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ARTICLE INFO ABSTRACT

Keywords: Floods are among the most severe consequences of climate change, causing significant damage
Flood across several sectors, including agriculture. Nevertheless, the assessment of agricultural flood
Crop damage assessment damage remains limited, particularly in agriculturally intensive regions where timely support is

Sentinel-2 imagery
Google Earth Engine
Random Forest

crucial. This work proposes a data-driven approach for assessing crop flood damage through a
machine learning classification framework applied to features derived from Earth Observation
(EO) data, trained and tested on field-level damage data collected by agronomists. Specifically,
we applied a Random Forest model to classify fields into three damage classes by integrating
Sentinel-2-derived indices, topographic information, and flood extent maps. The analysis
focused on the flood event that struck the Emilia-Romagna region (Italy) in May 2023, one
of the costliest floods globally that year. The model was trained and tested on 412 fields,
achieving an overall accuracy of 0.74, with precision, recall, and F1 score of 0.75, 0.74, and
0.74, each with a standard deviation of 0.04, indicating stable model performance. The model
accurately identified high-damage fields, which were characterized by greater flood exposure,
lower elevations, and pronounced declines in vegetation indices. However, it struggled to
distinguish between no-damage and medium-damage fields, particularly for permanent crops,
where damage often occurs beneath the canopy and flooded areas may be partially occluded.
The main novelty of this work lies in the use of in situ crop damage assessments, enabling a
data-driven estimation of flood impacts. These results have direct implications for policymakers:
the framework relies on free EO data, providing a tool that can support post-event compensation
and decision-making in flood-prone regions.

1. Introduction

Climate change is profoundly impacting the Earth system, leading to an increase in the frequency and intensity of natural
disasters. In 2023, floods were the most common type of disaster, with 164 events affecting approximately 32.4 million people
worldwide (Anon, 2024). These events caused extensive damage to both urban and agricultural areas, resulting in significant
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economic losses. While numerous studies have focused on the evaluation of flood impacts in urban environments, comprehensive
frameworks for evaluating flood damage in the agricultural sector remain limited (Klaus et al., 2016; Forster et al., 2008; Tapia-Silva
et al., 2011). Yet, the accurate quantification of agricultural flood damage in terms of crop losses is essential to develop effective
compensation mechanisms to support affected farmers (Alam et al., 2020).

Traditionally, crop flood damage has been estimated through empirical damage curves (Dutta et al., 2003; Tapia-Silva et al.,
2011; Brémond et al., 2013; Brémond and Grelot, 2010; Bubeck et al., 2011) and ex-post in situ surveys. However, these methods
are limited by oversimplified assumptions, logistical constraints related to cost, time, and privacy, and inconsistent data availability,
especially in remote or low-income regions (Wagenaar et al., 2016; Kellermann et al., 2020). Earth Observation (EO) technologies
offer a valuable alternative to overcome these challenges (Shen et al., 2019) and have been widely used to map flooded agricultural
areas (Bangira et al., 2017; Tran et al., 2022; Nhangumbe et al., 2023; Konrad et al., 2025). Yet, most of these studies focused only
on delineating the extent of floods in agricultural areas, rather than quantifying the severity of the resulting damage in terms of yield
losses. Some studies have attempted to estimate indirect damage by intersecting flood extent maps with land cover datasets (De Petris
et al.,, 2021; Khatun et al., 2022; Gord et al., 2022), but these approaches only measure the spatial extent of inundation without
providing a direct assessment of flood-induced crop losses. Other studies have leveraged EO data to assess flood-induced damage
in agricultural fields using vegetation indices (Rahman and Di, 2020). Most of these approaches mainly rely on the Normalized
Difference Vegetation Index (NDVI) and its derivatives, such as the Vegetation Condition Index (VCI), to detect pre- and post-flood
variations in crop vigor for rapid damage assessment. Among these, Pantaleoni et al. (2007) employed Landsat 5 Thematic Mapper
imagery to compute the NDVI difference before and after the flood that occurred in Indiana in July 2003, in order to monitor
changes in crop conditions caused by the event. However, the relatively low spatial and spectral resolution of Landsat 5 limited the
applicability of their results. More recently, similar vegetation index-based approaches have been widely adopted using the Moderate
Resolution Imaging Spectroradiometer (MODIS) and Sentinel-2 (S2) imagery. Di et al. (2018) introduced the Disaster Vegetation
Damage Index (DVDI), applied to the 2011 Missouri River flood in Iowa (USA) and the 2016 Louisiana flood (USA), while Wen et al.
(2025) proposed the NDVI disaster level to evaluate crop impacts during the 2023 Hebei Province flood in China. These methods
generally estimate damage severity through predefined index thresholds. Building on these concepts, Dang et al. (2024) developed
the Crop Flood Damage Assessment Index (CFAI), which leverages weighted composite indicators to improve the robustness and
sensitivity of the analysis. Their work was applied to the 2019 Missouri River floods in the United States and the 2021 Henan flood
in China. Further research has also emphasized the crop-specific nature of flood impacts, with targeted studies focusing on crops
such as sugarcane (Den Besten et al., 2023) and rice (Kotera et al., 2015).

Recently, Machine Learning (ML) approaches have been increasingly adopted for crop flood damage assessment. In this
context, Shrestha et al. (2017) conducted a linear regression analysis to examine the relationship between NDVI dynamics and
corn yield across the major corn-producing states in the U.S. Midwest during the 2000-2014 period. Lateef et al. (2025) applied a
Random Forest (RF) classifier using S2 spectral variables, with training and testing samples derived from the visual interpretation
of satellite imagery in Hadejia, Nigeria. However, their approach focused on mapping post-flood crop recovery levels rather than
directly assessing flood-induced damage, and the georeferenced participatory mapping data collected from farmer surveys were used
exclusively for validation. In contrast, Miao et al. (2023) integrated field-collected samples directly into the training and validation
of an RF model, enabling direct classification of agricultural fields by damage severity in the Henan Province (China) during the
2021 flood event.

Deep Learning (DL) approaches have also been explored in this context. Lazin et al. (2021) employed a Convolutional Neural
Network (CNN) to estimate the extent of cropland damaged by flooding at the county level in the U.S. Midwest, while Yang
and Cervone (2019) proposed a hybrid DL and ML framework to automatically perform disaster assessment from aerial imagery.
However, these models often suffered from limited interpretability, hindering a clear understanding of the factors driving the
observed damage patterns. Moreover, most of them focused solely on the performance of DL methods without providing details
on the case studies or the satellite data used (Liu et al., 2024; Kumar, 2025). Despite these advances, studies explicitly targeting
quantitative assessment of crop flood damage using ML or DL remain limited, mainly due to the scarcity of in situ damage
data (Safonova et al., 2023) and the still fragmented understanding of flood damage mechanisms in agricultural systems.

In this context, our study quantitatively assesses crop flood damage using an ML classification model applied to features derived
from EO data, trained and tested on a ground truth in situ damage dataset specifically focused on agricultural flood damage
assessment. The main contribution of this work lies in the integration of these field-validated records within an RF framework,
enabling a data-driven evaluation of flood impacts that is directly linked to real-world observations. In details, we integrated spatial
and temporal variations in spectral indices derived from S2 imagery with additional satellite-derived products, applying an RF
model to classify 412 agricultural fields into three flood damage categories: no damage, medium damage, and high damage. The
analysis focused on the flood event that impacted the Emilia-Romagna region (Italy) in May 2023, one of the costliest floods globally
that year (Emilia-Romagna, 2025). The subsequent flooding in September and October 2024 (Copernicus, 2024c) demonstrates the
persistent vulnerability of these agricultural areas to extreme events, emphasizing the necessity of robust, data-driven methods for
timely and objective damage evaluation to support effective compensation strategies.

In summary, the key contributions of this study are:

» moving beyond traditional flood extent mapping to enable direct, quantitative assessment of flood-induced agricultural damage
in terms of yield losses;

» training and testing an RF model on a unique in situ damage dataset;

- integrating a diverse set of features, including vegetation indices, flood extent maps, and field elevation from a Digital Elevation
Model (DEM);

« providing a decision-support tool designed to address the specific monitoring challenges of flood-prone agricultural systems.
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2. Study area and data
2.1. Study area

We applied the proposed methodology in Emilia-Romagna (Italy), a key region for the Italian agricultural and industrial sectors.
Due to its geographical and hydrological characteristics, the area has long been exposed to flooding, with several catastrophic events
in recent years (Copernicus, 2024c; CIMA, 2024; Ferrari et al., 2025). In May 2023, Emilia-Romagna was struck by two major
flooding events within two weeks (CEMS, 2024). The first event took place on 2 May 2023, while the main flood event occurred
between 16 May and 18 May, triggered by a persistent low-pressure system over the central Mediterranean. During this period, the
region recorded precipitation levels exceeding 200 mm in 48 h, corresponding to an estimated return period of approximately 200
years (Barnes et al., 2023). Beyond the intense rainfall, two additional factors significantly amplified the impact of flooding. First,
much of the region had already experienced flooding earlier in the month, which left the soil highly saturated and unable to absorb
additional rain (Copernicus, 2024a). This condition increased surface runoff and rapid accumulation of water in river basins. At
the same time, strong offshore winds elevated local sea levels, which hindered river outflow into the Adriatic Sea and consequently
intensified flooding in coastal and low-lying areas (Carpenter, 2024). The combination of these factors created a highly critical
hydrological situation, contributing to one of the most severe flood events recorded in Emilia-Romagna in recent decades.

The consequences of the flood were severe, particularly for the agricultural sector, which represents one of the economic pillars
of Emilia-Romagna. More than 5000 farms in the affected areas were submerged, resulting in severe losses of crops, livestock,
and agricultural infrastructure, with total damage estimated to exceed 8.5 billion euros (Emilia-Romagna, 2025). Beyond the
substantial economic impact, the crisis was exacerbated by the low acceptance of flood insurance, especially within the local farming
community. As a result, the costs of recovery were borne largely by individuals, local companies and public institutions (Arrighi
and Domeneghetti, 2024). Fig. 1 shows the location of the study area.

2.2. Data

The input data for our study consists of remote sensing and in situ data. The remote sensing component includes multispectral S2
imagery, a DEM, and flood extent maps. As multispectral data, we used the Harmonized Sentinel-2 MSI: MultiSpectral Instrument, Level-
2A image collection, available through Google Earth Engine (GEE) (GEE, 2024a). For elevation data, we used the NASA-developed
Digital Elevation Model (NASADEM), derived from a reprocessed version of the Shuttle Radar Topography Mission (SRTM) and
enhanced with elevation information from the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global
DEM (GEE, 2024c; Crippen et al., 2016). We chose NASADEM for its high spatial resolution (30 m) and fine vertical accuracy,
with a reported mean vertical error of 1.51 m in flood-prone areas (Meadows et al., 2024). Finally, we obtained flood extent
information from the Copernicus Emergency Management Service (CEMS), which provides freely available flood maps based on
satellite imagery and geospatial data during natural disasters (CEMS, 2024). Specifically, we used two products from the CEMS
Rapid Mapping activations (EMSR, Emergency Mapping Service — Rapid): EMSR659 (flood event on 2 May 2023) and EMSR664
(flood event on 16 May 2023) (Fig. 1).

In addition to remote sensing data, we incorporated in situ damage assessment data provided by the Institute of Services for
Agricultural and Food Market (ISMEA) and collected during the 2023 experimental activity. This dataset includes flood damage
estimates for 412 agricultural fields within the study area (Fig. 1) (ISMEA, 2022, 2023). During the campaign, flood damage was
assessed by experts for each field using a standard procedure developed by ISMEA in which flood damage is defined as shown in Eq.
(1) (ISMEA, 2021):

Damage (%) = # x 100 (€8}
where PP represents the Potential Production of the crop (kg/ha x ha), while TP denotes the True Production, i.e., the actual yield
at the time of harvest (kg/ha x ha). The most critical phase of this procedure is the estimation of the TP, which is defined through
a sampling process. This involves selecting representative plants, verifying the total number of plants, and counting fruits that are
free from diseases, defects, or other damage. The weight of these fruits is then used to estimate the TP. Therefore, selecting a truly
representative sample is crucial, as this significantly affects the accuracy of the TP and the corresponding damage.

Table 1 shows the dates, spatial resolution, and reference systems for each dataset used.
3. Methodology

This section describes the workflow, which includes two steps: data pre-processing and training/testing of ML models (Fig. 2).
3.1. Data pre-processing
3.1.1. Satellite data pre-processing

We carried out data pre-processing within GEE. First, we selected S2 images collected in the EMSR664 Area Of Interest (AOI)
(Fig. 1). Given the high cloud coverage observed during and immediately after the flood event, we adopted a 30% cloud cover

threshold to exclude excessively cloudy scenes while maintaining an adequate temporal coverage. We further masked residual clouds
and cloud shadows using the Cloud Score+ pre-processor (Pasquarella et al., 2023). After this step, we temporally filtered images
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Fig. 1. Location of the study area and flood extent. (a) Map of the study area indicating the Area of Interest (AOI_EMSR664) corresponding
to the flood event of 16 May 2023, as recorded by the Copernicus Emergency Management Service (CEMS). (b) CEMS Spatial extent of the
flooded area (cyan), overlaid with the agricultural fields inspected during in situ damage assessments provided by the Institute of Services for
the Agricultural and Food Market (ISMEA) (orange). (For interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

between April and June 2023, and we obtained 7 images in April, 8 in May, and 14 in June (Table 1). We then processed the
selected images to derive spectral indices relevant for assessing crop health and flood conditions: NDVI (Rouse Jr. et al., 1974)
and Leaf Area Index (LAI) (Parker, 2020) for crop health and Modified Normalized Difference Water Index (MNDWI) (Xu, 2006)
for the presence of water. These indices are closely associated with both the occurrence and severity of flood-induced agricultural
damage. We computed the three indices for each S2 image and applied the median reducer to compute the monthly median image
of NDVI, LAI, and MNDWI for April, May, and June (N DV I 4,.;;, NDV Iy NDV 10y LAL s LALy gy LALyyye; MNDW I 4y,
MNDW Iy, and MNDW I ,,,) (Bocchino et al., 2023). We then calculated the per-pixel differences between the April and May
NDVI median images, as well as between the May and June (AN DV I,,_prqy and ANDV Iy, 5., images). We applied the same
procedure to the LAl and MNDWI indices, resulting in ALAT . prqys ALAIpgy gunes AMNDW I i1 pray, a0d AMNDW Ly yie
images. We considered the spectral index variations from April to May to assess the flood impact in relation to pre-event conditions.
We used May-June variations to assess post-event conditions, helping to determine whether water remained in the fields, causing
prolonged damage, or whether the crops had started to recover. Finally, to spatially aggregate the temporal variations of the spectral
indices at the field level, we computed the spatial median of each spectral index variation image for each analyzed field, considering
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Table 1

Overview of the datasets used in the analysis, including Sentinel-2 imagery, NASADEM elevation data, Copernicus Emergency Management
Service (CEMS) flood products, and ISMEA field surveys. For each dataset, dates, spatial resolution, and coordinate reference system (EPSG) are
reported.

Sentinel-2 data

Tile Date Spatial resolution (m) EPSG

T32TQP 03/04/2023, 10/04/2023, 23/05/2023, 10-20 32632
28/05/2023, 30/05/2023, 02/06/2023,
17/06/2023, 27/06/2023, 29/06/2023

T32TQQ 04/04/2023, 10/04/2023, 20/04/2023, 10-20 32632
23/04/2023, 05/05/2023, 23/05/2023,
25/05/2023, 30/05/2023, 02/06/2023,
09/06/2023, 12/06/2023, 17/06/2023,
19/06/2023, 24/06/2023, 29/06/2023

T32TPQ 08/04/2023, 23/05/2023, 02/06/2023, 10-20 32632
17/06/2023, 22/06/2023

DEM
Product Survey date Spatial resolution (m) EPSG
NASADEM 11/02/2000-21,/02/2000 30 4326

CEMS products

D Date Spatial resolution (m) EPSG
EMSR659_AOI01_DEL PRODUCT_17000_RTP_v2 04/05/2023 2.5 4326
EMSR659_A0I102_DEL_PRODUCT_8000_RTP_v2 04/05/2023 2.5 4326
EMSR659_AOI03_DEL_PRODUCT_22000_RTP_v1 04/05/2023 6 4326
EMSR659_A0I104_DEL_PRODUCT_15000_RTP_v1 04/05/2023 2.5 4326
EMSR664_A0I01_DEL_PRODUCT_120000_RTP_v1 17/05/2023 6.25 4326
EMSR664_A0I01_DEL_MONITO01_120000_RTP_v1 18/05/2023 6.25 4326
EMSR664_A0I01_DEL_MONIT02_130000_RTP_v2 20/05/2023 16 4326
EMSR664_A0I01_DEL_MONIT03_130000_RTP_v1 21/05/2023 10 4326

ISMEA surveys

Geometry Date Spatial resolution (m) EPSG
Polygons (shapefiles) Harvest date (per product) - 32632
Input data Data pre-processing ML training/testing
Index monthly Index monthly Per field spatial
Sentinel-2 Cloud mask  —» Spatialand || Spectralindices "0 ICRIY | differences _ median and NMAD |, No
MSI L2A ? temporal filter per epoch g (April-May, of index monthly damage
(April, May, June) M: "
L lay-June) differences
—— A
[ NASADEM }»—» Median elevation computation per field ————— > Perfield elevation ——
RF classifier gl pechum
- damage
‘ CEMS }»—b Spatial and temporal aggregation of delineation monitoring products —_— Bey flzlligooded — |
\ o _
5 Per field i
—> —_— 1 High
}» Aggregation in three crop classes e EE N damgage
" Per field
— N
Target——> Aggregation in three damage classes damage class

Fig. 2. Workflow of the methodology, including input data, data pre-processing for feature extraction, and machine learning model training/test-
ing.

only the pixels within each field. Additionally, we computed the spatial Normalized Median Absolute Deviation (NMAD) (Hohle and
Hohle, 2009) of the spectral index temporal variations to evaluate their spatial variability within each field.

3.1.2. Topographic and flood event data pre-processing

As a second step, we pre-processed NASADEM within GEE to derive the median elevation of each field. This information plays a
crucial role in determining crop damage, as fields at higher elevations are less susceptible to flooding and prolonged water retention,
which reduces the risk of water-related damage. Then, we merged all the CEMS layers related to the May 2023 flood events into
a single layer that represents the total flooded area, and we calculated the percentage of water coverage for each field by dividing
the flooded area by the total field area.
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Fig. 3. Histogram of the distribution of flood damage percentages in the dataset.

Table 2

Example of the values of the features for a high-damage field.
F1 Crop class Arable
F2 Flooded area (%) 92.29
F3 Elevation (m) 1
F4 AMNDW Lyt stay —0.49
F5 NMAD AMNDW Iyt sray 0.03
F6 ANDV Lyt stay 0.36
F7 NMAD AN DV L ypi1_tay 0.03
F8 ALAL i iy 0.23
F9 NMAD ALAT 4y pray 0.08
F10 AMNDW Lyuy sune 0.46
F11 NMAD AMNDW Iy rune 0.03
F12 ANDV Inyo june -0.31
F13 NMAD AN DV Lyyuy sune 0.04
Fl4 ALATLyay june -0.15
F15 NMAD ALATyq) june 0.07
Target Flood damage class High-damage (100%)

3.1.3. In situ damage data pre-processing

Finally, we pre-processed the in situ flood damage dataset. To account for the diversity of crops across surveyed fields, we
categorized them into product classes according to the classification matrix developed by the Action Group on Land Monitoring in
Europe (EAGLE) (Copernicus, 2024b). The EAGLE matrix is divided into three main blocks: Land Cover Components (LCC), Land
Use Attributes, and Land CHaracteristics (LCH). We classified the surveyed crops into three categories: arable crops (LCH-5_1_6_1),
permanent crops (LCH-5_1_6_3), and herbaceous vegetation (LCC-2_2). In total, we found that 50% of the fields were arable crops,
41% were permanent crops, and 9% were herbaceous vegetation. We then used this categorical information as an input feature for
training and testing the ML models. To categorize flood damage, we also grouped fields into three classes according to their flood
damage percentage (D¢): no damage (D, = 0%, 25% of the fields), medium damage (0% < D¢ < 60%, 39% of the fields), and
high damage (Dg, > 60%, 36% of the fields). We set the threshold between medium and high damage at 60%, corresponding to the
median flood damage percentage of fields that experienced flood damage (Dy > 0%; 75% of the fields) (Fig. 3). The creation of
these classes, similar to the approach adopted in Wen et al. (2025), Dang et al. (2024) and Miao et al. (2023), made it possible to
build a balanced dataset.

Data pre-processing enabled us to define one target variable and fifteen input features for training and testing of ML models.
Table 2 provides an example of the features (F1-F15) and the corresponding target variable for one of the fields.

3.2. ML training and testing

3.2.1. Comparison of machine learning models

We implemented the ML pipeline in Google Colaboratory (Google, 2017). To train and test ML models, we split the dataset
of 412 fields into training (70%) and testing (30%), following the approach of Miao et al. (2023). We used stratified sampling to
preserve the distribution of flood damage classes (Fig. 3) in both subsets. For all analyses, we normalized the input features. To
ensure a more stable, unbiased, and generalizable assessment of the models under investigation, we conducted multiple independent
tests using different training and testing splits. To verify the independence of the subsets across all tests, we calculated the mean
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percentage of overlap among the 100 testing sets. The overlap remained below 30%, confirming that the subsets were sufficiently
distinct for a reliable performance evaluation.

We compared different ML models (Arafa et al., 2024; Salem et al., 2025): RF, Gradient Boosting (GB), AdaBoost (AdaB), k-
Nearest Neighbors (kNN), C-Support Vector Classification (SVC), Nu-Support Vector Classification (NuSVC), Decision Tree Classifier
(DT), Gaussian Naive Bayes (GauNB), and Logistic Regression (LR). A detailed description of these algorithms can be found
in Osisanwo et al. (2017).

We considered the unweighted mean F1 score per class to identify the best-performing model among the candidates, as it
effectively addresses the imbalanced target classes (Bocchino et al., 2023). We repeated this procedure 100 times, and we calculated
the mean and Standard Deviation (SD) of the metric across the independent tests (Bocchino et al., 2024). Then, we focused on RF
(Belgiu and Dragut, 2016), which performed as the best model.

3.2.2. Random forest hyperparameters tuning

To optimize the RF performance, we conducted a systematic hyperparameters tuning (Probst et al., 2019), targeting different
key parameters, including the maximum depth of the trees (max_depth), the minimum number of samples required to split an
internal node (min_samples_split), the minimum number of samples required to be at a leaf node (min_samples_leaf),
and the number of trees in the forest (n_estimators). To ensure a thorough exploration of the hyperparameter space, we tuned
the hyperparameters over predefined ranges with specific step sizes. Specifically, nax_depth was varied among {None, 10, 20,
303}, whilemin_samples_split and min_samples_leaf were adjusted from 2 to 5 and 1 to 5, respectively, with a step size
of 1. The number of estimators (n_estimators) was tuned within the range of 75 to 400, with increments of 25. We trained and
evaluated each hyperparameter combination using 50 independent training—testing subsets to reduce the computational load, and
we calculated the validation metrics for each subset. We determined the optimal RF configuration by selecting the hyperparameter
combination that achieved the highest mean F1 score across all 50 testing subsets.

3.2.3. Model training and validation

Finally, we trained and tested the RF model in its optimal configuration using 100 independent training and testing subsets
to assess its performance. We computed the class-averaged mean and SD of the validation metrics (accuracy, precision, recall,
and F1 score) across the 100 testing subsets. Then, we computed the mean confusion matrix by calculating it for each of the 100
independent tests and taking the mean values of the corresponding elements. To investigate the stability and reliability of the model’s
performance, we computed the SD of each element of the confusion matrix. Moreover, we analyzed feature importance across the 100
independent tests, calculating both the mean and SD. Feature importance ranked features based on their contribution to the model’s
predictions, with higher-ranked features indicating a greater influence on the model. Finally, since some of the analyzed features
have greater “practical” or operational value (e.g., crop type) rather than environmental conditions captured by the spectral index
variations, we conducted a deeper analysis on the highest-ranked feature with operational relevance to support the interpretation
of potential misclassification cases.

4. Results
4.1. Feature extraction

In this section, we present the results obtained from the analysis of the features extracted after data pre-processing, which serve
as inputs to the ML models. Fig. 4 shows the variations of the spectral indices between April and May, highlighting the main changes
between pre- and during-event median images. Notably, the differences among the three indices show high values in the same areas,
closely matching the flooded zones identified by the Copernicus flood maps (Fig. 1).

Table 3 summarizes the mean values of the main features for each flood damage class. These results provide an initial insight
into feature behavior, confirming that the input variables behave as expected and are relevant to the classification task.

4.2. ML training and testing

Table 4 summarizes the performance of the tested ML models in terms of mean F1 score and SD across the 100 independent
tests. Although GB, SVC, and kNN demonstrated solid performance, the RF model achieved the highest mean F1 score. Therefore,
RF was selected as the best model for our classification task.

The optimal RF hyperparameter configuration, obtained from the tuning process described in Section 3.2, is: n_estimators =
250, max_depth =20, min_samples_leaf =1, and min_samples_split = 3. To evaluate the performance of the RF model
in its optimal configuration, we computed the mean confusion matrix across 100 independent tests. The obtained confusion matrix
(Fig. 5) highlights the model’s ability to distinguish severely damaged fields (high-damage class) from undamaged ones (no-damage
class). Nonetheless, the model faced challenges in differentiating among contiguous classes (no damage/medium damage, medium
damage/high damage).

The results indicate that the RF model achieved robust performance, with class-averaged F1-score, recall, and precision, as well
as overall accuracy, all further averaged over the 100 independent tests. The corresponding mean values were 0.74, 0.74, 0.75, and
0.74, respectively, each with a SD of 0.04
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Fig. 4. ANDVI,,._nray @), ALAL, . rro, (B) and AMNDW I, ur,, (€) over a portion of the area of interest. Fields surveyed by ISMEA are
highlighted in black.

Fig. 6 provides a spatial overview of the model’s output, showing the classified fields from one of the 100 independent testing
datasets and highlighting both correct and incorrect classifications.

Fig. 7 shows the mean feature importance across the 100 independent tests, along with the corresponding SD. In our analysis,
the three most significant features are the flooded area, AM N DW I ,,,;;_p1,y, and crop class.

As described in Section 3.2, we further examined the highest-ranked variable with operational relevance - the crop class feature
(Fig. 7) - to investigate misclassification patterns. Specifically, Table 5 summarizes how the classification results vary across the three
crop types—arable crops, permanent crops, and herbaceous vegetation—showing the mean percentage of correctly and incorrectly
classified fields for each crop class and flood damage class, calculated over the 100 independent tests. Misclassification between
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Table 3

Mean values of main features by damage class across 412 fields. The categorical ‘Crop class’ feature is reported as
the count of instances per damage class. N = number of fields; H = number of herbaceous crops; A = number of
arable crops; P = number of permanent crops.

Features Flood damage class
High-damage (N = 149) Medium-damage (N = 160) No-damage (N = 103)
F1: Crop class H=15,A=120,P =14 H = 20, A =80, P =60 H=3,A=7,P=093
F2: Flooded area (%) 62.67 33.71 8.88
F3: Elevation (m) 2.42 6.56 20.96
F4: AMNDW I 4,0 nray —-0.43 -0.17 —-0.04
F6: ANDV I 11 p1ay 0.33 0.05 0.00
F8: ALAI 0 pray 0.79 0.26 0.08
F10: AMNDW @y o yune 0.39 0.14 0.07
F12: ANDV Iyjay jue -0.13 0.01 -0.02
F14: ALAILygy june —-0.14 —-0.05 -0.19
Table 4

ML model performance evaluated using the unweighted mean F1 score per class: mean
and SD across 100 independent tests.

ML model Mean F1 score and SD
RF 0.74 + 0.04
GB 0.71 + 0.04
SvC 0.69 + 0.04
kNN 0.69 + 0.03
NuSvC 0.69 + 0.04
LR 0.65 + 0.04
AdaB 0.64 + 0.04
DT 0.63 + 0.04
GauNB 0.63 + 0.04

High damage

True flood damage class
Medium damage

No damage

High damage Medium damage No damage
Predicted flood damage class

Fig. 5. Confusion matrix computed on the testing set: mean and SD of the field counts in each category over 100 independent tests.

medium-damage and no-damage fields mostly affects permanent crops (99.53% and 65.13%, respectively), while confusion between
high-damage and medium-damage fields is more common in arable crops. This aligns with the high presence of arable crops in these
damage classes (80% in high- and 50% in medium-damage, see Table 3). Other misclassifications, between no-damage and high-
damage fields and between high-damage and no-damage fields, are much less frequent and practically negligible, each accounting
for less than 1.5% of the fields.
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Fig. 6. Visualization of classification results of the RF model in its best configuration for selected fields within one of 100 independent testing
datasets located in the same area as Fig. 4, overlaid on the EOX::Maps - S2 cloudless basemap (EOX, 2025). Labels within misclassified fields
indicate the following cases: 1 = High — Medium, 2 = High — No, 3 = Medium — High, 4 = Medium — No, 5 = No — High, 6 = No - Medium
(True class — Predicted class). The labels No, Medium, and High refer to the levels of flood damage.

Flooded area (%)

A MNDWI (April-May)

Crop class

Features

— ==
==
D & o (ray-one) [ —
0w y-une) |

NMAD A MNDWI (April-May) | s
NMAD A NDVI (May-June) | ——
NMAD A NDVI (April-May) | ——
0.00 0.02 0.04 0.06 0.08 0.10

Mean Feature Importance

Fig. 7. Feature importance of RF model: mean and SD over 100 independent tests.

Table 5

Classification results analysis considering the three crop classes: mean percentages over 100 independent tests (T:
true class, P: predicted class). The “Fields” column represents the percentage relative to the total number of fields,
while the other columns indicate the percentage within each predicted class. The labels No, Medium, and High refer

to the levels of flood damage.
Fields (%) Herbaceous vegetation (%) Arable crops (%) Permanent crops (%)
Correctly classified 73.76 9.03 51.43 39.54
T: No — P: Medium 4.72 8.21 26.67 65.13
T: Medium — P: No 5.14 0.00 0.47 99.53
T: Medium — P: High 6.30 23.82 63.76 12.42
T: High — P: Medium 8.19 6.10 78.74 15.16
T: No — P: High 1.25 27.74 34.84 37.42
T: High — P: No 0.65 0.00 0.00 100.00
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5. Discussion
5.1. Feature extraction

The analysis of mean feature values across damage classes shown in Table 3 provides a clear picture of the physical patterns
underlying flood impacts, confirming that the selected variables are meaningful and consistent for effectively discriminating between
different damage levels. Focusing on the high-damage class, the AN DV I and ALAT features are positive during the April-May period,
indicating higher spectral index values in the month preceding the flood (April), and, consequently, a better overall health of these
fields compared to May, when the effects of the flood become evident. In contrast, AN DV I and ALAI values turn negative during the
May-June period, reflecting signs of potential recovery in June. Conversely, AM N DW I exhibits the opposite pattern: it is negative
during the April-May period and positive during the May-June period, reflecting its inverse response to water presence compared to
ANDVI and ALAI. In terms of magnitude, the high-damage class is characterized by markedly different feature values compared to
the medium-damage and no-damage classes. For example, the mean flooded area is 62.67% in the high-damage class, significantly
higher than 33.71% in the medium-damage and 8.88% in the no-damage class. Similarly, the mean elevation is 2.42 m for high-
damage fields versus 20.96 m for no-damage ones, highlighting the strong influence of topography on flood exposure. Regarding
vegetation response, AN DV I between April and May shows a mean decrease of 0.33 in the high-damage class, compared to 0.05 in
the medium and 0.00 in the no-damage class. The magnitude of ALAT follows the same trend, indicating a much stronger vegetation
decline in the most affected areas. In contrast, AM N DW I between May and June reaches 0.39 in high-damage fields, more than
double the value of medium-damage fields (0.14) and five times that of no-damage fields (0.07).

5.2. ML training and testing

The RF classifier in its optimal configuration demonstrated robust performance, achieving mean F1-score and precision values of
0.74 and 0.75, respectively, over 100 independent tests. Notably, all metrics converge around similar values, indicating a balanced
trade-off between precision and recall across classes. Moreover, the low SD observed for all metrics highlights the stability and
consistency of the model’s classification performance across different tests.

A notable finding is that only a small percentage (0.65%) of high-damage fields were misclassified as undamaged, while 1.25%
of undamaged fields were incorrectly classified as highly damaged (see the last two rows of Table 5). This result is particularly
important for ensuring that severely damaged fields are accurately identified, minimizing the risk of overlooking those requiring high
compensation. At the same time, it helps to prevent overestimation of damage in undamaged fields. However, the RF model still faces
challenges in distinguishing between the no-damage and medium-damage classes (see Fig. 5). A similar issue was reported by Miao
et al. (2023), who observed frequent misclassifications between adjacent damage categories. This confusion is likely related to the
definition of intermediate categories in the training samples, as well as the mixed pixel effect inherent to remote sensing data, where
a single pixel may cover areas with varying levels of damage. While less critical than the misclassification of high-damage/no-damage
fields, the misclassification of no-damage/medium-damage fields can still lead to suboptimal resource allocation and inaccuracies
in determining the necessary support for the affected farmers. Lastly, misclassification between medium-damage and high-damage
occurs more frequently (6.30% and 8.19%, Table 5), though its practical impact is lower compared to the other cases.

Feature importance analysis (Fig. 7) revealed that the most significant features are: flooded area, AM N DW 1 4,,.;_ 14y, CTOP class,
ANDV I gpit—prays AMNDW Lppo 5ines @nd elevation. The flooded area directly reflects the extent of inundation within the field,
making it a key indicator of potential crop damage. The AMNDW I ,,,;;_p,, is particularly important, as it captures changes in
surface water between the pre-flood (April) and flood (May) periods. A strong increase in MNDWI indicates water accumulation in
fields, which strongly correlates with crop stress and subsequent damage. However, it is important to note that relying solely on
water presence as an indicator of damage is insufficient, as discussed in De Petris et al. (2021). The crop class, ranked third, highlights
how the classification results are strongly influenced by the type of crop (see also Table 5), confirming the findings of Tapia-Silva
et al. (2011). For instance, permanent crops generally show greater resilience to short-term flooding compared to herbaceous or
arable crops, which are more sensitive to water stress and yield losses. The AN DV I ,,,.;;_y,, ranked fourth in feature importance,
indicating that changes in vegetation vigor between pre-flood and flood conditions play a crucial role in the classification, as also
emphasized by Di et al. (2018) and Wen et al. (2025). The AM NDW I,y . further contributes valuable information, helping
to distinguish between fields that remained flooded in June and those that had dried. Elevation, ranked sixth, contributes to the
classification, consistent with the insights reported by Miao et al. (2023). Its slightly lower ranking is probably related to the
medium spatial resolution of the NASADEM product. A higher-resolution DEM, such as the one provided by Emilia-Romagna (2019),
could potentially improve classification performance. However, relying on a site-specific DEM would reduce the scalability of the
methodology, reflecting the common trade-off between model performance and transferability.

Misclassifications are influenced by crop type (Table 5), which ranks third in feature importance (see Fig. 7). In particular, the
medium-damage fields are more frequently misclassified as undamaged, and vice versa, in permanent crops. This finding highlights
the challenge of assessing flood damage in permanent crops (e.g., fruit trees) using satellite data, as damage often affects the fruit
beneath the canopy, making it difficult to detect from above (Ruiz et al., 2020). Moreover, the canopy can occlude the flooded area,
potentially leading to misclassifications. Given the feature importance results (Fig. 7), this limitation may affect the model’s ability
to accurately differentiate among damage classes.

Finally, our study, in line with Miao et al. (2023) and Lateef et al. (2025), demonstrates that assessing damage to flood-
affected cropland through an RF classification model trained on in situ survey data and fed with EO derived variables overcomes
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the limitations of approaches based solely on vegetation indices. In particular, such only-index-based methods are constrained by
the need to define spectral index thresholds for categorizing damage levels, which strongly depend on the specific crop and its
phenological stage (Wang et al., 2021).

Traditional flood damage assessments, based on empirical damage curves, rely on generalized assumptions about hydraulic
parameters and typically provide aggregated rather than parcel-level information (Brémond et al., 2013; Dutta et al., 2003).
Similarly, remote sensing approaches that intersect flood extent maps with land cover data (De Petris et al., 2021; Khatun et al.,
2022; Gord et al., 2022) are effective at identifying the extent of inundated agricultural areas but fail to quantify the severity of
crop damage.

In this context, our approach represents an advancement by adopting an a posteriori perspective: instead of relying on predefined
hydraulic or spectral thresholds, the model learns the relationship between EO-derived indicators and observed field damage levels
directly from in situ data. This enables an objective, parcel-level classification of flood-affected fields into three damage categories,
providing a more consistent assessment of both damage severity and spatial variability in heterogeneous agricultural landscapes.

Some uncertainties remain, mainly related to the limited availability of cloud-free S2 imagery during and after the flood,
as well as the lack of detailed information on crop type and phenology. Nonetheless, although the framework is still at a
preliminary stage, it could be further improved by integrating alternative ground data sources, such as crowdsourced or participatory
observations (Puttinaovarat et al., 2022; Saeed et al., 2024), as well as additional features derived from Synthetic Aperture Radar
data (e.g., Sentinel-1) to enhance model scalability and generalization. Once refined, the resulting field-based damage classification
maps could also serve as valuable inputs for a priori flood risk analyses, supporting scenario-based assessments and contributing to
a more comprehensive understanding of agricultural vulnerability and resilience to flooding (Lopez-Andreu et al., 2022)

6. Conclusions
6.1. Main findings

By integrating spatial and temporal variations of spectral indices derived from S2 imagery, flooded area maps, elevation data,
and in situ damage observations, the proposed framework goes beyond conventional flood extent mapping, enabling a detailed and
quantitative evaluation of crop damage severity through an RF classification model trained and tested on in situ data.

The analysis focused on the severe flood event that struck the Emilia-Romagna region (Italy) in May 2023. We applied the
RF model to classify 412 agricultural fields into three flood damage categories: no damage, medium damage, and high damage.
The model achieved stable and robust classification performance (F1 score of 0.74 + 0.04), ensuring a reliable identification of
high-damage fields while minimizing misclassification in undamaged areas. Feature analysis revealed clear physical patterns across
damage classes: high-damage fields were characterized by greater flood exposure, lower elevation, and pronounced declines in
vegetation indices, while AM N DW I effectively captured water accumulation dynamics. Crop type also emerged as a key factor,
reflecting the differential response of agricultural systems to flooding. Importantly, the proposed framework relies entirely on freely
available EO data, ensuring its applicability to other flood events. This aligns with the objectives of the Common Agricultural Policy
by supporting transparent and timely aid management.

6.2. Limitations and future work

Despite these promising results, several challenges remain. Misclassifications occurred most frequently between contiguous
damage classes, reflecting their inherent ambiguity in defining and labeling intermediate damage levels in the training data. A
particularly critical limitation concerns the reduced performance on permanent crops, where dense canopy cover often conceals
flood impacts, leading to confusion between undamaged and moderately damaged fields. In addition, the reliance on in situ damage
data from a single flood event currently limits the model’s ability to generalize to other regions or events.

To address these limitations, future developments will focus on strengthening the dataset and enhancing the flexibility and
transferability of the proposed workflow. First, we plan to expand the training dataset by incorporating additional ISMEA surveys
collected in other flood-affected agricultural regions, thereby improving the model’s robustness and generalization capability. We
also aim to integrate alternative ground data sources, including crowdsourced observations gathered through user-friendly platforms,
to complement traditional in situ surveys and increase spatial coverage. Furthermore, we intend to include additional features
and ancillary data — such as Sentinel-1-derived water indices, soil properties, crop phenology, and weather variables — to better
capture the complexity of flood—crop interactions and enhance classification performance. Finally, we plan to apply the framework
to high-resolution satellite imagery, such as that expected from the upcoming International Report for an Innovative Defence of
Earth (IRIDE) constellation, to improve the accuracy and detail of flood damage mapping at the field scale.
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