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vulnerable to landslides in the future due to the increased «Models exhibited high variance with different test sets. Recursive Feature Elimination trains the model after » Due to underreporting, stability of pixels outside the
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frequency of extreme weather events brought on by climate Cross-validation was employed to compare the general _ landslide inventory is uncertain.
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high susceptibility compared to LHASA's nearly 50 percent.
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Test Set Performance

While the performance differs depending on the choice of test
set, the mean test accuracy Is approximately 92 percent. From
the images below, we can see that our model performs quite
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Limited number of samples prevented deep neural networks
from converging, and the complexity of the problem made linear
regression inadequate.

*Support Vector Machines and ensemble models performed
well, with Random Forest performing the best.

*Random Forest achieved performance surpassing LHASA 1.1
In the United States for landslide susceptibility prediction.

Random Forest

« Arandom forest Is a machine learning model that
aggregates the results of decision trees
» Each decision tree Is trained on a random subset of

features [ Our data collection methods require validation from empirical
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data collected from landslide case sites.
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