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Abstract

The integration of Artificial Intelligence (Al) into geosciences has ushered in a transformative era
for spatial modeling and climate-induced hazard assessment. This study explores the application
of Explainable Al (XAI) to address the inherent limitations of traditional "*black-box™ Al models,
emphasizing transparency and interpretability in high-stakes domains such as natural hazard
management. By analyzing hydrometeorological hazards—including droughts, floods, and
landslides—this work highlights the growing potential of XAl to improve predictive accuracy and
facilitate actionable insights. The research synthesizes advancements in XAl methodologies, such
as attention models, Shapley Additive Explanations (SHAP), and Generalized Additive Models
(GAM), and their application in spatial hazard prediction and mitigation strategies. Additionally,
the study identifies challenges in data quality, model transferability, and real-time explainability,
proposing pathways for future research to enhance XAl's utility in decision-making frameworks.
This comprehensive overview contributes to bridging gaps in the adoption of XAl, enabling
robust, transparent, and ethical approaches to climate hazard assessments in an era of rapid
environmental change.
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Introduction

Climate change is increasingly recognized as a global crisis, intensifying natural hazards such as
droughts, floods, and landslides. These events are not only more frequent but also more severe, causing
widespread disruption to human lives, economies, and ecosystems. The United Nations Office for
Disaster Risk Reduction (UNDRR) emphasizes the importance of hazard modeling to understand the
spatial and temporal dynamics of such events, including their location, intensity, and probability, to
facilitate effective risk management strategies (UNDRR, 2019). In recent years, economic losses from
climate-induced disasters have risen sharply, with daily global losses exceeding $200 million and
substantial human casualties reported annually (World Meteorological Organization, 2023). Traditional
methods for hazard modeling, such as physical and statistical approaches, have provided valuable
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insights into natural hazards. However, these methods often struggle to process the massive, dynamic
datasets generated by advanced observation technologies, limiting their capacity to address the
complexity of contemporary climate systems (Gariano& Guzzetti, 2016). For instance, relying solely on
historical flood maps to predict future flood risks is akin to using outdated maps in a modern navigation
system—it overlooks real-time environmental changes and emerging trends. Advancements in Artificial
Intelligence (Al) have transformed hazard modeling by enabling the analysis of vast and complex
datasets to uncover intricate patterns and predictions (Dikshit et al., 2024). However, the opacity of
many Al models—often termed "black boxes"—poses significant challenges for their application in
critical decision-making processes. This lack of transparency limits stakeholders' trust and hinders the
practical implementation of Al-driven solutions, particularly in high-stakes scenarios like disaster
response and policy formulation. Explainable Al (XAIl) has emerged as a groundbreaking approach to
address these limitations. By providing insights into the decision-making processes of Al models, XAl
enhances transparency, interpretability, and accountability. For example, in flood risk modeling, XAl
can reveal how variables such as rainfall intensity, urban development, and soil properties influence
hazard predictions, thereby supporting more effective mitigation strategies (Dikshit & Pradhan, 2021).
Such capabilities not only build trust among stakeholders but also facilitate evidence-based policy
interventions and resource allocation. The transformative role of XAl in addressing hydrometeorological
hazards, offering a comprehensive review of its methodologies, applications, and challenges. By
synthesizing recent advancements and identifying gaps in research, this work aims to foster the broader
adoption of XAl, enabling transparent, reliable, and actionable solutions for mitigating the growing risks
posed by climate change (Dikshit et al., 2024).

How Climate Change is Impacting Natural Hazard Events

Climate change is fundamentally reshaping the frequency, intensity, and geographic distribution of
natural hazards, posing unprecedented risks to communities, ecosystems, and economies worldwide. As
global temperatures rise, the intricate climate systems that govern natural hazards are becoming
increasingly destabilized, resulting in a marked increase in extreme events such as droughts, floods, and
landslides. This section examines the multifaceted impacts of climate change on natural hazards,
integrating insights from global scientific assessments and recent advancements in hazard modeling.

Rising Global Temperatures and Increased Hazard Risks

According to the Intergovernmental Panel on Climate Change (IPCC), each of the past four decades has
been warmer than any preceding decade since 1850. The global surface temperature has risen by 0.84°C
to 1.1°C in the 21st century compared to pre-industrial levels. This warming is primarily driven by
human activities such as fossil fuel combustion, industrial processes, and deforestation (IPCC, 2021).
The warming atmosphere can retain more moisture, intensifying precipitation events and increasing the
likelihood of extreme rainfall, flash floods, and storms in regions prone to heavy precipitation
(Coumou&Rahmstorf, 2012).

Warmer atmospheric conditions also contribute to higher evaporation rates and accelerated melting of
glaciers and ice caps. These processes exacerbate the risk of flooding, particularly in low-lying coastal
areas and glacier-fed river basins. The interplay between temperature rise and hydrological processes
underscores the heightened vulnerability of human settlements to extreme weather events.
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Drought Dynamics and Water Scarcity

One of the most pronounced effects of climate change is the increased frequency and severity of
droughts. Rising temperatures accelerate evaporation rates, leading to the depletion of surface water
reservoirs and a significant reduction in soil moisture. These processes result in conditions conducive to
"megadroughts™ that can persist for years or decades, as observed in regions like the American
Southwest and Australia (Williams et al., 2020).Climate-induced droughts have far-reaching
consequences for agriculture, water supply, and energy production. Prolonged dry spells can
compromise crop yields, disrupt hydropower generation, and heighten competition for scarce water
resources. In addition to these direct impacts, rising carbon dioxide levels may enhance plant water-use
efficiency, adding complexity to the prediction and management of drought dynamics (Vicente-Serrano
et al., 2020).The complexity of drought dynamics necessitates advanced modeling approaches that
integrate multiple variables, including precipitation patterns, soil moisture levels, and vegetation
responses. Emerging tools like Explainable Al (XAI) are proving instrumental in unraveling these
complexities, providing actionable insights for drought mitigation strategies.

Intensified Flooding

Climate change has significantly intensified flooding events, both in frequency and severity. Warmer
temperatures have accelerated the melting of glaciers and polar ice caps, contributing to increased runoff
and rising sea levels. This trend poses acute risks to coastal communities, particularly those in low-lying
regions and small island nations. Urbanization further exacerbates flood risks by reducing natural
drainage capacity through the proliferation of impervious surfaces such as roads and buildings. Without
adequate drainage systems, urban areas become more susceptible to pluvial and flash floods. Projections
indicate a 33% rise in flood-prone urban land by 2030, with Asia, Africa, and the Americas being most
affected (Glneralp et al., 2015). Changes in precipitation patterns also play a critical role in flood
dynamics. Increased rainfall intensity and frequency can overwhelm existing flood defenses, leading to
catastrophic outcomes. For instance, the increased likelihood of extreme precipitation events in regions
like Southeast Asia and East Africa has heightened the vulnerability of these areas to riverine and flash
floods. Addressing flood risks in the context of climate change requires an integrated approach that
combines advanced modeling techniques with sustainable urban planning. Explainable Al (XAl) is
emerging as a valuable tool in this domain, enabling stakeholders to identify key variables influencing
flood risks and develop targeted mitigation strategies.

Landslide Hazards in Mountainous Regions

Mountainous regions are particularly vulnerable to the cascading effects of climate change, including an
increased incidence of landslides. Landslides are triggered by various factors such as intense rainfall,
rapid snowmelt, and human activities like deforestation and mining. Climate change amplifies these
triggers, creating conditions for more frequent and severe landslide events. Intense short-term rainfall
often leads to shallow landslides, while prolonged wet seasons destabilize deep-seated earth layers,
increasing the risk of catastrophic events. For example, the 2015 heatwave in Western Europe
destabilized rock-wall permafrost, resulting in widespread rockfalls (Ravanel et al., 2017). Such events
underscore the interplay between temperature anomalies and geomorphological processes. In addition to
direct impacts, landslides often occur as cascading events following other natural hazards like
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earthquakes, wildfires, and extreme snowmelt. These interconnections highlight the need for
multidisciplinary approaches to hazard modeling and risk assessment. Recent advancements in Al and
machine learning are enhancing our ability to predict landslide susceptibility by integrating diverse
datasets, including topographical, geological, and hydrological variables.

Economic and Human Impacts

The economic and human costs of climate-induced natural hazards are staggering. According to the
World Meteorological Organization (WMO), daily global losses due to climate-related disasters
averaged $202 million between 1970 and 2019. During the same period, an average of 115 people lost
their lives to such events each day (WMO, 2021). While advancements in early warning systems have
significantly reduced casualties, the long-term economic and social costs remain substantial. Rebuilding
infrastructure, addressing ecological damage, and resettling displaced populations impose significant
financial burdens on affected communities and governments. Moreover, these costs are often
disproportionately borne by developing countries with limited resources for disaster response and
recovery. Improving the predictive accuracy of hazard models and integrating XAl into decision-making
frameworks can enhance the effectiveness of mitigation and adaptation strategies. By identifying high-
risk areas and prioritizing resource allocation, these technologies can help reduce the socioeconomic
impacts of climate-induced hazards.

Case Studies: Regional Impacts and Responses
Southeast Asia: Flooding and Urbanization

Southeast Asia is highly vulnerable to flooding due to its tropical climate and rapid urbanization. Cities
like Jakarta and Bangkok face recurring flood risks exacerbated by rising sea levels and inadequate
drainage infrastructure. Advanced flood modeling tools, including XAl, have been employed to map
flood-prone areas and optimize urban planning processes.

The American Southwest: Drought and Water Management

The American Southwest is experiencing prolonged droughts attributed to rising temperatures and
reduced precipitation. These conditions have strained water resources, necessitating innovative
management strategies. Al-driven models are being used to forecast water availability and guide
sustainable agricultural practices.

Himalayan Region: Landslides and Glacial Melt

The Himalayan region is witnessing an increase in landslide events linked to intensified rainfall and
rapid glacial melt. Al-based susceptibility mapping has proven effective in identifying high-risk zones,
informing community preparedness measures and infrastructure development.

The Role of Explainable Al (XAl) in Addressing Climate-Induced Hazards

Explainable Al (XAl) is revolutionizing the field of natural hazard modeling by enhancing transparency,
interpretability, and accountability in Al-driven predictions. Unlike traditional "black-box™ models, XAl
provides insights into the decision-making processes of Al systems, enabling stakeholders to understand
and trust the outcomes.
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Key XAl Methodologies in Hazard Assessment

1. Shapley Additive Explanations (SHAP): Widely used for identifying variable importance,
SHAP has been applied in landslide susceptibility mapping and flood risk modeling to highlight
critical factors influencing hazard predictions (Dikshit & Pradhan, 2021).

2. Generalized Additive Models (GAM): These models facilitate the analysis of non-linear
relationships between variables, offering valuable insights into drought dynamics and other
complex phenomena.

3. Attention Models: Effective in capturing spatial and temporal dependencies, attention models
are increasingly employed in drought forecasting and rainfall prediction.

According to the Intergovernmental Panel on Climate Change (IPCC), each of the past four decades has
been successively warmer than any preceding decade since 1850. The global surface temperature has
risen by 0.84°C to 1.1°C in the 21st Expanding the Potential of XAl in Hazard Assessment The
transformative potential of Explainable Al (XAIl) extends beyond its current applications, offering
opportunities for deeper insights and broader integration in hazard management frameworks. While the
methodologies such as SHAP, GAM, and attention models have shown considerable promise, the
expanding demands of climate-induced hazard assessments require continuous innovation.

Integrating Multisource Data

One of the most significant challenges in hazard modeling is the integration of diverse datasets,
including satellite imagery, ground-based observations, and real-time climate variables. XAl
methodologies can enhance the synthesis of these datasets, enabling models to capture the complex
interactions between environmental factors. For example, in flood risk assessment, the combination of
high-resolution satellite data with real-time precipitation records can improve the spatial accuracy of
predictions.

Enhancing Causal Understanding

XAl is uniquely positioned to uncover causal relationships in natural hazard dynamics. By analyzing
how specific variables contribute to hazard outcomes, XAl can move beyond correlation-based
predictions to provide actionable insights. For instance, in drought modeling, understanding the interplay
between temperature anomalies, soil moisture, and vegetation indices can guide targeted interventions to
mitigate agricultural losses.

Real-Time Decision Support

In high-stakes scenarios, such as disaster response and evacuation planning, real-time insights are
critical. XAl can be integrated into decision support systems to provide transparent, rapid analyses that
inform emergency actions. For example, attention models can highlight regions at imminent risk of
landslides during heavy rainfall events, enabling authorities to prioritize evacuations and resource
allocation.
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Addressing Bias and Improving Fairness

As machine learning models are increasingly adopted in hazard assessment, the risk of bias in data and
algorithms becomes a critical concern. XAl can play a pivotal role in identifying and mitigating these
biases, ensuring that predictions are equitable and reliable across different regions and populations. For
example, analyzing the weight of input variables in flood models can reveal if urban areas are
disproportionately represented at the expense of rural communities.

NatCatSERVICE
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Fig. 1. An overview of global natural hazards that occurred in 2022 (Source: NatCat Services)
Methodology
Data Acquisition and Preparation

This study employed a systematic strategy for acquiring and preparing data to integrate Explainable
Artificial Intelligence (XAI) approaches into hazard prediction and assessment models. Diverse datasets
were sourced, refined for consistency, and analyzed to ensure high accuracy and reliability during model
development.

1. Satellite and Remote Sensing Data:

e High-resolution satellite images were gathered from NASA and NOAA, offering
detailed insights into topographical features, vegetation patterns, and hydrological
variations.

e Tools like Synthetic Aperture Radar (SAR) and multispectral imaging facilitated the
mapping of soil moisture, land-use changes, and vegetation density.

e Data preprocessing included removing noise, correcting radiometric distortions, and
applying image classification techniques to extract meaningful features.
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2. Meteorological and Climate Information:

e Historical weather trends, such as rainfall, temperature fluctuations, and evaporation
rates, were compiled from global and regional meteorological services.

e Long-term climate patterns were analyzed to detect anomalies and assess their
impacts on hazard occurrence.

e Data gaps were addressed through interpolation and normalization to maintain
consistency.

3. Topographical and Hydrological Inputs:

e Digital Elevation Models (DEM) provided crucial data on elevation, slope, and
drainage systems.

e Hydrological datasets characterized watersheds, soil compositions, and river
networks, supporting detailed hazard analysis.

e Terrain classifications were developed to highlight hazard-prone zones.

4. Urbanization and Socioeconomic Data:

e Data on population density, land-use transformation, and urban growth were analyzed
to evaluate their contributions to hazard vulnerability.

e Socioeconomic indicators were integrated to understand resource allocation patterns
and mitigation capabilities.

Model Design and Development

Explainable Al (XAl) techniques were employed to enhance the interpretability of hazard prediction
models. The methodologies implemented are detailed below:

1. SHAP (Shapley Additive Explanations):

e SHAP scores ranked variables like precipitation intensity, soil properties, and urban
density by their influence on predictions.

e This method revealed relationships between features and outputs, fostering model
transparency.

2. Generalized Additive Models (GAM):

e GAMs effectively captured complex, non-linear interactions among environmental
parameters.

e These models were applied in drought prediction, analyzing soil moisture and
temperature dependencies.
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3. Attention-Based Neural Networks:

e Neural networks integrated attention mechanisms to capture spatial and temporal
relationships in rainfall modeling and flood prediction.

e Attention layers highlighted significant features dynamically, improving accuracy and
explainability.

4. Hybrid Approaches:

e Machine learning algorithms, such as Gradient Boosting and Random Forest, were
combined with XAl techniques to optimize predictive performance.
e Ensemble models were employed to reduce uncertainties and improve robustness.

Model Training and Evaluation

e Stratified sampling ensured balanced datasets representing hazard-prone and non-
hazard-prone areas.

e Models were validated using k-fold cross-validation to prevent overfitting and assess
performance.

e Evaluation metrics included precision, recall, F1-score, accuracy, and AUC (Area Under
the Curve) values.

e Sensitivity analyses tested model reliability under different parameter settings.

Feature Engineering and Fine-Tuning
1. Feature Selection and Modification:

e Dimensionality reduction using Principal Component Analysis (PCA) helped focus on
critical features.

e Polynomial combinations and interaction terms were introduced to capture intricate
variable relationships.

2. Parameter Optimization:

e Grid search and Bayesian optimization identified the most effective parameter
settings for each model.

3. Bias Evaluation and Correction:

e Models were reviewed for biases related to geographic distribution and demographic
disparities.
e Balanced datasets and fairness constraints minimized biased predictions.

4. Explainability Verification:

o XAl results were validated through expert consultations and stakeholder reviews to
ensure practical insights and interpretability.
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Hazard Prediction Workflow
1. Data collection and preprocessing.
Feature selection and engineering.
Model implementation with XAl techniques.
Model validation and performance analysis.

Deployment for hazard prediction and decision-making.

o g ~ v D

Feedback integration for model improvements based on real-world performance.

Flow Chart of Methodology and Results

Key Findmgs;___‘_\_‘h
Discussion

/ \ru‘mre Directions

Predictive Perfarmance

ita Collection and Preprocessing

Model Training and Validation

SHAP Analysis

Figure 2 flow chart methodology
Results and Discussion
Model Performance and Predictive Accuracy

The models developed in this study demonstrated exceptional performance in forecasting climate-
induced hazards, including droughts, floods, and landslides. Explainable Al (XAIl) methodologies not
only delivered accurate predictions but also provided transparency and interpretability, enabling targeted
and actionable hazard mitigation strategies.

1. Drought Prediction Results:

e Generalized Additive Models (GAM) achieved an 87% accuracy rate, capturing
complex, non-linear interactions among soil moisture, temperature variations, and
vegetation indices.
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SHAP analysis identified soil moisture as the most influential factor, with a mean
SHAP value of 0.42, indicating its dominance in drought predictions.

Seasonal variations and prolonged dry spells were highlighted as high-risk periods,
aligning closely with historical data.

2. Flood Risk Assessment Outcomes:

Attention-based neural networks achieved 92% accuracy in pinpointing flood-prone
zones.

Rainfall intensity and urbanization patterns were the top predictors, as revealed by
SHAP analysis, explaining 65% of predictions.

Model outputs emphasized the role of urban infrastructure, underscoring the need for
improved drainage systems to mitigate flood risks.

3. Landslide Susceptibility Analysis:

Hybrid models integrating machine learning and XAl delivered an accuracy of 89%,
successfully mapping high-risk zones.

Key variables included slope gradient, precipitation, and vegetation cover, validated
through SHAP values and attention layers.

Historical validations demonstrated a strong correlation, confirming the model's
effectiveness in risk prediction.

Key Observations and Findings

1. Importance of Variables and Sensitivity Analysis:

Rainfall intensity and soil moisture emerged as dominant predictors across all hazard
models.

Sensitivity analyses confirmed robustness, with minimal deviations under parameter
changes, supporting reliability.

2. Causal Relationships:

XAl uncovered causal pathways, such as the link between deforestation and landslide
susceptibility, as well as urban sprawl amplifying flood risks.

GAM outputs highlighted interactions between vegetation loss and soil erosion,
deepening insights into hazard dynamics.

3. Bias Mitigation and Equity Assessment:

Initial bias assessments revealed underrepresentation of rural areas in flood risk
models.

Corrective data balancing measures improved fairness, ensuring equitable hazard
assessments across diverse regions.

[JSAT25011309
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Discussion

1. Model Interpretability and Trust Building:

Transparent outputs generated by SHAP and GAM enhanced trust among
policymakers, enabling data-driven decision-making.

Visual aids and feature importance rankings facilitated communication with
stakeholders.

2. Real-Time Decision Support Tools:

Attention models offered near-real-time predictions, crucial for emergency planning.
Interactive dashboards enabled dynamic scenario simulations and resource allocation
strategies.

3. Challenges Identified:

Data gaps in remote regions required interpolation techniques to maintain data
quality.

Model generalization to new geographic contexts necessitated fine-tuning and
additional calibration.

4, Future Research Prospects:

Expanding data integration with 10T sensors and drones could enhance spatial
accuracy.

Incorporating socio-economic factors into XAl frameworks could refine vulnerability
assessments.

Hybrid Al approaches combining machine learning with physical modeling may
further improve adaptability.

Visual Representation and Tables

Table 1: Model Performance Metrics

Accuracy | Precision | Recall F1-Score

Model (%) (%) (%) (%) Model
Drought  Prediction Drought  Prediction
(GAM) 87 85 86 85.5 (GAM)

. : Flood Risk
Flood Risk (Attention) | 92 90 91 90.5 (Attention)
Landslide (Hybrid Landslide  (Hybrid
XAI) 89 88 89 88.5 XAI)
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Feature Importance for Flood Risk Modeling
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Figure 1: Feature Importance for Flood Risk Modeling
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Figure 2: Landslide Susceptibility Mapping

Landslide Susceptibility Mapping

This scatter plot shows susceptibility levels to landslides based on spatial distribution. The color gradient
(from dark blue to yellow) represents increasing levels of susceptibility. Points spread across the map
show varying levels of risk based on slope, soil moisture, and precipitation factors. Higher susceptibility
(yellow) areas may need immediate intervention and monitoring.

Drought Risk Prediction Over Time
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Figure 3: Drought Risk Prediction Over Time
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Drought Risk Prediction Over Time

This line graph tracks drought risk levels across months. The y-axis indicates risk levels in percentage,
while the x-axis represents the months of the year. The graph shows that drought risk peaks between
June and August, coinciding with periods of high temperatures and low rainfall. It highlights the
importance of seasonal monitoring and water management strategies.

Flood Risk Prediction by Region

80
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Risk Level (%)
&=
o

20

Region A Region B Region C Region D Region E
Regions

Figure 4: Flood Risk Prediction by Region
Flood Risk Prediction by Region

This bar chart compares flood risks across different regions (A to E). The y-axis shows the risk levels as
percentages, while the x-axis represents different regions. Region D has the highest risk, emphasizing
the need for improved flood mitigation infrastructure there. Region C has comparatively lower risk,
suggesting differences in terrain or drainage systems.

Feature Importance for Flood Risk Modeling

This bar chart highlights the key factors influencing flood risks. The x-axis represents the importance
score, indicating how significantly each variable affects predictions. Variables like Rainfall Intensity
and Urbanization have the highest importance, showing their strong correlation with flood risks. Slope
Gradient and Soil Porosity also contribute moderately, indicating their roles in water retention and
runoff.

Broader Implications

The study highlights the potential of Explainable Al in hazard management by enhancing model
interpretability and prediction accuracy. XAl approaches bridge the gap between data-driven models and
stakeholder needs, enabling practical implementations for disaster risk reduction. Future developments
should focus on refining methodologies, integrating real-time data, and addressing socio-economic
vulnerabilities to build more resilient disaster management frameworks.
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Conclusion

This study highlights the transformative potential of Explainable Artificial Intelligence (XAI) in
improving climate hazard assessments, focusing on droughts, floods, and landslides. By leveraging XAl
methodologies, such as SHAP, GAM, and attention models, we achieved high predictive accuracy while
maintaining interpretability. The findings emphasize the critical role of transparency and accountability
in Al-driven decision-making, enabling stakeholders to trust and act upon model outputs.

The results demonstrated that XAl not only enhances predictive performance but also uncovers causal
relationships, helping policymakers design targeted mitigation strategies. The integration of real-time
data and socio-economic factors further improves adaptability, making Al tools more robust for disaster
management.

Future research should focus on expanding datasets, integrating I0T sensors, and enhancing model
scalability across diverse geographic regions. By addressing challenges related to data quality, model
fairness, and transferability, the adoption of XAl can be broadened, ensuring sustainable and resilient
hazard management systems.
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