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ABSTRACT: The increasing frequency and intensity of natural disasters necessitate advanced prediction techniques to
mitigate potential damage. This study presents a comprehensive multi-hazard early warning framework by integrating
the multi-source data fusion technique. A multi-source data extraction method was introduced by extracting pressure
level and average precipitation data based on the hazard event from the Cooperative Open Online Landslide Repository
(COOLR) dataset across multiple temporal intervals (12 h to 1 h prior to events). Feature engineering was performed
using Choquet fuzzy integral-based importance scoring, which enables the model to account for interactions and
uncertainty across multiple features. Three individual Long Short-Term Memory (LSTM) models were trained for
hazard location, average precipitation, and hazard category (i.e., to detect the potential of natural disasters). These
models were trained on varying temporal scales from 12 to 1 h prior to the event. These individual models achieved the
performance of Mean Absolute Error (MAE) 2.2 and 3.2, respectively, for the hazard location and average precipitation
models, and an Fl-score of 0.825 for the hazard category model. The results also indicate that the LSTM model
outperformed traditional Machine Learning (ML) models, and the use of the fuzzy integral enhanced the prediction
capability by 8.12%, 2.6%, and 6.37%, respectively, for all three individual models. Furthermore, a rule-based algorithm
was developed to synthesize the outputs from the individual models into a 3 x 3 grid of multi-hazard warnings. These
findings underscore the effectiveness of the proposed framework in advancing multi-hazard forecasting and situational
awareness, offering valuable support for timely and data-driven emergency response planning.

KEYWORDS: Time series prediction; machine learning; spatio-temporal data; multi-hazard prediction

1 Introduction

The frequency and severity of natural disasters, such as landslides and extreme precipitation, are
increasing, raising significant concerns for infrastructure and communities worldwide [1]. Due to the
inherent complexity and uncertainty of the risks generated by these events, it is imperative to provide timely
and precise hazard warnings to mitigate them. The uncertainties and intricacies of multi-hazard scenarios
present challenges to current systems [2]. This research contributes to addressing a significant gap in the field
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by establishing a framework that can incorporate a variety of environmental data to improve the precision
of multi-hazard warnings. This study is of great importance in protecting vulnerable populations, enhancing
disaster preparation and response, and mitigating potential losses.

The multi-hazard data-driven approaches are categorized into stochastic [3], empirical [4], and mech-
anistic models [5], each with its own strengths and limitations [6]. Stochastic models, such as multivariate
models or copula-based techniques [7], effectively capture the complex relationships and dependencies
between hazards [8]. However, they are not as effective in scenarios with sparse or uncertain data. The efficacy
of extreme value and vine copulas in tail dependence analysis often makes it difficult to comprehend dynamic
interactions among multiple hazards. Empirical models [9], including regression techniques and dependence
measures, are implemented during the development of models to optimize computational efficiency and
investigate hazard relationships. Regression models associated with the use of Linear and Logistic Regres-
sion [10] models are frequently used for the analysis of hazard dependencies while risking oversimplifying
complex interactions. Measures such as tail dependence [11] and rank correlation [12] are used to determine
the feats of dependencies but have no provision for learning from experience. Techniques such as Decision
Tree [13], Support Vector Machine (SVM) [14], provide a higher level of flexibility compared to other
techniques but rely heavily on large datasets and lack capability in terms of interpretable models in the
geospatial-temporal context. Hazards are frequently oversimplified in interactions, relying heavily on prior
experience and failing to accurately represent nonlinear or spatiotemporal complexities [15]. Mechanistic
models, such as hydrological or climate-based physical models, can generate detailed hazard simulations [16].
However, they are computationally expensive and are susceptible to the uncertainties of the parameters
involved, particularly in environments that are swiftly changing. Therefore, these obstacles necessitate hybrid
models that integrate the advantages of these categories. As the model involves multiple heterogeneous data
sources, accurately calculating feature importance becomes critical for effective prediction. Fuzzy integral
techniques were selected because they account for interactions among features and manage uncertainty more
robustly than traditional methods. This allows for adaptive weighting, enhancing the models reliability in
complex multi-hazard environments.

In this study, we propose a novel multi-source data fusion approach for forecasting multi-hazard
warnings that attempts to overcome the limitations of existing traditional methods. The idea for the proposed
model is to improve the accuracy and reliability of short-term predictions for landslides and extreme
precipitation. The key contributions of the proposed model are outlined below:

o A novel data integration framework for short-term landslide and extreme precipitation warnings is
presented, integrating precipitation data, Cooperative Open Online Landslide Repository (COOLR)
data, and atmospheric pressure level data.

o The model uses fuzzy integral techniques for feature importance determination and the usage of weights
that enable efficient allocation of weights given the uncertainty in environmental data.

o Toenhance multi-hazard prediction, we apply a novel deep learning-based approach to predict potential
geographic coordinates (latitude and longitude) with which landslides are associated, and estimate
average precipitation rates.

This integrated approach fills key gaps in traditional forecasting systems to provide more accurate, and
actionable, early warnings.

The sections of the study are arranged as follows: Section 2 provides a comprehensive review of the
existing literature. Section 3 presents the data extraction process along with feature importance and model
development. Section 4 discusses the outcomes of the study. Section 5 presents the concluding insights and
future research directions.
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2 Related Work

Robust modeling techniques that can capture the complicated interactions between different natural
events are required to precisely predict multi-hazard risks. Data-driven models have become very successful
in domains where we see success in recent years [17,18]. Some advantages of their method include com-
putational efficiency and adaptivity to environmental behavioral factors, allowing for more accurate and
dynamic predictions.

2.1 Empirical Methods for Hazard Prediction

Empirical methods for hazard prediction rely on data-driven techniques, using historical observations
to establish relationships between variables. In the study [19], a discrete element model is used to investigate
the failure and structural behaviour in the stepped reinforced soil retaining wall subject to loading conditions
in which the patterns of force chains are used to determine any possible failure surfaces. The study [20],
experiment is based on the combination of microseismic monitoring with numerical simulation to forecast
the risk of rockburst in coal mining, which allows determining the precursors of the rockburst risk like the
temporal changes of the energy index and the stress concentration zones to predict the early hazard.

Recent research also shows how satellite imagery is applied in the identification of landslides and in
the assessment of risks. Ghorbanzadeh et al. [21] have applied ResU-Net and Object-Based Image Analysis
(OBIA) integration to improve the quality of landslide maps with higher accuracy. Slope image stability
analysis is done with the use of deep learning by Azmoon et al. [22] and proved to be effective for large-
scale hazards. In their study, Mohan et al. [23] assessed the use of Convolutional Neural Networks (CNNs)
and remote sensing images for identifying landslides with high spatial resolution and pointed out that even
though the approach works well in recognizing spatial features, issues such as limited sample sizes exist. These
studies demonstrate that satellite imagery is an effective tool for compiling geospatial data for the purpose
of making accurate and large-scale hazard assessments.

2.2 Multi Hazard Prediction Models

Multi-hazard prediction, a complex process with implications in disaster management, is an important
research field that requires more attention. Other challenges include the incorporation of multiple factors,
such as climatic, geological, and hydrological factors, data limitations, and space-time dimensions. Such
problems significantly hinder the development of reliable predictive models. Nevertheless, sophisticated
techniques such as data-based techniques, machine learning (ML) techniques, and combined methods have
greatly contributed to the development of multi-hazard forecasting.

Ali et al. [24] assessed fuzzy multi-criteria and ML methods and established that the Random Forest was
more effective than other methods in landslide susceptibility assessment. Pourghasemi et al. [25] employed
Random Forest model to produce multi-hazard probability maps of floods, landslides, and forest fires with
high accuracy, but they mentioned the data-dependent issue. The study [26] also presented the coupled
use of Geographic Information Systems (GIS) and ML for landslide, flood, and forest fire alerting and the
importance of consistent data and methods. The works discussed here present a methodological pluralism
of approaches and raise issues that pertain to the quality of data as well as the cross-hazard compatibility
of data.

Despite numerous advances in multi-hazard prediction, substantial gaps persist in integrating multiple
datasets and uncertainty in environmental factors. Most current methods lack frameworks that can correctly
put heterogeneous data together, like precipitation, landslide records, and atmospheric conditions, for short-
term hazards. In addition, existing approaches often have difficulties precisely defining spatial associations
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of hazards and dealing with uncertainties inherent in environmental data. To address these gaps, this study
presents a novel data integration framework utilizing fuzzy integrals for feature importance and weight
allocation. Furthermore, a ML-based technique improves the geographic precision of landslide prediction
along with precipitation rate calculation.

3 Proposed Methodology

The methodology of this study comprises four key steps designed to develop a robust multi-hazard early
warning framework. These steps are outlined below:

« Data Extraction: Relevant features such as pressure levels, average precipitation, elevation, and hazard
attributes were extracted from the Climate Data Store (CDS) based on COOLR dataset across multiple
time intervals prior to hazard events.

« Data Fusion and Feature Importance Using Fuzzy Integral: The Choquet fuzzy integral was applied
to assess and aggregate the importance of heterogeneous features, enabling effective fusion of multi-
source inputs.

o Predictive Modeling: Three distinct ong Short-Term Memory (LSTM) models were trained to forecast
hazard location, average precipitation, and hazard category based on temporally fused features.

« Integration into Multi-Hazard Warning Grid: Outputs from the three LSTM models were synthesized
using a rule-based approach to generate a 3 x 3 multi-hazard risk grid, indicating potential severity and
overlap of multiple hazards.

3.1 Problem Statement

This study mapped the multi-hazard warning to a time series problem as forecasting P(MHWr.,) by
distributing it into regression and classification subtasks.

Let D represent the dataset, where each entry d; € D consists of historical data from times
to»t, t2, ..., t,. Each entry is associated with features that describe environmental, atmospheric, and
geospatial conditions at these times. The probability of a multi-hazard warning at time T + 1, denoted as
P(MHWTry,,), is a function of the historical data:

P(MHWT+]) :f(dt’ dt—l"")dt—n) (1)

where f is a predictive model developed using ML techniques. For regression, the model predicts specific
continuous variables such as the location of a potential landslide and the average precipitation rate:

3.2 Data Extraction

This study utilizes multi-source data that includes environmental, atmospheric, and geospatial data.
The NASA Global Precipitation Measurement (GPM) is the data provider for the COOLR [27]. COOLR
serves as a useful tool for analyzing landslide events and their relationships with precipitation information.
The COOLR dataset is used as the primary source of data along with other datasets including satellite
precipitation data [28] and pressure level data [29]. The COOLR dataset comprises 11,033 records from 140
distinct countries. This study concentrated on ‘US’ events, which comprise 2992 records. The COOLR dataset
is used to extract the event date and time, as well as its location (longitude and latitude). Based on the
date, time, and location provided, satellite precipitation data and pressure level data are extracted from the
CDS [30] up to 24 h early from the event interval. A dynamic grid policy is adopted to create a 3 x 3 grid
centered on the event location based on the COOLR dataset. This dynamic grid is further used for the satellite
precipitation and pressure level data extraction.
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Satellite precipitation data, available on a daily mean basis, is extracted for analysis using both 12-h and
24-h mean intervals. This extraction then allows for a more granular view of precipitation patterns, including
shorter-term variations (12 h mean) as well as daily scale trends (24 h mean).

Reanalysis pressure level data is available at 1-h time intervals for 16 different variables and 37 different
isobaric planes. The pressure level data extraction process in this study involves the extraction of 11 distinct
variables for a single isobaric plane (1000 hPa) at five distinct time intervals, ranging from 1-h to 12-h prior
to the event, as illustrated in Fig. 1.
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Figure 1: Overview of data extraction and predictive modeling workflow for multi-hazard warning

3.3 Data Fusion and Feature Importance Using Fuzzy Integral

The use of multiple datasets is especially important for an efficient analysis of multi-hazard risk

assessment. In this research, we use a data fusion approach based on a unique ID that is attached to each
event:

o Dj,pnq represents the COOLR dataset containing landslide event data.

o Dyressure represents the dataset with atmospheric pressure levels recorded at multiple time intervals
before an event.

*  Dprecip represents the dataset detailing average precipitation data before an event.
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Each dataset D; contains records R; ; indexed by j, with each record comprising a unique identifier id; ;
and a set of features F; ;. The fusion function F integrates records from these datasets based on the common
identifier id. This function is defined as:

F(Rland,k> Rpressure,k’ Rprecip,k) = {idk} U Fland,k U Fpressure,k U Fprecip,k (2)

where Rjgnd ks Rpressure,k> Rprecip,k are records from the landslide, pressure, and precipitation datasets,
respectively, corresponding to the same event k. The fuzzy integral is used in order to apply and calculate
the importance of features with the help of the Choquet integral. This approach allows for a more realistic
evaluation of the significance of the features, following the interactions between the features within a dataset.
The foundation of feature importance measurement, g;, which is stated in Eq. (3), comes from a Random
Forest model. This score provides insights as to how predictively useful and impactful each feature from the
dataset is and establishes a baseline for subsequent fuzzy integral method computations.

gi = importance of feature i from Random Forest (3)
Hi= ﬁg i (4)
2i-18j

where y; represents the normalized importance measure for the i-th feature. It is calculated by dividing
the raw importance g; by the sum of all feature importances, ensuring that the sum of all y; equals 1. This
normalization allows for the fair comparison and aggregation of feature importances.

Cu(X) = > (x¢y = x¢i-1)) - #(A(i)) (5)
i=1

The Choquet integral C,(X) is computed using the sorted features and their cumulative measures.
Here, x(;) is the i-th largest feature value, x(;y is the feature value preceding x(;), and u(A;)) denotes
the fuzzy measure (importance) of the subset of features whose values are at least x(;). Physically, (A ;)
represents the collective importance or weight of all features that contribute at or above a given threshold in
the prediction process. This integral aggregates the weighted contributions of all features. Feature values are
sorted in descending order according to their normalized importance y. However, it is necessary to sort the
features since the application of the Choquet integral is based on using ordered feature values.

sortedy = sort(X, descending by p) (6)

sorted_measures assigns the corresponding normalized measures y to the sorted features such that each
feature is also aligned with the feature importance.

sorted_measures = y (corresponding to sortedy) (7)

Calculates the cumulative maximum of the sorted feature array. It is essential for the Choquet integral
computation, which uses the maximum value at each step to scale the differences in feature values.

cum_max = cumulative_max(sortedy) (8)

ci_values calculates the Choquet integral, which combines the contributions of each feature. It sums
the products of the differences in sorted measures and the cumulative maxima, effectively aggregating the
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feature importances in a non-linear manner based on their sorted importance.

n

ci_values = Z(sorted_measuresi — sorted_measures;_;) - cum_max; 9)
i=1

3.4 Predictive Model

In the Predictive Modeling section of this study, we delve into the development and application of
three distinct LSTM models, each tailored to predict specific aspects of multi-hazard scenarios: average
precipitation, hazard category, and hazard location. The data is carefully split into training and testing sets
so that we have a robust methodology for training and validating the model. As such, these models form
the basis of a more complete multi-hazard warning system that issues exact, spatially explicit, actionable
warnings through a 3 x 3 grid approach. Each model consists of 2 LSTM layers with 64 hidden units and a
dropout rate of 0.5. The models are trained using the Adam optimizer with a learning rate of 0.001, a batch
size of 64, and 200 epochs.

3.4.1 Integration into Multi-Hazard Warning Grid

Predictions from three specialized LSTM models (location Yiocs category ffprecip, precipitation Year )
are composited in the multi-hazard warning system and used to produce synthesized hazard warnings. The
precipitation model f/precip calculates the risk of flash floods, whereas the location model i, points out where
potential hazard sites are, and the category model determines what type of hazard (e.g., landslide or mudslide)
Yot is involved. They forecast on a3 x 3 grid about the predicted hazard location with a warning area inside of
there. These data points are integrated using a rule-based approach with predefined criteria to determine the
severity and type of hazard, including a single or compound hazard, to arrive at the multi-hazard warning.

The predictions of Yioo, Yprecip and Y, are used for the prediction of the multi-hazard warning grid as
shown in Algorithm 1.

Algorithm 1: Rule-based multi-hazard warning

Require: Yloc, Yprecip, Ycat
Ensure: Multi-hazard risk level (Low, Medium, High)
1: procedure CATEGORIZEPRECIP (precip)
2 quantiles < calculate quantiles at [0.33,0.66]
if precip < quantiles[0.33] then
return Low
elseif precip < quantiles[0.66] then
return Medium
else
return High
end if
10: end procedure
11: procedure ASSESSRISK (precipCategory, hazardType)
12: if (precipCategory = Low) A (hazard Type = Landslide) then

13: return Low
14: elseif (precipCategory = Low) A (hazardType = Mudslide) then
15: return Medium

(Continued)
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Algorithm 1 (continued)

16: else if (precipCategory = Medium) A (hazard Type = Landslide) then
17: return Medium

18: elseif (precipCategory = Medium) A (hazardType = Mudslide) then
19: return High

20: else if (precipCategory = High) then

21: return High

22 end if

23: end procedure

24: precipData « Load precipitation data

25: for each event in dataset do

26: precipCategory < CategorizePrecip(event.precip)
27: Compare Yp,edp with precipCategory

28: predictedCategory < Find category for Yprecip

29: Use predictedCategory for the next step

30: hazardType < Ycat

31: risk < AssessRisk(predictedCategory, hazardType)
32: Record the risk level for the event

33: end for

34: Generate 3 x 3 Grid around Yloc:

35: Define central point as Vi

36: Generate surrounding points in a 3 x 3 grid:

37 grid < {(x,y) |x,y € {-1,0,1},(x,y) # (0,0)}

38: for each grid point (x;, y;) do

39: Calculate corresponding risk level based on precipCategory and hazardType
40: Assign risk level to the grid cell
41: end for

42: Output the grid with associated risk levels

4 Evaluation

It is important to assess the performance of the predictive models as well as the multi-hazard warning
system to determine their efficiency and credibility in practice. This section describes the methods and
measures to calculate the accuracy, precision, and operational performance of the developed models under
different environments and hazardous events.

4.1 Results

In order to evaluate the effectiveness of the proposed methodology, we answer the questions presented
earlier in this section. Individual models are studied in detail, and the integrated multi-hazard warning
system is assessed in terms of performance.

4.1.1 Performance of Individual Predictive Model

To evaluate the performance of each individual model Yiocs }A’precip, Yeat corresponding evaluation
metrics are utilized on the test data as shown in the Table 1.
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Table 1: Hazard location, precipitation, and category prediction models from (12 h to 1 h) early data fusion

Hazard location Avg precipitation Hazard category
Model Event-time MAE R?> MAE R? Precision Recall Fl-score
LSTM 12h 41 0.65 6.66 0.58 0.688 0.693 0.68
LSTM 12h+6h 3.7 0.70 6.1 0.60 0.69 0.71 0.699
LSTM 12h+6h+4h 3.1 0.75 5.5 0.64 0.74 0.73 0.734
LSTM I2h+6h+4h+2h 2.7 0.82 4.0 0.70 0.76 0.77 0.764
LSTM 12h+6h+4h+2h+1h 22 0.89 32 0.76 0.82 0.83 0.825

Table 1 column (Hazard location) shows the results of the performance of the LSTM model in estimating
hazard locations at different intervals of time prior to the event. The “Event-time” labels such as “12h + 6 h”
represent the fusion of data collected at multiple distinct temporal intervals prior to the event. Increasing the
granularity of the time intervals leads to major improvements in both Mean Absolute Error (MAE) and the
coefficient of determination (R?). Specifically, if the model is trained with data from shorter time intervals
(12 h down to 1 h) before the event, the MAE and R? are equal to 4.1 and 0.65, respectively, down to 2.2 and
0.89.

Table 1 column (Avg Precipitation) shows how the LSTM model predicts average precipitation and how
the MAE drops remarkably from 6.66 to 3.2 when temporal layers from 12 h before the event to 1 h before the
event are added, and how the R? value also increases from 0.58 to 0.76. This enhancement results in a more
accurate prediction and model robustness with finer temporal resolution of the data inputs. The performance
visualization can be seen in Fig. 2.
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Figure 2: Comparative analysis for hazard location, average precipitation and hazard category prediction models over
time
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It can be observed from Table 1 column (Hazard Category) that there is a gradual increase in Precision,
Recall, and F1-Score from a timestamp of 12 h before the event to the timestamp of 1 h prior to the event. The
Precision and Recall of the model rose from around 0.69 to 0.83, and the F1-Score rose from 0.68 to 0.825,
indicating a noticeable increase in both accuracy and the average of precision and recall values as event time
distance is reduced as shown in Fig. 2.

4.1.2 Impact of the Fuzzy Integral

As shown in the results in Table 2, the application of fuzzy integral-based feature importance to the
predictive model has a significant effect. Fuzzy integrals reduce the MAE of the Location model by 8.18%
and improve R* from 0.82 to 0.89, a 24% increase in R?. The Avg-Precip model also improved R? from 0.74
to 0.76, with a decrease in MAE by 11.76%.

Table 2: Perforamnce of individual models with and without Fuzzy integral

Prediction type Fuzzy integral Precision Recall Fl-score MAE R®

. No - - _ 28 0.82

Location Yes - - - 22 0.89

. No - - - 36 0.74

Avg-precip Yes - - - 32 076
Catevor No 0.79 076 0774 - -
g1y Yes 0.82 0.83  0.825 - -

Improvements were observed across all classification metrics (Precision, Recall, and F1-Score) for the
Category model, with an increase in the F1-Score from 0.774 to 0.825, representing a 6.37% improvement.
These results demonstrate that fuzzy integral techniques are effective in improving model performance
by prioritizing more important features, thereby enhancing the predictive capabilities of multi-hazard
warning systems.

4.1.3 Performance of LSTM Model

Table 3 shows comparative performance analysis across different predictive models highlights LSTM’s
superior capability, particularly in terms of prediction accuracy for multi-hazard scenarios. LSTM is the
best model for location prediction, achieving an MAE of 2.2 and R? of 0.89. Traditional ML models like
Linear Regression and Decision Tree lag significantly behind, with lower R* values, showcasing LSTM’s
ability to successfully deal with temporal dependencies in location data. LSTM again takes the lead with the
lowest MAE (3.2) and solid R? in the Avg-precipitation prediction, also demonstrating the ability to capture
the intrinsic properties in the precipitation pattern better than other ML models. The sheer nature of this
disparity demonstrates that LSTM is well-equipped for handling and predicting through time series data,
which traditional models can’t deal with. For predicting the Category model, LSTM has the highest precision,
recall, and F1 score, validating its role as the strongest in predicting hazard type. The LSTM’s F1-Score of 0.825
is notably higher compared to other models like the Decision Tree and Extreme Gradient Boosting (XGB),
which show comparable scores but do not reach the LSTM’s performance level as shown in Fig. 3. These
results collectively establish that LSTM not only achieves superior predictive accuracy but is a valid modeling
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approach for multiple aspects of hazard prediction and therefore is uniquely suitable for the combined task
of multi-hazard warning systems.

Table 3: Performance of LSTM model compared to other ML models

Prediction type Model Precision Recall Fl-score MAE R?

LR - - - 6.2 0.37
Decision tree - - - 3.6 0.65
Location Random forest - - - 2.6 0.76
XGB - - - 2.7 0.76
LSTM - - - 2.2  0.89
LR - - - 8.1 0.27
Decision tree - - - 4.6 0.59
Avg-precip Random forest - - - 3.6 0.74
XGB - - - 3.3 0.75
LSTM - - - 3.2 0.76

LR 0.58 0.62 0.599 - -

Decision tree 0.76 0.77 0.765 - -

Category Random forest 0.76 0.78 0.77 - -

XGB 0.77 0.77 0.77 - -

LSTM 0.82 0.83 0.825 - -

MAE Comparison For Avg-precip and Location Models F1 Score Comparison For Hazard Category Models

Decision Tree Decision Tree

LST™M \ LSTM

Random forest Random Forest

—e— Avg-precip —e— hazard_category
Location
XGB XGB

Figure 3: Radar charts comparing MAE and F1 score across ML models for location and average precipitation
predictions
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4.1.4 Multi-Hazard Warning

To evaluate the process of the multi-hazard warning using the individual models, a real-time example
is used to describe the process. The performance of the individual models is analyzed based on the hazard
id: 8133. This hazard occurred on OR 47, milepost 86.8, USA, at 12/7/2015 20:38, having actual latitude
and longitude [45.5664, —123.10631], respectively. For this hazard event, first analyze the prediction of the
Yioo, Ypredp, Yot then based on the Algorithm 1 calculate the multi-hazard risk for the event. The predicted
coordinates Y, for the possible hazard were [46.408356, -123.6038]. The predicted avg-precip f/precip was
19.8246 and the predicted category Y., was a landslide. Based on the predicted values, the proposed model
generates the 3 x 3 grid around the predicted location and generates the multi-hazard warning as high, as
possible landslides can occur and extreme avg-precipitation can cause flash floods in the grid area. The
process visualization can be seen in Fig. 4 which describe the effectiveness of the proposed model. That
describes the effectiveness of the proposed model.

Zoomed 3x3 Grids around Hazard Locations
125°W 124°W 123°W 122°W 121°W

48°N 48°N

Hazard Event at OR 47, milepost 86.8
12/7/2015 20:38

47°N 47°N

DS &
46°N Predicted 46°N

45°N 45°N

Actual Hazard Location
@ Avg precipitation: 18.63

Category: landslide

Predicted Hazard Location
@ Avg precipitation: 19.82
125°W 124°W 123°wW 122°W 121°w Category: landslide

Figure 4: Comparison of actual and predicted event centers within a 3 x 3 hazard risk grid

The scientific strength of this work is the scientific rationality of the judicious combination of LSTM
networks and the Choquet fuzzy integral in addressing the spatial and temporal complexity of multi-hazard
prediction. The features of LSTM models make them especially well-suited to task of discovering time-
variation across meteorological and hazard data that is not readily understood by traditional models. The
fuzzy integral, in the meantime, allows to robustly fuse features covering both the importance of an individual
feature and the interaction between them, which makes the representation of the data more subtle. Such
synergy strengthens the overall generalization performance of the model in diverse lead times and hazard
type rendering steady better performance and increased trustworthiness of early warning results.

5 Conclusion

This study proposed a novel multi-source data fusion framework incorporating fuzzy integrals and
LSTM-based predictive models for short-term multi-hazard warnings, targeting landslide and extreme
precipitation prediction. The proposed approach demonstrated strong predictive performance, achieving
an MAE of 2.2 and an R? of 0.89 for hazard location prediction, an MAE of 3.2 and an R? of 0.76 for
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average precipitation forecasting, and an Fl-score of 0.825 for hazard category classification, indicating high
accuracy and robustness across all three predictive tasks. The outcomes also revealed that the LSTM model
outperformed the traditional ML models, and incorporation of heterogeneous environmental, atmospheric
and geospatial data through the fuzzy integral also improved the ability to predict by 8.1%, 2.6% and
6.37% on the location of the hazard, the forecasting of precipitation, and classification of hazard categories,
respectively. In addition, a rule-based algorithm successfully incorporated the results of individual models
into a localized assessment of multi-hazard risk level, presented in a spatial 3 x 3 risk grid, which was
much more practical with regard to the scales of space and decision support. The study presents certain
limitations, including dependence on the spatial resolution of the COOLR dataset, which may affect model
performance in regions with limited data availability or differing climatic conditions. Moreover, real-time
deployment poses challenges due to the computational demands of model complexity and extensive data
preprocessing. Although this study mainly focuses on multi-source data fusion to improve the prediction of
hazards, future work can be performed on how to integrate advanced deep learning architectures to enhance
matching and flexibility. Moreover, the integration of real-time sensor information and maximizing model
performance shall be critical toward facilitating scalable and functional early warning systems in diverse
geographical environments.
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