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Abstract Flooding has become an escalating threat over the past years, driven by climate, land use and
socio-economic changes. In Europe, floods now surpass other natural disasters in severity, causing substantial
economic losses, particularly in the companies (commercial and industrial sectors). While river flood impacts
on agriculture and residential properties have been extensively studied, research on companies losses remain
limited despite their significantly high direct damages. This study enhances fluvial flood risk assessment for
company assets by integrating flood hazard scenarios with flexible state-of-the-art Bayesian Network-based
flood loss model and object-specific exposure data. It estimates the expected annual damage (EAD) to company
properties across Europe under a baseline and potential future scenarios shaped by climate change, exposure
dynamics, and their combined effects. Additionally, the study assesses the potential of property-level
precautionary measures to mitigate flood risks. Results indicate that, compared to the baseline (year—1995), the
EAD values could rise more than 5-fold under RCP4.5 scenario and 7-fold under RCP8.5 scenario by the end of
the century. However, a policy scenario in which all companies implement at least one precautionary measure
(“measures for all”) effectively offsets these projected losses by up to 67%. This underscores the crucial role of
individual actions in reducing future flood impacts.

Plain Language Summary Flooding is a rising problem in Europe, especially for businesses, leading
to substantial financial losses. This study analyses how future riverine floods will affect company properties
across Europe and predicts damage under different future scenarios. The findings show that, without action such
as implementing property-level precautionary measures, flood damage could increase by over 7-fold by the end
of the century under RCP8.5 scenario. However, when each company in the business sectors takes simple
precautions, the flood risk can significantly be reduced up to 67%. This research provides valuable insights for
companies and policymakers, emphasizing the importance of flood preparedness to mitigate financial losses and
protect communities.

1. Introduction

Flooding, a rapidly escalating environmental challenge, has become a top priority over the past three decades and
is projected to worsen with ongoing global warming (IPCC, 2021). In the last 5 years alone, global flood losses
amounted to 304.3 billion euros and are projected to rise annually (Munich Re, 2021). The increasing frequency
and severity of floods across Europe underscore the urgency of understanding and managing flood risks more
effectively. Recent events highlight the devastating impact of floods on human lives and economies. For example,
the October 2024 flood in Valencia, Spain, resulted from torrential rains devastated large areas of the Valencian
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Community, Castilla-La Mancha, and Andalusia. This disaster led to 219 fatalities and cost approximately 20.5
billion euros, leading to a 0.2% decline in the GDP of Spain. Of this, 10 billion euros was attributed to infra-
structure and businesses. Similarly, the July 2021 floods across western and central Europe due to the low-
pressure system caused 189 deaths and 33 billion euros in damages in Germany, while the Netherlands faced
0.9 billion euros in losses to households and businesses (Endendijk et al., 2024; ENW, 2021; Thieken et al., 2023).
A recurring pattern across these events is the substantial share of flood-related losses sustained by the companies
(commercial and industrial sectors). In Germany, 33% of insurance claims from the July 2021 flood pertained to
commercial and industrial properties (Munich Re, 2022) while during the 2016 floods in the Loire and Seine
River basins, 28% of claims were associated with company entities (Fédération Frangaise de I'Assurance, 2017).
The Netherlands has also experienced high losses to company properties, accounting for over half of the total
flood losses, amounting to approximately 0.5 billion euros (Endendijk et al., 2024; ENW, 2021). In Italy, the 2023
Emilia-Romagna flood resulted in an overall loss of 8.8 billion euros, of which 2.2 billion euros was attributed to
business-related damages (Arrighi and Domeneghetti, 2023). These statistics highlight the vulnerability of
companies to flooding. Flood risk assessment evaluates three interdependent components: flood hazard, expo-
sure, and vulnerability. The hazard component in risk assessment represents the probability and intensity of flood
events, characterized by parameters such as flood depth, velocity, and duration, which determine the physical
impact of flooding (Merz et al., 2010). The exposure component encompasses people, assets, and infrastructure in
flood-prone areas (Olsen et al., 2015). Vulnerability assesses the susceptibility of exposed elements to suffer
damage based on their ability to withstand flood impacts, which can vary depending on factors like structural
resilience, preparedness, and social factors that influence recovery (Merz et al., 2010).

Rising temperatures, precipitation pattern alterations, and land use changes will likely increase the frequency and
intensity of river floods globally, including in Europe (Winsemius et al., 2016). Northern and central European
regions are projected to experience heightened flood hazards due to more intense winter rainfall. In contrast,
southern Europe may see a reduction in river flood risk due to fewer extreme rainfall events (Mentaschi
et al., 2020). Central and Eastern Europe will experience increased extreme flooding events driven by intensified
rainfall and seasonal shifts characterized by wetter winters and drier summers (Dankers & Feyen, 2009). Dottori
et al. (2018) highlighted that human and economic losses from river flooding will increase with global warming,
particularly in economically dense regions. Large-scale flood risk assessments focusing on socio-economic
(Alfieri et al., 2016) and macroeconomic impacts (Koks et al., 2019) underscore the need for comprehensive
adaptation strategies and resilient infrastructure to mitigate future flood risks.

Despite increased awareness, flood risk assessments for companies remain constrained due to the diversity in
building structures, asset types, and operational functions across various economic sectors. Unlike residential
properties, company establishments range from small offices to extensive industrial facilities, each presenting
distinct exposure and vulnerability profiles. This variability results in significant fluctuations in loss data,
complicating the development of standardized modeling approaches (Merz, Kreibich & Dimitrova, 2010; Pap-
rotny et al., 2020; Schoppa et al., 2020). Additionally, reliable, sector-specific post-disaster damage data for
businesses is limited, hindering the empirical foundation for effective model development and validation. Esti-
mating asset values is even more challenging due to inconsistencies in available economic, building, and land-use
data across different regions (Paprotny et al., 2020). This complexity hinders the development of robust company
flood damage models.

Most models for the companies often determine flood damage based on (sectoral) bivariate depth-damage
functions that only include inundation depth as a hazard indicator (Huizinga et al., 2017; Porter et al., 2022).
These functional relationships in the form of curves generally lack strong calibration, as empirical post-disaster is
scarce for the companies, especially when differentiating between impacts on various economic sectors (Paprotny
et al., 2020). Additional steps have been taken to develop multivariate models to assess flood damage for
companies (e.g., Darnkachatarn & Kajitani, 2025; Paprotny et al., 2020; Seifert et al., 2010). In addition to
physical flood damage models, the use of input-output (I0) and Computable General Equilibrium (CGE) models
emerged as an approach to understanding the broader economic impacts of floods on commercial and industrial
activities (Wouter Botzen et al., 2019). These models simulate how shocks propagate through economic sectors
and affect recovery trajectories (Rose & Liao, 2005). However, these models do not yet account for the potential
effectiveness of precautionary actions on the building level. To address these limitations, a promising alternative
is Bayesian Network models based on empirical data for flood risk assessment of companies. These models
account for previous flood experiences, socio-economic characteristics and implementation of precautionary
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measures such as building elevation, waterproofing, and other resilience-enhancing investments, which can
significantly reduce flood losses (Sairam et al., 2019; Schoppa et al., 2020). Bayesian Networks offers graphical
and probabilistic modeling capabilities that enhance flexibility and adaptability to local data availability.

In recent years, the availability of building footprints worldwide has dramatically increased due to crowdsourced
data from OpenStreetMap and global remote sensing-derived building footprint data sets (Microsoft, 2024; Sirko
et al., 2021) further enhanced the potential of Bayesian Network modeling approaches. These developments have
led to the potential to use object-specific exposure data sets for risk estimation (Paprotny et al., 2020; Schor-
lemmer et al., 2024). In contrast to land use-based exposure data sets, we can map assets building-by-building
using object-specific exposure to capture finer details such as variations in building size, function, and con-
struction materials. The attributes of the exposure data are based on the building density, form, and heterogeneity
in the built environment (mixed land use or even mixed building types within one building). Such details cannot
be captured using average exposure values per square meter over large areas, as is common for land use exposure
models.

The present study includes the member countries of the European Union, which present a diverse array of climatic
zones, hydrological regimes, and topographical conditions. This region, historically susceptible to large-scale
flooding, features several significant river basins, including the Danube, Rhine, Elbe, Po, Seine, and Vistula.
The topography across the European Union varies considerably, ranging from low-lying coastal and riverine
floodplains in nations such as the Netherlands and Belgium to the mountainous regions of the Alps, Carpathians,
and Pyrenees, all of which influence runoff patterns and flood peaks. Switzerland is excluded from this study as it
is not a member of the European Union, despite being geographically located within Europe.

In this study, we aim to improve the large-scale fluvial flood risk assessment of company assets by integrating
flood hazard data of 100 m resolution (Dottori et al., 2022) with the flexible state-of-the-art probabilistic Bayesian
Network-based flood loss model (BN-FLEMOcs, Schoppa et al., 2020) and object-specific exposure data
(Schorlemmer et al., 2024). Specifically, the study aims to attribute the future expected annual damage of fluvial
floods to company assets to the consequences of climate change and exposure changes. A key aspect of this study
is evaluating the potential of building-level precautionary measures to reduce future impacts, distinguishing our
model by offering a unique approach to risk mitigation. The manuscript is organized in the following sections.
The input data sets, including flood hazard, flood protection, exposure data, and the BN-FLEMOcs model, and the
scenarios are introduced in Section 2.1. The methodology for calculating loss metrics is detailed in Section 2.2.
The results are presented in Section 3, focusing on baseline flood losses, future projections, and the impact of
building-level precautionary measures. These findings are analyzed and contextualized in the discussion (Sec-
tion 4), which addresses key insights, limitations, and uncertainties. Finally, the manuscript summarizes the main
findings and recommendations for future research in Section 5.

2. Data and Methodology
2.1. Model Inputs
2.1.1. Hazard

The flood hazard data utilized in this study are from the Joint Research Center (JRC) of the European Com-
mission, as detailed in Dottori et al. (2022). This data set offers 100 m resolution flood extent and depth maps for
Europe and the Mediterranean Basin, covering various return periods (10, 20, 50, 100, 200, and 500 years). The
return levels were estimated using the non-stationary Extreme Value Analysis (EVA) methodology (Mentaschi
et al., 2016), which is able to account for the changes in extremes driven by climate change. The flood scenarios
were generated using the LISFLOOD hydrological model to simulate river flow data and the LISFLOOD-FP
hydrodynamic model for inundation simulations. These models were driven by climatological data from the
European Flood Awareness System (EFAS) of the Copernicus Emergency Management Service. The resulting
flood hazard maps encompass river basins exceeding 500 km?, with each cell value representing water depth in
meters. The data set has been extensively applied across multiple domains, including flood risk quantification,
policy formulation, and climate adaptation planning. For example, Steinhausen et al. (2022) employed the JRC
flood hazard maps to assess the flood risk to European households, highlighting the spatial heterogeneity in
exposure resulting in regional disparities. Dottori et al. (2022) utilized flood hazard maps to perform an economic
evaluation of adaptive strategies targeted at abating flood risks.
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Figure 1. Hazard, exposure and vulnerability components of flood risk assessment—input data, models and scenarios.

The FLOPROS data set (Dottori et al., 2022) defines flood protection levels at river locations based on the design
flood's return period. This data set was compiled by integrating diverse sources, including technical reports,
scientific literature, and risk modeling frameworks, to determine European countries' most probable protection
levels. To maintain consistency with flood hazard data sets in related research, the flood protection data were
downscaled to a 100-m grid. The flood protection data set has been widely used to assess flood risk and man-
agement strategies. Dolejs et al. (2022) emphasized its role in riverine flood risk management at the national scale,
while Tesselaar et al. (2023) with the help of FLOPROS data set tried to project future riverine flood risk at the
continental scale.

2.1.2. Exposure

This study uses the location and attributes of exposed company assets sourced from the model of European
buildings (Schorlemmer et al., 2024). This is an open data set that combines the ESRM20 aggregated building
exposure model (Crowley et al., 2021) with building-by-building exposure data sourced from OpenStreetMap and
the Global ML Building Footprint data set. The model is aggregated on a multi-resolution tiled grid between
100 X 100 m and 1 X 1 km and contains a comprehensive overview of building locations, sector types (residential,
commercial and industrial), building structural types, monetary value of building structure and population values.
Eurostat serves as the source of sector-specific equipment values (Fixed Assets: ICT equipment—AN.1132 and
other machinery and equipment—AN.1139) at the NUTS3 level (Nomenclature of Territorial Units for Statistics
level 3) based on the 2016 version (European Commission: Eurostat, 2018). The asset and equipment values are in
euro (€) in 2015 prices and exchange rates to align with NUTS region definition. The sector-specific equipment
values are disaggregated to individual company buildings proportional to the monetary value of building structure.
Further information on the disaggregation methodology is provided in Text S1 of Supporting Information S1.

2.1.3. Vulnerability

The vulnerability of companies is modeled in the study using a probabilistic Bayesian Network-based loss model
called BN-FLEMOcs (Schoppa et al., 2020). We implement the BN-FLEMOcs models that predict losses to
company building structure and equipment at a European scale. Figure 1 presents the hazard, exposure, and
vulnerability components of the flood risk assessment conducted in our study, along with the input data sources.
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Figure 2. Structure of BN-FLEMOcs (Schoppa et al., 2020)—flood loss model structure for (a) building relative loss (brloss), (b) equipment relative loss (erloss) with
the Markov blanket (dark blue nodes) and the missing variables in the Markov blanket at the European scale (light blue nodes). The nodes with a bold outline are the
input and target variables used at the European scale. The variables are represented as wd: water depth in centimeters; pre: proportion of precautionary measures
implemented; exp: flood experience; rp: return period; dur: duration of inundation; spat: spatial situation of the company; sec: sector; size: company size; brloss: relative
loss for building; erloss: relative loss for equipment.

The Bayesian Network approach represents the statistical dependency of several input variables as a directed
acyclic graph. The target variable is relative loss which is the absolute loss divided by the total replacement
value. In BN-FLEMOcs, the Markov blanket of relative loss includes hazard variable—water depth; com-
pany attributes such as sector in the case of equipment losses and spatial situation in the case of building
losses and proportion of precautionary measures implemented (see Figure 2). Spatial situation represents the
share of the company in the building—whether the company location comprises several buildings, one entire
building, one or two floors of a shared building or less than one floor of a shared building. Proportion of
precautionary measures is the number of precautionary measures that a specific company implemented
divided by the number of relevant measures that this company could have possibly implemented. The
relative loss is conditionally independent of all other variables given the variables in the Markov blanket. In
case of missing variables in the Markov blanket, their parent nodes are used to estimate the values. That
means, while applying the BN-FLEMOcs to Europe, it is not possible to obtain the spatial situation and
information on precautionary measures from the exposure data sets. Hence, we estimate these nodes using
their parent nodes—the spatial situation is estimated based on company size and company sector; imple-
mentation of precautionary measures is estimated based on return period and flood experience. The range of
estimates produced by BN-FLEMOcs reflects the modeling uncertainty associated with damage processes
and loss valuation.

The BN-FLEMOcs is a discrete Bayesian Network model. That is, the continuous variables in the model are
discretized. The discretization levels and structure of the model were learned by a combination of expert and data-
driven insights (see Schoppa et al., 2020 for further details). BN-FLEMOcs was calibrated (estimation of con-
ditional probability table values) and validated on empirical loss data (sample size = 1,346) obtained from post-
flood company surveys from the Elbe, Danube, Oder and Rhine catchments in Germany (Schoppa et al., 2020).
The capability of the BN-FLEMOcs model to generalize to other countries is tested by transferring the model
across two other countries in Europe. The model is validated on losses from the Secchia 2014 floods in Italy and
the 2021 floods in the Netherlands. Further details on the variables in BN-FLEMOcs, transfer and validation are
given in Text S2 of Supporting Information S1.
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2.1.4. Data

The study examines four 30-year time periods, each represented by its midpoint year. The baseline is set in the
year 1995, representing the years 1980-2010. For this period, flood hazard data were derived from long-term
hydrological simulations using the LISFLOOD model. The hydrological input included synthetic flood
hydrographs generated for each section of the European river network, which were used as inputs for the
LISFLOOD-FP hydrodynamic model. Flood simulations were conducted for all six return periods (10, 20, 50,
100, 200, and 500 years) to create hazard maps at continental scale representing inundation depth at 100 m
resolution (as mentioned in Section 2.1.1). The asset values (building structure and equipment) as of 2015 are
adjusted to reflect the retrospective baseline scenario by applying a sector-specific correction factor. The
regional estimates (NUTS 3) of the ratio of sector-specific total fixed assets in 2015 to those in the baseline
period (Paprotny & Mengel, 2023) are used as the correction factor. In addition to the baseline, losses cor-
responding to three future time periods centered at 2025, 2055, and 2085 are projected. In the future time
steps, combinations of RCP 4.5 and 8.5 climate change scenarios and exposure/asset value projections are
simulated (see, Figure 1).

For future periods, flood hazard projections were based on a comprehensive analysis using simulations from the
LISFLOOD hydrological model (Mentaschi et al., 2020), which was calibrated to incorporate future climate
scenarios. Forcing data were obtained from EURO-CORDEX projections under the RCP 4.5 and RCP 8.5 sce-
narios. The range of estimates in the climate change simulations results from the variability among the 11 EURO-
CORDEX projections used to inform the hydrological and hydraulic models. The assessment of future flood
hazards integrated flood frequency changes under the climate scenarios (Steinhausen et al., 2022). Exposure
projection is based on the projected change in regional GDP and the projected change in the ratio between in-
dustrial and commercial fixed asset stock to GDP. The regional GDP projections combine probabilistic pro-
jections of population and GDP per capita changes (Steinhausen et al., 2022). The ratio between industrial and
commercial fixed asset stock to GDP from 1950 to 2019 is extrapolated up to 2085. The uncertainty in the
exposure projection is quantified by randomly sampling the probabilistic GDP projection and the Standard Error
of trend extrapolation (Wooldridge, 2023).

The precaution ratio is calculated as the number of precautionary measures a company implemented prior to a
damaging flood event, divided by the total number of relevant measures that could have been implemented by that
company (Schoppa et al., 2020). This results in a value between O and 1, where higher ratios indicate better
preparedness and lower values reflect limited precaution. The measures considered span three categories:
adaptation (e.g., adapted use of flood-prone areas, relocation of equipment), mitigation (e.g., improving flood
resilience of buildings, installing water barriers), and emergency response (e.g., saving equipment or stock, using
water pumps, shutting down machinery, preventing contamination). With the exception of “saving equipment/
goods and stock,” which is treated as an ordered variable based on the amount saved, all other measures are
binary, indicating whether or not they were implemented.

“Status quo” refers to the current level of precautionary measures implemented by companies representing the
“Business As Usual” Scenario. “Status quo” is determined based on the historical flood experience and risk
awareness within each region, as represented by the BN-FLEMOcs model structure. The potential future flood
loss simulations considering combinations of climate scenarios and exposure projections are supplemented by a
policy-focused intervention—"“measures for all.” In this scenario, the lower limit of precaution across com-
panies is increased such that every company has implemented at least one property-level precautionary measure
relevant to reducing their potential flood losses. The minimum precaution level is kept consistent across
countries and timesteps. This scenario is designed to reflect a conservative assumption about the possible in-
crease in the uptake of precautionary measures in the future and to assess their effectiveness in mitigating flood
risk.

2.2. Risk Metric

The Expected Annual Damage (EAD) is calculated as the probability-weighted sum of damages across flood
scenarios with different return periods, incorporating the concept of residual risk using Equation 1:

EAD = 1/2 * Z(APRP,- ZDRP,-) + Rres (1)
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Figure 3. Expected Annual Damage for each country for the baseline period.

Where RP represents return period which can take values 10, 20, 50, 100, 200, and 500 and i represents the index
1-6; Dgp, represents the damage caused by each flood of return period RP; , determined using Equation 2:

2Dgp, = Drp, + Drp,,, 2

The exceedance probability interval AP;, defined as the difference between the inverse of two consecutive return
periods (RP; and RP; ), is calculated using Equation 3:

AP, =1/RP; + 1/RP,,, 3)

Residual risk R is the risk that persists despite structural flood protection measures. This includes scenarios
where flood defenses, such as dikes, are overtopped. Flood protection level (FP) is the return period of the
maximum flood the structural flood protection can withstand ranging from 10 to 10,000 years. For areas with FP
exceeding the maximum return period considered (500 years), the residual risk is added to the EAD calculation as
defined in Equation 4:

Dﬂ (4)

Rres = FP

D,,.x denotes the maximum damage caused by a 500-year return period flood, assuming damages do not increase
for events exceeding this threshold. This approach ensures that the EAD captures direct damages from events
below the protection standard and the residual risk associated with extreme events.

3. Results
3.1. Baseline Period

At the baseline period (centered at 1995), Germany has the highest estimated EAD (308 million euros), with the
industrial sector accounting for 54.15% and the commercial sector accounting for 45.85% of the total losses
(Figure 3). This is more than three times the damage estimated for the second-highest country, France (90.45
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Figure 4. Expected Annual Damage at the NUTS 3 level for the baseline period (1995).

million euros). Italy, Spain, and Belgium follow Germany and France, making them the top five contributors to
economic losses from companies. Cyprus and Malta, with no significant rivers, have zero flood loss. The lowest
losses are estimated for Lithuania at 0.2 million euros, Slovenia at 0.86 million euros and Denmark at 0.93 million
euros. This trend in estimated company losses aligns with findings on EAD to private households (Steinhausen
et al., 2022), which show that Germany had the highest EAD—more than 1.5 times that of France, the second-
highest.

At the NUTS 3 regional level, the highest aggregate losses in the commercial and industrial sectors are
concentrated along major riverbanks (see Figure 4). Mannheim, situated at the confluence of the Rhine and
Neckar rivers, records the highest EAD at 37.06 million euros, followed by Riga (34.83 million euros) near the
Daugava River, Paris at the confluence of the Seine and Marne, Berlin along the Spree River, and Hamburg at the
mouth of the Elbe River. High EAD values in these locations emphasize the significant influence of high-value
commercial and industrial assets located on floodplains. Berlin's relatively high EAD, despite lower flood hazard
levels, results from the clustering of commercial buildings near the river. Across all these regions, the commercial
sector contributes to the share of losses (75.69%). In contrast, regions with low EAD values (<50k€) are generally
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Figure 5. Percentage change in expected annual damage for future climate change scenarios.

distant from rivers, such as Cyprus, Malta, Greece, and Denmark. Parts of the Netherlands also exhibit low EAD
due to high flood protection standards.

3.2. Future Periods

We present the role of changing climate, changing exposure and a combination of climate and exposure change on
EAD to companies due to flooding over the future 30-year time periods centered at 2025, 2055, and 2085.
Throughout this analysis, the reported uncertainty encompasses the accumulated uncertainty from the climate
models, exposure projection, and loss model. It is quantified using interquartile ranges (IQR) and percentile
spreads (e.g., 25th—75th percentile).

3.2.1. Climate Change Scenarios

Two climate scenarios, RCP4.5 and RCP8.5, are considered for future timeframes. The percentage change in
EAD between the baseline and future scenarios exhibits a mix of increasing and decreasing trends (see Figure 5).

At the beginning of the century (centered around 2025), there is minimal difference in overall EAD between the
two scenarios, with a median increase of 61% and an interquartile range (IQR) of 16%—132%.

By the mid-century (centered around 2055) and late-century (centered around 2085), the divergence between the
two scenarios becomes increasingly evident. EAD shows a steady upward trend under both scenarios, with
sharper increases and wider uncertainty under RCP8.5. By 2055, EAD rises to 92% under RCP4.5 and 132%
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Figure 6. Percentage change in expected annual damage for future exposure change scenarios.

under RCP8.5, reaching 100% and 173%, respectively, by 2085, with RCP8.5 showing a much broader uncer-
tainty range (IQR: 50%—409%). The IQR of the EAD projections corresponding to RCP8.5 highlights the growing
uncertainty, with a pronounced skew toward higher rates of change compared to the more optimistic RCP4.5
scenario. The non-monotonic trend in future EAD projections arises from the uncertainty in regional climate
simulations, particularly during mid-century when projected changes are comparable in scale to model un-
certainties (Coppola et al., 2021).

Countries with the highest increase in flood risk due to climate change are those already experiencing high flood
risk in the baseline period, including Germany, France, Italy, and Belgium. In contrast, the least increase in flood
risk is observed in Lithuania, Estonia, Denmark, and Portugal. Regions showing a consistent decreasing trend in
flood risk across all future climate scenarios include the Mediterranean region, southern Italy, Spain, most of
Greece, and parts of Scandinavia, such as Norway, Denmark, and Finland. The projected decline in river flood
hazard across the Mediterranean region is attributed primarily to decreasing snowmelt-driven floods (Alfieri
et al., 2015).

3.2.2. Exposure Change Scenarios

Considering the exposure changes in the future time periods, most regions show increasing EAD trends. EAD
rises consistently across all periods, with sharper increases over time. It is projected to increase by 67.7% in 2025,
nearly double to 127% by 2055, and reach 188.2% by 2085 with narrower uncertainty (IQR 130.5%-251%)
compared to climate change (see Figure 6).

Regions around cities such as Ilfov in Romania, Gdansk and Warsaw in Poland and Dublin in Ireland show the
highest EAD increase due to exposure change. While most regions in Europe experienced an increase in EAD
until the end of the century, only a few regions in southern Italy and southern Finland show a decrease in flood risk
compared to the baseline period, attributed to a large drop in industrial gross domestic product (GDP) from 1995
to 2025.

3.2.3. Climate and Exposure Change Scenarios

In contrast to the mixed trend observed in the case of projections under climate change scenarios, we see a
monotonous increase in the EAD from the baseline to the future time periods in scenarios considering both
changing climate and exposure. Compared to the baseline centered in 1995, the EAD values at the beginning of
the century (centered at 2025) increased by 170% under changing climate (RCP4.5 and RCP8.5) and exposure.
This upward trend continues sharply through the century, with EAD nearly doubling by 2055 and surging further
by 2085. By 2055, EAD reaches 328% under RCP4.5 and 415.4% under RCP8.5, escalating to 469.6% and
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annual damage for combined future climate and exposure change scenarios.

660.3%, respectively by 2085. This scenario not only shows the steepest growth but also the greatest variability,
underscoring the compounding risk of simultaneous climatic and socioeconomic changes. Under the RCP 8.5
scenario, the influence of climate change takes precedence, reducing flood risk trends in certain regions. Notably,
southern Spain, Portugal, and Greece, along with the eastern Netherlands and parts of Finland, show a declining
flood risk trend, especially toward the end of the century (see Figure 7).

For the median projection, climate change and exposure change contribute equally to the rise in losses. However,
the combined scenario amplifies their impact, more than doubling the effect of each factor individually. Notably,
the uncertainty in loss estimates is far greater when modeling exposure change than in the case of climate change
scenarios (see Figure 8).

At the 75th percentile, losses driven by exposure change are three times higher than those driven by climate
change. In contrast, at the 25th percentile, exposure change results in only one-third of the losses driven by climate
change. Across all percentiles, the combined scenario consistently produces a larger effect, exceeding the sum of
individual contributions (see Figure 8).

3.3. Role of Building-Level Precautionary Measures

An intervention scenario, “measures for all” (at least one measure is implemented by all the companies) is applied.
The corresponding loss estimates from the BN-FLEMOcs model (see, Section 2.1, Figure 2) results in a reduction
of the EAD from 1.50 billion euros to 0.42 billion euros for the baseline time period centered at 1995 (see
Figure 8a). Under RCP 4.5 (RCP 8.5), total damages with status quo precaution amount to 2.42 billion euros (2.46
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Figure 8. Comparison of total EAD of Europe for status-quo and “measures for all” scenarios.

billion euros), 2.89 billion euros (3.49 billion euros), and 3.01 billion euros (4.12 billion euros) at time periods
centered at 2025, 2050 and 2085, respectively. Under the scenario “measures for all,” the EAD values drop to 0.68
billion euros (0.68 billion euros), 0.78 billion euros (0.94 billion euros), and 0.85 billion euros (1.09 billion euros),

respectively (see Figures 8c and 8d).

Comparable results are observed when considering future scenarios that account for changing exposure
(Figure 8b) and combined effects of exposure and climate change (see Figures 8e and 8f). For the combined
scenario, a reduction of approximately 67% is observed for the beginning of the century (from 4.04 billion
euros to 1.32 billion euros for RCP 4.5 and from 4.08 billion euros to 1.32 billion euros for RCP 8.5), a
reduction of approximately 65% for mid-century (from 6.45 billion euros to 2.20 billion euros for RCP 4.5 and
from 7.76 billion euros to 2.66 billion euros for RCP 8.5), and a reduction of approximately 62% by the end of
the century (from 8.58 billion euros to 3.25 billion euros for RCP 4.5 and from 11.45 billion euros to 4.17
billion euros for RCP 8.5). Notably, the “measures for all” scenario corresponding to the extreme climate and
exposure scenarios at the time period centered at 2085 results in a smaller EAD compared to the scenario with
status-quo precaution at the baseline time period centered at 1995. This reduction in EAD is comparable with
the effect of accommodation measures (up to 50% loss reduction) reported by Dottori et al. (2020). However,
it is higher in comparison to the 15% loss-reduction achieved through private precautionary measures in
households (Steinhausen et al., 2022). The BN-FLEMOcs model is calibrated based on empirical flood loss
data from Germany where companies more likely adopted proactive private precautionary measures rather
than relocating to reduce their flood exposure (Schoppa et al., 2020). The widespread adoption of these
measures further enhances the potential for substantial reductions in company flood losses. In addition to the
high loss-reducing capability, these measures were found to have the best cost-to-benefit ratio—5.2€ saved for
each € invested (Dottori et al., 2020).

The intervention “measures for all” reduces the uncertainty of the loss predictions (see Figure 8). By assuming
that each company has implemented at least one precautionary measure, the variability between companies is
reduced, and the precautionary level is similar everywhere, that is it eliminates the spatial uncertainty as to which
company has implemented a precautionary measure.
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4. Discussions

This study offers several advantages over state-of-the-art large-scale flood risk assessments with a focus on the
flood losses to companies.

e Unlike traditional flood loss models that rely heavily on sector-specific depth-damage functions using
inundation depth as the sole hazard indicator, this research employs a multivariate Bayesian Network-based
flood loss model (BN-FLEMOcs). This approach accounts for multiple variables, such as water depth,
company size, sector type, and the implementation of precautionary measures, improving the accuracy and
adaptability of loss estimations.

o The integration of object-specific exposure data from high-resolution building footprint data sets, such as
OpenStreetMap and the Global ML Building Footprint data set, enables property-level risk assessment, which
is a significant improvement over land-use-based models that provide only average exposure estimates.

¢ The study's focus on future scenarios, incorporating both climate change and exposure changes, along with a
“measures for all” intervention scenario that evaluates the potential of property-level precautionary measures,
provides actionable insights for risk mitigation that are typically overlooked in current large-scale assess-
ments. The spatially explicit loss estimates corresponding to all flood hazard, exposure and intervention
scenarios are openly provided with the manuscript.

The use of high-resolution data, advanced modeling techniques, and future-focused projections positions the
study as a critical contribution to assessing flood risk to companies in Europe. Despite these advantages, the study
is not without limitations. The projections of future flood risk are not deterministic values and are more suitable
for inter-country comparisons and for quantifying the effects of global drivers on flood risk dynamics. They
possess uncertainties due to limitations from modeling hazard, exposure and flood losses. From the hazard
dimension, the spread across the CORDEX models is a major source of heterogeneity for the climate-driven
future EAD projections (Knutti et al., 2013). The RCP scenarios considered represent only two specific trajec-
tories of climate change out of many possible futures. RCP4.5 is the 'business as usual' assumption of the
continuation of existing socio-economic trends, while RCP8.5 is the high-emission, fossil-fuel-driven future. This
study does not account for dike breaches as a failure mechanism; only overtopping of flood protection infra-
structure is considered. The uncertainty in flood protection data was not considered, as protection standards vary
across Europe, and discrepancies are difficult to quantify (Dottori et al., 2021). Additionally, countries with
increasing GDP are likely to implement more efficient flood protection measures with increasing flood hazards
(Paprotny et al., 2025), which is considered constant in this study.

Exposure data for both historical and future periods have notable limitations and uncertainties. Errors in the
European Buildings model (Schorlemmer et al., 2024) may propagate from their source data sets. OpenStreetMap
data, despite being suitable for risk assessments (Simpson et al., 2014), may include misclassifications due to
volunteer errors. Global ML Building Footprints, generated by Al, come with inherent uncertainties and are
supplemented by a settlement layer in areas with incomplete coverage, which could slightly distort exposure
estimates. Disaggregation of fixed assets by sector may also be inaccurate in some areas, though unlikely to
significantly affect relative losses or inter-country comparisons. Uncertainty increases in future projections due to
variables such as population and GDP changes, intra-country redistribution of exposure, and external factors such
as technological progress or global politics (Koch & Leimbach, 2023). We utilize probabilistic projections to
quantify this uncertainty (Riahi et al., 2016) and exclude land use changes, which historically have had a smaller
impact than raw exposure growth (Paprotny et al., 2018). Finally, we extrapolate the historical trend of fixed asset
values relative to GDP. Between 1950 and 2019, commercial assets grew from 120% to 174% of GDP as services
expanded from 53% to 80% of gross value added, while industrial assets declined from 79% to 62% of GDP as the
industry's share dropped from 32% to 19% (Paprotny & Mengel, 2023). We assume these trends will continue in
the coming decades due to the absence of alternative scenarios.

We develop a multi-variable flood loss model (BN-FLEMOcs) capable of assessing flood loss reduction resulting
from precautionary measures. Although the BN-FLEMOcs model used for estimating flood losses incorporates
precautionary behavior and was calibrated using observed loss data from companies in Germany, it lacks the
independent empirical validation of the effectiveness of individual precautionary measures. Future research
should aim to disentangle these effects through controlled empirical investigations to improve the accuracy and
robustness of intervention-based flood loss modeling. Another limitation is that the model assumes that the uptake
of the measures is solely based on past flood experience (see Figure 2) or as a static intervention scenario, such as
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“measures for all.” This approach lacks information on protective behavior which is influenced not only by prior
flood experience but also by factors like risk perception and self-efficacy. Incorporating the dynamics of adaptive
behavior into the flood loss estimation would provide a more realistic representation of the dynamics in flood
vulnerability (Schoppa et al., 2024).

Validation of loss estimates was conducted using microscale data (from post-flood surveys). Though, pan-
European validation is challenging due to limited sector-specific data. We compared our results with reported
economic losses from the HANZE database (Paprotny et al., 2024), extracting losses from 1981 to 2010 and
adjusting price levels from 2020 to 2015 using Paprotny and Mengel (2023). We estimated losses for the in-
dustrial and commercial sectors based on their share of total fixed asset value at the time of each event. This
approach yielded an EAD of €1.84 billion—14% less than our model estimate of €2.13 billion per year. Given the
incomplete loss data for many flood events, this is a close match. Exact comparison is limited by data gaps,
uncertainties around sector-specific losses, evolving exposure, and dynamics in flood protection standards.
Despite these challenges, the comparison supports the validity of our model's loss estimates for commercial and
industrial sectors in Europe.

The “measures for all” approach could be applicable to risk reduction practices in other countries, as well. For
instance, the Community Rating System is a voluntary, incentive-based system in the US that encourages
community flood risk management practices. While over 1,500 communities participate nationwide, due to the
voluntary nature, many communities don't participate, creating gaps in flood risk management practices
(FEMA, 2025). This design also leads to unintended consequences in participating communities' floodplains,
such as income inequality (Noonan & Sadiq, 2018; Sadiq & Noonan, 2015). However, overall, the effectiveness
of the Community Rating System to lower flood damage and costs is widely recognized (Sadiq et al., 2019), and
therefore extending it as a mandatory effort, where every community is required to participate, would help to close
the protection gap. Further, the system could be extended to focus on individual action alongside community
policy, requiring homeowners to adopt household-level flood reduction. Similarly, Japan's “River Basin Disaster
Resilience and Sustainability by All” is a national policy that mandates flood risk reduction measures across entire
river basins, including watersheds and floodplains. While the policy involves all stakeholders like national and
local governments, private enterprises, and residents, the implementation still faces challenges due to conflicting
interests, such as concerns over reduced rice yields from paddy field flooding (Bark et al., 2021). This approach
requires mandatory actions in three key areas: flood prevention (e.g., levee improvements and predischarge from
dams), exposure reduction (e.g., land-use controls and relocation), and disaster resilience (e.g., evacuation sys-
tems and building protections) (Koike, 2021). River administrators enforce these measures and update flood
control plans based on climate change impacts, like increased rainfall and tide levels (Chen et al., 2025). Making
these precautionary actions uniformly required helps close regional protection gaps, and improving awareness
through high-resolution data can further support long-term, stakeholder-driven implementation (Kawai
et al., 2024). The high-resolution, spatially explicit modeling framework developed in this study can support such
initiatives by providing localized, evidence-based insights into flood impacts under future climate scenarios. This
granularity enhances stakeholders' understanding of flood risks and the long-term benefits of adaptation, facil-
itating better-informed decision-making. Moreover, the framework's flexibility allows it to be adapted across
diverse geographic and institutional contexts, serving as a valuable tool for countries aiming to design equitable
and participatory flood risk management strategies.

5. Conclusions

This study advances large-scale flood risk assessments for the companies by integrating a multivariate Bayesian
Network-based flood loss model (BN-FLEMOcs) with object-specific exposure data and future-oriented sce-
narios. Our results indicate a significant rise in future EAD, driven by both climate change and exposure growth.
Projections show a dramatic increase in EAD by 2085, with a 469.6% rise under RCP4.5 and a 660.3% rise under
RCP8.5. High-risk countries such as Germany, France, Italy, and Belgium are expected to experience the most
severe impacts, while some regions in southern Europe and Scandinavia may see a reduction in flood risks.
Despite the advancements in modeling, uncertainties remain due to limitations in hazard modeling, the quality of
exposure data, and the disaggregation of asset values. Nevertheless, validation using the observed flood event
losses reveals a strong correlation between estimated and reported losses, reinforcing the reliability of the model's
outputs.
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In addition to assessing climate and exposure changes, this study evaluates the impact of precautionary measures on
mitigating future flood damage. Measures such as flood barriers and improved building design can significantly
reduce EAD across all scenarios—by 72% during the baseline period and up to 67% under combined climate and
exposure change scenarios. These findings emphasize the crucial role of building-level precautionary measures in
flood risk management to enhance resilience in vulnerable areas. By providing spatially explicit loss estimates and
demonstrating the effectiveness of precautionary measures, this research offers valuable insights to stakeholders
and policymakers involved in flood risk management for the companies throughout different continents.
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