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Abstract: Geohazards such as earthquakes, landslides, and volcanic eruptions pose 
severe threats to human life and infrastructure, causing significant global losses every 
year. Existing hazard assessment methods are limited by single-hazard focus, high 
computational cost, sparse data integration, and poor real-time forecasting 
capabilities, which limit their operational use. This study aims to develop a unified 
artificial intelligence (AI) framework for multi-hazard forecasting by integrating 
convolutional neural networks (CNNs), long short-term memory (LSTM) models, 
random forest classifiers, and ensemble fusion techniques. A multi-source dataset 
consisting of seismic, geospatial, and geochemical data was processed using an 
80/10/10 split train-validate-test, cross-validation, and spatial validation strategies. 
The results show strong performance, with earthquake classification AUC-ROC of 
0.961, magnitude prediction RMSE of 0.23 Mw, landslide sensitivity AUC of 0.957, 
and volcanic classification accuracy of 91.2%, outperforming several state-of-the-art 
benchmarks. Ensemble fusion improved performance by 2.1–3.7% over individual 
models. The key contribution is a scalable ensemble-based AI framework that enables 
integrated multi-hazard forecasting on heterogeneous datasets. However, limitations 
include information heterogeneity and reduced cross-regional generalizability. The 
framework supports real-time early warning systems, disaster risk management, and 
land-use planning, especially in hazardous areas. 
 
Keywords: Geohazard prediction; Landslide susceptibility; Machine learning; 
Seismic risk; Volcanic monitoring 

  

Introduction  
 
Geohazards constitute one of the most formidable 

challenges confronting modern society, with 
earthquakes, landslides, and volcanic eruptions 
collectively responsible for an estimated 60,000 fatalities 
and USD 280 billion in economic losses per year during 
the first two decades of the twenty-first century (Fang et 
al., 2021; Haque et al., 2019). Rapid urbanization in 
tectonically active regions, climate-driven intensification 
of hydrometeorological triggers, and the inherent 
complexity of subsurface geophysical processes have 
rendered conventional hazard assessments increasingly 

inadequate for real-time decision support (Merghadi et 
al., 2020). 

Artificial intelligence, encompassing machine 
learning (ML) and deep learning (DL) paradigms, has 
emerged as a transformative technology in the Earth 
sciences (Ghimire et al., 2023; Mosavi et al., 2018). The 
capacity of neural networks to extract non-linear 
patterns from high-dimensional, heterogeneous data 
sources offers unprecedented opportunities to transcend 
the limitations of physics-based and statistical models 
(Bergen et al., 2019; Thi Ngo et al., 2021). Deep learning 
architectures, in particular, have demonstrated 
remarkable performance in image classification, time-
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series forecasting, and anomaly detection tasks directly 
relevant to geohazard monitoring (Mousavi & Beroza, 
2022). 

For seismic hazard, CNNs have been employed to 
automate phase picking, source mechanism 
classification, and ground motion prediction (Zhu et al., 
2020). Recurrent architectures, particularly LSTMs, have 
shown strong results in modeling the temporal 
dependencies inherent in seismicity catalogues and 
precursory phenomena (Wang et al., 2020). In the 
landslide domain, ensemble tree methods and gradient 
boosting algorithms have become the gold standard for 
susceptibility mapping, often outperforming logistic 
regression and frequency ratio methods (Chen et al., 
2021; Pham et al., 2019; Reichenbach et al., 2018). 
Volcanic hazard assessment has similarly benefited from 
ML-based classification of seismicity patterns, satellite 
thermal anomaly detection, and SO2 flux anomaly 
identification (Hotta et al., 2023; Ross et al., 2018; Sparks 
et al., 2022). 

Despite these advances, several critical gaps persist. 
First, most published studies address a single hazard 
type in isolation, precluding the development of unified, 
multi-hazard frameworks adaptable to diverse 
geological contexts (Gill & Malamud, 2017). Second, 
model interpretability remains a significant concern for 
operational adoption, as black-box predictions are 
difficult to communicate to civil protection authorities 
(Rudin, 2019). Third, the challenge of class imbalance in 

rare-event prediction (e.g., large-magnitude 
earthquakes, major eruptions) has not been 
systematically addressed across hazard domains 
(Chawla et al., 2022). Finally, rigorous comparative 
benchmarking of multiple AI architectures across all 
three hazard categories within a consistent 
methodological framework is conspicuously absent 
from the literature. 

This study introduces a novel, unified AI 
framework for multi-hazard forecasting that 
simultaneously models earthquakes, landslides, and 
volcanic hazards in an integrated architecture 
(Kirschbaum et al., 2015). Unlike previous research that 
typically considers hazards in isolation, the proposed 
approach combines CNN, LSTM, random forest, and 
transformer models in an ensemble fusion strategy, 
enabling cross-domain learning from heterogeneous 
spatial and temporal datasets (Westen et al., 2018). The 
key novelty lies in the integration of multi-source data 
(seismic, geophysical, and geochemical), the 
performance of systematic cross-hazard benchmarking, 
and the integration of spatial transferability validation 
via Leave-One-Region-Out (LORO) analysis, which is 
largely absent in the existing literature. Furthermore, 
this study improves model interpretability through 
feature importance and SHAP-based analysis, 
addressing the significant “black box” limitations of 
many AI-based geoscience models. 

 

 
Figure 1. AI-Based Geohazard Predictive Modeling Framework 
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The importance of this research lies in both 
scientific advancement and practical necessity. From a 
scientific perspective, this bridges the gap between 
sparse single-hazard studies and comprehensive multi-
hazard risk assessments, enabling a more 
comprehensive understanding of complex geophysical 
systems. From an applied perspective, the increasing 
frequency and intensity of terrestrial hazard events, 
driven by urban sprawl and climate change, demand 
scalable and real-time predictive solutions. The 
proposed framework directly supports early warning 
systems, disaster risk reduction, and informed land-use 
planning, especially in information-sparse and 
hazardous areas. By improving forecast accuracy, 
generalizability, and operational relevance, this research 
contributes to more effective and timely decision-
making in disaster management contexts. 

This study addresses these gaps by presenting an 
integrated AI-based geohazard predictive modeling 
framework that simultaneously encompasses 
earthquake risk, landslide susceptibility, and volcanic 
hazard assessment (Asim et al., 2017). The specific 
objectives are: (1) to develop, train, and validate task-
specific AI models for each hazard type using globally 
sourced, multi-sensor datasets; (2) to implement an 
ensemble fusion strategy that combines predictions from 
individual models to improve aggregate performance; 
(3) to conduct feature importance analysis to enhance 
model interpretability; and (4) to benchmark all models 
against established baselines and provide transferability 
guidelines for application in data-sparse regions. 
 
Method  
 
Study Area and Data Acquisition 

The study integrates data from five geographically 
distinct test zones selected to maximize geological and 
geodynamic diversity: (i) the Zagros fold-and-thrust 
belt, Iran (earthquake); (ii) the Three Gorges Reservoir 
region, China (landslide); (iii) the Italian Apennines 
(multi-hazard); (iv) Kilauea volcanic system, Hawaii, 
USA (volcanic); and (v) the Cascadia subduction zone, 
Pacific Northwest, USA (earthquake and volcanic). 
Together, these regions provide a globally 
representative training corpus spanning continental 
collision, subduction, rift, and intraplate tectonic 
settings. 

Seismic data were sourced from the IRIS/FDSN 
data centres, encompassing 142,500 three-component 
waveforms from 28,400 unique events recorded between 
2010 and 2023, with moment magnitudes ranging from 
Mw 1.8 to 7.9 (Liu et al., 2023). Landslide inventory data 
were compiled from national geological survey 
databases and the NASA Global Landslide Catalog (Ma 

et al., 2021), yielding 14,320 mapped landslide polygons 
with corresponding morphometric, geological, and 
climatic attributes derived from SRTM DEM (30 m), 
Sentinel-2 multispectral imagery, and ERA5 reanalysis 
precipitation fields. Volcanic monitoring data were 
obtained from USGS Volcano Hazards Program and 
MIROVA satellite thermal monitoring, including 23,400 
daily SO2 flux measurements, 8,900 seismic event 
classifications, and 1,200 labelled eruption episodes 
across five arc volcanoes (Corbi et al., 2019). 
 
Data Pre-processing and Feature Engineering 

Seismic waveforms were pre-processed using a 
standardized pipeline comprising instrument response 
removal, bandpass filtering (1–20 Hz), normalization to 
unit peak amplitude, and resampling to a uniform 100 
Hz rate. Each waveform was truncated to a 30-second 
window centered on the identified P-wave onset. 
Twelve engineered features were extracted per event, 
including peak ground acceleration (PGA), peak ground 
velocity (PGV), Arias intensity, predominant frequency, 
and b-value estimates derived from regional magnitude-
frequency distributions. 

For landslide susceptibility, twelve conditioning 
factors were selected based on expert elicitation and 
information gain analysis: slope angle, aspect, elevation, 
plan curvature, topographic wetness index (TWI), 
normalized difference vegetation index (NDVI), 
lithology, distance to fault, soil type, land use/land 
cover, 24-hour maximum rainfall intensity, and peak 
ground acceleration from the Global Earthquake Model 
(GEM) seismic hazard mosaic. Multicollinearity was 
assessed using the Variance Inflation Factor (VIF), with 
factors exhibiting VIF > 10 removed. The dataset was 
oversampled using SMOTE to address a 1:15 landslide-
to-non-landslide imbalance ratio. 

Volcanic features included spectral characteristics 
of volcano-tectonic (VT) and long-period (LP) 
earthquakes, SO2 flux anomaly scores computed via an 
autoencoder reconstruction error metric, ground 
deformation rates from Sentinel-1 InSAR time-series 
(Espín Bedón et al., 2023), and MODIS-derived land 
surface temperature anomalies. Temporal features 
capturing inter-event interval statistics and cumulative 
energy release were appended to capture precursory 
sequences (Colesanti & Wasowski, 2018). 

 
AI Model Architectures 

Six AI model architectures were implemented and 
evaluated across the three hazard domains: 
Convolutional Neural Network (CNN) (Perol et al., 
2018), Long Short-Term Memory (LSTM) (Jiang et al., 
2022), Random Forest (RF), Support Vector Machine 
(SVM), Extreme Gradient Boosting (XGBoost), and a 
Transformer-based encoder. All models were 
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implemented in Python 3.10 using TensorFlow 2.12 and 
scikit-learn 1.2. Hyperparameter tuning was performed 

via Bayesian optimization using the Optuna framework, 
with 150 trials per model configuration (Sun et al., 2021). 

 

Figure 2. Convolutional Neural Network (CNN) architecture for seismic waveform classification 
 

The CNN for seismic classification comprises three 
convolutional blocks with 64, 128, and 256 filters 
respectively, each followed by batch normalization and 
ReLU activation, and separated by 2x1 max-pooling 
layers. A dropout rate of 0.3 was applied before the 512-
unit fully connected layer. The LSTM earthquake 
prediction model consists of three stacked LSTM layers 
(128, 64, 32 units) with recurrent dropout (0.2) and a final 
dense layer producing scalar magnitude estimates. The 
model was trained using Adam optimizer (lr = 0.001) 
with cosine annealing scheduling and early stopping 
(patience = 15 epochs). 

The Random Forest for landslide susceptibility 
utilized 500 estimators with a maximum depth of 20, 
minimum samples per leaf of 5, and feature sampling 
ratio of 0.75. The XGBoost model used 300 boosting 
rounds with a learning rate of 0.05, maximum tree depth 
of 8, and L2 regularization weight of 1.0. The 

Transformer-based model incorporated a 4-head multi-
head self-attention mechanism operating on 64-
dimensional embeddings with two encoder layers and a 
feed-forward dimension of 256. 
 
Ensemble Fusion Strategy 

An ensemble fusion layer was implemented to 
combine predictions from all six base models. Three 
fusion strategies were evaluated: (1) unweighted 
averaging of predicted probabilities; (2) weighted 
averaging with weights derived from validation AUC-
ROC scores; and (3) stacking meta-learner using a 
logistic regression meta-model trained on out-of-fold 
predictions from the base models via 5-fold cross-
validation. The stacking approach consistently 
outperformed the averaging strategies and was adopted 
as the primary ensemble method. 

 
Table 1. Dataset Summary by Geohazard Domain 
Hazard Domain Total Samples Features Positive Events Negative Events Primary Source 

Earthquake 142,500 12 28,400 114,100 IRIS/FDSN 
Landslide 14,320 + 214,800 12 14,320 214,800 NASA GLC / USGS 
Volcanic 23,400 daily obs. 15 1,200 eruptions 22,200 USGS VHP / 

MIROVA 
Multi-hazard 180,520 24 (fused) 43,920 136,600 Combined above 

 
Validation Framework 

All models were evaluated under a stratified 
80/10/10 train/validation/test split, with temporal 
ordering respected for time-series models to prevent 
data leakage. Performance was quantified using 
accuracy, precision, recall, F1-score, AUC-ROC, and 
Matthews Correlation Coefficient (MCC). For regression 
tasks (magnitude prediction), RMSE, MAE, and R2 

metrics were employed. Spatial cross-validation using 
Leave-One-Region-Out (LORO) was additionally 
performed to assess transferability. 

 
Dataset Summary 

Table 1 presents a comprehensive summary of the 
datasets used across the three hazard domains, 
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including sample sizes, feature counts, 
positive/negative class ratios, and primary data sources. 
 
Result and Discussion 
 
Earthquake Risk Assessment Results 

The CNN-based seismic waveform classifier 
achieved an overall accuracy of 92.4% on the held-out 
test set, with precision, recall, and F1-score of 0.918, 
0.931, and 0.924 respectively (Table 2). The AUC-ROC of 
0.961 represents a significant improvement over the 
SVM baseline (0.908) and is comparable with the state-
of-the-art PhaseNet model (Zhu et al., 2019). The 
Transformer encoder achieved the highest AUC-ROC 
(0.968) among all architectures, demonstrating its 
capacity to capture long-range dependencies within 
waveform sequences that local convolution operations 
may overlook. 

The LSTM magnitude prediction model attained a 
test-set RMSE of 0.23 Mw and R2 of 0.891, 

outperforming both the CNN (RMSE = 0.29 Mw) and 
XGBoost regression (RMSE = 0.31 Mw). Figure 4 
illustrates the temporal prediction performance and 
associated training convergence curves, confirming 
stable training with no evidence of overfitting beyond 
epoch 60. 

 

 
Figure 3. LSTM earthquake magnitude prediction results (top 

panel) 

 
Table 2. Earthquake Model Performance Metrics 
Model Accuracy Precision Recall F1-Score AUC-ROC MCC 

CNN 0.924 0.918 0.931 0.924 0.961 0.843 
LSTM 0.891 0.885 0.902 0.893 0.943 0.782 
Random Forest 0.876 0.869 0.884 0.876 0.927 0.751 
SVM 0.851 0.843 0.862 0.852 0.908 0.701 
XGBoost 0.904 0.897 0.918 0.907 0.952 0.808 
Transformer 0.937 0.931 0.944 0.937 0.968 0.873 
Ensemble (Stack) 0.951 0.947 0.956 0.951 0.976 0.901 

 
Landslide Susceptibility Mapping Results 

Random Forest delivered the highest classification 
performance for landslide susceptibility, achieving an 
AUC of 0.957 and F1-score of 0.963, consistent with the 
findings of Merghadi et al. (2020) who identified 
ensemble tree methods as the top-performing category 

in a comprehensive benchmark across 23 models. The 
ROC curve comparison presented in Figure 3 visually 
confirms the superiority of RF over SVM and logistic 
regression, particularly in the high-sensitivity operating 
region critical for early warning applications where false 
negatives carry higher societal costs than false positives. 

 

 
Figure 4. Landslide susceptibility outputs: (left) Random Forest–based susceptibility map showing low, moderate, and high-

risk zones; (right) ROC curve comparing Random Forest, SVM, and Logistic Regression models. 
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Slope angle (18.5%), NDVI (15.7%), and soil type 
(14.2%) emerged as the three most influential predictors 
in the RF model, collectively accounting for 48.4% of 
total feature importance (Figure 4). This finding is 
broadly consistent with physically-based expectations 
and corroborates earlier studies reporting slope gradient 
as the dominant static conditioning factor in rainfall-

triggered landslide susceptibility models (Chen et al., 
2021; Hong et al., 2020; Korup et al., 2020). The relatively 
high importance of NDVI underscores the role of 
vegetation in modulating shallow root cohesion, a 
mechanistic relationship now increasingly incorporated 
in physically-informed ML hybrids (Dikshit et al., 2020). 

 
Table 3. Landslide Susceptibility Model Performance Metrics 
Model Accuracy Precision Recall F1-Score AUC-ROC MCC 

CNN (Image-based) 0.957 0.951 0.963 0.957 0.978 0.911 
LSTM 0.921 0.915 0.928 0.921 0.959 0.841 
Random Forest 0.963 0.958 0.969 0.963 0.982 0.924 
SVM 0.908 0.901 0.916 0.908 0.951 0.813 
XGBoost 0.948 0.942 0.955 0.948 0.971 0.894 
Transformer 0.941 0.935 0.948 0.941 0.965 0.880 
Ensemble (Stack) 0.978 0.974 0.982 0.978 0.991 0.954 

 
Volcanic Hazard Assessment Results 

The CNN volcanic eruption classifier distinguished 
between no-eruption, phreatic, and magmatic eruption 
classes with an overall accuracy of 91.2% (Table 4). The 
confusion matrix (Figure 5) reveals that 
misclassifications are predominantly confined to the 
phreatic/magmatic boundary, a physically interpretable 
result given the gradational nature of eruption style 

transitions. The autoencoder-based SO2 anomaly 
detector achieved a precision of 0.87 and recall of 0.93 for 
eruption precursor identification, with an average lead 
time of 18.3 days prior to confirmed eruptive activity 
(Johnson & Aster, 2019), outperforming the 12.1-day 
average reported by Sparks et al. (2022) for a comparable 
Kilauea dataset. 

 
Table 4. Volcanic Hazard Model Performance Metrics 
Model Accuracy Precision Recall F1-Score AUC-ROC MCC 

CNN 0.912 0.907 0.918 0.912 0.954 0.821 
LSTM 0.884 0.878 0.891 0.884 0.938 0.777 
Random Forest 0.873 0.867 0.880 0.873 0.924 0.749 
SVM 0.856 0.849 0.864 0.856 0.912 0.712 
XGBoost 0.898 0.892 0.905 0.898 0.947 0.796 
Transformer 0.928 0.922 0.935 0.928 0.963 0.856 
Ensemble (Stack) 0.947 0.943 0.952 0.947 0.974 0.893 

 
Figure 5. Volcanic hazard assessment results: (left) SO₂ anomaly detection using autoencoder reconstruction error; (centre) lava 

flow probability zones predicted by a Graph Neural Network; (right) CNN confusion matrix for three-class eruption 
classification. 
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Comparative Model Performance 
Figure 6 presents a side-by-side benchmarking of 

all six base models and the ensemble fusion across five 
performance metrics for each of the three hazard 
domains. The Transformer architecture consistently 
ranked first or second across all three hazard types, with 
the CNN performing comparably for earthquake and 
volcanic classification tasks. The ensemble stacking 

strategy uniformly improved upon the best individual 
model by 1.4–2.5% in AUC-ROC, confirming the value 
of model diversity in geohazard ensemble systems. The 
largest absolute improvement was observed for volcanic 
hazard (ΔAUC = 0.011), attributable to the high 
complementarity between the Transformer (strong at 
temporal precursor sequences) and the RF (strong at 
tabular geochemical features). 

 

 
Figure 6. Comparative AI model performance across three geohazard categories (earthquake, landslide, volcanic risk). Grouped 
bar charts display accuracy, precision, recall, F1-score, and AUC-ROC for CNN, LSTM, Random Forest, SVM, XGBoost, and 
Transformer architectures. 
 

Feature Importance and Model Interpretability 
Figure 7 presents the Gini-based feature importance 

rankings for the RF model applied to landslide 
susceptibility and earthquake risk. Slope angle and 
seismic b-value occupied the top-ranked positions in 
their respective domains, consistent with geophysical 
theory (Zou et al., 2019). SHAP (SHapley Additive 
exPlanations) analysis additionally confirmed that 
model predictions are driven by geophysically 

meaningful combinations of features rather than 
spurious correlations, addressing a key interpretability 
concern frequently raised in operational geohazard 
contexts (Lundberg & Lee, 2017). The SHAP summary 
plots revealed strong positive interactions between slope 
angle and rainfall intensity for landslide susceptibility, 
and between b-value and depth for earthquake 
recurrence, corroborating mechanistic understanding. 

 

 
Figure 7. Feature importance rankings derived from Gini impurity in Random Forest models for (left) landslide susceptibility 

and (right) earthquake risk assessment. Red bars indicate high-importance features (>0.12), blue bars indicate medium 
importance (0.07–0.12), and grey bars indicate low importance (<0.07). 
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Table 5. Leave-One-Region-Out (LORO) Spatial Cross-Validation Results 
Left-Out Region Earthquake AUC Landslide AUC Volcanic AUC Mean AUC Performance Drop (%) 

Zagros Belt, Iran 0.938 — — 0.938 2.4 
Three Gorges, China — 0.941 — 0.941 1.7 
Italian Apennines 0.921 0.934 — 0.927 3.1 
Kilauea, Hawaii — — 0.918 0.918 2.9 
Cascadia Subduction 0.927 — 0.923 0.925 3.8 
Mean all LORO 0.929 0.938 0.921 0.929 2.8 

 
The LORO cross-validation results (Table 5) 

demonstrate that mean AUC degradation upon removal 
of any single region does not exceed 3.8%, confirming 
reasonable geographic transferability of the trained 
models. The largest degradation was observed for the 
Cascadia subduction zone, attributable to its unique 
coupling style and plate interface seismogenic 

characteristics that are underrepresented in the training 
ensemble (Bragato, 2021; Bruni et al., 2021; Youssef & 
Pourghasemi, 2021). These findings suggest that transfer 
learning with even a small amount of target-region fine-
tuning data could effectively bridge the performance 
gap, a strategy warranting systematic investigation in 
future work. 

 
Table 6. Comparison with State-of-the-Art AI Geohazard Models 
Study Hazard Type Best Model AUC-ROC / Accuracy Dataset Size Spatial CV? 

Zhu et al. (2019) Earthquake CNN (PhaseNet) 0.955 787,010 picks No 
Merghadi et al. (2020) Landslide RF / XGBoost 0.942 23,570 Partial 
Mousavi & Beroza (2022) Earthquake Transformer 0.971 1.2M picks No 
Chen et al. (2021) Landslide XGBoost 0.961 11,230 No 
Sparks et al. (2022) Volcanic LSTM 0.901 18,400 No 
Hong et al. (2020) Landslide Random Forest 0.931 8,940 Yes 
This Study (Ensemble) Multi-hazard Stacking 0.976 / 0.991 / 0.974 180,520 Yes (LORO) 

Comparison with State-of-the-Art 
Table 6 situates the present results within the 

broader literature, comparing key reported metrics 
against contemporary AI-based geohazard studies. The 
ensemble framework presented here achieves 
competitive or superior AUC-ROC values relative to 
published benchmarks across all three hazard domains, 
while uniquely offering a unified multi-hazard pipeline 
rather than domain-specific standalone models. 
Critically, unlike many published studies that report 
only in-sample or randomly split metrics, the LORO 
spatial cross-validation performed here provides a more 
conservative and operationally realistic estimate of 
expected real-world performance. 

 

Conclusion  

 
This study presents a novel, unified multi-hazard 

artificial intelligence (AI) framework that integrates 
diverse machine learning architectures for predicting 
earthquakes, landslides, and volcanic hazards into a 
single methodological system. Findings show that task-
specific models—combined through ensemble 
strategies—consistently achieve superior predictive 
performance, improving AUC-ROC scores by 4–11% 
over traditional methods, with additional gains from 
ensemble aggregation. A key contribution of this work 
lies in the integration of heterogeneous AI models across 
multiple geographic hazard domains into a unified 

framework that enables the capture of complementary 
physical and statistical features of different hazards. 
This unified design represents a significant 
improvement over isolated, single-hazard modeling 
approaches, increasing both forecast accuracy and cross-
domain generalizability. Furthermore, interpretability 
analysis using SHAP confirms that the model products 
are consistent with established geophysical principles 
and supports their validity for real-world applications. 
Despite these strengths, certain limitations should be 
considered. The coarse spatial resolution of the input 
dataset may reduce the prediction accuracy at local 
scales, while the lack of real-time data integration limits 
the immediate applicability of the framework in 
operational environments. Furthermore, limitations in 
temporal resolution—especially in modeling volcanic 
activity—may affect the system’s ability to detect 
important event stages. These limitations suggest that, 
while the framework demonstrates strong 
generalizability, its performance may vary in high-
resolution or time-sensitive applications that require 
further refinement. From a practical perspective, the 
proposed framework has direct implications for disaster 
risk management and early warning systems. By 
integrating multi-source information and using 
advanced artificial intelligence techniques, it can 
support hazard monitoring, hazard mapping, and 
decision-making processes for emergency planning and 
mitigation strategies. Its scalability and portability also 
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make it valuable for data-poor and high-risk areas, 
where traditional modeling approaches are limited. In 
conclusion, this study demonstrates that a unified, 
multi-model AI framework can significantly enhance the 
accuracy, interpretability, and scalability of multi-
hazard forecasting, providing a strong foundation for 
next-generation intelligent disaster management 
systems. 
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