
 

 

  



 1 

Abstract 

River floods are among the most destructive natural hazards globally, making timely and accurate 

Early Warning Systems essential for disaster risk reduction. European Flood Awareness Systems 

(EFAS) currently issues warning flood notifications based on static metrics. This study proposes a data-

driven alternative of notification issuance, to determine whether a supervised machine learning model 

can improve the accuracy of EFAS’s decision-making process. A Multi-layer Perceptron Artificial 

Neural Network was developed and trained on historical EFAS forecasts and observed discharges from 

four Dutch river stations. The model’s performance was compared against a surrogate of the current 

EFAS v5.2 operational logic. Results indicate that the machine learning model outperforms the current 

system for short- to medium-term forecasts (2-4 days horizon), highlighting the potential of data-driven 

methods.   
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1. Introduction  

1.1. Background 

Among natural hazards, floods are recognised as one of the most destructive and costly disasters 

worldwide (Wallemacq & House, 2018; CRED, 2020) and are generally defined as the overflow of 

water onto land that is normally dry (Kundzewicz et al., 2013). Although they vary in their magnitude 

and impact, they are commonly perceived by the public as events that cause significant disruption, 

damage, and loss of life (Mishra et al., 2022). Floods can result from a range of causes, including intense 

rainfalls, storm surges, landslides, rapid snowmelt, high tides, or failure of man-made structures 

(Kundzewicz et al., 2013). These causes are often interconnected and can be intensified by 

compounding effects, meaning events where multiple hazards happen simultaneously or sequentially, 

both in space and time (Seneviratne et al., 2019). Examples include the combination of wind and rain 

with high tides (Thelen et al., 2024) or saturated soils followed by intense rainfall events (Seneviratne 

et al., 2019). Moreover, these interactions are complex and dynamic, as they are subject to change over 

time in response to climate change, as well as land-use changes such as deforestation and urbanisation 

(Mishra et al., 2022).  

Within the various types of floods, fluvial floods occur when a river has a rapid rise in water levels 

inundating adjacent areas and are often followed by a slower decline in discharge (Doocy et al., 2013). 

These floods are alarming due to their possible impact on large areas along a river system. Moreover, 

growing evidence are proving that climate change is aggravating the frequency and the intensity of 

extreme river discharge events. One significant consequence of this trend is the shortening of the 

expected interval between major flood events, meaning that what was once considered rare ‘100-year’ 

floods are now occurring more often (Alfieri et al., 2015; Blöschl et al., 2019). 

The Intergovernmental Panel on Climate Change (IPCC) and the 2024 European State of the Climate 

report both identify Europe as one of the regions with the highest projected increase in surface water 

flood risk (Biesbroek et al., 2022; C3S & WMO, 2025). Over the past few years, Europe has experienced 

numerous major floods that have frequently made headlines. For example, the devastating floods in 

Germany and the Benelux region in July 2021 resulted in approximately 200 fatalities, damaged 72,000 

buildings and €50 billion in damages (EEA, 2025). More recently, in September 2024, widespread 

flooding affected eight countries across Eastern Europe (Jones, 2024) and in October 2024, severe 

storms in Valencia, Spain, caused river overflows that led to catastrophic damage and approximately 

150 deaths (Henley & Jones, 2024). According to the European State of the Climate report, floods in 

2024 alone resulted in the deaths of at least 335 people and affected an estimated 413,000 individuals 

(C3S & WMO, 2025). Moreover, the PESETA IV study, which projected the economic impacts due to 

climate change by the European Commission's Joint Research Centre (JRC), assessed that currently 
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river flooding causes approximately €7.8 billion in damages annually in the EU and the UK (Feyen et 

al., 2020). Without mitigation and adaptation measures, these numbers could rise significantly by the 

end of the century. 

Therefore, effective flood management has become an important priority in response to the 

increasing flood risks. To achieve meaningful disaster risk reduction, it needs a comprehensive 

approach that merges various interventions, typically categorised into structural and non-structural 

measures. Structural measures refer to physical and engineer-based interventions designed to reduce 

the impact of flooding by enhancing resistance and resilience in structures (UNDRR, 2017). These 

include the construction of physical defences that control and redirect water, such as dikes, levees, flood 

barriers and drainage systems. In contrast, non-structural measures focus on reducing vulnerability and 

increasing societal preparedness without altering the physical environment. These measures include 

land-use planning, legislation, public awareness campaigns and educational programs (UNDRR, 2017). 

Among the non-structural approaches, one of the key components is the Early Warning System (EWS), 

which, according to the United Nations Office for Disaster Risk Reduction (UNDRR, 2016), refers to 

an integrated system that involves monitoring, forecasting, assessing the risk, communicating and 

preparing for it. The purpose of an EWS is to enable individuals, communities, and governments to act 

timely to reduce disaster risks before a hazard occurs. While the concept of EWS can be broad, 

internationally recognised systems are expected to include four essential components: risk knowledge, 

monitoring and warning, dissemination and communication, and response capabilities (Šakić Trogrlić 

et al., 2022). When fully implemented, these elements work together to enhance preparedness. 

Within this framework, the European Flood Awareness System (EFAS) was introduced and 

established in 2012 by the JRC to strengthen the flood disaster response across Europe. It was developed 

to produce, as one of their products, medium-range streamflow forecasts and early warning information 

on riverine floods up to 15 days in advance (Smith et al., 2016). EFAS operates by using an ensemble 

weather forecast to drive a process-based hydrological model (LISFLOOD) and then simulate river 

discharges at high temporal and spatial resolution (Smith et al., 2016). The system consists of a 

structured organisation of specialised centres, each responsible for distinct operational functions, such 

as collecting hydrological and meteorological data, computing forecasts, and disseminating them 

(Smith et al., 2016). The dissemination centre issues forecast twice daily, along with other flood-related 

products, to EFAS partners, which include European and national authorities. In the case of flood alerts, 

notifications are also sent to relevant civil protection services. Currently, EFAS issues formal flood 

notifications based on a metric: a notification is triggered when at least 50% of the ensemble forecasts 

predict that river discharge will exceed the local 5-year return level within a window period of 2 to 7 

days (O’Regan, 2024b). 
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1.2. Problem Statement  

While floods are inherently unpredictable regarding their scale and timing (Kumar et al., 2025), 

warning information is expected to be both timely and accurate. However, EWS for floods inevitably 

face inherent limitations coming from input noise in meteorological and hydrological data, imperfect 

resolution, and the intrinsic uncertainty of model physics (Li et al., 2021). As a result, post-processing 

techniques are just as important as pre-processing and model improvements when it comes to improving 

the reliability of a forecast. Translating probabilistic forecasts into actionable alerts requires carefully 

balancing sensitivity, meaning the ability to detect actual flood events, against specificity, the ability to 

avoid false alarms. Increasing sensitivity by issuing more frequent warnings may reduce missed alarms 

on floods, but it also increases false positives (LeClerc & Joslyn, 2015). This risk leads to a ‘cry wolf’ 

effect, in which repeated false alarms decrease the trust among the vulnerable to the risk. This trade-off 

shows the importance of continuing to improve both forecast skills and decision rules to ensure that 

EWS remains accurate and societally effective.   

Within this context, EFAS plays a central role as Europe’s continental EWS for fluvial floods. Since 

it was created, EFAS’s forecasting module has demonstrated steady improvements in performance, 

measured through correct alerts, false alarms and misses compared to observed discharge data (Smith 

et al., 2016). Recent bulletins report that approximately 65% of EFAS’s formal notifications 

corresponded to observed flood events. However, this figure is based on received feedback for only 

23% of the disseminated formal notifications (EFAS, 2024), suggesting uncertainty in the true 

performance level.   

While recent advances in machine learning (ML) have led to significant improvements in weather 

and hydrological forecasting capabilities (e.g. ECMWF’s Anemoi project and the high-resolution AI 

Forecast System) (Maskell, 2023; Lentze, 2025), less attention has been given to ML application in the 

decision-making components. In EFAS, the decision to issue a formal notification remains based on a 

fixed-threshold approach, which does not benefit from the opportunities of data-driven approaches. To 

date, no published studies have directly integrated ML into EFAS’s decision rules for issuing flood 

warnings, highlighting a clear research gap. To address this knowledge gap, a supervised ML approach 

will be proposed as an alternative to the current static metric. Supervised means that a model is trained 

on historical data with known outcomes to be able to learn patterns and correctly predict the outputs. 

This approach is supported by recent studies that use supervised ML techniques to enhance similar 

decision-making tasks. For instance, Muñox et al. (2021) used supervised learning algorithms to classify 

the conditions of a river in Ecuador into three decision-making categories: No-alert, Pre-alert and Alert. 

Their model showed high accuracy in predicting the appropriate alert level.  
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2. Objective and Research Questions 

The main objective of this research is to focus on the monitoring and warning component of EFAS 

by proposing and evaluating a ML approach to improve the decision-making process within its flood 

notification system. Specifically, the study aims to design a supervised ML-based model that can more 

accurately determine when flood alerts should be issued, thereby improving the accuracy of EFAS’s 

decision rule to support flood preparedness and response. As a result, the main research question 

addressed in this thesis is:  

How can a supervised machine learning model improve the accuracy of EFAS’s decision-making 

process for issuing flood warning notifications? 

To answer the main research question, the research is structured into three sub-questions (SQ) as 

follows:  

1.  How does EFAS’s decision-making process for issuing flood notifications currently operate? 

2.  How accurate has the EFAS’s flood notifications system been in recent years, based on 

historical forecast and observation data? 

3.  How accurately can a supervised machine learning model predict flood notifications, and how 

does its performance compare to the current operational system?   
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 3. Theoretical and Conceptual Framework  

3.1. EWS Components 

In 2022, United Nations Secretary-General António Guterres declared that all people on Earth must 

be protected by an EWS within five years (WMO, 2022). Already, the Sendai Framework for Disaster 

Risk Reduction 2015-2030 has a key target to reduce disaster losses, which has led to the launch of the 

‘Early Warnings for All’ program designed to strengthen global early warning coverage. Therefore, it 

is important to state what an effective EWS means. According to Šakić Trogrlić et al. (2022), it consists 

of four key pillars, shown in Figure 1.  

 

Figure 1. Components of an EWS (Adapted from Šakić Trogrlić et al. 2022) 

 

Pillar 1: Disaster Risk Knowledge 

The first element of EWS is understanding the disaster risk, which allows to make informed 

decisions (Šakić Trogrlić et al., 2022). This process depends on accessing relevant data about the hazard, 

evaluating possible impacts, and sharing the gathered information with all stakeholders (Šakić Trogrlić 

et al., 2022). In the context of fluvial flooding, risk identification must go beyond recognising flood-

prone areas. It should also involve an understanding of the primary drivers, such as rainfall, weather 

patterns, soil moisture levels, river basin characteristics and snowmelt dynamics. Additionally, a risk 

assessment must be conducted to evaluate the threat’s level and its social and environmental 

consequences. 

Pillar 2: Hazard Detection, Monitoring, and Forecasting 

The second pillar focuses on the monitoring and forecasting of hazards (Šakić Trogrlić et al., 2022). 

It is achieved by integrating real-time observations, historical data, and scientific modelling. 

Forecasting capabilities vary based on the type of hazard. For instance, tornadoes can only be predicted 
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minutes in advance, droughts have seasonal timescales, and the development of storms can be projected 

days ahead (Šakić Trogrlić et al., 2022). In the context of fluvial flooding, EFAS offers forecasts with 

a horizon of up to 15 days (Smith et al., 2016).  

Pillar 3: Dissemination and Communication 

Monitoring and forecasting are not enough, as the information must be communicated clearly and 

effectively to those at risk. Dissemination processes should ensure that warnings are delivered through 

accessible channels and presented in a format that is easily understood by diverse audiences (Šakić 

Trogrlić et al., 2022). While the strategy for communicating them often depends on the specific type of 

hazard, a major challenge of addressing the uncertainties in forecasts remains (Doyle et al., 2019). 

Nevertheless, education and trust in institutions are key to guaranteeing that warnings are not only 

received but also acted upon in a timely and appropriate manner. 

Pillar 4: Response Capability 

Finally, an effective response depends on the capacity of individuals, communities, and institutions 

to act promptly when receiving a warning (Šakić Trogrlić et al., 2022). Preparedness measures should 

be in place before a hazard occurs, and response strategies must also include actions taken during and 

after the event. Since floods and other hazards can cross administrative boundaries, transnational 

collaboration is critical. EFAS was created to facilitate such cross-border coordination, providing a pan-

European platform for flood forecasting.  

3.2. Improving EWS through Machine Learning 

Current progress in research has significantly improved the ability of modern EWS (Šakić Trogrlić 

et al., 2022). Focusing on the second pillar, “detecting, monitoring, and forecasting hazards”, with 

higher access to open-source tools and growing accessibility of environmental data, data-driven 

alternatives to traditional modelling approaches have become increasingly available. While physically 

based models require extensive expertise and intensive computation, data-driven models treat the 

system as a ‘black box’ and use statistical or ML techniques to map inputs to outputs (Mosavi et al., 

2018). They depend exclusively on large volumes of historical data to learn input-output relationships 

without requiring knowledge of the underlying physical processes (Fares et al., 2023). Therefore, 

modern ML methods, a branch of Artificial Intelligence (AI), are well-suited to processing high-

dimensional, nonlinear, large, and complex datasets, aligning effectively with the current ‘big data’ 

driven environmental monitoring. They are tools capable of identifying nonlinear patterns and 

delivering rapid and accurate predictions (Chamola et al., 2020; Khan et al., 2023). Hence, since 2011, 

there has been a shift toward ML methods becoming increasingly dominant in flood forecasting 

applications (Byaruhanga et al., 2024). 

As there is currently a large variety of possible ML models based on the type of dataset and 

prediction task, they are broadly categorised into four main types: supervised, unsupervised, semi-
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supervised, and reinforcement learning (Kumar et al., 2025). Supervised learning has a dominant role 

in flood forecasting, where models are trained on labelled data to predict either continuous (e.g., river 

discharge) or categorical (e.g., flood severity classes) outcomes. Common supervised learning 

algorithms include regression models that estimate relationships between input and output variables 

(Hidayat Jati et al., 2019), decision tree-based methods such as Random Forest and gradient-boosted 

trees (XGBoost) (Muñoz et al., 2018), and Support Vector Machines (SVMs) (Wu et al., 2019; Yu et 

al., 2017). Additionally, Neural Networks, including deep architectures, are increasingly used for their 

capacity to model complex patterns within very large-scale datasets (Muñoz et al., 2021; Kumar et al., 

2025). In particular, recurrent networks such as Long Short-Term Memory (LSTM) are often used to 

model temporal dependencies in time-series data (Nevo et al., 2022), while Convolutional Neural 

Networks (CNNs) are used to capture spatial patterns in maps or remote sensing images (Bentivoglio 

et al., 2021).  

Although supervised learning algorithms are more popular in EWS applications and generally more 

suitable for prediction tasks (Kumar et al., 2025), unsupervised ML algorithms are gaining popularity, 

particularly in studies where ground-truth data is scarce. As these models do not rely on labelled data 

to detect hidden patterns, they can be used in flood detection studies in environments with limited data 

(Tanim et al., 2022). Semi-supervised learning is meant for complex problems with a limited amount 

of labelled data and a large amount of unlabelled data to improve model performance while reducing 

the need for extensive manual labelling (Kumar et al., 2025). Finally, reinforcement learning focuses 

on developing an optimal policy that can map states to actions in a dynamic environment and has been 

explored for rescue path planning (Li et al., 2023).  

3.3. EFAS’s Operational Workflow and Research 

Positioning 

To understand how ML could enhance EFAS, it is first important to know how EFAS currently 

operates. Therefore, a conceptual framework will first be developed to outline EFAS’s operational 

workflow, followed by a delineation of the research within that workflow. Established under the 

Copernicus Emergency Management Service (CEMS), EFAS provides continental-scale probabilistic 

flood forecasts and early notifications to national and regional water management authorities (Adams 

& Pagano, 2016). The system relies on a wide range of input data to achieve this, which includes 

meteorological and hydrological observations from in-situ measurement stations and radar networks, 

used to define the initial conditions of the hydrological model. A network of national meteorological 

and hydrological services supplies real-time and historical data. 

For the meteorological forecast input data, EFAS relies on different meteorological model products, 

each differing in resolution and forecast range (Smith et al., 2016). An overview of these models is 



 11 

provided in Table 1. Two are based on the European Centre for Medium-Range Weather Forecasts 

(ECMWF) integrated forecasting system, which provides a control high-resolution run called ECMWF-

HRES, capable of predicting up to 10 days, and ECMWF-ENS, an ensemble of 51 perturbed forecasts 

of lower resolutions that can provide medium-range probabilistic forecasts up to 15 days ahead (Smith 

et al., 2016). Ensemble refers to a set of forecasts from multiple simulations, in which each run has 

variations in its initial conditions. Hence, the ECMWF-ENS is essential to assess uncertainty by 

presenting a range of possible future weather outcomes throughout the forecast execution (ECMWF, 

2020; Owens & Hewson, 2018). It allows us to assess the predictability of the atmosphere by examining 

how closely it aligns with the control member forecast (ECMWF-HRES). The Deutscher Wetterdienst 

(DWD) provides a further deterministic forecast with high spatial resolution, produced by combining 

ICON-EU and ICON models (O’Regan, 2025). However, its forecast range is limited to up to 7 days 

(Smith et al., 2016). To focus more on identifying high-impact local weather events, EFAS implements 

a 20-member ensemble from the COnsortium for Small-scale MOdelling Limited-area Ensamble 

Prediction System (COSMO-LEPS). The range is shorter, as it provides forecasts only 5 days ahead 

(Smith et al., 2016).  

Table 1 

Overview of EFAS meteorological forecast systems. The spatial resolution is from O’Regan, (2025). 

Forecast name Members Maximum horizon Spatial resolution 

ECMWF-HRES 1 10 days ~ 9 km 

ECMWF-ENS 51 15 days 
~ 18 km until 26-06-2023 

~ 9 km from 27-06-2023 

DWD 1 7 days ~ 13 km 

COSMO-LEPS 20 5 days ~ 7 km 

  

All four models generate forecasts daily and twice a day (at 00:00 and 12:00 UTC), providing an 

extensive dataset that captures evolving weather patterns (Smith et al., 2016). These results are then 

forced into the hydrological rainfall-runoff routing model LISFLOOD, which is further integrated with 

real-time data, satellite observations and remote sensing data (De Roo et al., 2000). LISFLOOD, 

developed by the JRC, is a physically based model designed for operational flood forecasting at a 

European scale. It simulates a complete water balance at a 6-hour time step and for every 1,5 km grid 

cell, producing an ensemble of hydrological forecasts (LISFLOOD version 5). EFAS hydrological 

simulations, like the meteorological forecasts, are updated twice daily.   

To calibrate the forecasts, EFAS applies a post-processing procedure based on two main approaches: 

offline and online calibration (Matthews et al., 2022). Offline calibration is conducted twice a year, to 

establish the statistical distributions of observed and simulated river discharges, using techniques like 
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kernel density estimation and the generalised Pareto distribution for extremes (Matthews et al., 2022). 

These distributions are then mapped into a joint distribution estimation to be able to understand the 

expected future observations. Online calibration is performed daily at each station, updating forecasts 

using the most recent observations. First, the offline calibration adjusts the most recent discharge 

observations to correct for systematic errors, then the ensemble forecast is transformed into a probability 

distribution. Finally, both outputs are merged using an Ensemble Kalman filter to produce the final 

probabilistic forecast (Matthews et al., 2022). The probabilistic forecast means that rather than 

providing a single predicted value, it estimates the probability of possible future river discharges based 

on the information available up to date (Todini, 2008).  

This post-processing procedure results in the EFAS’s first product for its partners: station-level post-

processed probabilistic hydrographs. Based on these forecasts, EFAS offers a range of products to its 

partners, including formal flood notifications via email and on the secure web portal, providing access 

to the most up-to-date information (Smith et al., 2016). To standardise decision-making across different 

stations, as EFAS does not have the local knowledge at each forecast point, it applies a simplified binary 

flood classification (Pozo et al., 2015). Specifically, EFAS evaluates whether forecasted streamflow 

exceeds predefined flood thresholds derived from return periods, which represent the average interval 

between flood events of a given magnitude. The return periods used in EFAS are 1.5 years (low), 2 

years (medium), 5 years (high), and 20 years (severe) (Pozo et al., 2015). These thresholds are calculated 

for each river based on historical simulated discharge data, called simulation forced with observed 

(SFO) (EFAS, 2024), and are used as the benchmark for flood classification. In this research, I will 

adopt the same definition of flood. 

Overall, Figure 2 provides an overview of EFAS’s operational workflow. This research is positioned 

within the framework, aiming to improve the segment between the post-processing stage and the 

dissemination of formal notifications to EFAS partners.  

 

Figure 2. The conceptual and theoretical framework of EFAS is placed within the four pillars of EWS. The 

research focus is highlighted within the diagram to show its specific position in the overall EFAS workflow.  
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4. Study Area and Data 

4.1. Study Area  

The study focuses on four river gauge stations in the Netherlands: Lobith, Megen Dorp, Venlo and 

St Peter Noord in Maastricht. These locations were selected as they are EFAS hydrological model 

performance points, where EFAS LISFLOOD hydrological simulations are compared against observed 

discharge records, as part of the offline calibration process. (CEMS, 2019; O’Regan, 2023). These four 

stations have available long and continuous observed discharge datasets, offering a reliable dataset for 

evaluating both regular and high-flow events. Lobith (51.00° N, 6.11° E), a city in the Netherlands 

located on the German-Dutch border, where the Rhine enters the Netherlands and divides into two main 

tributaries, the Pannerden Canal and the Waal, as seen in Figure 3. Due to its strategic location, Lobith 

plays a central role in national flood in flood risk management and water resource planning 

(Rijkswaterstaat, 2024). Therefore, Lobith has one of the most extensive databases in Europe, with daily 

discharge measurements since 1866 (Bomers et al., 2019). Megen Dorp (51.82° N, 5.4° E), Venlo 

(51.56° N, 6.05° E), and St. Pieter Noord (50.8° N, 5.7° E), are three-gauge stations located along the 

Meuse, a major rain-fed river entering the Netherlands from Belgium. Both rivers’ water levels 

throughout the year are closely monitored by the Dutch national water authority and Rijkswaterstaat. 

This study uses two primary data sets: the hydrological forecast of river flow from EFAS (Section 

4.2) and observed discharge data from Dutch authorities (Section 4.3). Together, these datasets will 

help answer the main research question. 

 

Figure 3. Map showing the locations of the four gauge stations (Lobith, Venlo, Megen Dorp and St Peter in 

Maastricht) within their regional and national context.  
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4.2. EFAS Forecast River Discharge Data 

The EFAS forecast river discharge data is a core product and represents the volume rate of water 

flow, including water, sediments, chemical, and biological materials, through a river channel cross-

section. Discharge values represent the hydrological forecasts generated using the LISFLOOD 

hydrological model driven by meteorological predictions from ECMWF, COSMO and DWD (see 

Section 3.3). The dataset is sourced from the JRC & CEMS (2019) and covers the period from October 

10th 2018 to present. Real-time access is restricted only to EFAS partners, while for external users, the 

data are released with a 30-day delay relative to the current date. 

Each EFAS forecast provides discharge estimates over a rolling prediction window of 360 hours (15 

day) with a 6-hour resolution. This results in 60 forecasted discharge values per initialisation of the 

forecast. As stated in Section 3.3, the ECMWF-ENS consists of 51 members: one control member 

(ECMWF-CON) with unperturbed initial conditions and 50 perturbed ensemble members. Due to the 

configuration of the CEMS server, the control member is handed separately when downloading. As new 

meteorological data becomes available, the rolling window is updated to generate the next forecast cycle 

with the latest meteorological input. Given that official EFAS flood notifications are issued for the 

period between day 2 and day 7 forecast, only discharge values corresponding to horizons between hour 

48 and hour 168 are used in this study. Table 2 shows an overview of the available forecast datasets, 

including their temporal resolutions and periods of missing data. The data are unavailable due to an 

error in the calculation of the initial conditions for EFAS version 5 (O’Regan, 2024c). 

Table 2  

Overview for each dataset, its resolution window, the available period and the period with missing data. 

Dataset Resolution Window Available Period Missing Data 

ECMWF-ENS 6-hourly 10/2020 – 04/2025 19/09/2023 - 29/05/2024 

ECMWF-CON 6-hourly 10/2020 – 04/2025 19/09/2023 - 29/05/2024 

ECMWF-HRES 6-hourly 10/2018 – 04/2025 19/09/2023 - 29/05/2024 

DWD-HRES 6-hourly 10/2018 – 04/2025 19/09/2023 - 29/05/2024 

COSMO-LEPS 6-hourly 01/2019 – 04/2025 19/09/2023 - 29/05/2024 

  

Discharge data on Version 5.0 of the EFAS model are provided as a gridded time series on a regular 

latitude-longitude projection. The dataset offers pan-European coverage, but for this research, an area 

centred on all of the river gauges will be extracted as a sub-region. The spatial resolution of the forecast 

data is approximately 1×1 arcminute, equivalent to roughly 1.5 × 1.5 kilometres (JRC & CEMS, 2019). 

While river discharge is available at the surface level, the model also includes other variables such as 
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soil moisture across three vertical layers and snow depth. Finally, the dataset can be formatted in both 

GRIB2 and NetCDF-4 formats. For efficient and automated access, data retrieval is conducted via 

Python-based application programming interface (API) provided by CEMS. Deterministic data from 

DWD-HRES and ECMWF-HRES, and the control member ECMWF-CON, are downloaded via a 

Python-based application programming interface (API) provided by CEMS on a HPC system, following 

their best-practice guidelines (O’Regan, 2024a). Meanwhile, the ensemble data are obtained through 

the web server, as it was faster. After the download, the raw files are processed and converted into CSV 

for further analysis. Details of the data preprocessing are further explained in Appendix A.  

4.3. Observed River Discharge Data 

Observed river discharge data used in this study are sourced from ‘Waterinfo Extra’, a platform 

managed by Rijkswaterstaat, the Dutch national water authority (Rijkswaterstaat, 2025). This website 

provides a variety of in-situ measurements from various monitoring stations across the Netherlands. For 

the purpose of this research, the relevant dataset to be used is the river flow rate in m3/s, which captures 

the actual volume of water passing through a cross-section of the river, recorded at regular intervals. 

The discharge data is measured every 15 minutes, however, for consistency with the EFAS forecast 

dataset, it will be aggregated to a 6-hour resolution using the mean. Moreover, to maintain consistency 

and to have a meaningful comparison, the temporal coverage of the observed data will be aligned with 

that of EFAS. This is important, as the observed discharge is the ground truth in this research, to check 

whether the river’s observed discharge exceeds the return period threshold. In addition, historical 

discharge data from 1990 were downloaded for each station to compute the return period.  

On the website, users can request the data download, and a link to a CSV file will be sent via email. 

However, during data collection, ‘Waterinfo Extra’ underwent a system-wide synchronization process 

that temporarily limited the access to the 2024 measurements via the Web Services. Therefore, 2024 

data was retrieved via the Waterinfo Extra API. Due to this synchronization, the data varies slightly 

between stations. Lobith and St. Peter Noord have data until April 2025, while Megen Dorp and Venlo 

until the 31st of December 2024.  
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5. Methods 

This chapter will outline for each sub-research question the methods that were used to answer it. 

Figure 4 visually presents a general overview of the methodological workflow.  

 

Figure 4. Overview of the methodological workflow. The blue box show the input data used, the green boxes 

represent the research questions together with the methods used to address them, and the red boxes display the 

outputs from each model. The red arrows show how outputs from one module serve as inputs to the next module. 

5.1. Operational Overview of EFAS Notification System 

This section outlines the methods used to answer the first research question, “How does EFAS’s 

decision-making process for issuing flood notifications currently operate?”. The objective was to 

reconstruct EFAS’s notification system through a literature review. The analysis focused on academic 

and peer-reviewed literature discussing or evaluating EFAS, as well as on technical reports and grey 

literature (Wiki pages, user guides, and bulletins) published by EFAS, ECMWF, or JRC, which often 

provide descriptions absent in journal articles.  Relevant documents were identified using Google 

Scholar, Scopus and official institutional repositories, filtering for titles, keywords or content with terms 

such as “EFAS Notification” or “EFAS Alert”. Data management and thematic analysis were done on 

ATLAS.ti (ATLAS.ti Scientific Software Development GmbH, 2023).  Each document was coded 

thematically using an inductive-deductive approach, meaning initial codes were established based on 

known EFAS components that I was looking for, while additional codes were added during the analysis 

to include new relevant information. The eight thematic code groups are:  

1. Forecast Inputs: identification of model providers and ensemble structures. 

2. Aggregation Logic: methodology for combining different forecasts. 

3. Formal Notification: general information about the rules of formal notifications. 

4. Operational Constraints: spatial and temporal conditions limiting the system. 
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5. Evaluation Methods: performance metrics used to assess model configurations. 

6. System Evolution: chronological development of EFAS versions and criteria updates.  

The outcome of this analysis will describe a synthesis of the operational overview of the EFAS 

decision-making chain, derived from the reviewed materials.  

5.2. Developing a Surrogate Model of EFAS’s Decision 

Logic 

From the overview of the first research question, the second research question, “How accurate has 

the EFAS’s flood notifications system been in recent years, based on historical forecast and observation 

data?”, aims at developing a surrogate model to replicate the operational logic of EFAS’s current flood 

notification process. First the threshold used to classify events as flood or non-flood conditions are 

calculated per station. Then, a model is designed to approximate the decision rules used by EFAS to 

assess the historical accuracy and provide both a quantitative baseline for evaluating EFAS’s current 

system and a feature for training the ML. 

5.2.1 Threshold of Flood Return Period  

The EFAS notification system converts forecasted discharge time-series into binary classification of 

exceedance or non-exceedance based on a predefined discharge threshold (Casado-Rodríguez et al., 

2025). These thresholds correspond to the 5-year return period (Q5) of river discharge, derived by fitting 

a Gumbel distribution to the annual maximum values of the river from 1990 to the current year, a 

common method in hydrology to model extreme events. (Casado-Rodríguez et al., 2025). The discharge 

value (xT) associated with a return period T (years) is obtained using Equation (1).  

XT  =  μ − β ln [− ln (1 −
1

T
)] (1) 

where μ represents the average flood magnitude and β represents the variability of the flood, scaled by 

a frequency factor reflecting the event’s rarity (Anghel, 2024; Jonsson & Rydén, 2017). The parameters 

of the Gumbel distribution were estimated using the maximum-likelihood method from the SciPy 

library.  

EFAS, however, does not use real observed discharge data for this computation. Instead, it relies on 

long-term discharge simulation produced by LISFLOOD hydrological model forced with gridded 

observed discharge, precipitation and temperature data (Mazzetti et al., 2023). However, in this study 

the return period is derived from observed river discharge data at each gauge station, obtained from 

Waterinfo Extra, ensuring that is grounded on actual hydrological behaviour. It allows locally 

representative thresholds while reducing bias related to EFAS model simulations. 
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5.2.2. Accuracy Metrics  

To evaluate the surrogate model, predictions are compared against observed discharge events. 

Standard accuracy measures the proportion of correct classifications by computing the number of 

correct predictions divided by the total number of predictions, to give the right proportion of correct 

predictions. However, this metric alone is insufficient for evaluating a classification model (Fergus & 

Chalmers, 2022), as it treats all errors equally. Therefore, to provide a more class-sensitive evaluation, 

additional metrics were used to assess the accuracy of the model. These rely on the confusion matrix 

(Table 3), a 2x2 table that compares predicted values with actual outcomes into true positives (TP), 

false positives (FP), true negatives (TN), and false negatives (FN) (Hossin & Sulaiman, 2015; Naidu et 

al., 2023). Each type of misclassification has different operational implications. FN, meaning no alert 

was issued but a flood happened, represents the most critical error from the EWS perspective, as it 

represents a failure to provide timely protection. FPs, where an alert was given but no flood occurred, 

are less severe but they may lead to alarm fatigue and affect the trust in the system (the “cry-wolf” 

effect).  

Table 3  

Overview of the Confusion Matrix Table  

 Observed Flood (1) Observed No Flood (0) 

Predicted Flood (1) True positive (TP) False Positive (FP) 

Predicted No Flood (0) False Negative (FN) True Negative (TN) 

  

To provide class-sensitive assessments, metrics such as precision, recall and the F1 and Fβ Score are 

used (Chicco & Jurman, 2023), which provide the ratio of the model’s ability to correctly identify 

positives and negatives. Table 4 provides all the formulas and descriptions of each selected metric. The 

F1-score, a harmonic mean of precision and recall, summarizes the trade-off between false positives 

and false negatives at a fixed threshold (Hossin & Sulaiman, 2015; Naidu et al., 2023). Unlike the F1-

score, which weights precision and recall equally, the Fβ allows for prioritizing one metric over the 

other. The specific value of β is selected based on the findings from the literature review regarding 

EFAS’s operational decision-making process (SQ1).  

Finally, the Area Under the Precision-Recall Curve (PRAUC) evaluates the model's performance by 

showing the trade-off between precision and recall across all possible thresholds (Sofaer et al., 2019). 

Unlike the other metrics derived directly from a confusion matrix, PRAUC is computed by plotting 

precision and recall ratio at different threshold values and calculating the area under that curve, so it 

does not have a single fixed formula. As it relies only on TP, FP, and FN, and ignores TN, PRAUC is 

less affected by class imbalance and by the infrequent occurrence of the positive class (Sofaer et al., 

2019). 
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Table 4 

Overview of the selected metrics to assess the model performance. 

Metric name Formula Description 

Precision 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Portion of predicted flood events that 

were actually floods. 

Recall 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Ability to correctly identify actual flood 

events. 

F1-score 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅  𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 

Harmonic mean between recall and 

precision values. 

Fβ-score (1 + 𝛽2) ∙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙  

(𝛽2  ∙ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛) + 𝑅𝑒𝑐𝑎𝑙𝑙
 

A weighted harmonic mean where  

𝛽 < 1 prioritizes precision, while  

𝛽 > 1 prioritizes recall.  

 PRAUC  

Trade-off of how well the model 

separates flood from non-flood events 

across all possible classification 

thresholds. 

5.3 Design of Supervised ML Model and Performance 

This section describes the design of the supervised ML developed to address the third research 

question “How accurately can a supervised machine learning model predict flood notifications, and 

how does its performance compare to the current operational system?”. To answer this question, this 

research uses neural networks as a supervised machine learning algorithm, to determine whether a flood 

notification should be issued.  

Flood forecasting is a complex modelling challenge due to the non-stationary and non-linear nature 

of hydrological data in both time and space (Cloke & Pappenberger, 2008). Hydrological behaviours 

are rarely consistent over time, and the relationships between variables shift dynamically. Additionally, 

extreme events are infrequent, resulting in historical datasets with limited examples of critical 

conditions, which further increases the modelling difficulty (Cloke & Pappenberger, 2008). To 

adequately capture these dynamics, the model’s complexity needs to align with the complexity of the 

forecasting task. Because of the nature of the problem, Neural Networks (NNs) are particularly well-

suited for capturing complex non-linear relationships between inputs and outputs (Islam et al., 2019; 

Kumar et al., 2025).  



 20 

5.3.1. Input Data Organization 

The dataset is organized in a structured tabular format, with each row representing a single forecast 

instance defined by the date and forecast location. All predictor variables available at that instance are 

included within the same row. As detailed in Section 4.2, forecasts are issued at 00:00 and 12:00 UTC, 

resulting in two rows per day for each location. While the operational system outputs data every 6 hours, 

giving four forecasts per day, this analysis focuses on a single forecast horizon per day to reduce 

computational complexity. Specifically forecast horizons of 48, 72, 96, 120, 144, and 168 hours are 

analysed, corresponding to the final horizon within each day. For clarity, the horizons are hereafter 

referred to by day number (e.g. 48 hours as day 2). The input features primarily consist of discharge 

forecasts from the different provider systems, which are incorporated based on their configurations and 

structures. Deterministic forecasting systems (DWD, ECMWF-HRES, and ECMWF-CON) provide a 

single discharge value for each forecast horizon at six-hour resolution, which are included as individual 

numerical features. Ensemble-based systems (COSMO-LEPS and ECMWF-ENS) provide multiple 

forecasts per horizon. To summarise the ensemble information, the ensemble median is used for each 

system. This provides a robust measure of central tendency that is less affected by outliers in high-

uncertainty scenarios. Additionally, the observed discharge measured twelve hours prior to forecast 

issuance is included to provide antecedent hydrological information. All numerical features were 

standardized using z-score scaling (mean of 0, standard deviation of 1) to ensure uniform contribution 

(Shyalika et al., 2024). The categorical feature “location” was transformed using one-hot encoding, 

converting it into binary vectors to prevent the model from assuming ordinal relationships between the 

river stations (Scikit-learn, 2019). Finally, the “Ground Truth” target variable is derived from the 

observed discharge dataset and, as the problem is formulated as a binary classification task, takes a 

value of 1 if the observed discharge exceeds the flood threshold, and 0 otherwise. While this variable is 

not used as an input feature, it plays an important role as the objective target for model training and as 

the reference standard for comparing the model’s probabilistic outputs, enabling the loss function to 

measure error and adjust network weights during training (Shrestha, 2024). Table 5 provides an 

overview of the input features, including their descriptions, data types, and formats. During training, 

each dataset row is passed to the network as a vector of feature values, activating the corresponding 

input neurons.  
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Table 5.  

Overview of the tabular dataset containing input features for the supervised ML model.  

Feature 

Name 
Description Type Format 

Location 
Identifier of the forecast river station: Lobith, 

Venlo, St. Peter, Megen 
Categorical One-Hot Encoder 

DWD [h] 
Deterministic discharge forecast from DWD at 

horizon h (6-hour resolution) 
Numerical 

One column per 

horizon 

HRES [h] 
Deterministic discharge forecast from ECMWF-

HRES at horizon h (6-hour resolution) 
Numerical 

One column per 

horizon 

CON [h] 
Deterministic discharge forecast from ECMWF-

CON at horizon h (6-hour resolution) 
Numerical 

One column per 

horizon 

ENS median 

[h] 

Median of all ECMWF-ENS ensemble members 

at horizon h (6-hour resolution) 
Numerical 

One column per 

horizon 

COSMO 

median [h] 

Median of all COSMO ensemble members at 

horizon h (6-hour resolution) 
Numerical 

One column per 

horizon 

12-hour prior 
Observed river discharge measured 12 hours 

prior to the forecast reference time 
Numerical Single column 

Ground Truth 

[h] 

Binary indicator of threshold exceedance (1 = 

flood, 0 = no flood) 
Binary 

One column per 

horizon 

 

5.3.2. Model Architecture 

Having defined the structure of the input features, the neural network architecture is introduced. A 

multi-layer perceptron artificial neural network (MLP-ANN) is used in this study, which is an 

architecture widely used for classification tasks across multiple complex domains (Tian et al., 2021). 

An MLP is a fully connected network, also known as a dense network, in which every neuron in one 

layer is connected to every neuron in the next layer (Islam et al., 2019). At its core, each neuron acts as 

a fundamental processing unit designed to detect specific patterns. It receives signals from the previous 

layer, assigns them varying levels of importance and aggregates them to determine its output. As Figure 

5 shows, the chosen model is strictly feedforward, meaning that information flows unidirectionally from 

the input layer, through the hidden layers, to the output layer. This design choice reflects the framing 
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of flood notifications as independent classification events based on the current input state, rather than 

as a sequential problem that would require a loop structure.  

 

Figure 5. Visualisation of the model architecture used in this study. `Each circle represents a neuron, and the 

network consists of an input layer, three fully connected hidden layers and single output neuron to generate the 

final flood notification probability 𝑦̂ . 

 

The model architecture is defined by several parameters that influence its performance. The input 

layer size corresponds to the number of input features in the dataset. Following the input layer, the 

network includes three additional layers of interconnected neurons, called the hidden layers. Each 

hidden layer is made of a defined number of neurons, which will be treated as hyperparameters and will 

be determined via tuning. Mathematically each neuron j computes the weighted sum of its inputs 

(𝑥𝑖) plus a bias term (𝑏 𝑗) to generate a pre-activation value (𝑧𝑗) (Equation 2).  

𝑧𝑗 =  ∑𝑤𝑗𝑖𝑥𝑖 + 𝑏 𝑗 

𝑛

𝑖=1

(2) 

In this context, the weight parameter 𝑤𝑗𝑖 determines the strength of the connection between the input 𝑖 

on neuron j, while 𝑏 𝑗  allows the neuron to adjust its activation threshold. This linear combination is 

then passed through a Rectified Linear Unit (ReLU) activation function, which introduces non-linearity 

(Equation 3). Selected for its computational simplicity and effectiveness (Shrestha, 2024), ReLU 

outputs zero for negative inputs and returns the input value if positive.    

𝑅𝑒𝐿𝑈(𝑧𝑗) = max(0, 𝑧𝑗) (3) 

The final layer has a single linear neuron that aggregates the features from the hidden layers. The 

model outputs a real-valued score z, which represents the probability for flood notification. To interpret 



 23 

this score as a probability, the Sigmoid activation function (𝜎) is applied to the final pre-activation value 

z (Equation 4). 

𝜎(𝑧) ≡
1

1 + 𝑒−𝑧
 (4) 

 

 This function transforms any real-valued input into an output 𝑦̂̂ between 0 and 1. As the pre-

activation value z increases, the output moves closer to 1, indicating a high confidence in a flood event. 

When z becomes very negative, the exponential term grows and moves the output toward 0 (Bishop, 

1995; Nielsen, 2015). With Sigmoid function, small adjustments to the weights result in predictable 

changes in the output probability, preventing sudden prediction jumps. In this study, rather than 

explicitly applying the Sigmoid activation function, it is computationally fused with the Weighted 

Binary Cross-Entropy (WBCE) loss function (Equation 5) for higher stability (PyTorch, 2024). This 

function quantifies the difference between predicted outputs (𝑦̂ ) and the actual ground truth labels (y) 

to adjust the internal parameters to improve prediction accuracy over time (Shrestha, 2024). This 

formulation takes the value z as input and internally computes the log-probabilities.  

𝐿𝑊𝐵𝐶𝐸 (𝑧, 𝑦̂)  =−[𝛼 ⋅ 𝑦̂ ⋅ log(𝜎(𝑧)) + (1− 𝑦̂) ⋅ log(1−𝜎(𝑧))] (5) 

Here y represents the ground truth, and 𝛼 is positive class weight tuned for each forecast horizon to 

balance detection sensitivity and false alarm control (PyTorch, 2024). A high loss means poor predictive 

performance, whereas when low means alignment between the model’s output and the observed 

outcomes. As the aim is to reduce this loss, the optimisation technique used is ADAM, an algorithm 

that provides extensions from the classic stochastic gradient algorithm and helps accelerate the 

performance of the model (Kingma & Ba, 2014). 

MLP-ANNs have numerous tuneable parameters, which introduce inherent challenges related to the 

bias-variance trade-off. A model that is too simple fails to capture the underlying non-linear 

relationships in the hydrological data and has high bias, causing the model to underfit (Arbel et al., 

2023). If the model is too complex, it captures noise rather than signals, leading to poor performance 

on unseen data and overfitting (Arbel et al., 2023). NNs tend to have low bias but are highly susceptible 

to high variance (Arbel et al., 2023). In this study, the scarcity of extreme events further intensifies this 

effect. When only a small part of the entire dataset is positive, a high-variance model may memorize 

these rare instances, rather than learning generalizable patterns. Therefore, targeted mitigation strategies 

are necessary to limit the model’s variance while preserving the model’s ability to detect complex 

patterns.  

5.3.3. Training Configuration  

The dataset consists of time-series observations, meaning a sequence of values in which time is an 

independent variable (Machiwal & Jha, 2012). Therefore, the data are temporally ordered and the model 

must preserve the sequential nature to function like an operational forecasting environment and prevent 
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temporal information leakage from future periods (Newaz et al., 2022). Due to the data gap from 

September 2023 to May 2024, data recorded before this gap is used for training and internal validation, 

while data after the gap serves as a hold-out test set (approximately 2087 rows, 20% of the total data). 

The training set consists of a set of data for which the correct outputs are known and can be used to 

train the model (Islam et al., 2019). To monitor the model’s generalization performance and detect 

overfitting during the training phase, an internal validation strategy is required. To keep the temporal 

dependencies, a Time-Series Cross-Validation with an Expanding Window is employed (Hyndman & 

Athanasopoulos, 2018; Scikit-learn, n.d.). In this approach, the training set expands progressively over 

time, while the validation set always immediately follows the training period chronologically. As 

Figure 6 shows, in the first fold the model trains on an initial segment of the data and validates on the 

following segment. In the next fold, the training window expands to include all data observed up to the 

end of the previous validation period, and validation is performed on the next unseen sequence. To 

ensure that each validation window contains enough flood events for meaningful evaluation, the number 

of folds was set to 2. This results in validation windows of circa 2780 rows each (~26.7% of the full 

dataset).  

 

Figure 6.  Timeline of the data cross-validation structure into two expanding folds and a hold-out test period. 

5.3.4. Data Augmentation 

When data is limited, model performance depends strongly on inductive bias, from model design 

and training procedures, to avoid overfitting, which data augmentation can increase (Arbel et al., 2023). 

After the splitting of the data, to deal with unbalanced datasets, data resampling is often used. However, 

standard resampling methods are often inappropriate for time-series data, as they destroy the 

dependence sequence (Härdle et al., 2003). To address this limitation, a targeted event-based 

oversampling strategy was applied to the minority class. Flood events are represented as contiguous 

temporal blocks Bk, defined as sequences of forecasts, during which the corresponding target variables 

are positive (Equation 6). By resampling the entire flood block rather than individual time steps, the 

augmentation process preserves the physical structure and persistence of flood, ensuring that the model 

is exposed to realistic flood dynamics.  

Bk = {tm, tm+1, … , tp} such that  y(t) = 1 ∀ t ∈ [tm, tp] (6) 

Here 𝑡𝑚 is the first observation in the tabular dataset for which the ground truth label equals 1, and 𝑡𝑝 

is the last contiguous observation with the same label. During training, these blocks are sampled with 

replacement and appended to the training dataset until a predefined ratio is achieved. This approach 
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increases the representation of flood patterns. In addition, to reduce the risk of the model overfitting, 

the study applies Gaussian Noise on the majority class during training (Panarin, 2024; Ye et al., 2023). 

Noise is added only to the forecast predictors, so the non-numerical fields and observations-based 

features are excluded. For each numerical non-flood training sample i and forecast feature j, a perturbed 

value is generated (Equation 7).  

𝑥𝑖𝑗
′ = 𝑥𝑖𝑗 + 𝜖𝑖𝑗 , 𝑤ℎ𝑒𝑟𝑒 𝜖𝑖𝑗  ~𝑁(0, 𝜎𝑗

2) (7) 

Here, 𝑥𝑖𝑗is the original value and 𝑥𝑖𝑗
′  the perturbed values and 𝜖𝑖𝑗  is a random Gaussian random noise 

with 0 mean and feature-specific variance 𝜎𝑗
2. Specifically, 𝜎𝑗 is tuned to ensure that perturbations 

remain within physically plausible ranges, preserving the interpretability of the data. These strategies 

are applied exclusively to the training set after temporal splitting within each fold. In practice, the 

effective size of the larger augmented training data is determined by the target class ratio between flood 

and non-flood samples, a tuneable hyperparameter. The validation and test sets remain unmodified to 

ensure a fair evaluation of real-world performance. The augmented dataset is then randomly shuffled 

before training, as the feedforward NN processes observations independently, and incorporated into an 

ensemble framework to further reduce variance (Fakhruzi, 2018; Ha et al., 2005). For each fold of the 

time-series cross-validation, three independent MLP models are trained on different stochastic 

realizations of the oversampled flood blocks and noise-augmented data. The probability outputs from 

these individual models are averaged to produce the final ensemble prediction. 

5.3.5. Hyperparameter Tuning 

The predictive performance and generalization ability of the model depend on a set of configuration 

parameters that define both the network architecture and the optimization process (Ilemobayo et al., 

2024; Siadati, 2021). The hyperparameters were set up before the training, while the tuning process 

followed a manual iterative empirical approach. Initially, standard baseline configurations common in 

NN applications were applied, and then progressive adjustments were made based on the model’s 

behaviour in validation, by monitoring bias-variance trade-offs through learning curves (Ilemobayo et 

al., 2024). Models with unstable loss or high fluctuations were interpreted as overfitting, while those 

with persistently high training loss were interpreted as underfitting. Confusion matrices were inspected 

for hyperparameters that directly influence the decision behaviour of the model, in order to assess FN 

and FP trade-offs. The hyperparameters tuned in this study can be categorized into different groups.  

1. The specific input configuration was tuned depending on the prediction horizon to prevent 

overfitting while ensuring the ability to capture the most important information and relevant 

dynamics.  

2. Model capacity includes the number of hidden layers and the number of neurons per layer that 

determine the network’s ability to capture complex non-linear patterns (Ilemobayo et al., 2024).  
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3. Optimization is the process that adjusts internal weights and biases to minimize the loss 

function and uses the learning rate to determine the step size of the gradient updates, the batch 

size (the number of training sample used to estimate each gradient update) to balance 

computational efficiency with gradient stability, and the positive class weights (Ilemobayo et 

al., 2024).  

4. Data augmentation is adjusted by the ratio of block sampling and the magnitude of the Gaussian 

noise (𝜎).  

5. The choice of the threshold is also included. After all the ensemble models are trained and 

their prediction averaged, the model outputs a probability 𝑝 (𝑡) ∈ [0,1], representing the 

likelihood of a flood event at time t. To convert this continuous probability into a binary 

decision, a classification threshold (𝜏) must be chosen such that: 

𝑦̂̂(t) = {
1, 𝑖𝑓 𝑝 (t) >  𝜏,

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (8) 

The choice of threshold plays an important role in balancing FN and FP (Sheng & Ling, 

2006). As such, the threshold is treated as a tuneable parameter. Several thresholds were 

evaluated during model development for each horizon to select a value that reflects an 

appropriate compromise between detection sensitivity and false alarm control.  

6. Regularization is a set of techniques that constrain the model to prevent the network from 

fitting noise in the training data and reduce overfitting. In this study, Elastic Net 

regularization was applied, combining two parameters (Deepa et al., 2025; Farhadi et al., 

2022; Siadati, 2021). First, L1 regularisation (𝜆1) encourages sparsity by penalising large 

parameter values (𝑤𝑖). Meanwhile, the other parameter L2 regularisation (𝜆2) discourages large 

weights (𝑤𝑖
2) more smoothly by shrinking them to 0 (Equation 9).  

𝐸𝑙𝑎𝑠𝑡𝑖𝑐 𝑁𝑒𝑡 = 𝐿𝑊𝐵𝐶𝐸  + 𝜆1∑|𝑤𝑖|

 

𝑖

 + 𝜆2∑𝑤𝑖
2

 

𝑖

(9) 

The hyperparameters 𝜆1 and 𝜆2 controlling the strength of these penalties, were optimized to 

minimize validation loss.  

Overall, the final configuration of all tuned hyperparameters used in the trained model is reported in 

Table B1 in Appendix B. The same NN architecture and learning procedure are applied consistently 

across all forecast horizons. Differences between horizons arise only in hyperparameter tuning, 

reflecting changes in forecast uncertainty and information content.  

5.3.6. Evaluation 

The final hold-out test set is used only once, to provide a final performance assessment of the 

selected model, whose performance is benchmarked against the surrogate EFAS notification system, 

using the same evaluation metrics defined in SQ2 (see Section 5.2) to ensure consistency. This 

comparison assesses whether improvements are achieved over the current operational baseline. To 
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enable comparison across forecast horizons, each model’s stochastic variability is controlled by fixing 

the random seed to a constant value of 1, which standardizes weight initialization and the shuffling 

order of training data. By maintaining these stochastic factors constant, any observed performance 

differences can be attributed to the information of the data rather than random initialization. All 

modelling tasks were conducted in Python using the PyTorch neural network library (Paszke et al., 

2019) and scikit-learn (Pedregosa et al., 2011) for data preprocessing and metric calculation. 
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6. Results 

6.1. Operational Overview of EFAS Notification System 

To address SQ1 regarding the current operation of EFAS’s decision-making process, this section 

provides details of the technical framework used to issue formal alerts. Although peer-reviewed 

literature on the specific operational dynamics of the EFAS notification system is limited, detailed 

technical documentation is available through official EFAS and ECMWF reports and wiki pages 

(ECMWF, 2024) 

. These operational guidelines specify that, to issue a formal flood notification, EFAS first applies 

strict criteria known as the Condition of Access (CoA). Under CoA, a notification is only issued if the 

catchment area is at least 1,000 km² and lies within a partner region (O’Regan, 2024b). Furthermore, 

the potential flood event must be forecasted to occur between 2 and 7 days from the forecast issue time. 

For example, for a forecast issued on 3rd May 2025 at 00 UTC, the event must start between 5th May 

2025 00 UTC and 10th May 2025 00 UTC (O’Regan, 2024b). 

While the CoA established the administrative boundaries for notifications, the underlying 

methodology for generating notifications has evolved over the years. In the previous version (EFAS 

v4), a notification was issued when three consecutive forecasts showed that ≥ 30% of ensemble 

members (from ECMWF-ENS or COSMO-LEPS) exceeded the Q5 threshold, provided that at least one 

deterministic forecast (ECMWF-HRES or DWD) also exceeded it (Smith et al., 2016). The persistence 

criteria, meaning the number of consecutive forecasts with positive predictions within a rolling window, 

were applied to prevent false notifications caused by erratic model behaviour. To upgrade the 

notification criteria to the current operational system, various aggregation methods were evaluated 

during the development phase (Smith et al., 2016). In addition to EFAS v4 and the selected current 

operational system, two alternative aggregation approaches were tested. A simple model average, which 

assigns equal weights to all providers regardless of the forecast type, and a member-proportional 

approach, where weights were assigned based on the number of ensemble members in each model 

(O’Regan, 2024b). Additionally, the exceedance threshold range (5 to 95% with 2.5% increments) and 

the persistence configuration (1/1, 2/4, 2/2, 3/4, 3/3) were tested to identify the optimal sensitivity for 

the new system (O’Regan, 2024b). 

Ultimately, the system evolved to the current operational version EFAS v5.2 in August 2024.  This 

method was selected because it had the highest F-score with a beta coefficient of 0.8, effectively giving 

more importance to minimizing the number of false alarms that could undermine the trust in the system 

(Casado-Rodríguez et al., 2025; O’Regan, 2024b). Therefore, Fβ, with a coefficient of 0.8, is included 

in the model analysis in this study. The current operational system applies a skill-weighted approach to 

combine forecasts from different model providers (O’Regan, 2024b). The weights are based on the skill 
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of each provider model’s probabilistic accuracy and horizon. This accuracy is quantified using the Brier 

Score (BS), which sums the squared differences between the observed outcome (𝑃𝑜𝑏𝑠,𝑡  ) and the 

predicted probability (𝑃𝑝𝑟𝑒𝑑,𝑡 ) over time steps T (O’Regan, 2024b) (Equation 10). 

𝐵𝑆 =  
1

𝑇
∑(𝑃𝑜𝑏𝑠,𝑡  − 𝑃𝑝𝑟𝑒𝑑,𝑡) 

2 

𝑇

𝑡=1

(10)   

A lower BS indicates a higher predictive skill.  An inverse-power transformation with an exponent 

of -7 is applied to convert these raw scores into operational weights (w) for each numerical weather 

prediction provider (nwp) at a specific horizon (lt) (Equation 11). This high exponent strongly favours 

models with better performance (O’Regan, 2024b). 

𝑤𝑛𝑤𝑝,𝑙𝑡  =
𝐵𝑆𝑛𝑤𝑝,𝑙𝑡

−7

∑ 𝐵𝑆𝑖,𝑙𝑡
−74

𝑖=1

  (11)  

Once the weights are calculated and normalized across the available providers at each forecast 

horizon, the final decision to issue a notification relies on a weighted ensemble approach (O’Regan, 

2024b). A binary value is assigned to each model’s forecast, 1 if discharge exceeds flood thresholds, 0 

otherwise. The indicators are then multiplied by the corresponding model weights and summed to 

produce an overall exceedance probability. If this final aggregated value is ≥ 0.5 (corresponding to a 

50% exceedance probability), the system issues a formal flood notification (O’Regan, 2024b). The 

approximate contribution weights of each provider are detailed in Table 6, which was extracted 

manually from Figure C1 (Appendix C). These will be later used to reproduce EFAS analysis in this 

study.  

Table 6 

Overview of the approximated scores of each forecast provider by forecast horizon in the EFAS v5.2 

notification system.  

Provider Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 

DWD-HRES 0.06 0.05 0.05 0.04 0.03 0.02 

ECMWF-HRES 0.12 0.11 0.10 0.10 0.12 0.10 

COSMO-LEPS 0.20 0.19 0.15 0.15 0.00* 0.00* 

ECMWF-ENS** 0.62 0.65 0.70 0.81 0.85 0.88 

* It is 0 because the COSMO-LEPS has a maximum forecast horizon of 5 days (120 hours), so it does not 

contribute beyond Day 5.  

** ECMWF-ENS also includes ECMWF-CON in the score division 

 

If the criteria are met, a notification is issued to the relevant national partners for local action and to 

the Emergency Response Coordination Centre (ERCC) (EFAS, n.d.). This ensures that, while local 

authorities manage the immediate event, the ERCC can simultaneously improve preparedness for 
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potential aid requests. For transnational river basins, notifications are also shared with national 

authorities that might not yet be affected by the forecasted flood (EFAS, 2025). 

6.2.  Developing a Surrogate Model of EFAS’s Decision 

Logic 

6.2.1. Return Period 

To evaluate the performance of both the EFAS and supervised ML models, a discharge threshold 

was defined to distinguish flood from non-flood events. In line with the statistical approach used in 

EFAS, return-period thresholds were derived using the Gumbel distribution of annual maximum 

observed discharges. Observed daily discharge data from 1990 to 2024 were collected from all 4 

gauging stations. Table 7 reports the resulting discharge thresholds (QT) for return periods (T) of 1.5, 

2, 5, and 20 years. 

Table 7 

Overview of the calculated return period thresholds  

Station Q₁.₅ (m³/s) Q₂ (m³/s) Q₅ (m³/s) Q₂₀ (m³/s) 

Lobith 4923 5675 7526 9928 

Megen Dorp 1204 1316 1589 1945 

Venlo 1245 1393 1758 2231 

St Peter Noord 1375 1538 1939 2459 

 

The discharge thresholds represent the water flow magnitude expected to be reached or exceeded, 

on average, once every T years. Because flood events are statistically rare, the frequency with which 

observed discharge exceeded each threshold in the study period is limited. This is shown in Figure 7, 

which plots the daily mean flow (m³/s) against the estimated return-period thresholds. The shaded grey 

highlights a period in which EFAS data are unavailable, spanning from late 2023 to spring 2024. This 

data gap coincides with a rainy season and is hydrologically active with significant flow fluctuations, 

which unfortunately could not be used in the analysis.  
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Figure 7. Observed hydrographs relative to flood risk thresholds from October 2020 to April 2025. Coloured 

dashed lines indicate the Q1.5 (green), Q2 (orange), Q5 (red) and Q20 (purple) return periods. The grey shaded 

region indicates the data gap in the EFAS archive. A is Lobith, B is Megen Dorp, C is St Peter, and D is Venlo. 

 

To quantify the data scarcity issue, Table 8 shows the number of times the observed discharge 

exceeded each threshold at each station.  Exceedances are reported both as counts per forecast issuance 

(12-hour, corresponding to the EFAS forecast cycle) and as counts of unique calendar days on which at 

least one exceedance occurred. 

 

Table 8 

Overview of observed discharge intervals exceeding each return -period threshold at the four gauging 

stations. These exceedances are based solely on the observed discharge records from October 2020 to April 2025.  

Threshold 
Events above the threshold (12-hour) Events above the threshold (day) 

Lobith Megen Venlo St Peter Lobith Megen Venlo St Peter 

Low (Q1.5) 61 50 32 15 29 24 16 7 

Medium (Q2) 33 28 14 9 17 14 7 4 

High (Q5) 0 10 6 5 0 5 3 2 

Severe (Q20) 0 6 4 2 0 3 2 2 
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As shown in Table 8, although Lobith shows the greatest number of exceedances for lower 

thresholds, it does not have exceedances above Q5 recorded. More generally, exceedances of Q5 are 

scarce across all stations, resulting in a dataset that it is insufficient to train a supervised ML model. For 

this reason, although EFAS issues operational flood notifications using the Q5 threshold, this study 

adopts the Q1.5 threshold to ensure that there are enough events for model training and evaluation. Even 

with the adoption of the lower Q1.5 threshold, the target class remains rare. Across the entire dataset of 

almost 10,400 samples, only 167 instances are classified as flood events (an imbalance ratio of ≈1.6%) 

The implication and limitations of the decision of using a low threshold are discussed in Section 7.   

6.2.2. EFAS Performance   

Following the overview of EFAS operations in the literature review (Section 6.1.) and using the 

calculated discharge thresholds Q1.5 for each river gauge station, this section shows the performance of 

the surrogate of the current EFAS notification system to answer the second SQ: “How accurate has the 

EFAS’s flood notifications system been in recent years, based on historical forecast and observation 

data?”.  The results cover the period between June 2024 and April 2025 and are based on the aggregated 

forecasts and observations from the four selected river locations. The performance is assessed over 

forecast horizons ranging from 2 to 7 days, with results reported at a daily resolution.  

Figure 8 shows the evolution of detection performance across forecast horizons. The bar graph 

displays the counts of TP, FN, and FP, with TN omitted due to the overwhelming class imbalance and 

to keep the readability of the figure. In the short-range (day 2 to day 3), the system has a positive 

detection rate. TP consistently exceeds FN, meaning it identifies the majority of approaching flood 

events. FP remains moderate, suggesting a reasonable trade-off between sensitivity and precision. 

However, a shift occurs at the 4th day horizon. The number of missed events (12 FN) surpasses the 

number of detected events (10 TP) for the first time. Beyond this point, the system’s sensitivity 

decreases. While the number of false alarms remains relatively stable, decreasing slightly at longer 

horizons, the count of missed floods increases steadily. By the 7th day horizon, the FN (19) are nearly 

five times higher than TP (4). Therefore, while EFAS is reliable in the short term, its ability to detect 

flood signals decreases beyond the 4th day horizon, leading to a high rate of missed events. 
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Figure 8. Distribution of flood prediction outcomes (TP, FN, and FP) across forecast horizon.  

 

This trend is quantified by the performance metrics shown in the heatmap (Figure 9). Precision 

remains stable across the entire forecast period, fluctuating between 0.591 and 0.462. This indicates that 

the reliability of the issue alerts does not degrade with the increase of horizon, even at day 7 horizon, 

more than half of the warnings generated correspond to actual flood events (0.571). This stability is 

driven by the concurrent reduction in FP observed in Figure 8. As the system becomes less sensitive, 

it issues fewer alerts overall, hence preventing a shift in the ratio of correct to incorrect warnings. In 

contrast, Recall shows a steep decline with increasing forecast horizon, from 0.591 on the 2nd and 3rd 

days to just 0.182 at day 7. This sharp trajectory confirms that the system’s performance degradation is 

driven almost exclusively by EFAS's inability to detect flood signals. Therefore, the F1-score also 

declines, as it shows the balance between precision and recall. F0.8-score, which weighs precision 

higher than recall, maintains a higher baseline value (0.311 on the 7th day) compared to the F1-score 

(0.276). This confirms that the system’s performance is not due to an increase in issuing more false 

alarms, but rather a reduced ability to detect floods. 
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Figure 9. Heatmap displaying the performance metrics (precision, recall, F1-score and F0.8-score) of the ML 

model across different forecast horizons. Green means higher performance scores, while yellow/red indicates 

lower scores.  

 

Finally, the precision-recall curves presented in Figure 10 provide further support for these findings. 

Each curve represents the trade-off between recall (x-axis) and precision (y-axis) across all possible 

decision thresholds at a given horizon. The dashed baseline is the performance of a No-Skill classifier 

(0.011), which is the expected performance of a random classifier that cannot distinguish between 

positive and negative. It means it would guess based on the number of positives in the dataset, which in 

this case is 1%. Overall, as the horizon increases, the PRAUC decreases. In the short- to medium-range 

(day 2 to day 5), the system shows moderate detection skill, maintaining values between 0.6 and 0.5. 

This means that for the horizons up to the 5th day, the model is able to identify a meaningful number of 

flood events without sacrificing precision. Meanwhile, performance deteriorates at longer horizons (day 

6 and day 7). The curves are compressed toward the bottom-left, and the PRAUC values decline to 

0.412 and 0.39, which means it is impossible to improve detection rates without accepting a 

disproportionately high number of false alarms. 
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Figure 10. Precision-Recall curves for the EFAS model across all forecast horizons. The dashed grey 

line represents the No-Skill baseline, indicating the expected performance of a random classifier. 

6.3. Supervised ML Model  

This section evaluates the performance of the supervised ML model, addressing the research 

question “How accurately can a supervised machine learning model predict flood notifications and how 

does its performance compare to the current operational system?”. As with the EFAS analysis in 

Section 6.2, the supervised ML model's test evaluation covers the period from June 2024 to April 2025 

and uses the aggregated forecasts and observations from the four selected river locations. 

6.3.1. Training, Validation, and Test Loss Results 

A model was trained for each prediction horizon. The stability of the optimisation process was 

assessed by analysing the learning curves obtained from the time-series cross-validation. Across all 

horizons, the learning curves show a rapid decrease in loss during the initial epochs, followed by a 

gradual stabilisation. After convergence, training and validation losses remain relatively stable and 

closely aligned, indicating consistent optimisation behaviour across folds. The corresponding training 

and validation loss curves for each fold and horizon are provided in Figure D1 in Appendix D.  

Final model performance was evaluated on a strictly held-out test set that was not used during 

training or cross-validation. Table 9 summarises the test Loss values for all forecast horizons. The 

lowest test losses are observed at shorter horizons, with values of 0.0241 at day 2 horizon, 0.0327 at 

day 3 horizon, 0.0253 at day 4 horizon, and 0.0340 at day 5 horizon. At longer horizons, an increase 

was observed, reaching 0.0444 for day 6 and 0.0552 for day 7. These loss values reflect a decline in 

model reliability as the forecast horizon increases.  
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Table 9 

Overview of test loss values across forecast horizons 

Horizon  Test Loss Value 

Day 2  0.0241 

Day 3 0.0327 

Day 4 0.0253 

Day 5 0.0340 

Day 6 0.0444 

Day 7 0.0552 

 

6.3.2. Evaluation Metric Results  

The evaluation metric uses the same EFAS assessments across the forecast horizons, enabling direct 

comparison. Figure 11 shows the distribution of TP, FN and FP.  For the short to medium range (day 

2 to day 4), the model shows robust detection abilities. The number of FP is low, ranging from 3 at day 

3 horizon to 5 at day 2, indicating a limited number of incorrect flood alerts. FN values remain between 

8 and 10, showing that while the models identify more true events than it misses. A notable deterioration 

in performance occurs at day 5. The TP is at the lowest (10) and FN highest (12). At day 6, the model 

shows increased sensitivity but reduced precision, as while TP increases to 13, false alarms spike to 12. 

The model issues almost as many incorrect alerts as correct ones, so it is difficult to distinguish noise 

from signals. At the longest forecast horizon, predictive skills decline even further. The model generates 

more false alarms (14) than TP (12), and the number of missed events (FN) rises to 10. Overall, as the 

forecast horizon increases, the model’s ability to detect flood events weakens. 

 

Figure 11. Distribution of flood prediction outcomes (TP, FN, and FP) across forecast horizon.  



 37 

This trend is also confirmed by the performance metrics in Figure 12, which provide additional 

insights into the model's behaviour. In the short-to medium-range (day 2 to day 3), the model performs 

well. Precision is the strongest metric, starting at 0.737 (day 2), peaking at 0.8 (day 3), and staying at 

0.765 (day 4). This means the model is highly reliable: most alerts it sends are real floods and have low 

rates of unnecessary warnings. Recall is lower, ranging from 0.636 at day 2 to 0.545 at day 3 and 0.591 

at day 4. However, F1-scores are stable, between 0.649 and 0.683, showing the model is solid overall. 

Performance starts to drop at day 5, as precision falls to 0.625 and recall to 0.455, resulting in an F1-

score of 0.526. At day 6, precision decreases to 0.520, indicating that nearly half of the alerts are 

incorrect. Even though it still catches floods (recall 0.591), it does so at the expense of higher false 

alarm rates. By the 7th day horizon, precision drops to around 0.462 and the F0.8-score, which prioritises 

precision, follows the same trend as the F1-score. Since the model keeps precision higher than recall, 

the F0.8-score confirms that overall, it is better than F1-score in each forecast, except at day 6. 

 

Figure 12. Heatmap displaying the performance metrics (precision, recall, F1-score, and F0.8-score) of the ML 

model across different forecast horizons. Green means higher performance scores, while yellow/red indicates 

lower scores.  

 

Finally, Figure 13 shows the trade-off between precision and recall for each forecast horizon. 

Generally, as the horizon increases, the model's ability to discriminate between flood and non-flood 

events decreases, reflected in progressively lower AUPRC values. The 2nd day horizon performs best 

(0.673), while the day 3 and day 4 horizons show relatively strong skill, with AUPRC at around 0.615. 

The AUPRC drops from 0.451 at day 5 to just 0.363 at day 7, roughly half of the skill achieved at day 

2. Across all horizons, the shapes of the curves follow a similar pattern: as recall increases, precision 

declines sharply, meaning that capturing more flood events by lowering the decision threshold 

inevitably causes a higher proportion of false alarms.  
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Figure 13. Precision-Recall curves for the ML model across all forecast horizons. The dashed grey line 

represents the No-Skill baseline, indicating the expected performance of a random classifier. 

6.3.3 Comparison of the Models 

This section compares the performance of the supervised ML model against the current EFAS 

operational notification approach across forecast horizons of day 2 to day 7. Figure 14 shows the 

absolute difference between the two systems (∆ = ML-EFAS) for event outcomes (TP, FN, and FP) at 

each forecast horizon. Improvements are defined as positive values for TP, together with negative 

values of FN and FP.  

On day 2, the ML model detects 1 additional flood event than EFAS while simultaneously reducing 

the number of false alarms by 4. At day 3, the ML model detects one more event than EFAS (-1 TN) 

and has 6 fewer false alarms. The ML model performs best in the medium range on day 4, detecting 

more flood events (+3 TP) while issuing fewer false alerts (-3 FP). At day 5, it maintained a detection 

advantage (+2 TP) without generating any additional false alarms compared to EFAS. This is the range 

in which the ML approach contributes the most. At extended horizons (day 6 and day 7), performance 

changes and the ML model become more sensitive. While it correctly identifies significantly more 

floods (+7 to +8 TP) and thereby reduces missed detections, it also leads to a spike in false alarms (+5 

to +11 FP). This pattern confirms that, at longer horizons, the model becomes excessively sensitive, 

capturing signals that EFAS misses while generating higher noise. 
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Figure 14. Comparative analysis showing the absolute count difference between the supervised ML model and 

EFAS.  

 

Figure 15 shows the percentage improvement of the supervised ML model relative to the EFAS 

baseline. Positive values mean performance gains, while negative values indicate deterioration. In terms 

of precision, the supervised ML model is stronger across the short-to-medium range (day 2 to day 4), 

meaning it is more effective than EFAS at limiting false alarms in this time window. The largest 

improvement occurs at day 3 (+35.4%). However, this advance decreases at day 7, where precision 

declines by 19.2%, consistent with the increased noise observed in previous results. Recall shows the 

opposite trend. While the ML model is more conservative at day 3, showing a 7.7 drop in detection 

relative to EFAS, its sensitivity increases with horizon. Beyond day 5, recall improved dramatically, 

reaching +116.7% at day 6 and +200% at day 7. The trend confirms that the ML model captured a larger 

share of actual floods at longer horizons than EFAS. Finally, when balancing the trade-offs, both the 

F1-score and F0.8-score show consistent improvements across all forecast horizons. Unlike previous 

results, there are no negative aggregate scores. The F1-score ranges from +9.8% at day 3 to +81.2% at 

day 7. 
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Figure 15. Heatmap showing the relative percentage improvement of the ML model over EFAS metrics (
𝑀𝐿−𝐸𝐹𝐴𝑆

𝐸𝐹𝐴𝑆
). 

Green cells indicate horizons where the ML model outperforms the baseline. 

 

Finally, Figure 16 illustrates the absolute difference in AUPRC between the ML model and the 

EFAS baseline (∆ = ML – EFAS).  At day 2, the ML shows a clear advantage. The performance gain 

is substantial (+0.067).  In the window between day 3 and day 4 hours, the predictive skill of both 

systems fluctuates. The performance increased slightly at day 3 (+0.014), followed by a gain at day 4 

(+0.041). However, this advantage reverses at day 5, where the ML model shows its largest drop in 

performance relative to EFAS (-0.051). At longer horizons, the model recovers with strong performance 

at day 6 (+0.052), significantly outperforming EFAS, only to drop again at day 7 (-0.026). Overall, this 

shows the differences in the models' trend in stability across various horizons. Because AUPRC 

evaluates performance across all possible decision thresholds, at the specific classification threshold 

used for the confusion-matrix evaluation, the model can be more precise than the EFAS system. 

 

Figure 16. Difference in AUCPR between the supervised model and EFAS. Green bars indicate horizons where 

the ML model has a better trade-off between precision and recall, while red bars indicate EFAS has a better 

trade-off.  
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7. Discussion 

7.1. Use of ML in Forecasting  

The European Commission is increasingly launching initiatives that focus on the development of 

digital replicas of the Earth system, as part of the Green Deal and Digital Strategy (European Union, 

2025). Within this context, recent developments in ECMWF and CESM suggest an operational shift 

towards hybrid forecasting frameworks that integrate physically based modelling with ML approaches. 

In 2024, Copernicus stated that AI algorithms can be used to help analyse Earth Observation datasets. 

The frequency of natural disasters will increase due to climate change and create even larger datasets 

(Copernicus, 2024), and a major advantage of ML is that it can be used to implicitly learn from large 

amounts of data (Reichstein et al., 2025). Meanwhile, ECMWF is developing digital twins, including 

the Weather-Induced Extremes and Climate Change Adaptation, to support risk management by 

improving the representation of climate change and extreme weather events (DestinE, 2025). In 2024, 

Anemoi was launched, a collaborative framework created by ECMWF and other services in Europe, to 

build an open-source ecosystem to train, test and use ML weather forecasting models (Lentze, 2025). 

Since September 2025, the Artificial Intelligence Forecasting System (AIFS) has also become 

operational within EFAS, combining numerical weather prediction with AI-driven components (Snell, 

2025; Zsoter et al., 2025). From the first evaluations, AIFS delivers higher forecast skill (Zsoter et al., 

2025), higher speed and efficiency, using up to 1000 times less energy than traditional physics-based 

models (Snell, 2025). All these developments point to a growing interest in using ML techniques as 

complementary tools to enhance operational forecasting abilities.  

In this context, this study addressed a complementary challenge, whether a supervised ML model 

could improve the flood-notification component of EFAS, by enhancing the accuracy when issuing an 

alert. The study’s results suggest that the supervised ML has the potential to enhance the notification 

performance, particularly at short to medium horizons, highlighting ML’s potential as a complementary 

decision-support tool. The ML model shows its strongest advantages at horizons between 2 and 4 days, 

a window that aligns closely with the EFAS operational upgrade that favoured the configuration 

performing best between 2 and 5.5 days (Casado-Rodríguez et al., 2025). Within this range, the ML-

based approach reduced FP, indicating increasing reliability, and almost always lowered FN counts 

compared to the surrogate EFAS baseline. Reducing missed flood events is particularly important from 

a risk-management and emergency response perspective, as undetected events can lead to severe 

societal and economic impacts. Previous evaluations of EFAS have shown that timely flood warnings 

can provide enough time for preparedness and response measures, which not only save lives but has 

returns in investments of roughly 400 times higher than the operation costs (Pappenberger et al., 2015). 

However, the selection of the current operational EFAS notification system was based on using the 
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F0.8-score as evaluation metric (O’Regan, 2024b). It prioritises precision, meaning a preference for 

limiting false alarms, to ensure that issued alarms are credible to users. Even under this precision-

focused criterion, the ML-based approach achieves a higher F0.8-score across all forecast horizons, due 

to a reduction in FP in the short to medium horizon window, while at longer horizons (day 5 to day 7) 

due to a higher detection capability (recall) than EFAS, despite a rise in noise. Finally, the higher 

AUPRC achieved by the ML model in the range between 2 and 4 days, shows improved separation 

between flood and non-flood cases, with the model assigning higher probabilities to true flood events. 

Operationally, it enhances the robustness of the notification decisions.  

7.2 Challenges in Flood Prediction 

   While the results suggest potential improvements, the challenges related to the nature of the 

dataset and problem structure need to be addressed. The characteristics of the data in this study posed 

significant challenges, influencing modelling decisions. Rare event detection is a challenging 

classification problem, as it is difficult to predict when the events of interest are only a tiny portion of 

the entire dataset (Hadi et al., 2024; He & Cheng, 2021). Floods, depending on their return period, may 

occur once every several years, which results in a highly imbalanced dataset. With an imbalanced 

dataset, the learning algorithms are biased in favour of the dominating class (He & Cheng, 2021). 

Therefore, ML approaches require sufficient representation of both classes to learn meaningful 

discriminative patterns.  

Common approaches for handling imbalanced data include resampling strategies such as random 

undersampling or oversampling (Moniz et al., 2017). Because the dataset used here is already limited, 

undersampling the majority class would remove valuable information about the data distribution and 

weaken the model’s ability to generalise to unseen datasets (Alkhawaldeh et al., 2023). Standard random 

oversampling strategies were also evaluated (Appendix E). Random oversampling of the minority class 

and point-wise resampling strategies resulted in reduced performance, with higher FN and FP despite 

stable loss convergence. These outcomes highlight the need to avoid treating data points as singular 

observations, but rather as event flood blocks. For this reason, a variation of time-series bootstrap is 

applied (Härdle et al., 2003). The adopted event-based oversampling strategy, in which consecutive 

positive events are grouped and randomly oversampled with replacement, addresses imbalance while 

preserving the temporal structure of each flood event. The hold-out test results in Section 6.3.1 and the 

validation and training loss curves in Appendix D, confirm that this method limits the risk of overfitting 

inherent in oversampling. The convergence of training and validation losses across all horizons, 

indicates stable generalization behaviour to unseen data, implying that the model learns hydrological 

relevant patterns rather than memorising training samples.  
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7.3 Differences between EFAS and ML Model 

Differences in input structure between EFAS and the ML model must also be acknowledged. The 

weight distribution in Section 6.1. shows that EFAS relies heavily on ECMWF-ENS forecasts, with 

ensemble members receiving increasing weight across the full forecast horizon. This method is able to 

preserve the full range of the ensemble spread information of 51 members. In contrast, the supervised 

ML model only incorporates ECMWF-ENS as an input feature from day 5. Additionally, instead of 

using all ensemble members individually, the model uses the ensemble median to reduce input 

dimensionality and noise. This method supports a more stable learning with the small sample size 

available in this study. However, while this simplification reduces model's complexity and overfitting 

risk, it sacrifices detailed ensemble information. 

In addition to differences in forecast-providers' inputs, the supervised ML model in this study 

integrates observed discharge values from the 12 hours preceding each forecast issue time. This feature 

introduces hydrological near-real-time observation in the input dataset. Operationally, it would mean 

that the model has access to real measurements closest to the point at which a decision must be made, 

improving its ability to distinguish early stages of rising discharge across forecast horizons between day 

2 and day 4 (Konold et al., 2025). Although EFAS only issues notifications strictly from the forecast 

products, the CEMS Hydrological Data Collection Centre (HDCC) has access to in-situ real-time and 

historical discharge and/or water levels, covering 52% of European water basins (Padilla et al., 2025). 

The direct inclusion of additional context can improve flood-alert predictions but introduces structural 

dependencies with gauging coverage. In regions with data scarcity across temporal and spatial scales, 

it may hinder model robustness between different catchments (Nie et al., 2025). It reflects a broad trend 

in flood forecasting and water management, where methodological improvements in models must be 

supported by robust observational infrastructure, datasets, and institutional coordination. This aligns 

with the current CESM-HDCC plans (Padilla et al., 2025). 

 Another difference from the EFAS operational system concerns the threshold definitions. In EFAS, 

return-period thresholds are from simulated discharge, while this study’s return periods are from 

observed discharge data. Simulation-based thresholds are higher than observation-based and are 

affected by different error characteristics. The choice to use observed discharge-based thresholds was 

made to ensure internal consistency between the surrogate EFAS implementation, the supervised model 

and the observational dataset used for evaluation.  

7.4. Limitations & Future Work  

Despite the promising results achieved by the ML model, this study is subject to several limitations. 

First, ML models are often perceived as “black boxes” because they are difficult to interpret due to 

their complexity (Jain et al., 2018; Kumar et al., 2025; Nie et al., 2025). The inherent limited physical 



 44 

interpretability of the model and the lack of transparency about which features are responsible for the 

outcome, can reduce understanding of the system and hinder trust among stakeholders (Nie et al., 2025). 

Another limitation is that the study was applied only in the Netherlands, therefore, the transferability of 

the results to other regions remains to be tested. 

However, the study’s main limitation concerns the limited dataset size, approximately 10,000 

samples for training, validation, and testing, which is considered relatively small for NNs. Given the 

complexity of the problem, a NN was an appropriate starting point, but such models typically require a 

substantially larger number of samples to learn complex relationships. Sufficiency of a dataset is 

important both in size and representativeness (Hatamian et al., 2025). Small datasets are more sensitive 

to changes in initialization values, training procedures or small differences in data samples used during 

training (Arbel et al., 2023; Hatamian et al., 2025).  

The data constraint also influenced the definition of the binary ground truth. The operational EFAS, 

floods notifications are based on the Q5 return-period threshold. Within the temporal and spatial scope 

of this study, Q5 -level events are extremely rare, making it infeasible to train or meaningfully evaluate 

the supervised ML model. Therefore, to ensure that the ML model had a minimum number of positive 

samples, a lower threshold (Q1.5) was used. As the objective of this study was to evaluate and improve 

the decision logic that translates forecasts into binary notifications, rather than to issue real operational 

flood alerts, this choice was necessary for methodological feasibility. Nevertheless, it also means that 

the binary classification is targeting high-flow events, rather than the extreme events (Smith et al., 

2016), which should be considered when interpreting the results and their applicability.  

Future works could address these limitations by expanding the dataset either temporally, by allowing 

the flood events to accumulate over the next years, or spatially, by adding additional catchments and 

extending the analysis to a European scale. A larger and more diverse dataset could enable the use of 

thresholds that are consistent with EFAS’s operational definition. Having also a larger volume of data 

for the ML model, it would also enable the possibility of more advanced deep learning architectures, 

such as Long Short-Term Memory (LSTM) networks. These models are designed to capture complex 

temporal dependencies but need substantial data to train effectively.  
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8. Conclusion 

The study investigated whether a supervised ML model could improve the accuracy of the decision-

making component of EFAS. The analysis focused on the notification system, where EFAS converts 

hydrological forecasts into a binary alert that indicates whether a forecasted event is a flood. To answer 

the main research question, three SQ were formulated. First, SQ1 aimed at providing an overview how 

EFAS currently issues flood notifications. The analysis showed that EFAS applies a threshold-based 

decision rule. The current operational system aggregates forecasts using a skill-weighted ensemble, 

where forecasts from different providers are assigned weights based on Brier Scores across all horizons. 

An alert is issued when the weighted probability of exceeding the Q5 return period threshold reaches at 

least 0.5. Following, SQ2 evaluated the accuracy of the current EFAS notification system by using 

historical forecasts and observational data. The study confirmed that EFAS performs reliably at short 

horizons, with increasing uncertainty at longer horizons. Most errors relate to missing events. Finally, 

SQ3 analysed the supervised ML model and compared its performance with EFAS. The supervised ML 

approach achieved clear improvements at short-to-medium horizons, reducing both FN and FP, thereby 

improving the ability to detect actual flood events without increasing unnecessary alerts. The model 

also showed consistent behaviour across the validation and test sets, meaning that it learned relevant 

patterns. However, performance weakened by day 5, as false alarms became more frequent. Overall, 

the results show that the supervised ML model can be used to enhance EFAS's flood notification 

accuracy within the operationally critical 2- to 4-day forecast horizon. Based on these results, it is 

recommended to evaluate the approach across a broader European spatial study area and assess its 

robustness and general applicability. Such extension would allow the ML-based decision support to be 

tested as a component of the EFAS notification system.  
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Appendix 

Appendix A: Data Preparation 

This appendix outlines how EFAS raw files were converted into a structured dataset suitable for ML. 

The primary input data is the gridded forecast output from EFAS, which includes deterministic and 

ensemble forecasts from ECMWF (HRES, ENS, CON), DWD-HRES and COSMO-LEPS. Since the 

raw files downloaded from the platform in NetCDF4 and GRIB2, a single extraction was used with the  

 “xarray” and “cfgrib” libraries to standardize variable names, normalize time dimensions and convert 

the multidimensional data into simple CSV files.  Because the data was arranged in grids, the closest 

grid point was matched to each of the four target stations. To maintain spatial accuracy, an Euclidean 

distance check was applied and any point further than the 0.1º tolerance was excluded. Furthermore, a 

difference in grid setup was found for the Megen and Lobith stations starting in 2024. To address this, 

the extraction logic was adjusted to move the target coordinates for files dated 2024 onwards, ensuring 

that the CSV time series remained spatially consistent despite the change. Following the extraction into 

CSV, the files were aggregated into unified daily records. To ensure that the ML model had consistent 

input, the dataset was filtered to keep only the dates that contained values from all system’s providers: 

ECMWF-HRES, ECMWF-ENS, ECMWF-CON, DWD-HRES and where possible COSMO-LEPS 

(since it has a shorter horizon range). Anomalous data was also removed. The target variables were 

derived from observational water flow data. As observations were in local time (CET/MET), all 

timestamps were converted to UTC to match the forecast issue times.  Finally, a positive class (1) is 

assigned if the observed water level at the valid forecast time exceeds the critical thresholds Q1.5 defined 

for each station.  
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Appendix B: Hyperparameter Configuration 

This appendix provides a detailed overview of the final hyperparameter configurations selected for 

the ML models across all the forecast horizons. These parameters were determined through and iterative 

empirical approach. For each forecast horizon, model configurations were evaluated using the same 

time-series cross-validation scheme to ensure consistency. Performance was assessed using 

classification metrics and validation loss behaviour.  

Table B1 

Overview of the final tuned values for each hyperparameter in the ML models across forecast horizons.  

 

The tuned hyperparameters have a clear trend as the forecast horizon increases. For short horizons 

(day 2 to day 4), the input feature set includes observed water flow from 12 hours prior the issue of the 

forecasts to improve the model performance. These periods also included the model COSMO-LEPS 

and a diverse set of deterministic providers. From day 5 onwards, antecedent discharge observations 

Hyperparameters Day 2 Day 3  Day 4 Day 5 Day 6 Day 7 

Model Architecture 

Deterministic 

Forecasting systems 

DWD,  

ECMWF-CON, 

ECWMF-HRES 

DWD, 

ECMWF-CON, 

ECWMF-HRES 

DWD, 

ECMWF-HRES 

DWD, 

ECMWF-HRES 
DWD DWD 

Ensemble Forecasting 

systems 
COSMO-LEPS COSMO-LEPS COSMO-LEPS ECMWF-ENS ECMWF-ENS ECMWF-ENS 

12h Prior Observation True True True False False False 

Neurons (Hidden 

Layer 1) 
12 13 12 14 16 20 

Neurons (Hidden 

Layer 2) 
6 7 6 7 8 10 

Neurons (Hidden 

Layer 3) 
2 2 2 2 2 4 

Optimization & Loss 

Decision Threshold 

(τ) 
0.55 0.4 0.3 0.67 0.58 0.51 

Positive Class Weight 

(α) 
0.7 0.55 0.5 0.45 0.5 0.55 

Learning Rate 0.01 0.01 0.01 0.01 0.01 0.01 

Optimizer Adam Adam Adam Adam Adam Adam 

Batch Size 500 500 500 500 500 500 

Data Augmentation 

Target Ratio 

(Minority Class) 
0.4 0.4 0.35 0.25 0.4 0.3 

Gaussian Noise (σ) 0.021 0.02 0.015 0.03 0.02 0.005 

Regularization 

L2 Penalty (λ2) 1.0E-04 1.0E-04 1.0E-04 1.0E-04 1.0E-04 1.0E-04 

L1 Penalty (λ1) 1.0E-05 1.0E-04 1.0E-04 1.0E-04 1.0E-04 1.0E-04 
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are excluded, and ensemble information is provided only by ECMWF-ENS. Deterministic inputs are 

progressively reduced, with ECMWF-HRES included until day 5, but only DWD stays consistently 

until day 6 and day 7. Short ranges perform better with a compact architecture (12-6-2 neurons), while 

longer horizons need deeper and wider networks, reaching 20-10-4 neurons at day 7. This increased 

capacity is necessary to capture more complex, non-linear relationships as system uncertainty grows 

over time. However, the common factor across all horizons is the funnel architecture, where the number 

of neurons decreases in subsequent layers to force the system to compress features before the final 

single output.  

Most optimization parameters remained stable across all horizons, with the exception of the positive 

class weight (α) and the decision threshold (τ). At day 2, α was higher (0.7) compared to the longer 

horizons. (≈ 0.55). This means that short-range forecasts required a stronger penalty on FN to 

maximize detection, while for the other horizons, increasing α at these horizons failed to reduce the FN 

but increased the FP. Meanwhile, the decision threshold showed a significant variation at medium-range 

horizons, particularly at day 4, where a significantly lower threshold (0.3) was found to be beneficial, 

suggesting that here the model outputs lower raw probabilities for flood events.  

Regarding data augmentation, the target ratio for the minority class is generally around 0.4 and 

dropped to 0.25 at day 5 and 0.3 at day 7, where more aggressive oversampling introduced more noise. 

Meanwhile, the Gaussian noise changes slightly depending on the horizon. The highest noise level (σ 

= 0.03) was used at day 5 and lowest at day 3 and day 7 (0.01 and 0.005). Finally, the regularization 

hyperparameters penalties λ2 and λ1 remained constant at 1.0E-04, except λ1 at day 2 , which was set to 

1.0E-05. 

Appendix C: Brier Scores Weights 

 

Figure C1. Overview of the optimized notification criteria and threshold for the EFAS v5.2 upgrade 

across forecast horizons, adapted from the ECMWF CESM Wiki (O’Regan, 2024b).  
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Appendix D: Training and Validation Losses in each Fold 

This appendix presents the training and validation loss curves obtained during the time-series cross-

validation procedure for all forecast horizons. Figure D1 provides evidence of optimisation behaviour 

and convergence stability across validation folds. For each forecast horizon, the average of loss curves 

of the training loss without regularisation and the validation loss are shown of each fold. These graphs 

support the assessment of training stability.  

 

Figure D1. Training, validation and final hold-out test loss curves for the supervised ML model across forecast 

horizon from day 2 to day 7. For each horizon, the average losses of training (solid line) and of validation (dashed 

line) and the final hold-out test (red dot).  
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Appendix E: Day 2 Horizon Analysis   

This section will show additional results from analysis done on day 2 horizon when looking at what 

data augmentation to use in the model. This horizon was selected because it is the closest to the forecast 

issue time, meaning the meteorological input data should contain the least amount of uncertainty 

compared to longer horizons. Because alternative data augmentation strategies can alter the effective 

class exposure during training and bias the learned decision boundary, their impact was evaluated not 

only through loss convergence but also through confusion matrices.  

The first method that was analysed, randomly oversampled the minority class to achieve the wanted 

ratio. Figure E1 shows the validation loss and training loss. Despite the high positive class weight, the 

model missed 14 flood events (FN) while correctly identifying only 8 (FP) and generating 9 FP 

 

Figure E1. Training and validation loss dynamics for day 2 forecast horizon using random oversampling. Panel 

A shows the first fold, B the second fold, and C the final training with hold-out test-set loss. 

 

A second method was analysed, which aimed at having more samples for the model to train on. This 

strategy first duplicates the majority class (non-floods samples) to increase the diversity of negative 

samples exposed to the model. Then it oversampled the minority class to match the target ratio. The FN 

dropped to 8 but FP rose to 10.  

 

Figure E2. Training and validation loss dynamics for day 2 forecast horizon by doubling the majority class prior 

to random oversampling. Panel A shows the first fold, B the second fold, and C the final training with hold-out 

test-set loss.  

 

The selected event-based oversampling approach consistently achieved lower validation loss after 

convergence compared to alternative methods. When combined with a more favourable trade-off 

between FN and FP in the validation data as well, this motivated its selection as the final augmentation 

strategy.  
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Appendix F: Additional Figures  

To show the temporal behaviour of EFAS and ML-based forecasts at the event level, Figures F1 and 

F2 provide timelines for the Day 2 and Day 7 forecast horizons. These horizons were selected to 

represent, respectively, the short-range regime in which model skill is highest and the long-range regime 

in which forecast uncertainty and decision errors are the highest. 

 

Figure F1. Temporal comparison of flood prediction outcomes at day 2 forecast horizon across four river gauging 

stations. The timelines show the performance of the operational EFAS system (top row crosses) and the ML model 

(middle row squares) against the observed Ground Truth (bottom row vertical markers). Panels display selected 

high flow period for Lobith (A), Megen (B), Venlo (C), St. Peter (D). Colour indicates classification performance, 

with green being TP, oranges being FP and red FN.  
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Figure F2. Temporal comparison of flood prediction outcomes at day 7 forecast horizon across four river gauging 

stations. The timelines show the performance of the operational EFAS system (top row crosses) and the ML model 

(middle row squares) against the observed Ground Truth (bottom row vertical markers). Panels display selected 

high flow period for Lobith (A), Megen (B), Venlo (C), St. Peter (D). Colour indicates classification performance, 

with green being TP, orange being FP and red FN.  

Appendix G: Code Availability  

https://git.wur.nl/barbi008/mscthesiscode  

https://git.wur.nl/barbi008/mscthesiscode
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