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Introduction

Slope stability and landslide risk assessment
in earthquake-prone areas are critical issues
in geotechnical engineering and regional
planning.  Earthquakes  often  trigger
landslides, which can cause significant
damage to infrastructure, ecosystems, and
human lives. Accurate prediction and timely
risk assessment of landslides are essential for
urban planning, disaster management, and
environmental protection. In recent years,
machine learning algorithms have emerged
as powerful tools for analyzing complex
geospatial and geological data, enabling the
development of high-precision predictive
models for slope stability. By considering
various factors such as topography, climate,
geology, and hydrology, these models can
identify vulnerable areas and provide
valuable insights for sustainable development
and risk reduction strategies in earthquake-
prone regions. This study aims to enhance
the understanding of slope stability and
contribute to better planning and mitigation
efforts in such regions.

Methodology

This study utilizes machine learning
algorithms to assess and model the stability
of slopes in earthquake-prone regions. The
methodology begins with the collection of a
comprehensive dataset consisting of 4,295
slope samples from various regions of Iran,
incorporating 15 key features related to
topography, climate, geology, and hydrology.
The dataset includes variables such as slope
angle, elevation, annual precipitation,
distance from rivers, distance from faults,
and land use type. The first step in the
methodology involves data preprocessing,
where non-numeric descriptive features are
encoded into numerical values to be suitable
for machine learning models, and scaling is
applied to numerical features to standardize
the data range.

Next, the dataset is split into training and
testing sets (80% for training and 20% for
testing) to ensure balanced representation of
stable and unstable slopes. Four machine
learning models—Random Forest, XGBoost,
Gradient Boosting, and a Voting Classifier
(ensemble model)—are then employed to
predict slope stability. These models are
trained on the training set and evaluated on

the testing set using various performance
metrics, including accuracy, precision, recall,
Fl-score, and AUC-ROC curve. The
importance of each feature in predicting
slope stability is also analyzed through
feature importance analysis. Finally, the
models' performance is compared to
determine the best approach for predicting
landslide risk and enhancing regional
planning efforts for disaster risk reduction.

Results and Discussion

The results of this study highlight the
performance of different machine learning
models in predicting slope stability in
earthquake-prone areas, focusing on their
ability to classify slopes as stable or unstable
based on various geospatial and geological
features. The evaluation metrics, including
accuracy, precision, recall, and F1-score,
were calculated for each model, and the
results demonstrate that all models provided
a high level of performance.

The XGBoost model emerged as the most
accurate, achieving an accuracy of 92% on
the test set, outperforming other models. This
indicates that XGBoost is particularly
effective in handling the complex, non-linear
relationships inherent in the dataset. The
Voting Classifier, which combines multiple
models, achieved the best balance between
precision and recall, with an Fl-score of
0.935, making it the most well-rounded
model for predicting slope stability. In
contrast, the Random Forest model showed
slightly lower performance but still offered
accurate predictions with an accuracy of
91.8%. The Gradient Boosting model, while
effective, showed slightly lower performance
compared to the other models, particularly in
terms of accuracy, which stood at 90.9%.
Feature importance analysis revealed that
"Slope Percent," "Elevation," and "Distance
to Fault" were the most influential features
for predicting slope stability. The "Slope
Percent" variable was particularly dominant
across all models, highlighting its critical role
in determining the likelihood of landslides.
This aligns with the known understanding
that steeper slopes are more prone to failure,
especially in seismic regions. Additionally,
"Distance to Fault" and "Elevation" were
found to be significant, as regions closer to
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faults or at higher elevations are more
susceptible to seismic-induced landslides.
The results also underscore the challenges
associated with imbalanced datasets, where
the number of unstable samples often
exceeds stable ones. This imbalance can
affect the model's ability to correctly classify
stable slopes. However, the Voting Classifier
managed to mitigate this issue by combining
the strengths of multiple models, ensuring
better overall performance in terms of both
recall (identifying unstable slopes) and
precision (minimizing false positives).

In terms of practical applications, the
findings suggest that the Voting Classifier
model, due to its ability to balance between
precision and recall, is the most suitable for
real-world implementation in regional
planning and landslide risk management. The
XGBoost model, although providing the
highest accuracy, might be more suitable for
scenarios requiring high-precision
predictions of unstable slopes. The analysis
also emphasizes the importance of
integrating machine learning models into
disaster management strategies, as they can
significantly improve risk assessment and
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