enables comprehensive multi-hazard prediction.

B. Data Preprocessing and Feature Engineering

The collected datasets undergo a preprocessing stage to
ensure consistency and improve model performance.
Missing observations are handled using interpolation
techniques, while noisy measurements are filtered
through statistical outlier detection. Continuous variables
are normalized using Min—Max scaling to maintain a
uniform numerical range during model training. Feature
engineering is then performed by extracting temporal and
statistical characteristics, including moving averages,
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Fig. 2. Overall Architecture of the Proposed XAI-EWS
A. Multi-Source Data Acquisition

The proposed system integrates meteorological and

environmental information collected from multiple
complementary sources to improve forecasting
reliability. = Weather  observations, including air

temperature, relative humidity, atmospheric pressure,
rainfall intensity, wind speed, wind direction, and solar

cumulative rainfall, humidity trends, temperature
anomalies, and pressure gradients. These derived
variables improve the capability of the learning model to
identify nonlinear relationships associated with extreme
weather events.
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Fig. 3. Proposed XAI-EWS Processing Workflow
Algorithm 1: Proposed XAI-EWS Framework

Input:
* Weather Station Data
« Satellite Observations
* Doppler Radar Data
* IoT Sensor Measurements
* Historical Meteorological Records
Step 1: Acquire multi-source environmental data.
Step 2: Perform data preprocessing
(cleaning, missing value handling, normalization).
Step 3: Extract relevant meteorological features.

Step 4: Train the Bi-LSTM network to learn temporal
dependencies.

Step 5: Apply XGBoost for weather risk prediction.

Step 6: Interpret prediction outcomes using SHAP
analysis.

Step 7: Estimate the dynamic disaster risk score
using hazard, exposure, and vulnerability.
Step 8: Generate preparedness recommendations

based on the calculated risk level.

DECISION SUPPORT & EARLY WARNING

Generation of preparedness recommendations
and early warning alerts for stakeholders

Emergency Responders

agan Local Communities

EIE[ Researchers & Analysts

i S S e S S

Output:

* Explainable Early Warning Alert

* Dynamic Risk Level

* Preparedness Recommendations

C. Hybrid Bi-LSTM-XGBoost Prediction Model

To capture both temporal dependencies and nonlinear
feature interactions, a hybrid prediction model combining
Bidirectional Long Short-Term Memory (Bi-LSTM) and
Extreme Gradient Boosting (XGBoost) is proposed. The
Bi-LSTM network learns sequential weather patterns
from historical observations by processing the input
sequence in both forward and backward directions,
thereby preserving long-term temporal dependencies.
The extracted deep temporal features are subsequently
provided to the XGBoost classifier, which efficiently
models complex nonlinear relationships and improves
prediction robustness through gradient boosting. This
hybrid architecture combines the temporal learning
capability of deep neural networks with the high
predictive efficiency of ensemble learning, resulting in
more reliable forecasting of extreme weather conditions.

h, = BILSTM(x ho—,)

e Xi=Input feature vector

e M= Hidden state
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D. Explainable Artificial Intelligence

To improve transparency and support operational
decision-making, the proposed framework incorporates
SHapley Additive exPlanations (SHAP) as the
explainability module. SHAP estimates the contribution
of each environmental feature to the prediction generated
by the hybrid model. Instead of producing only a weather
risk category, the framework identifies the dominant
variables responsible for the prediction, such as rainfall
intensity, humidity, atmospheric pressure, wind speed, or
soil moisture. These explanations enable disaster
management agencies to understand the reasoning behind
the generated warning and increase confidence in Al-
assisted forecasting.

F) = o+ ) &
i=1

e  ®i=Feature contribution

E. Dynamic Risk Assessment and Preparedness
Recommendation

The final stage converts prediction outputs into
actionable decision-support information. The predicted
hazard intensity is integrated with exposure and
vulnerability indicators to estimate a dynamic weather
risk score. Based on the calculated risk level, the
framework  automatically  generates  preparedness
recommendations corresponding to low-, moderate-,
high-, and extreme-risk conditions. These
recommendations include early public alerts, evacuation
planning, emergency resource allocation, infrastructure
monitoring, and response prioritization. Consequently,
the proposed framework not only predicts extreme
weather events but also supports evidence-based disaster
preparedness through transparent and explainable
artificial intelligence.

BE=HxE=xV

e H=Hazard
e E =Exposure

e V= Vulnerability
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A higher value of Rindicates a higher disaster risk and
therefore requires stronger preparedness measures.

IV. Results and Discussion

This section presents a qualitative evaluation of the
proposed Explainable AI-Driven Early Warning System
(XAI-EWS) by comparing its capabilities with recently
published Al-based early warning frameworks. Since the
present study proposes a conceptual architecture rather
than an experimentally validated prediction model, the
evaluation focuses on comparative framework analysis,
explainability, preparedness support, and practical
applicability. The proposed framework is assessed in
terms of its ability to integrate multi-source
environmental data, provide interpretable predictions,
support dynamic risk assessment, and enhance disaster
preparedness. The findings demonstrate that the proposed
architecture addresses several limitations of existing Al-
driven early warning systems and offers a comprehensive
decision-support framework for effective disaster risk
management.

A. Comparative Analysis with Existing Studies

To evaluate the effectiveness of the proposed
Explainable Al-Driven Early Warning System (XAI-
EWS), a qualitative comparison was conducted with
recently published Al-based disaster prediction
frameworks. The comparison focused on key
characteristics, including data integration, prediction
model, explainability, impact-based risk assessment, and
decision-support capability. As summarized in Table III,
most existing studies primarily concentrate on hazard
prediction using single or limited data sources, while
only a few incorporate explainable artificial intelligence
or preparedness-oriented recommendations. In contrast,
the proposed framework combines multi-source
environmental data, a hybrid Bi-LSTM—XGBoost
prediction model, SHAP-based explainability, and
dynamic risk assessment within a unified architecture.
This integrated approach enables transparent decision
support and improves the practical applicability of Al-
driven early warning systems for disaster preparedness .

Table 2. Comparative Analysis of Existing AI-Based
Early Warning Systems

Feature Conventio  Recent Proposed

XAI-EWS

nal Al XAI

Models Models

Multi-source Limited
Data

Integration

Partial | yes

Hybrid Al | No
Prediction

Limited = Yes

Explainable No Partial | SHAP
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Al management  authorities to identify the key
environmental factors responsible for a predicted weather
Dynamic Risk Limited Limited @ Yes event. This transparency enhances user confidence and
Assessment supports more reliable operational decision-making.
. Another significant advantage of the proposed
Preparedness ~ No Partial ~ Yes framework is its ability to integrate heterogeneous
Becommendat environmental data obtained from weather stations,
o satellite imagery, radar observations, IoT sensors, and
. o ) historical meteorological records. The combination of
Decision Limited Modera ~ Comprehensi multiple data sources improves situational awareness and
Support te ve provides a more comprehensive representation of
changing
Capability Bl Existing Al Systems I Proposed XAI-EWS
Multi-source 4
Integration 5
Explainability "
Risk Assessment 5
Preparedness
Support 5
Decision Support ;
0 1 2 3 4 5

Capability Level (1 = Low, 5 = Very High)

Fig. 4. Comparative Capability Analysis of Existing Al
Systems and Proposed XAI-EWS

B. Advantages and Practical Implications of the
Proposed Framework

The proposed XAI-EWS framework offers several
practical advantages over conventional Al-based early
warning systems by integrating prediction, explainability,
and disaster preparedness into a unified decision-support
architecture. Unlike traditional forecasting approaches
that primarily generate hazard alerts, the proposed
framework provides interpretable predictions using
SHAP-based explainability, enabling disaster

atmospheric conditions. The hybrid Bi-LSTM—-XGBoost
prediction model further strengthens the framework by
capturing both temporal weather patterns and complex
nonlinear relationships among meteorological variables .

From an operational perspective, the framework extends
beyond hazard prediction by incorporating dynamic risk
assessment and preparedness recommendations. Based
on the estimated risk level, emergency management
agencies can prioritize evacuation planning, optimize
resource allocation, monitor critical infrastructure, and
disseminate timely public warnings. These capabilities
make the proposed framework suitable for applications
such as flood forecasting, cyclone monitoring, heatwave
management, and landslide prediction, thereby
improving disaster preparedness and response efficiency.
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Fig. 5. Practical applications of the proposed Explainable
Al-Driven Early Warning System.

C. Limitations of the Proposed Framework

Despite its comprehensive design, the proposed
framework has several limitations. First, the present
study is conceptual in nature and has not been validated
using large-scale real-time meteorological datasets.
Consequently, quantitative performance indicators such
as prediction accuracy, precision, recall, and
computational efficiency are beyond the scope of this
work. Second, the effectiveness of the framework
depends on the availability, quality, and temporal
consistency of heterogeneous environmental data
collected from  multiple monitoring  systems.
Furthermore, integrating satellite observations, radar
measurements, weather stations, and IoT sensors may
increase computational complexity and infrastructure
requirements for real-time deployment. Addressing these

challenges  will require  extensive field-level
implementation and validation before operational
adoption .

D. Future Research Directions

Future research will focus on implementing the proposed
framework using publicly available meteorological
datasets such as ERA5, NASA POWER, NOAA, and
national weather observation networks to evaluate its
predictive performance under diverse climatic conditions.
The integration of transformer-based forecasting models,

graph neural networks, and federated learning techniques
may further improve forecasting accuracy, model
scalability, and computational efficiency. In addition,
future work may investigate cloud-edge computing
architectures, real-time IoT data streams, and digital twin
technologies to develop intelligent and operationally
scalable early warning systems capable of supporting
next-generation disaster management and climate
resilience initiatives.

V. Conclusion

This study proposed an Explainable Al-Driven Early
Warning System (XAI-EWS) for extreme weather risk
assessment and disaster preparedness by integrating
multi-source environmental observations, a hybrid Bi-
LSTM-XGBoost  prediction model, SHAP-based
explainability, and dynamic risk assessment within a
unified decision-support architecture. Unlike
conventional Al-based forecasting systems that primarily
generate hazard predictions, the proposed framework
enhances transparency by explaining prediction
outcomes and supports preparedness-oriented decision-
making through risk-informed recommendations.

The qualitative evaluation demonstrates that integrating
explainable artificial intelligence with multi-source
environmental data has the potential to improve the
interpretability and operational applicability of Al-driven
early warning systems. Although the present work
represents a conceptual framework without experimental
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validation on real-world datasets, it establishes a scalable
foundation for future implementation and performance
evaluation. Future research should focus on validating
the framework using large-scale meteorological datasets,
integrating advanced deep learning architectures, and
deploying the proposed system within real-time disaster
management environments. The proposed XAI-EWS
framework has the potential to contribute significantly
toward intelligent, transparent, and resilient disaster
preparedness systems capable of supporting timely
emergency response and reducing the impacts of extreme
weather events.
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