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application to agriculture, and in particular to crop damage, 
presents distinctive challenges. Differently from buildings, 
which exhibit a more static vulnerability, crop sensitiv-
ity to flooding is indeed tightly linked to the development 
stage of the plants at the time of inundation (Förster et al. 
2008; Bremond et al. 2013, 2022; Vozinaki et al. 2015; 
Molinari et al. 2019; Scorzini et al. 2021). This results in 
widely varying damage outcomes depending on the timing 
of the flood within the growing season: the same event can 
cause negligible, moderate, or severe losses depending on 
whether it occurs during sowing, flowering or harvesting. 
As such, conventional flood hazard representations based 
on annual exceedance probability (i.e., return periods) are 
poorly suited for agricultural damage assessments, as they 
fail to account for the seasonal dynamics of flood exposure 
relative to crop development. This calls for a shift toward 
seasonally-explicit, monthly-based risk estimations (Moli-
nari et al. 2019; Scorzini et al. 2021; Lazzarin et al. 2022), 
where expected annual losses are estimated as the probabil-
ity-weighted sum of monthly losses, with weights reflecting 
the likelihood of flooding in each month.

1  Introduction

Flood events are a major driver of economic losses in agri-
cultural systems, especially in regions with intensive culti-
vation, where damage to crops and soil can severely impact 
production and farm income (FAO 2023; Kim et al. 2023). 
Accurate flood risk assessments are then essential for sup-
porting effective disaster risk reduction, climate adapta-
tion strategies and resilience policies (Yildirim and Demir 
2022). In such assessments, flood damage models play a 
central role by linking hazard variables and vulnerability 
factors to estimate expected economic losses (Merz et al. 
2010). While more standard models have been developed 
for other economic sectors (e.g., residential sector), their 
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However, achieving this level of temporal detail in flood 
hazard assessments can be particularly challenging in data-
scarce regions, where hydrological records are sparse or 
unavailable. Moreover, hydrological systems are inher-
ently heterogeneous, exhibiting substantial variability in 
both their physical properties and their response behaviors 
(Sivakumar and Singh 2012; Blöschl et al. 2013). In this 
context, regionalization techniques offer a solution for infer-
ring flood regime characteristics in ungauged catchments, 
based on similarity criteria relying on the assumption that 
the aggregated hydrologic response reflects dominant phys-
iographic and climatic attributes of the areas (e.g., Merz and 
Blöschl 2004; Rao and Srinivas 2006,  2008; Coopersmith 
et al. 2012; Blöschl et al. 2013; Razavi and Coulibaly 2013; 
Salinas et al. 2013; Gao et al. 2018; Drissia et al. 2022). 

To support hydrologic regionalization, various catch-
ment classification frameworks have been proposed in 
the literature, typically based either on physiographic and 
climatic descriptors or on hydrologic response signatures. 
Approaches grounded in physical attributes (such as topog-
raphy, geology, land use) have the advantage of wide spatial 
coverage and data accessibility, making them particularly 
suitable for large-scale applications. For instance, Winter 
(2001) introduced the concept of hydrologic landscapes, 
identifying groups of catchments with similar climate, 
topography and geology, under the assumption that such 
similarity would translate into similar hydrologic behav-
ior. This concept was later operationalized by Wolock et al. 
(2004), who delineated 20 hydrologically distinct regions 
across the USA using over 40,000 spatial units of approxi-
mately 200 km². Other contributions have emphasized the 
structural and functional components of catchment hydrol-
ogy. For example, Buttle (2006) highlighted the importance 
of three hierarchical factors in determining streamflow 
response: hydrologic typology (partitioning of flow paths), 
topology (drainage connectivity) and topography (hydraulic 
gradients). Similarly, several studies have used soil-related 
or geomorphological variables to group catchments, such 
as in Bormann et al. (1999, 2010) or Rao and Srinivas 
(2006). Despite their conceptual and operational appeal, 
these physically based approaches do not always guaran-
tee that similarly classified catchments will exhibit analo-
gous hydrologic responses, as found by Merz and Blöschl 
(2009) when analyzing over 400 Austrian catchments. On 
the other hand, classification frameworks based on hydro-
logic response (such as flow regime characteristics or vari-
ability indices) provide a more direct link to the behavior 
of interest, but are inherently limited to gauged catchments. 
Consequently, while both approaches offer complementary 
strengths, neither is sufficient on its own to ensure success-
ful information transfer or generalization. For this reason, 
recent efforts have increasingly focused on establishing 

quantitative relationships between catchment attributes 
and hydrologic signatures, with the aim of enabling behav-
ioral inference in ungauged locations (Wagener et al. 2007; 
Sawicz et al. 2011; Kuentz et al. 2017; Fathi and Awadallah 
2025).

In line with this perspective, the present study introduces 
a generalizable framework for incorporating flood season-
ality into agricultural risk assessment through regionaliza-
tion. The approach integrates unsupervised clustering and 
supervised machine learning to infer seasonal flood regime 
characteristics across large river districts. Specifically, clus-
tering is applied to monitored sites to identify groups of 
catchments that exhibit similar monthly flood probability 
patterns. These hydrological clusters are then used to train 
classification models that infer the relationships between 
physical catchment attributes and flood seasonality. Once 
trained, the models can be applied to predict the flood 
regime in ungauged catchments based solely on their physi-
cal descriptors, allowing a spatial transfer of seasonally-
resolved flood hazard data for crop damage modeling.

In this study, the proposed framework is implemented 
for the Po River District (Italy) to demonstrate its broader 
applicability and usefulness for improving agricultural flood 
risk assessment and related decision-making. The region-
alization of flood seasonality is applied to the entire dis-
trict and coupled with a crop damage model for a system 
of two APSFRs (Area of Potential Significant Flood Risk), 
in order to illustrate how the integration of seasonal flood 
hazard information can influence expected losses and the 
outcomes of cost-benefit analyses for mitigation planning. 
Beyond this application, the main novelty of the framework 
lies in the integration of its components into a coherent and 
transferable workflow, enabling (i) the regionalization of 
monthly resolved flood probabilities to ungauged basins and 
(ii) their incorporation into crop-specific damage modeling. 
By linking these traditionally separate domains, the frame-
work consistently propagates seasonal hazard information 
into impact and economic evaluations, resulting in more 
physically consistent and policy-relevant risk estimates.

2  Methodology

2.1  Overview of the proposed framework

The methodological framework developed in this study 
integrates hydrological regionalization with crop damage 
modeling to support agricultural flood risk assessments in 
data-scarce contexts. It is structured into two sequential 
components, where the first provides one of the key input 
required by the second (Fig. 1).
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The first component focuses on the regionalization of 
seasonally-resolved flood regime characteristics, with the 
objective of generating spatially distributed monthly flood 
probabilities across a (large-scale) river district.

The process begins with the extraction of hydrologic sig-
natures from observed streamflow records at gauged loca-
tions, along with physical descriptors of the corresponding 
upstream catchment. These features are then used to group 
the catchments into homogeneous classes through unsuper-
vised clustering.

To generalize the relationship between physical features 
and flood seasonality, supervised machine learning models 
are trained using data from gauged basins, where both types 
of information are available. Once trained, these models 
are applied to predict the flood regime characteristics in 
ungauged areas by leveraging only their physical attributes. 
The resulting output consists of a classification of the study 
area into homogeneous regions based on flood seasonality, 
each associated with a representative profile of monthly 
flood probabilities, offering a seasonally explicit hazard rep-
resentation for agricultural risk analysis.

The second component of the framework uses the season-
ally-resolved flood hazard information to assess agricultural 
flood risk. Specifically, expected annual loss (EAL) is com-
puted as the probability-weighted sum of monthly losses, 
where the weights correspond to the monthly flood proba-
bilities obtained through regionalization. Monthly losses for 
the different exposed crops are estimated using a flood dam-
age model (i.e., AGRIDE-c, Molinari et al. (2019), which 
accounts for key hydraulic variables (such as inundation 
depth and duration, flow velocity, etc.) associated with dif-
ferent return period flood scenarios as well as time-varying 
vulnerability linked to the phenological phases of the crops.

2.2  Study area and data availability

The application of the proposed framework is illustrated for 
the Po River District, located in Northern Italy (Fig. 2). Cov-
ering an area of over 70,000 km², the district features a wide 
range of physiographic and climatic conditions, extend-
ing from the Alpine range to the Adriatic coastal plain. It 
includes several flood-prone areas and a high density of 

Fig. 1  Overview of the proposed 
framework.
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the CORINE Land Cover dataset, provided by the Coper-
nicus Land Monitoring Service. Summary statistics of the 
full set of physical descriptors (minimum, maximum and 
mean values) are reported in Table 1. In addition, the pres-
ence of upstream flow regulation is considered by including 
information on major hydraulic structures, extracted from 
the national dam register maintained by the Italian General 
Directorate for Dams and Water Infrastructures. Specifi-
cally, a binary variable is used to indicate the presence or 
absence of dams intersecting the main channel within each 
catchment. Notably, more than 30% of the analyzed basins 
include at least one of such structure, underlining the poten-
tial relevance of flow regulation effects in shaping down-
stream flood regimes.

As part of the agricultural risk modeling component, 
an illustrative case study is carried out in the Panaro-Reno 
APSFRs located in the southern part of the District (Fig. 2, 
highlighted with an arrow). In this context, spatially detailed 
crop data are obtained from the agricultural cadaster of 
the Emilia-Romagna region, which provides parcel-level 
information on crop type and geographic distribution. The 
characteristics of the flooding scenarios are derived from 
high-resolution inundation maps produced by the Po River 
District Authority for three synthetic flood scenarios with 
return periods of 25, 100, and 500 years. These maps include 
raster datasets representing flood depth at spatial resolutions 
of 10 m for the Reno River and 5 m for the Panaro River.

agricultural land, making it a critical region in terms of flood 
risk to crops. Within the district, 31 APSFRs (Area of Poten-
tial Significant Flood Risk) have been delineated under the 
European Floods Directive framework, reflecting historical 
exposure to significant flood events and socio-economic 
vulnerability.

Hydrologically, the district is characterized by strong 
spatial heterogeneity in flood-generating mechanisms. In 
the northern mountainous and hilly zones, floods are pri-
marily driven by rapid snowmelt and orographic rainfall, 
while in the central and southern lowlands, prolonged rain-
fall events and fluvial backwater conditions play a dominant 
role (De Michele and Rosso 2002; Montanari 2012). This 
complexity makes the Po River District an ideal testbed for 
developing and assessing regionalization techniques and 
risk assessment frameworks.

The regionalization component of the methodology is 
based on monthly flow data - either discharge or hydro-
metric level - collected from a network of monitoring sta-
tions distributed throughout the district. An initial screening 
identified 120 hydrometric stations (Fig. 2) with sufficiently 
long and complete time series (with a minimum length of 
20 years). For each station, the month corresponding to the 
annual peak flow is extracted for each year in the observa-
tion period. These data are then used to compute the empiri-
cal probability of annual peak flow occurrence in each 
calendar month, providing a monthly flood occurrence pro-
file for each site. Each gauging station is further character-
ized by a set of physical attributes (described in Sect. 2.3.1 
and listed in Table  1) representing the physical and land 
cover features of the contributing catchment area. These 
are derived from Italy’s 10-meter resolution Digital Eleva-
tion Model (Tarquini et al. 2023) and land use data from 

Fig. 2  The Po River District, 
with indication of the considered 
hydrometric stations and the 
localization of the case-study area 
for the small-scale flood damage 
application.
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dynamics; and (iii) presence of flow-regulating infrastruc-
ture, which directly alters natural runoff timing and peak 
attenuation through dams and retention structures. 

Variables are selected based on their documented rele-
vance to flood generation and seasonality, availability at the 
district scale and computational efforts for their assessment 
(e.g., Buttle 2006; Merz and Blöschl 2004; Sawicz et al. 
2011; Kuentz et al. 2017).

Pairwise dissimilarities between catchments are quanti-
fied using the euclidean distance metric, while cluster for-
mation is performed using the Ward linkage method, which 
minimizes within-cluster variance and tends to produce 
compact, balanced groups. This combination is particularly 
suitable for hydrological signatures that exhibit gradual sea-
sonal gradients.

The number of clusters has been varied systematically 
and selected based on dendrogram inspection with attention 
to cluster stability and hydrological interpretability. Each 
cluster is interpreted as representing a typical seasonal flood 
regime, defined by the timing and distribution of flood prob-
abilities throughout the year. For each cluster, a representa-
tive monthly flood probability distribution is then computed 
as the average of the station-specific probabilities for all 
gauged catchments belonging to the same cluster, provid-
ing a characteristic signature to be transferred to ungauged 
areas.

2.3.2  Regionalization to ungauged catchments via 
supervised learning

To enable the transfer of hydrological patterns to ungauged 
catchments across the district, a supervised classification 
framework is developed. The approach involves train-
ing machine learning models to identify the relationship 
between the characteristics of gauged sub-catchments (pre-
dictors) and their associated flood seasonality class (target), 
as obtained from the previous step. To allow for model 
transfer in ungauged areas, all sub-catchments within the 
Po River District (as defined according to the official delin-
eation provided by the River District Authority) are then 
characterized in terms of the physical predictors listed in 
Table 1.

Three widely used classifiers are tested for their ability to 
capture the relationship between physical catchment attri-
butes and seasonal flood regimes:

	● Support Vector Machine (SVM): a kernel-based classi-
fier that finds the optimal hyperplane separating classes 
in high-dimensional space (Cortes and Vapnik 1995). 
SVMs can handle complex decision boundaries, espe-
cially when using non-linear kernels.

2.3  Regionalization of flood seasonality

2.3.1  Clustering of seasonal flood regimes

To identify catchments with similar intra-annual flood 
occurrence patterns, an unsupervised hierarchical cluster-
ing approach is adopted. The clustering is based on a set 
of synthetic descriptors that characterize both the timing of 
peak flood occurrence (i.e., month encoded as an integer 
between 1 for January and 12 for December) and the physi-
cal context of each catchment. The physical descriptors 
- listed and described in Table 1 - fall into three macro-cat-
egories: (i) drainage network organization and basin mor-
phometry, which control hydrological response times and 
storage capacity; (ii) land cover characteristics, which influ-
ence infiltration rates, surface roughness and soil moisture 

Table 1  Description of the physical features used to characterize catch-
ments to support both the clustering of seasonal flood regimes and the 
supervised classification of ungauged basins.
Feature Feature name Description Range of 

values1

Drainage 
area

Area Total surface area 
of the catchment

14.9–
59,970 
(3631) km2

Mean slope Slope Average slope 
across the entire 
catchment

0.54–35.0 
(17.8) deg

Stream 
network 
density

DrainageDensity Total stream length 
per unit area of the 
catchment

0.03–0.56 
(0.31) km/
km2

Mean 
altitude

MeanAltitude Hypsometric mean 
elevation of the 
catchment

43.2–2352 
(801.9) m

Basin relief Relief Elevation differ-
ence between the 
highest and lowest 
points within the 
catchment

70.5–4800 
(1937) m

Topographic 
Wetness 
Index 
(Sørensen et 
al. 2006)

TWI Index indicating 
potential for water 
accumulation 
based on slope and 
upstream contrib-
uting area

7.1–14.3 
(8.7)

% Forested 
area

ForestCover Percentage of the 
catchment covered 
by forest vegeta-
tion (CLC3)

0–100 
(57.7) %

% Impervi-
ous area

ImperviousCover Percentage of the 
catchment covered 
by impervious sur-
faces (e.g., roads, 
buildings)

0–89 (6.6) 
%

Dams Presence of 
upstream reservoirs

Binary indicator of 
whether regulation 
reservoirs are pres-
ent upstream

0: no
1: yes

1The mean value is reported in parentheses
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considered the most influential in determining the seasonal 
flood pattern of a catchment.

2.4  Crop damage modeling

To quantify flood-induced impacts on crops, this study 
adopts the AGRIDE-c model (Molinari et al. 2019), a con-
ceptual and analytical framework structured into two main 
components: a physical damage module, which evaluates 
the direct effects of flooding on crops and soils, and an eco-
nomic module, which translates these impacts into monetary 
losses. A distinguishing feature of AGRIDE-c is its dynamic 
representation of crop vulnerability, which varies according 
to the phenological stage of the crop at the time of flood-
ing and crop-specific tolerance thresholds. As a result, the 
model enables damage estimation for flood events occur-
ring in any month of the year, thereby supporting a proba-
bilistic risk assessment that explicitly accounts for seasonal 
variations in crop vulnerability and flood hazard likelihood. 
Originally developed for the Po River District (Molinari et 
al. 2019), the model has been also adapted and applied in 
other regional contexts (Scorzini et al. 2021; Lucaora et al. 
2025).

The physical damage module estimates the reduction in 
agricultural output based on key flood hazard characteris-
tics (such as inundation depth and duration, flow velocity, 
etc.) that affect yield quantity and quality. Physical dam-
age is expressed as a loss in expected yield and/or market 
value, which directly translates into a reduction in gross 
output (GO). Concurrently, the model assesses soil damage, 
considering mechanisms such as erosion, contamination 
and sedimentation, which may entail additional restoration 
costs.

The economic module computes the absolute economic 
damage as the difference between the pre- and post-flood 
net margin (NM). Net margin is defined as the difference 
between GO and production costs (PC) over a given pro-
duction cycle. GO is calculated by multiplying the effec-
tive yield by the crop’s unit selling price, including direct 
subsidies (e.g., those provided by the EU’s Common Agri-
cultural Policy), while production costs include both vari-
able (e.g., field operations, seeds, fertilizers) and fixed costs. 
Variations in GO and PC are not only driven by the physical 
damage itself but also by the post-flood management strat-
egy adopted by the farmer. These may include continuation 
of cultivation under degraded conditions, crop replanting 
or complete abandonment of the field, with each pathway 
implying different cost and revenue structures.

When fully implemented, the AGRIDE-c framework 
consists of a set of lookup tables that provide, for each 
crop type, the unitary economic loss (expressed in €/ha) 

	● Random Forest (RF): an ensemble-based algorithm that 
constructs several decision trees and outputs the most 
frequent class prediction (Breiman 2001).

	● K-Nearest Neighbors (KNN): a non-parametric model 
that assigns a class based on the majority vote of the k 
closest training samples in the feature space (Cover and 
Hart 1967).

An ensemble-consensus strategy is adopted to reduce model 
dependency and mitigate the risk of overfitting under poten-
tial data constraints, as in the study area. The approach, 
which consists in independently training the three classi-
fiers and then assigning a final cluster label only when at 
least two models agree, is not merely a pragmatic choice for 
this study, but a reproducible solution for other data-scarce 
regionalization contexts: convergence among multiple clas-
sifiers can indeed increase confidence in the transferred sea-
sonal label and help identifying locations where predictions 
are more uncertain.

Hyperparameter tuning is performed for each model 
using a random search procedure, including the number 
of estimators and maximum depth for RF, the number of 
neighbors for KNN and the regularization parameter and 
kernel type for SVM. Model performance is evaluated using 
a repeated holdout validation scheme: the dataset of gauged 
catchments is randomly split into training (70%) and test 
(30%) sets across 100 iterations to ensure a robust assess-
ment and reduce sampling bias. For each model, the over-
all performance is evaluated using classification accuracy, 
macro-averaged precision and analysis of the confusion 
matrices. The accuracy metric measures the proportion of 
correctly classified instances out of the total number of pre-
dictions, while precision reflects the model’s ability to avoid 
false positives across all classes by averaging precision val-
ues equally across them; confusion matrices provide a com-
prehensive understanding of classification effectiveness and 
help in identifying potential misclassification patterns.

The model that achieves the best overall classification 
performance is selected for predicting the seasonal cluster 
for ungauged sub-catchments, resulting in a spatially dis-
tributed map of flood regime types across the entire district. 
Accordingly, each ungauged catchment is assigned a repre-
sentative monthly flood probability distribution, computed 
from the average of the distributions observed in the gauged 
catchments belonging to the same cluster.

In addition to predictive performance, a variable impor-
tance analysis is carried out for the different models using the 
mean decrease in classification accuracy (mdca) as a metric. 
This approach involves randomly permuting the values of 
each predictor variable (30 permutations per variable) and 
measuring the resulting decrease in classification accuracy. 
Variables leading to the largest drop in performance are 
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While the absolute values of expected losses naturally 
depend on the adopted crop damage model (AGRIDE-c, in 
this case), the relative differences between Lave and Lmax are 
systematic: in this sense, Lmax can be viewed as analogous 
to the implementation of a non-seasonal model, whereas 
Lave provides a more realistic, seasonally explicit represen-
tation of expected losses.

A simplified economic evaluation scenario is then con-
ducted to assess the implications associated with the use of 
each loss formulation. Specifically, the Benefit-Cost Ratio 
(BCR) is used to assess the maximum level of investment in 
flood protection that would remain economically feasible to 
fully avoid agricultural losses across all flood scenarios in 
the examined area. The BCR is defined as the ratio between 
the total discounted benefits and costs associated with a mit-
igation measure over its entire service life (T):

BCR=

∑T
t=0

Bt

(1+r)t

∑T
t=0

Ct

(1+r)t

where Bt​ and Ct​ are the benefits and costs in year t and r 
is the discount rate. In the simplified economic scenario 
developed for this study, benefits are represented by the 
total avoided flood damage to crops, corresponding to the 
EAL accumulated over a supposed 50-years service life of 
the mitigation measure, starting after its final implementa-
tion. Costs are assumed to be incurred upfront, distributed 
equally over the first two years. The analysis explores two 
discount rate scenarios, 3% and 5%, and evaluates the BCR 
as a function of varying investment costs. The BCR is com-
puted under both loss formulations (Lave and Lmax) to assess 
how the integration of seasonal crop dynamics influences 
the perceived cost-effectiveness of flood protection in agri-
cultural areas.

The procedure is applied for illustrative purposes to two 
adjacent APSFRs (Reno and Panaro rivers) of the Po River 
district, located in the Emilia-Romagna region (Fig.  2), 
using the regionalized version of the AGRIDE-c model, 
adapted to local agronomic conditions within the MOVIDA 
project (Ballio et al. 2022). The analysis focuses on four 
major cereal crops (maize, wheat, barley and grassland) 
identified through the regional agricultural parcel dataset. 
Under the 100-year return period flood scenario, these crops 
cover a total exposed area of approximately 286 km².

Based on AGRIDE-c, flood damage for the considered 
crops is primarily a function of inundation depth and dura-
tion. For the application, inundation depth data are derived 
from available flood hazard maps for three reference return 
periods (25, 100 and 500 years), while flood duration is 
uniformly assumed to be under five days, reflecting typi-
cal flood characteristics in the region and corresponding 

associated with all possible combinations of flood charac-
teristics, month of occurrence and post-event management 
strategies.

The main limitation of AGRIDE-c, as with most exist-
ing agricultural flood damage models, currently concerns 
validation, since ex-post agricultural loss data are gener-
ally very scarce and fragmented across heterogeneous com-
pensation schemes (e.g., insurance, disaster relief funds, 
regional aid programs), or lack the level of detail required 
for robust benchmarking (Merz et al. 2010; Molinari et al. 
2019; Faiella 2020; Bremond et al. 2013, 2022; Dang et al. 
2024; Lucaora et al. 2025). However, the aim of this study 
was not to validate a specific damage model, but rather to 
demonstrate how the proposed integration of seasonal flood 
probabilities can enhance the interpretability and useful-
ness of expected loss estimates, regardless of the model 
employed. In this context, even if different (and eventually 
validated) seasonally-resolved crop damage models were 
used, the relative seasonal variability of losses – and, con-
sequently, its influence on cost-benefit outcomes – would 
remain evident, confirming the robustness of the conceptual 
findings.

2.5  Implications of accounting for flood seasonality 
in risk management decisions: insights from a 
simplified economic scenario

The methodology centers on the computation of the 
Expected Annual Loss (EAL), a key metric in flood risk 
analysis and cost-benefit evaluations (Merz et al. 2009; de 
Moel et al. 2014; Scorzini and Leopardi 2017; Molinari et 
al. 2021; Yildirim and Demir 2022). The EAL is expressed 
as follows:

EAL=
N∑

j=1

∆Pj · Lj

where N is the number of considered flood scenarios with 
assigned return period, ΔPj and Lj are, respectively, the 
exceedance probability increment and average loss of two 
events with exceedance probabilities (Pj) and (Pj+1).

To explore the impact of monthly crop vulnerability on 
EAL, two alternative formulations of Lj are considered, with 
the first enabling a probabilistic and phenology-sensitive 
estimation of flood risk and the second offering a more con-
servative approach: (i) Lave: monthly-weighted average of 
flood losses, where each month’s contribution is weighted 
by the corresponding flood probability derived from the 
regionalized seasonal flood patterns; (ii) Lmax: maximum 
monthly loss, corresponding to the most critical crop stage 
throughout the year.
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the full set of descriptors listed in Table  1, thus enabling 
a more accessible comparison of flood seasonality across 
contrasting physical conditions. More specifically, the four 
physical classes exhibit distinct characteristics. Class Cpd1 
includes the largest catchments, with a wide elevation range 
and a mean altitude around 800 m a.s.l. In contrast, Class 
Cpd4 includes smaller basins, generally at lower mean alti-
tudes (ranging from approximately 100 to 1000  m a.s.l.), 
with moderate slopes and higher internal variability. Classes 
Cpd2 and Cpd3 represent transitional groups in terms of 
drainage area, but they are characterized by a more dis-
tinctly mountainous setting: Class Cpd2 includes the high-
est elevation basins, with mean altitudes often exceeding 
1400 m a.s.l. and reaching above 2000 m, while Class Cpd3 
features catchments typically above 800 m, with maximum 
mean altitudes around 1000 m a.s.l.

Overall, the clustering results clearly differentiate the 
seasonal behavior of peak flows across the gauged stations 
in the Po River District (Fig. 3): Cluster C1 includes sta-
tions with flood peaks mainly occurring in autumn (October 
to December), C2 in winter (December to March), C3 in 
summer (May to July), and C4 in spring / spring-autumn 
(mainly March or late autumn). The most frequent patterns 
are those with autumn and spring peaks, observed across 
all classes of catchment physical attributes. These are fol-
lowed by winter peaks, while summer peaks are limited to 
a smaller number of locations whose hydrological response 
is primarily driven by more delayed snowmelt processes.

For each of the identified clusters, a representative sea-
sonal flood pattern is derived in terms of the monthly prob-
ability of annual peak flow occurrence (thick black lines 
represented in Fig.  4). These cluster-specific patterns are 
computed as the average of the observed monthly distribu-
tions at the gauged stations (thin gray-scale lines in Fig. 4) 
belonging to each cluster, thus capturing the typical tempo-
ral profile of flood hazard associated with different physical 
conditions of the catchments.

3.2  Regionalization to ungauged catchments

Figure 5 illustrates the final spatial mapping of flood season-
ality clusters across the entire Po River District, as obtained 
from the supervised machine learning models described in 
Sect. 2.3.2. Specifically, the map in Fig. 5a shows the classi-
fication results obtained using SVM, which yielded the best 
performance among the tested models. In detail, the SVM 
achieved an average classification accuracy of 0.64 (with a 
precision of 0.58) on the test set, while the other two models 
(KNN and RF) had slightly lower performance, with accu-
racies around 0.55 (precision of 0.51). Although these val-
ues may be considered modest, they are consistent with the 
inherent complexity of the classification task under analysis 

to moderate damage levels during the growing season. As 
regards inundation depth, the average value for each agri-
cultural plot is computed by intersecting the flood hazard 
raster with the vector-based cadastral map of agricultural 
parcels. Moreover, it is assumed that, for each flood sce-
nario, the farmer adopts the minimum-loss response strat-
egy, selected among continuing cultivation, replanting or 
abandonment.

3  Results and discussion

3.1  Clustering of seasonal flood regimes

The scatter plot in Fig. 3 provides a joint visualization of the 
classification results of gauged catchments in terms of flood 
seasonality (y-axis) based on physical descriptors (x-axis) 
resulting from hierarchical clustering. In the analysis, the 
number of clusters has been varied systematically and a 
four-cluster configuration was ultimately retained, offering 
a good balance between differentiation and interpretability.

Each marker in the plot represents a hydrometric station, 
color-coded according to the most probable month of sea-
sonal peak discharge occurrence (from January to Decem-
ber). A small random jitter is applied to point coordinates 
to avoid overplotting and improve readability. The back-
ground color shading reflects a smooth spatial interpolation 
of seasonal peak timing, highlighting gradients and transi-
tions between dominant seasonal regimes across the catch-
ment types and hydrological clusters. Additionally, symbols 
distinguish stations affected by upstream flow regulation 
(crosses) from unregulated ones (circles). For visualiza-
tion purpose, the catchments have been grouped into four 
physical macro-classes derived from a clustering based on 

Fig. 3  Classification of gauged catchments into seasonal flood regime 
clusters, based on empirical monthly flood occurrence probabilities 
and physical attributes of the catchments.
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or RF) returned the same cluster as the SVM. Conversely, 
areas with inconsistent predictions are displayed with a pink 
dashed fill. In these cases, the cluster label indicated on the 
map corresponds to the one jointly predicted by the two 
alternative models, which always agreed with each other 
in all reported cases. As previously noted in the test set, 
most of the differences shown in Fig. 5b are again between 
autumn and winter clusters, further emphasizing the chal-
lenge of clearly delineating seasonality regimes in transi-
tional contexts.

The spatial pattern represented in Fig. 5 reveals a clear 
zonation reflecting both climatic and physiographic gradi-
ents in the area. Class 1 (red regions), dominated by autumn 
flood peaks, is primarily associated with the Apennine areas 
in the southern sector of the Po district, as well as with 
several sub-catchments in the western and central Alpine 
foothills. These areas are typically characterized by strong 
influence of Mediterranean cyclonic activity in the autumn 
months, which often brings intense precipitation events over 
steep, rapidly responding catchments (Brath et al. 2006).

Class 2 (orange regions), which includes sub-catchments 
with winter flood peaks, forms a continuous belt across the 
central Po Plain and along the inner Alpine slopes. This 
pattern reflects the role of winter frontal systems and low-
intensity but long-duration rainfall events, often combined 
with snowmelt contributions in lower-altitude alpine and 

(characterized by gradual transitions among classes), fur-
ther complicated by the limited size of the training dataset 
available for the study area. Additionally, it is worth noting 
that the model design intentionally prioritized simplicity to 
support large-scale applicability, relying solely on a limited 
set of physical descriptors that, although widely available 
and straightforward to compute, may not be able to fully 
capture the hydrologic response of a catchment (Merz and 
Blöschl 2009).

To provide a more quantitative assessment of model per-
formance and internal uncertainty, Fig. 6 reports the confu-
sion matrices for the three classifiers, allowing a detailed 
inspection of class-wise accuracy and misclassification pat-
terns. The results in Fig. 6 confirm, on one hand, the superior 
performance of SVM, which achieves higher true positive 
rates across all seasonal clusters, and, on the other hand, the 
tendency of misclassifications to concentrate between adja-
cent transitional regimes (i.e., autumn-winter and summer 
identified as spring or autumn), reflecting the inherently less 
distinct boundaries of these intermediate conditions.

To enhance the interpretability and confidence in the 
spatial classification, the results of the ensemble-consensus 
strategy adopted in this study are reported in Fig. 5b, which 
highlights the areas with consistent or divergent model pre-
dictions. Catchments shown in light blue-green are those 
for which at least one of the two alternative models (KNN 

Fig. 4  Monthly flood probability profiles for each seasonal cluster (C1: autumn peaks; C2: winter peaks; C3: summer peaks; C4: spring / spring-
autumn peaks). Thin grey lines show individual gauged catchments; thick black lines indicate the average pattern per cluster.
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corresponding to summer flood seasonality (yellow areas), 
is absent in the final classification map. This absence may 
be attributed to the limited number of gauged catchments 
exhibiting a distinct summer flood regime in the training 
dataset, which likely reduced the classifier’s ability to iden-
tify this class. Moreover, in high-altitude alpine areas, the 
seasonal transition between spring and early summer flood 
peaks is often gradual and sensitive to interannual variabil-
ity in snowmelt dynamics and rainfall events. As a result, 

pre-alpine basins during warmer winter periods (Coppola 
et al. 2014).

Class 4 (green regions), representing spring-dominated 
flood regimes, mainly occurs in the northern part of the 
district, particularly in the high-altitude areas of the west-
ern and central Alps. These zones are typically influenced 
by snow accumulation during winter, followed by a spring 
melt, leading to increased runoff and peak flows in spring 
(De Michele and Rosso 2002; Kormann et al. 2015). Class 3, 

Fig. 5  a Predicted seasonal 
flood regime clusters across the 
sub-catchment of the Po River 
District using the SVM classi-
fier. b Model agreement map: 
areas with consistent predictions 
across classifiers are shown in 
blue-green; inconsistent areas in 
pink, with numbers indicating the 
class jointly predicted by the two 
agreeing models.
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on flood seasonality. The influence of ImperviousCover and 
DrainageDensity is moderate, while topographic and mor-
phometric descriptors (such as TWI, Slope and Area), as 
well as the indicator for the presence of dams, show lower 
importance values. The RF model exhibits a slightly differ-
ent pattern, with Relief and MeanAltitude again emerging 
as the leading predictors, but ImperviousCover also show-
ing a comparable relevance. ForestCover and TWI maintain 
an intermediate role, while the presence of Dams and other 
morphometric features have relatively minor effects. The 
KNN classifier produces a more selective feature ranking, 
clearly prioritizing Relief, MeanAltitude and Area, while 

some basins that were classified as spring-dominated (Class 
4) may in fact exhibit characteristics more consistent with a 
summer regime (De Michele and Rosso 2002; Soncini and 
Bocchiola 2011; Kormann et al. 2015; Blöschl et al. 2017).

The analysis based on the mean decrease in classification 
accuracy (mdca) offers further insights into the key physical 
drivers shaping the seasonal flood regime classes across the 
study area (Fig. 7). Despite some variability among the mod-
els, certain patterns are consistently observed. For the SVM 
classifier, the most influential variables are MeanAltitude, 
ForestCover and Relief, which together suggest a dominant 
role of catchment-scale orographic and land cover features 

Fig. 7  Feature importance for SVM, RF and KNN classifiers. The features are ranked in descending order of importance, as measured by the mean 
decrease in classification accuracy (mdca), with the error bars reporting the corresponding standard deviations.

 

Fig. 6  Confusion matrices for the 
three classifiers used to predict 
seasonal flood regimes in the Po 
River District. Each value repre-
sents the proportion of instances 
from a given actual class that are 
assigned to each predicted class.
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for the three considered return periods. These differences 
directly affect the EAL, yielding approximately €750,000 
under the Lmax formulation and €435,000 when using Lave.

A simplified cost-benefit analysis has been then con-
ducted to assess the potential implications of such differ-
ences on decisions about investments in risk mitigation. The 
analysis considers a hypothetical (ideal) scenario in which 
a structural mitigation measure completely eliminates agri-
cultural flood damage in the study area. The BCR is used 
to identify the maximum economically feasible investment, 
assuming a service life of 50 years, with costs distributed 
evenly over the first 2 years and a fixed discount rate rang-
ing between 3 and 5%. The results, shown in Fig. 8b, indi-
cate that economically efficient interventions (BCR > 1) 
would be feasible for costs up to approximately €7–12 mil-
lion when using the Lave formulation (yellow lines), and up 
to €13–20 million when using Lmax (blue lines), depending 
on the selected discount rate.

To further explore the potential impact of uncertainty in 
seasonal flood classification on cost-benefit analysis out-
comes, the BCR under the Lave formulation was recalcu-
lated considering the possible misclassification of the winter 
cluster (C2) toward the autumn class (C1), as indicated by 
confusion matrices in Fig. 6. In these cases, the maximum 
economically feasible investment for a BCR = 1 shifted 
from €7.7 million (discount rate t = 5%) and €11.0 million 
(t = 3%), when using the winter probability distribution, to 
€8.3 million (t = 5%) and €11.8 million (t = 3%) under the 
autumn distribution. Even though the resulting differences 
are relatively small in absolute terms, they demonstrate 
that uncertainties arising from the regionalization step can 
propagate through the entire risk assessment chain, ulti-
mately affecting economic indicators such as the BCR. The 

the remaining variables contribute little to model accuracy. 
This outcome is in line with the nature of KNN models, 
which can be more sensitive to a subset of dominant fea-
tures (Tang et al. 2014; García et al. 2015).

Overall, the results highlight the importance of elevation-
related descriptors as key determinants of flood seasonality 
at the district scale. These findings support the hydrologi-
cal relevance of catchment altitude and relief in modulat-
ing snowmelt contribution, precipitation patterns and runoff 
dynamics. The moderate but recurrent contribution of Imper-
viousCover and ForestCover across models also suggests a 
non-negligible influence of land use, especially in terms of 
runoff generation and attenuation processes.

3.3  Implications of accounting for flood seasonality 
in risk management decisions: insights from a 
simplified economic scenario

Figure 8 summarizes the impact of incorporating flood 
seasonality into agricultural risk estimation, highlighting 
the differences in computed losses and their implications 
for cost-benefit analysis for the illustrative example of the 
Panaro-Reno system, located in Cluster 2. As shown in the 
left panel (Fig. 8a), the most severe crop losses (Lmax) occur 
for flood events between April and July, with the absolute 
maximum observed in July. In this month, expected losses 
range from approximately €1.7  million for the 25-year 
return period flood to €29.6 million and €40.6 million for 
the 100-year and 500-year scenarios, respectively.

However, when losses are weighted by the seasonal flood 
probability (Lave) derived for Cluster C2 (Fig. 4), the result-
ing average annual losses are significantly lower - about 
€1.2 million, €17.0 million and €23.5 million, respectively, 

Fig. 8  Effect of flood seasonality on the results of crop damage mod-
eling and cost-benefit analysis for the simplified economic scenario 
in the Panaro-Reno system: a Time-varying expected losses for the 

considered synthetic flood scenarios with 25, 100 and 500-years return 
period; b BCR trends by investment cost, comparing Lmax and Lave 
formulations under 3% and 5% discount rates
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The resulting output of the regionalization procedure 
(spatially distributed monthly flood probability profiles) 
serves as a key input to agricultural damage modeling. The 
integration with the AGRIDE-c model enables probabilistic 
estimation of flood losses that explicitly accounts for both 
seasonal hazard patterns and crop phenology. The simplified 
economic scenario illustrated in this study demonstrated the 
added value of integrating flood seasonality into risk met-
rics. The comparison between seasonal and non-seasonal 
loss formulations showed that ignoring the temporal distri-
bution of floods and crop sensitivity can lead to significantly 
inflated risk estimates and potentially suboptimal mitiga-
tion planning. When integrated into cost-benefit analyses, 
the seasonally-aware estimates can indeed provide a more 
balanced perspective on investment feasibility, helping to 
avoid over-dimensioned interventions while ensuring suf-
ficient protection of agricultural assets.

Overall, the findings highlighted the importance of 
advancing beyond static representations of hazard and vul-
nerability in flood risk assessments. The proposed approach 
represents a step forward in this direction, offering opera-
tional tools to improve the reliability and relevance of flood 
risk assessments in agricultural landscapes, particularly in 
support of climate adaptation and disaster risk reduction 
policies.

Nonetheless, certain limitations remain, particularly 
regarding the inherent uncertainty of the regionalization 
process and the need for fully validated damage models. 
Future developments should additionally focus on testing 
the framework in different hydro-climatic and agronomic 
settings, examining how uncertainties propagate across the 
workflow and assessing the sensitivity of policy-relevant 
indicators to alternative model configurations. Such efforts 
would further consolidate the robustness of the framework 
and support its broader operational application.
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magnitude of this influence is expected to be context-depen-
dent, varying according to both the regional distribution of 
flood probabilities and the characteristics of local cropping 
systems, whose phenological stages determine the temporal 
pattern of vulnerability.

Building on this consideration, while the presented appli-
cation remains illustrative and based on simplified assump-
tions rather than on a fully validated case study, the findings 
still demonstrate that the choice of damage formulation - 
whether or not it accounts for the seasonal dynamics of crop 
vulnerability - can substantially affect perceived cost-effec-
tiveness and guide investment prioritization in agricultural 
flood protection. They underscore, on one hand, the impor-
tance of employing crop damage models that explicitly 
account for the timing of flood events throughout the year, 
and, on the other hand, the value of incorporating region-
alized monthly flood probabilities and uncertainty quan-
tification into risk assessments. This combined approach 
contributes to more balanced and informed investment deci-
sions, reducing the likelihood of overly cautious strategies 
that may lead to inefficient allocation of resources, while 
still ensuring adequate protection of agricultural assets.

4  Conclusions

This study developed and tested a methodological frame-
work that explicitly incorporates flood seasonality into agri-
cultural risk assessments, offering a scalable solution to the 
challenges posed by spatial heterogeneity and data scarcity 
in large river basins. By combining unsupervised clustering 
with supervised machine learning, the framework enables 
the regionalization of seasonally-resolved flood regimes, 
generating monthly flood probability profiles that can be 
spatially transferred to ungauged catchments.

First, catchments are grouped into seasonal flood regime 
classes using unsupervised clustering of empirical monthly 
flood occurrence probabilities, derived from long-term 
streamflow observations. These clusters capture distinct 
intra-annual flood mechanisms, shaped by physical and 
anthropogenic factors. Second, supervised classification 
models are trained to predict the seasonal regime class in 
ungauged basins relying solely on catchments’ physical 
attributes. In the illustrative example for the Po River Dis-
trict, among the tested algorithms, Support Vector Machines 
provided the most robust classification performance, even 
though the results indicated inherent challenges in model-
ing transitional seasonal regimes. The variable importance 
analysis consistently highlighted elevation-dependent and 
land-use attributes (such as forest cover) as key predictors 
of flood seasonality, providing valuable insights into its 
physical controls in the investigated area.
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