Machine learning prediction of agricultural flood damage with Sentinel-2
imagery: A case study of the 2023 Emilia-Romagna floods
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Introduction

* In 2023, floods were the most frequent natural disaster, affecting over 32 million people worldwide. Climate change is increasing both their
frequency and severity, with major impacts on agriculture.

« Agricultural damage assessment often relies on in-situ surveys, which are costly and limited by weather conditions.

- Earth Observation data provide valuable tools for damage assessment. Although remote sensing has been widely used for detecting flood
extent, accurately assessing flood damage, particularly to agriculture, remains a challenge.

Case study and workflow

Emilia-Romagna floods, 2 and 16-18 May 2023, Italy
.. Extreme rainfall: >200 mm in 48h — 200-year return period
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ML procedure and main results

* The dataset was split into training (70%) and testing (30%) using stratified sampling to
preserve the distribution of flood damage classes in both subsets
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* Implementation of a ML-based pipeline to identify the optimal algorithm for the g
classification task comparing several models o
* The computation was performed 100 times, and the average F1 score across the <
iIndependent tests was chosen for identifying the best model . T
 Random Forest resulted in having the best performance, and a hyperparameter ©
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Conclusion and future perspectives

* The model effectively distinguishes high damage fields from zero damage fields - This reduces the risk of
overlooking those requiring urgent intervention and prevents the overestimation of damage in zero damage fields

* The misclassification of medium-damage vs zero-damage is more prevalent in permanent crops - This could
be due to limitations of EO data, as the flooded area may be hidden by the canopy, and fruits can remain undamaged
even if the plant itself is flooded.

° The in-situ data are limited - The scalability and generalizability of the workflow are still not evaluated
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