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Abstract

The increasing frequency and intensity of heavy rainfall events due to climate change
pose a growing risk to agriculture, and its prediction remains a substantial challenge for
the scientific community. Leveraging the availability of high-quality open geospatial
data provided by governmental institutions and existing probabilistic risk models, this
study proposes a systematic approach for analyzing the risks associated with heavy
rainfall events in agriculture. The objective is to develop and test a methodology
that integrates open geospatial data, considers uncertainties, and conducts scenario
analyses based on the historical heavy rainfall event of June 2, 2024, in the Rems-
Murr district, Germany. Initially, variables such as Rainfall Intensity, Temperature,
Land Use (from land use maps), Soil Type, Soil Moisture, Slope, Elevation, and River
Discharge—obtained from official institutions—along with variables like Prozimity to
River, Road Density, and Prozimity to Forest (derived from GIS analysis), were con-
ceptually integrated into a Bayesian Network (BN). This integration was based on the-
oretical foundations and quantified using conditional probability distributions (CPD).
The results demonstrate that the methodology combining BN and GIS analyses, along
with scenario analysis, sensitivity analysis, optimization, and model validation, was
successfully applied to the wider area of the Rems-Murr district. When tested on
the heavy rainfall event of June 2, 2024, in the study area of Rudersberg, it provided
qualitatively convincing results for flood risk assessment in agriculture. Validation in
Rudersberg yielded a Root Mean Square Error (RMSE) of 23%. The methodology was
also successfully applied across regions in Miedelsbach, where validation with official
data collected by the county resulted in an RMSE of 30%. These findings indicate that
the methodology is applicable not only within the study area but also across different
regions. It is recommended to improve the model by incorporating additional vari-
ables such as surface parameters, roughness values, and drainage systems to improve
accuracy. Furthermore, integrating meteorological forecasts could provide a basis for
forward-looking risk predictions.
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1 Introduction

In recent years, the frequency of heavy rainfall events
has increased globally, largely due to climate change and
the associated rise in extreme weather events (Lehmann
et al., 2015). The German Weather Service (DWD) and
the Federal Environment Agency (UBA) predict further in-
creases in precipitation levels (Becker et al., 2016; Wilke,
2024). Similarly, data from the international disaster
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database EM-DAT show a growing number of extreme
weather events, including heavy rainfall, in Central Europe
(CRED, 2025).

Risk analysis identifies, assesses, and prioritizes risks to
support decision-making (Aven, 2015). It typically involves
risk identification — recognizing risk components, and risk
assessment — evaluating probabilities and impacts. Mea-
sures for risk mitigation follow the analysis. Methods range
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from qualitative (e.g., expert surveys) to quantitative (e.g.,
Bayesian Networks for flood risk modeling).

Floods caused by heavy rainfall pose a major risk to agri-
culture, leading to soil oversaturation and erosion, which
can significantly impact crop yields (Li et al., 2019; Muthiah
et al., 2025). This underlines the need for robust risk as-
sessment models. However, approaches that integrate un-
certainties and rely on open geospatial datasets at local level
remain scarce.

This study investigates how Bayesian Networks (BN)
and Geographic Information System (GIS) analyses can be
combined to assess and quantify flood risk in agricultural
areas. The research focuses on the heavy rainfall event of
June 2024 in the Rems-Murr district (see Section 4.1) and
aims to develop a methodology that integrates open geospa-
tial data, accounts for uncertainties, and enables scenario
analyses.

To achieve this, BN variables were conceptually defined,
and location-specific GIS data were processed for BN con-
figuration.

BN has proven to be effective in risk modeling, particu-
larly in capturing uncertainties in flood events and generat-
ing meaningful results even with incomplete data (Kreibich
et al., 2018).

While BN and GIS have previously been used for spatial
risk analysis (Harris et al., 2022; Lu et al., 2024; Wu et al.,
2019), their application in assessing agricultural flood risk
due to heavy rainfall remains largely unexplored.

Although conceptual hydrological models are used suc-
cessfully, they reach their limits when modeling local flash
floods and Horton’s surface runoff formation. Studies show
that the accuracy of the model is strongly dependent on
data availability and that more complex models do not nec-
essarily provide better predictions (Fatichi et al., 2016; Hra-
chowitz and Clark, 2017). Therefore, probabilistic models
such as BN offer a promising alternative as they explic-
itly account for uncertainties and can provide robust re-
sults even with limited data (Cooper and Herskovits, 1992).
The use of open data ensures cost-efficiency and facilitates
broader application, particularly for smaller municipalities
in Baden-Wiirttemberg.

The BN was implemented in Python using the ‘Proba-
bilistic Graphical Models in Python’ (pgmpy) library, which
enables causal inference modeling through directed acyclic
graphs (Ankan and Panda, 2015). Data preparation and
result visualization were performed using QGIS.

2 Theoretical background

The section begins with an overview of risk analysis con-
cepts, focusing on its objectives and methods. It explains
the components of heavy rainfall and its associated risks to
agriculture. The section lays the foundation for the inves-
tigation by detailing the characteristics, classification, and
relationships of heavy rain and flood events. It then explores
how agricultural risk is composed and the key factors influ-
encing it. The theory behind the BN is introduced, followed
by a discussion on sensitivity analysis related to BN. The fi-
nal section covers GIS basics and the use of open geospatial
data in the study.
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2.1 Heavy Rainfall and Flooding

This section distinguishes between surface runoff from
heavy rainfall and flooding caused by rising water levels in
rivers and streams.

Heavy rainfall events are localized, intense precipitation
events that are difficult to predict (DWD, 2024). As noted
by Assmann (2023), distinguishing between surface runoff
and flooding in small catchment areas is complex due to
their gradual transitions. Surface runoff refers to surface
water flow, while flooding describes overflow directly from
a river or stream.

Definitions of surface runoff vary depending on disci-
pline: some focus on precipitation thresholds (e.g., DWD
classification), while others emphasize urban drainage met-
rics. Process-oriented approaches highlight areas that con-
tribute disproportionately to runoff.

In this study, flood risk primarily refers to surface runoff
from heavy rainfall, acknowledging that rising rivers can
also result from such events, blurring the distinction be-
tween both processes.

The DWD (DWD, 2024) classifies and forecasts heavy
rainfall based on intensity and duration:

 Significant weather warning: 15-251/m?in 1 h or
20-35 1/m? in 6 h.

o Severe weather warning: 2540 1/m? in 1 h or 35—
60 1/m? in 6 h.

o Extreme weather warning: >401/m?in 1 h or >60
1/m? in 6 h.

River flooding, on the contrary, is classified using HQ
values (e.g., HQ10, HQ100), which indicate probabilities of
recurrence based on hydrological data.

In summary, heavy rainfall events lead to surface runoff,
which can transition into flooding when rivers rise. Their
distinction is fluid, making classification and assessment
challenging.

2.2 Risk Components in Agriculture

As explained in the previous Sections, breaking down
risk components is essential for further analysis. This Sec-
tion examines the key components contributing to agricul-
tural risk assessment.

Agriculture faces particularly high risks from heavy rain-
fall events, which increase both in frequency and intensity
due to climate change. These events can cause severe flood-
ing, threat crop yields and cause long-term soil degradation.

Disaster risk is generally understood as the interaction of
three key components: Hazard, vulnerability, and exposure
(Rana and Routray, 2017). This concept is also applied in
the following risk analysis of agriculture concerning heavy
rainfall events.

The hazard refers to the potential event, such as heavy
rainfall leading to flooding. Vulnerability describes how sus-
ceptible a system or area, such as agricultural land, is to this
hazard. Finally, exposure encompasses the degree to which
an area is affected by the hazard, for example, due to its
geographical location or environmental conditions (Huang
et al., 2021).
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In conclusion, risk is the intersection of all three key
components. The more a region or area (e.g., agriculture)
is affected by both a hazard (e.g., heavy rainfall), high vul-
nerability (e.g., lack of protective measures), and high expo-
sure (e.g., proximity to river), the greater the risk for that
area.

As discussed above, risk in agriculture arises from the
interplay of three key components: hazard, referring to the
potential event such as heavy rainfall; vulnerability, which
describes the susceptibility of agricultural land to the haz-
ard; and exposure, which refers to the degree of exposure,
for example, due to geographical conditions. The interac-
tion of these components determines how strongly agricul-
tural areas are affected by heavy rainfall events and their
consequences, defining the overall risk.

2.3 Bayesian Network and Sensitivity Analysis

A BN is a graphical model representing cause-effect re-
lationships through a directed acyclic graph (DAG) (Pearl,
2014). Nodes represent variables, while edges define causal
dependencies, quantified by conditional probability distri-
butions (CPD) (Koski and Noble, 2011). BNs typically use
discrete probability states.

The Bayes’ theorem governs probability updates in a
BN:

P(A)P(B | Ai)

1 P(A)P(B| Ay)

P(A; | B) =

5 (1)

where:
o P(A;) are prior probabilities,
e P(B | A;) represents conditional probabilities,

o Y P(A)P(B | A;) applies the law of total proba-
bility (Huang et al., 2021).

A BN enables probabilistic inference, allowing decision-
making even with incomplete data (Cooper and Herskovits,
1992). Its flexibility supports modeling flood risk while ac-
counting for uncertainties (Li et al., 2023).

Sensitivity analysis examines how variations in the in-
put parameters influence BN results (Dinkelbach, 1969). It
serves to:

1. Identify key influencing variables,
2. Test model robustness,

3. Optimize variable selection for enhanced accuracy.

These concepts form the theoretical basis for the subse-
quent methodology and application.

2.4 GIS and Open Geodata

Geographic Information Systems (GIS) are crucial for
capturing, analyzing, and visualizing spatial data. They
enable the examination of geographical relationships and
spatial modeling, including raster/vector processing, buffer
creation, and terrain analysis. Open-source tools like QGIS
and Python allow efficient spatial analyses (Bill, 2010).
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Open geospatial data from platforms such as Open-
StreetMap or Copernicus provide freely accessible spatial
information. The State Office for Geoinformation and
Land Development (LGL) Baden-Wiirttemberg offers of-
ficial datasets like terrain models and land use maps.
While open data enhances accessibility, challenges such
as data gaps and accuracy inconsistencies exist, especially
in community-driven sources like OpenStreetMap (Weigell,
2023).

This study utilizes GIS analyses and LGL open geospa-
tial data to model spatial variables (e.g., River Prozimity,
Slope, Proximity to Forest) and classify them into fixed
states for risk assessment in agriculture.

3 Methodology

While BN and GIS have previously been used for spa-
tial risk analysis (Harris et al., 2022; Lu et al., 2024; Wu
et al., 2019), their application in assessing agricultural flood
risk due to heavy rainfall remains largely unexplored. This
chapter discusses how to set up and configure the model to
use BN and GIS combined for flood risk quantification.

At the beginning, the workflow is presented, forming
the core of this study. It integrates the two central pil-
lars: GIS analysis and BN, demonstrating the connection
between probabilistic modeling and spatial data analysis,
showing how the investigation’s steps interlink.

For assessing agricultural risk due to heavy rainfall, the
BN methodology first requires model configuration, includ-
ing defining the network’s structure and representing it
through a conceptual diagram (Furlan et al., 2020). This
begins with identifying the key variables and risk factors
needed to simulate heavy rainfall risk.

Next, data sources for the BN’s key parameters are se-
lected, ensuring they are standardized and accessible for
cross-territorial use.

In addition, GIS analysis is used to process the data
and prepare it for BN analysis. Due to the varying scales of
the data, classification and rescaling are necessary (Huang
et al., 2021).

The next step involves configuring the probability dis-
tributions within the BN to establish relationships and con-
ditions. The final stage focuses on advanced analyses like
scenario analysis, optimization, and BN validation, which
are integral part to this methodology.

3.1 Connection Between Bayesian Networks and GIS
Analyses

The integration of BN and GIS enables a structured ap-
proach to assessing agricultural flood risk from heavy rain-
fall. Fig. 1 illustrates the methodological workflow, high-
lighting the interaction between GIS analysis and proba-
bilistic modeling.

The process begins with the definition of key risk vari-
ables, which form the basis for GIS analysis and BN model-
ing. The GIS block involves selecting and processing spatial
data, classifying variables into discrete states, and visualiz-
ing cartographic results. This processed data feeds into the
BN block, where a conceptual model is structured, prob-
abilities are assigned using expert knowledge and empiri-
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Identify variables that describe the risk of heavy
rainfall events in agriculture
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analyses

BN - Python (pgmpy)

Fig. 1. Methodical workflow (modified after Abebe et al. (2018)).

cal data, and sensitivity analysis is performed to refine the
model.

GIS and BN are interdependent: GIS analysis provides
essential input for the BN configuration, while BN results
can be spatially visualized and validated using GIS. This
iterative workflow ensures a comprehensive assessment of
flood risk.

3.2 Variables and Model Structure

When modeling a BN to assess flood risk for agricultural
areas due to heavy rainfall, it is important to select variables
that precisely represent the three core components — hazard,
vulnerability, and exposure — while reflecting region-specific
characteristics.

For the hazard component, three crucial variables are
identified: Rainfall Intensity, which is a key characteristic
for distinguishing specific types of precipitation events, such
as heavy rainfall (Spektrum.de, 2004). This variable signifi-
cantly influences both the risk and the derived risk. Another
important variable is Precipitation amount, which describes
the overall amount of rainfall during the event and is de-
rived from the rainfall intensity. The final hazard variable
is Temperature, as higher temperatures increase humidity
and favor the occurrence of heavy rainfall events (Niu et al.,
2024).

The vulnerability component can be subdivided into the
following variables: Land use, which differentiates between
arable land and grassland due to their different runoff be-
haviors (Achleitner et al., 2020). Soil type also plays a role,
as different soils (clay, loam, sand) affect runoff behavior
(Achleitner et al., 2020). Soil moisture is another critical
factor, as dry soils can store more water and thus reduce
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runoff, whereas wet soils (e.g., after prior rainfalls) have
a lower storage capacity and generate more runoff (Borga
et al., 2007; Merz, 2008). The runoff coeflicient, which is in-
fluenced by land use, soil type, and moisture, represents the
ratio of runoff to precipitation and is crucial to determin-
ing the vulnerability of the area (Adam et al., 2000; Merz,
2008). Additionally, elevation plays a role — lower areas are
more prone to flooding due to natural runoff (Huang et al.,
2021), and the slope of the land influences how quickly wa-
ter flows off (Huang et al., 2021).

The exposure component includes several variables:
Road density, which represents the proportion of imperme-
able surfaces in an area. Roads have a high runoff coeffi-
cient, increasing the risk of flooding during heavy rainfall
(U.S. Department of Agriculture, 1986). River exposure,
which includes proximity to rivers and river discharge, is
another important factor. Areas close to rivers are more ex-
posed to flooding, as heavy rainfall and concentrated runoff
can lead to higher river discharge and increased flood risk
(Zhang et al., 2022). The variable Prozimity to forest be-
haves differently. As forests have a low runoff coefficient,
the runoff from precipitation seeps away more quickly here,
whereby they act as a natural buffer. This variable reduces
the impact on the area in a heavy rainfall event (U.S. De-
partment of Agriculture, 1986).

These variables are conceptually linked to their respec-
tive components and are shown in a diagram, illustrating
the dependencies between them (see Fig. 2).

3.3 Data Sources

In order to configure the BN and make predic-
tions,careful selection and preparation of data sources are
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Fig. 2. Conceptual model of the Bayesian network (own illustration).

essential. The variables, as described in the previous chap-
ter, are differentiated into two types for accurate analysis
(see Table 1): data-based variables (evidence variables), for
which data sources are available, and structural variables,
which influence network calculations without having direct
data sources.

Table 1. Classification of model variables.

Variable
Rainfall Intensity

Type
Data-based Variable

Structural Variable

Precipitation Amount

Temperature Data-based Variable
Hazard Structural Variable

Land Use Data-based Variable
Soil Type Data-based Variable

Data-based Variable

Structural Variable

Soil Moisture
Runoff Coefficient

Slope Data-based Variable
Elevation Data-based Variable
Vulnerability Structural Variable

Data-based Variable
Data-based Variable
Structural Variable

Data-based Variable
Data-based Variable

Structural Variable

River Discharge

Proximity to River

River Exposure

Road Density

Proximity to Forest

Exposure
Flood Risk

Structural Variable

Data-based variables require further differentiation.
Temporally changing variables (e.g., Rainfall intensity,
Temperature) need periodic updates, which can be obtained
from APIs like Open-Meteo, offering historical and up-
to-date weather data (Zippenfenig, 2023). Location-based

Thttps://www.lgl-bw.de/Produkte/Open-Data/

variables, like Elevation and Land use, can be sourced from
freely available geodata, such as the Open GeoData Portal

of LGL Baden-Wiirttemberg!, as shown in Tables 2, 3.

Table 2. Metadata of the variables: Data sources.

Variable Unit Data Source
Rainf. Intens. mm/h | DWD API
Temperature °C Open-Meteo API
Land Use - Land Use Map - LGL
Soil Type - ALKIS - LGL
Soil Moisture m?/m? | Open-Meteo API
Slope % GIS Analysis
Elevation m DTM - LGL
River Discharge | m3/s Open-Meteo API
Prox. to River m GIS Analysis
Road Density % GIS Analysis
Prox. to Forest | m GIS Analysis

Table 3. Metadata of the variables: Resolution and uncer-

tainties.
Variable Resolution Uncert.
Rainf. Intens. 10 min, single-station | -
Temperature Hourly, single-station | -
Land Use per district +15 m
Soil Type per district +5%
Soil Moisture Hourly, single-station | -
Slope 0,25 m x 0,25 m +0.15 m
Elevation 0,25 m x 0,25 m +0.15 m
River Discharge | Daily, single-station -
Prox. to River per district +15 m
Road Density per district +15 m
Prox. to Forest | per district +15 m

This section emphasized that careful selection of data
sources is critical for the BN’s configuration and predic-
tions. Each variable must be supported by data that accu-

rately represents it, either temporally or spatially.
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3.4 GIS Analyses and Classification

Since the BN works with discrete values, each variable is
classified into a set of state values that are associated with
a probability. It is important to discretize all variables
(Wu et al., 2019) and also to adapt the classification to
the topographical conditions on site (Huang et al., 2021).
Since the variables in the BN are divided into data-based
variables and structural variables, the data-based variables
must be considered in their entire data range in order to
obtain meaningful threshold values for the classification.
Structural variables are also divided into classes, but not
on the basis of data, but with regard to the logical network
configuration.

In Section 3.3, the subdivision of data-based variables
into location-based and time-based variables has already
been discussed. Location-based variables describe the topo-
graphical conditions in the study area. Variables such as Al-
titude, Slope, or Land Use must be extracted and processed
using GIS analyses before they can be classified. QGIS is
used for analyses as it is freely accessible.

The topographical components such as forest, road, and
river geometries are extracted from the land use map, which
is freely available from the LGL Baden-Wiirttemberg.

The variable Soil Type can be taken from the Standard-
ized Exchange Interface (NAS) data format for each parcel.
NAS is a nationwide standardized data exchange interface
for geoinformation and is used to exchange ALKIS data
(LGLN, 2025). The parcels that are relevant for the appli-
cation of the methodology are also contained in the ALKIS
data.

The variable Height is taken from a digital terrain model
with a grid resolution of 0.25 m x 0.25 m (DGMO025) which
is also freely accessible from the LGL. For each parcel, the
median height is calculated from the height data of the grid
cells that lie within the boundaries of the respective parcel.
This ensures that the height is representative of the entire
parcel and that extreme values have no influence.

The Slope variable is obtained from the digital terrain
model using a slope analysis and describes the area at the
same resolution as the Height variable. The median slope
is calculated for each parcel in the same way as the Height
variable.

The variables Proximity to River and Proximity to For-
est are determined according to the following principle. The
forest and river geometries are first converted into raster
data. The minimum distance to the nearest raster cells of
the river and forest geometry is then calculated for each
parcel. These distances serve as the basis for deriving the
variables that describe the proximity or distance of a parcel
to rivers and forests.

A rather unusual approach was chosen for the Road Den-
sity variable. A 200 m buffer geometry was created for each
parcel. Then an overlap analysis with the road geometry
was carried out. This produces a percentage value that
describes the proportion of the buffer area of the parcels
covered by roads.

Usually, a ratio of square meters of road to square kilo-
meters of area is used to calculate the road density. How-
ever, this approach is not representative for the study area,
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as the parcels and their buffer areas are often relatively
small and a more meaningful percentage analysis of the area
coverage is more suitable here.

Once processed, the data is classified into classes suitable
for the BN. Most variables are divided into three classes,
while the rainfall intensity classification follows DWD stan-
dards (DWD, 2024). Structural variables are classified
based on logical relationships rather than data. The Flood
Risk variable, for example, is divided into two classes, as
seen in Table 4, and the classification of structural variables
will be discussed in the next section, as these variables are
interrelated.

Table 4. Classification of the variables.

Classes Low Medium High
Rainf. Intens. see 2.1 see 2.1 see 2.1
Temperature < 10.0 10.0 - 21.0 > 21.0
Soil Moisture < 0.2 0.2-04 > 0.4
Slope <29 2.9-5.0 > 5.0
Elevation < 275.0 | 275.0 - 307.0 > 307.0
River Discharge | < 0.16 0.16 - 0.5 > 0.5
Prox. to River < 100.0 | 100.0 - 200.0 > 200.0
Road Density < 3.7 3.7-5.7 > 5.7
Prox. to Forest | < 100.0 | 100.0 - 200.0 > 200.0
Hazard X X X
Prec. Amount X X X
Runoff Coeff. X X X
Vulnerability X X X
Exposure X X X
River Exposure X X X
Flood Risk X X

Land Use

Grassland Arable Land

Soil Type

Clay [ Loam [ Clayey Loam [ Sandy Loam
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In summary, classification of data sources is essential,
as a BN can only be configured or evaluated with classified
data.

3.5 Configuration of Conditional Probabilities

As already mentioned in Section 2.3, the dependency
and relationship between the individual influencing factors
is influenced by the CPD. The following discusses the con-
figuration of the CPD for different variables.

These CPDs can be obtained through parameter learn-
ing or by configuring them using empirical statistics and
relationships (Huang et al., 2021). For parameter learning,
a certain amount of data for each variable in the network
is required, so that the CPD can be ”learned” using vari-
ous parameter learning algorithms. Since publicly available
data for parameters such as hazard, vulnerability, precipi-
tation amount, or runoff coefficient are not available in the
required data quantity, the CPD are configured based on
empirical statistics and relationships.

3.5.1 Configuration of Data-based Variables

The configuration of data-based variables follows em-
pirical statistics. Classification is applied to a data-based
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variable data set with 365 days, resulting in a classified data
set to represent the variable for one year.

Table 5. Example data from the DWD CSV file.

Station-ID | Date Rain. Am. (mm)
Station 1 2023-01-01 5.2
Station 2 2023-01-02 3.5
Station 3 2023-01-03 7.1

Table 5 displays a snippet from a CSV dataset, which
serves as the data source for the rainfall intensity variable.
Rainfall Amount indicates the amount of rain in mm for
each station. Using a Python script, the data is classified
for one year. The results are as follows:

e Low: 358 days out of 365
e Medium: 6 days out of 365
e High: 1 day out of 365

These results are incorporated into the CPD distribu-
tion, as shown in Table 6.

Table 6. CPD for the variable Rainfall Intensity in the
Bayesian network.

Rainfall Intensity | Probability
Low 0.9808
Medium 0.0164
High 0.0027

This approach is applied to all temporally variable vari-
ables in the BN. For site-related variables, such as Height,
GIS data is classified similarly.

The classification results for this variable over the entire
study area are:

e Low: 773 out of 3659 parcels
e Medium: 1757 parcels out of 3659
e High: 1129 parcels out of 3659

The results are incorporated into the CPD distribution
for the Height variable, as shown in Table 7.

Table 7. CPD for the Height variable in the Bayesian Net-
work.

Height | Probability
Low 0.2113
Medium 0.4802
High 0.3086

3.5.2 Configuration of Structural Variables

For structural variables, it is not possible to rely on
datasets during configuration; relationships between vari-
ables must be established, as discussed in Section 3.2. These
relationships are then logically incorporated into the CPD
distributions as probabilities.

As shown in Table 8, the CPD distribution of the Precip-
itation Amount variable depends on the Rainfall Intensity
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variable, following the logic: the higher the rainfall inten-
sity, the more likely a high precipitation amount is, and vice
versa. The categories High, Medium and Low correspond
to the rainfall intensity levels, and they are represented as
columns in the table. The values in column 1 show the
conditional probability distribution for each combination of
precipitation amount and rainfall intensity.

Table 8. CPD of Precipitation Amount depending on Rain-
fall Intensity.

Rainfall Intensity Level
Prec. Am. | High | Medium | Low
High 0.9 0.5 0.01
Medium 0.09 0.3 0.09
Low 0.01 0.2 0.9

e 1st row: The probability for a high precipitation
amount is 90% (0.9) when the Rainfall Intensity vari-
able is in the High state.

e 2nd row: The probability for a medium precipitation
amount is 9% (0.09) when the Rainfall Intensity vari-
able is in the Medium state.

e 3rd row: The probability for a high precipitation
amount is 1% (0.01) when the Rainfall Intensity vari-
able is in the Low state.

In the above section, it was shown that the configura-
tion of a BN is based on data-based and structural variables.
Data like rainfall intensity or height are classified based on
empirical statistics, and their classification directly deter-
mines the probabilities in the CPD. Logical relationships,
such as those between Rainfall Intensity and Precipitation
Amount, define the CPD of the structural variables.

3.6 Advanced Analysis: Scenario Analysis, Sensitivity
Analysis, Optimization, and Validation

Advanced analyses in flood risk assessment using a BN
include scenario analysis, sensitivity analysis, optimization,
and model validation.

Once the BN is configured, scenario analyses can be
performed. For an initial analysis, a day with heavy rain
is simulated, setting evidences for the data-based variables
within the BN. Probabilities are derived for the target vari-
able, Flood Risk, based on the reference event and calculated
through exact inference in the BN (Sperotto et al., 2017).

In sensitivity analysis, the effects of stepwise changes in
variable states are assessed to predict impacts on other vari-
ables or target variables (Korb and Nicholson, 2010; Kragt,
2009). The prior probabilities indicate the probability of
the target variable based on the CPD. The BN is tested
with empty priors to analyze dependencies and variable in-
fluences on the target variable.

Two methods are used for sensitivity analysis. First,
the influence of each variable on the target’s probabilities
is analyzed. The extent to which each variable impacts the
target’s probability distribution is measured by calculating
the average change in probabilities. This shows the vari-
able’s influence on the target in the BN.
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In the second step, the influence of specific states of the
influencing variables, as classified, on the target variable
is examined. This helps identify if certain states have too
large or small an effect on the target variable.

For optimizing a BN, based on sensitivity analysis, steps
include reducing the states of important variables (e.g., Haz-
ard, Vulnerability, Ezposure from three to two states) to
focus on extreme flood risk assessments, and reconfiguring
CPD by adjusting variables with similar influences.

To validate a BN, the root mean square error (RMSE) is
calculated to measure how well the predicted probabilities
match real events. Validation data, such as from a heavy
rainfall event, is required. RMSE evaluates the model’s fit
to actual data, but notably is sensitive to outliers, as errors
are squared. A high RMSE indicates poor model fit, while a
low RMSE shows better accuracy (Chai and Draxler, 2014).

The RMSE here is defined as:

1N
N2

i=1

RMSE = (2)

Where:
e N: Number of data points
e y;: Actual flood risk measurement

o ¢;: Predicted flood risk

4 Testing the Methodology

The results of an initial BN are then presented, as dis-
cussed and configured in Section 3.

In the following, a first scenario analysis is conducted on
the BN, which has been configured based on literature and
empirical statistics. It is expected that the scenario anal-
ysis will provide results that do not yet correspond to real
events. Therefore, the application of advanced analyses, as
presented in Section 3.6, is suitable to critically scrutinise
the first results and strive for improvements in the accuracy
of flood risk assessment.

4.1 Study Area and Heavy Rainfall Event of June 2,
2024

Rudersberg and the district of Schlechtbach are located
in the Rems-Murr district in Baden-Wiirttemberg, Ger-
many. The municipality covers 39.37 km? with a popu-
lation of 11,319 and is situated in the Wieslauftal valley at
elevations between 270 and 536 meters.

The Wieslauf River flows through the region and is a
tributary of the Rems. The area’s hilly terrain and nar-
row valleys make it prone to flooding, particularly during
intense rainfall events.

Land use consists mainly of forests (45.2%) and agri-
cultural land (40.8%), which are vulnerable to heavy rain-
fall. The temperate climate has an average annual precipi-
tation of 930 mm, mainly in the summer months (Climate-
Data.org, 2025).

On June 2, 2024, an intense rainfall event occurred with
65 mm (65 1/m?) of rain falling within a few hours, caus-
ing significant flooding. This affected agricultural land, in-
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frastructure, and residential areas, especially in Schlecht-
bach, with an economic damage of 332 million euros (Baden-
Wiirttemberg, 2024).

This event illustrates the vulnerability of the area to
heavy rainfall, highlighting the combination of topogra-
phy and agricultural use that makes the region particularly
prone to flooding.

4.2 Results of an Initial Scenario Analysis

In the following Section, the initial results of the config-
ured BN are presented. A scenario analysis of June 2, 2024,
was conducted for the study area.

A total of 3,659 agricultural parcels in the Rudersberg
/ Schlechtbach area were evaluated using the BN, and a
probability for the target node flood risk was calculated for
each parcel based on relevant influencing factors. These
influencing factors consist of location-based variables and
temporally changing variables, as shown in Table 9. All
variables, except for Temperature, are set to the state in
which they exert the highest risk influence.

The location-based variables vary per parcel and were
collected through GIS analyses for each parcel, as discussed
in Section 3.4.

Table 9. Overview of the time-varying variables on June 2,
2024, in Rudersberg.

Variable Value Classification
Rainfall Intens. | 63 I/m” in 6 h High
Temperature 15.4°C Medium
Soil Moisture 0.428 m?/m? High
River Discharge 7.71 m3/s High

To visualize the scenario analysis of June 2, 2024, and
the results of the first model, all flood risk values of the
parcels in the study area were mapped using GIS in a grad-
uated map.

The model produces reasonable results for parcels that
exhibit the following characteristics:

o High road density,

Located in low-lying areas,

Low slope inclination,

Close proximity to river,

Far from forested areas,

e Soils causing a high runoff coefficient.

Parcels with these characteristics tend to be assessed
with a high probability of flood risk.

Parcels tend to be assessed with a low probability of
flood risk if these variables have opposite values, like low
road density.

The distribution of the model’s probability values across
the entire study area shows that most agricultural parcels
are evaluated with a probability of 60%, concentrated in
the range of moderate to slightly elevated flood risk. The
mean probability of the first model is 63%, with a minimum
of 54% and a maximum of 78%. Considering the minimum
and maximum values, it can be concluded that the model
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evaluates flood risk from heavy rainfall events for agricul-
tural land in a rather conservative way.

Additionally, probability values close to the minimum
and maximum are not sufficiently low or high. This sug-
gests that flood risk probabilities predominantly cluster in
a moderate range and extreme values are underrepresented.

As discussed in the previous Section, an initial scenario
analysis allows the evaluation of the prior BN configuration.
The model produces reasonable results based on the risk
map. However, by examining the histogram of the proba-
bility distribution, it can be concluded that the BN is too
conservatively assessed.

For further analysis and subsequent optimization of the
BN, scenario analysis is crucial to derive insights and criti-
cally evaluate a conservatively assessed BN and its results.

4.3 Sensitivity Analysis

A sensitivity analysis was conducted to better under-
stand the initial scenario analysis of the BN and assess its
prior configuration. The analysis examines the influence of
individual variables on the probabilities of the target vari-
able.

The table below shows the influence of various variables
on flood risk:

Hazard (36.14%), Precipitation Amount (25.85%), and
Rainfall Intensity (23.01%) have the highest influence val-
ues, strongly impacting flood risk. Moderate influence
of other variables: Vulnerability (17.26%) and FEzposure
(9.18%) also show significant influences. Although they af-
fect the target variable noticeably, their impact is lower
than the dominant factors above. Slope (6.31%) has a mod-
erate influence on flood risk compared to many other vari-
ables.

Variables such as Soil Moisture (0.02%), Land Use
(0.06%), Soil Type (0.57%), and River Discharge (0.48%)
have minimal impact on the target variable. This means
that changes in these variables hardly affect the target vari-
able, making them less relevant for the current scenario
analysis.

Table 10. Influence of individual variables on the target
variable Flood Risk.
Variable Influence (%)
Rainfall Intensity 23.01
Precipitation Amount 25.85
Temperature 3.21
Soil Moisture 0.02
River Discharge 0.48
Elevation 3.59
Slope 6.31
Proximity to River 0.93
Proximity to Forest 1.02
Road Density 2.59
Land Use 0.06
Soil Type 0.57
Hazard 36.14
Vulnerability 17.26
Exposure 9.18
River Exposure 1.91
Runoff Coefficient 3.71
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FElevation (3.59%), Runoff Coefficient (3.71%), and
Temperature (3.21%) show moderate influences. They are
relevant but not dominant. Proximity to River (0.93%),
Prozimity to Forest (1.02%), and Road Density (2.59%)
have small but not negligible influences. The influence of
variables on the main components vulnerability and expo-
sure is significantly lower than in the main component haz-
ard because more variables are subordinate in those cate-
gories. As a result, multiple variables share a smaller influ-
ence, leading to lower individual impacts on flood risk.

The analysis reveals that Rainfall Intensity and Precipi-
tation Amount are the most influential variables, while oth-
ers such as Soil Moisture and Land Use are less significant.
These insights can guide the optimization of the BN in the
next step.

4.4 Optimization

The BN, which was applied and analyzed in Sections
4.2 and 4.3, is now optimized based on the results of the
sensitivity analysis. The optimization is carried out in two
steps, as discussed in Section 3.6. First, the reduction of the
states of the three main components - hazard, vulnerability,
and exposure - from three to two is performed. The mid-
dle state is removed, leaving only the states High and Low.
The goal is to make the CPD distribution of the main com-
ponents, as well as the flood risk variable more adaptable
in order to address the problem of the model’s conservative
assessment.

The evaluation of the BN can be made more precise by
adjusting the minimum and maximum ranges, making it
more meaningful for assessing the risk of agricultural land
due to heavy rainfall events.

The second step involves a new configuration of the CPD
distributions, particularly for variables where the sensitiv-
ity analysis showed that all states had the same influence
on the flood risk variable. The process was carried out as
follows: influence variables that showed a low impact in the
sensitivity analysis were given greater weight in the subse-
quent variables. Additionally, greater focus was placed on
the states of variables where the influence of the states was
nearly equal.

For example, closer proximity to a river increases water
exposure, while being farther from a river leads to lower
water exposure.

As demonstrated in this Section, a critical examination
of the initial results from a scenario analysis and the in-
sights from a sensitivity analysis are essential to improving
the BN configuration. These analyses make it possible to
identify weaknesses in the model structure and make tar-
geted adjustments. This allows for the optimization of the
network configuration and the modification of probability
distributions.

5 Result of the Methodology

The optimization, as discussed in Section 4.4, was im-
plemented in the BN. A renewed analysis of the same sce-
nario for the Rudersberg / Schlechtbach area took place on
June 2, 2024, the day of the heavy rainfall event. The same
3,659 agricultural parcels were assessed using the optimized
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BN, and a probability for the target node flood risk was
calculated for each parcel based on the relevant influencing
factors.

Compared to the first scenario analysis with the initial
BN, the results in the map, as seen in Fig. 3, are more clearly
interpretable and can be linked to the aforementioned char-
acteristics. This is mainly because the optimized model
evaluates more progressively and distinctly classifies agri-
cultural areas as either high-risk or low-risk.

The optimized model highlights differences between risk
categories and assesses fewer areas in the medium-risk
range. The optimized model presents a different probability
distribution for the target variable Flood Risk compared to
the initial model. Here as well, most parcels cluster around
the middle probability range of approximately 50%. The
mean value is 55%, with a minimum of 39% and a maximum
of 86%. Considering the minimum and maximum values, it
can be observed that the BN no longer evaluates as conser-
vatively as before due to the optimization. The probabilities
for the flood risk node now fluctuate more towards the min-
imum and maximum ranges, and the flood risk probabilities
are no longer concentrated in the middle range.

As the results of the optimized BN demonstrate, it en-
ables a more precise and differentiated assessment of flood
risk for agricultural areas in the Rudersberg / Schlechtbach
region. The model optimization leads to clearer classifica-
tions of high-risk and low-risk areas, significantly reducing
the medium-risk category. The probability distribution now
shows a greater spread with clearly distinguishable differ-
ences between minimal and maximal risks.

5.1 Results on Influencing Variables

Flood risk is strongly influenced by topographical and
hydrological variables. Low slopes are predominantly as-
sociated with high flood risk, while steep slopes reduce it.
Prozimity to River alone is not a decisive factor; it must be
assessed with elevation and slope. Areas near forests tend
to have lower flood risk, emphasizing the protective effect of
vegetation. High road density correlates with higher flood
risk, likely due to increased surface runoff.

Table 11. Comparison of variable influences before and after
optimization.

Variable Before (%) | After (%)
Rainfall Intensity 23.01 21.33
Precipitation Amount 25.85 23.96
Temperature 3.21 3.68
Soil Moisture 0.02 0.13
River Discharge 0.48 0.35
Elevation 3.99 3.01
Slope 6.31 2.35
Proximity to River 0.93 0.97
Proximity to Forest 1.02 1.49
Road Density 2.59 1.78
Land Use 0.06 0.01
Soil Type 0.57 0.30
Hazard 36.14 26.58
Vulnerability 17.26 5.38
Exposure 9.18 5.41
River Exposure 1.91 1.78
Runoff Coefficient 3.71 0.77
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Hazard, rainfall intensity, and precipitation amount re-
main the dominant factors, despite a slight decrease in in-
fluence after optimization. Elevation and slope show strong
correlations with flood risk, with low-lying areas and gentle
slopes being particularly vulnerable. Proximity to river and
forests plays a role, but depends on other conditions. Road
density is moderately relevant, while soil type and land use
have only minor influence.

5.2 Validation of the Results

As discussed in the previous Section 5, the optimized
model produces meaningful probability values in areas
where the flood risk due to heavy rainfall events in agri-
culture is typically high.

To establish a solid benchmark for the reliability of the
model, the predictions of the model are now validated us-
ing validation areas. These areas were selected based on
the heavy rainfall event of June 2, 2024, in the Rems-Murr
district. They represent agricultural areas that were mostly
or at least partially flooded.

The data was provided by the Rems-Murr district of-
fice, Department of Agriculture. Communication with the
Department of Agriculture confirms that the areas were af-
fected by the heavy rainfall event.

At the beginning of the validation process, the areas
must first be divided through GIS analyses so that they
match the land parcels originally evaluated by the BN.
Thus, 103 land parcels in the Rudersberg / Schlechtbach
area are obtained, of which it is known with certainty that
they were flooded.

A histogram of the probabilities generated by the BN
for the validation parcels shows that all flood risk values,
except one outlier, are above 70%, with a mean of 77% and
a maximum of 87%.

As discussed in Section 3.6, RMSE is suitable for val-
idating and assessing the accuracy of the BN. The RMSE
for the optimized BN is 0.232 which means that the average
deviation between the predicted probabilities and the actual
values for the flood risk variable is 0.232 units, or 23.2%.

Considering the scale of the target node flood risk, which
ranges between 0 and 1, the RMSE is less than a quarter of
the scale. In a probabilistic model, where uncertainties are
explicitly represented, as in a BN, this value is considered
acceptable. According to Korb and Nicholson (2010), BN
are specifically suited for modeling uncertainties, making er-
rors in this range acceptable. From these validation results
and the results for the entire study area, it can be concluded
that the optimized BN successfully evaluates flood risk for
agricultural areas during heavy rainfall events.

The validation shows that the optimized BN reliably es-
timates flood risk and realistically represents the events of
June 2, 2024, in the Rems-Murr district. With an RMSE
of 23.2%, the model is suitable for flood risk assessment of
agricultural areas.

5.2.1 C'ross-regional Validation

To further apply the BN in another area and validate
it, the model is applied on June 2, 2024, during the heavy
rainfall event, for a scenario analysis in another area of the
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Fig. 3. Results of the optimization: Risk map of the agricultural parcels for the heavy rainfall event on 2 June 2024 in

Rudersberg (own presentation).

Rems-Murr district.

Miedelsbach, a district of the city of Schorndorf, is lo-
cated south of the study area Rudersberg / Schlechtbach
and was also affected by the heavy rainfall event on June 2,
2024. The municipality is smaller than the main study area,
and a total of 1,174 agricultural land parcels are analyzed
here.

Meaningful results are obtained for agricultural land
parcels, as described in Section 4.2, and also can be seen
in Fig. 4.

The model produces meaningful results on land parcels
with the following characteristics:

o high road density

located in lower-lying areas
e shallow slope

e proximity to river

e far from forests

Land parcels exhibiting these characteristics tend to be
rated with a high probability of flood risk.

Land parcels with opposite characteristics tend to be
rated with a low probability of flood risk.
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A histogram of the probabilities of flood risk for agri-
cultural land parcels in Miedelsbach shows a minimum of
46%), a maximum of 85%, and a mean of 58%. The values in
Miedelsbach are similar to those in the original study area
of Rudersberg/Schlechtbach.

There are also validation land parcels in this area, which
were also provided by the Rems-Murr district office, Depart-
ment of Agriculture, and represent agricultural areas that
were mostly or at least partially flooded during the heavy
rainfall event on June 2, 2024.

A histogram of the probabilities generated by the BN for
the validation land parcels in the Miedelsbach area shows
differences from the original study area. Outliers are ev-
ident in the middle probability ranges. As discussed in
3.6, RMSE is sensitive to outliers, and larger deviations are
given greater weight. A higher RMSE is expected in the
Miedelsbach area, as the model was configured for Ruders-
berg/Schlechtbach, not Miedelsbach.

With validation, outliers appeared on eight land parcels
in the middle range, which were flooded despite high slopes
(between 5% and 8%). It should be noted that the slope of
these areas was only slightly above the classification thresh-
old for the High condition, which may explain the observed
deviations. Nevertheless, this contradicts the assumption
that steep slopes are less prone to flooding. Possible expla-
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Fig. 4. Risk map of agricultural parcels for the heavy rainfall event on June 2, 2024 in Miedelsbach.

nations include backwater from lower-lying areas or missing
variables from the BN model, such as drainage systems or
erosion gullies.

A BN models uncertainties in a risk assessment due to a
heavy rainfall event. Although the RMSE is slightly higher
than a quarter of the flood risk target node scale, it is not
significantly higher, at 30%. It is also important to note
that this validation applies only to a subset of the total
agricultural plots, and as can be seen from the flood risk
probability values of the overall histogram, the model pro-
vides successful results.

The cross-regional validation shows that the optimized
model is also applicable in other regions, as evidenced by
the results in the Miedelsbach area. Although the RMSE
value of 30% is relatively higher than in the original study
area, it is primarily due to the impact of individual outliers,
as these are weighted more heavily in the RMSE calculation
due to the squared error method.

6 Conclusion

The increasing frequency of heavy rainfall events poses
a growing risk to agricultural land, leading to soil satura-
tion, erosion, and reduced crop yields. Given these chal-
lenges, precise risk analysis is essential. However, system-
atic approaches that explicitly model uncertainties and rely
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on high quality open data sources have been lacking.

To address this, a methodology combining BN and
GIS analyses was developed, enabling probabilistic mod-
eling of flood risk based on hydrological, meteorologi-
cal, and topographical variables. This method effectively
represents uncertainties and delivers reliable results even
with limited data. Applied to the study area of Ruders-
berg/Schlechtbach, key variables such as rainfall intensity,
precipitation amount, elevation, and slope were integrated.
The heavy rainfall event of June 2024 was analyzed using
scenario and sensitivity analyses to optimize the model and
verify its validity.

The results confirm that BN and GIS analyses can suc-
cessfully assess and quantify flood risk for agricultural land.
The optimized model improved accuracy, enhancing the dis-
tinction between high- and low-risk areas and refining prob-
ability distributions. Rainfall intensity and precipitation
amount remain dominant risk factors, while topographical
features such as elevation and slope also exhibit strong cor-
relations with flood risk. Proximity to river, road density,
and land use contribute to risk levels in varying degrees.
The optimized BN provides a solid foundation for prioritiz-
ing risk factors and supporting decision-making.

Model validation using 103 flooded parcels demon-
strated high agreement with real flood events, with an av-
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erage probability of 77% and an RMSE of 23%. The cross-
regional validation in Miedelsbach confirmed the model’s
transferability, though regional data preparation and recon-
figuration are necessary. Despite a slightly higher RMSE of
30%, the model predictions remained robust, underscoring
its adaptability.

This study contributes to probabilistic flood risk model-
ing and highlights the importance of precise risk assessment
in agriculture amid climate change. The use of open data
sources ensures flexibility and scalability. Furthermore, the
combination of Open Geospatial Data, Open Models, and
Open Applications such as QGIS makes this analysis trans-
ferable. To mitigate future flood risks, targeted adaptation
strategies should be implemented, such as optimizing land
use in vulnerable areas, reducing road density, and improv-
ing protective forestation measures.

Future improvements should integrate additional
datasets, including roughness values, detailed surface pa-
rameters, and drainage system data, to improve model ac-
curacy. Furthermore, incorporating meteorological fore-
casts into the BN could provide real-time risk predictions.
Expanding the BN into decision-support systems would
strengthen agricultural risk management and help mitigate
the impacts of heavy rainfall events.
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