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4. Results
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5. Conclusion

driver for flood susceptibility mapping.
2. CNN and RF models outperformed SVM

1. Digital Elevation Model (DEM) is the main

models.
3. Finer spatial resolution showed more

accuracy for flood susceptibility mapping.
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2. Study Area and Datasets

Flood inventory
o 1900 flooded-sites.

o 1900 randomly selected non-flooded sites.
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3. Methods
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