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Abstract

Reliable river discharge forecasts are crucial for effective water resource management and
flood risk mitigation. However, uncertainty in the forecasts is inevitable due to limitations
in hydrological process understanding, errors in the meteorological forcings, observation
uncertainty, and computational constraints. For flood forecasting, this forecast uncertainty
can lead to ineffective or delayed preparatory actions. The primary aim of this thesis is
to improve the actionable information from ensemble river discharge forecasts at gauged
and ungauged locations using post-processing — a technique used to statistically correct the
forecasts and reduce the uncertainty. Post-processing is already part of the forecasting system
of the Copernicus Emergency Management Service’s European Flood Awareness System
(EFAS). The skill of the EFAS operational at-gauge post-processing method is evaluated,
finding that post-processing improves the skill of the forecasts particularly for large rivers for
which hydrological errors dominate. Barriers to the use of the operational post-processed
forecasts are identified via a co-production workshop, including lack of local relevance,
and difficulty accessing the forecasts and associated documentation. A key limitation of
the operational post-processing method is that it is only applicable at gauged locations.
To overcome this limitation, a data-assimilation-inspired technique is developed to propagate
observation information along the river network. Combined with the at-gauge post-processing
method, this new information propagation technique allows the correction of river discharge
forecasts at ungauged locations. This new post-processing method was evaluated and found
to improve forecasts up to a 5-day lead-time. The new method is computationally efficient,
adapts to the flow situation, and is applicable to any ensemble river discharge forecast. By
improving the skill of the forecast at ungauged locations, this work aims to support more
informed decision-making in flood risk management and water resource planning, ultimately

helping to protect people, infrastructure, and economies from hydrological extremes.
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Chapter 1

Introduction

1.1 Why is this thesis important?

It is difficult to name a part of society that is not impacted by rivers. As well as drinking
water and sanitation, rivers contribute to our sports and leisure activities, agricultural and
industrial processes, transportation, ecological diversity, and cultural and spiritual inspiration
(Anderson et al., 2019; Wang and He, 2022). Accurately forecasting and monitoring the
state of our rivers, therefore, has economic, social, political, and environmental benefits
(Van Houtven, 2024; Parker et al., 2005). This is particularly true in the instance of extreme
events, such as floods, where lives, livelihoods, and infrastructure are at risk (WMO, 2024b;
Bubeck et al., 2017; Douben, 2006). Floods occur frequently, accounting for 44% of all
recorded natural hazards globally between 2000-2019, affecting 1.65 billion people, and
causing $651 billion of economic losses (UNDRR, 2020; Jonkman et al., 2024). In the future
the damage caused by floods is expected to increase due to social-economic development and
climate change (Rogers et al., 2025). However, the impact of a flood can often be mitigated
if the appropriate preparatory actions are taken (Levine et al., 2020). Forecasts play a critical
role in disaster mitigation by providing information about upcoming events, ideally, allowing
sufficient time for preparatory actions (WMO, 2024a; Golding, 2022; UNDRR, 2015).
Despite substantial development over the past half a century (Todini, 2017), flood forecasts

remain imperfect, limiting their ability to support decision-making (WMO, 2024a; Demeritt
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et al., 2007). Reducing the uncertainty in forecasts is an ongoing challenge in hydrology
(Bloschl et al., 2019) for which several techniques have been developed, accounting for various
sources of uncertainty (Li et al., 2017; Camporese and Girotto, 2022; Herrera et al., 2022;
Althoft and Rodrigues, 2021). In this thesis, “post-processing" - a statistical technique for
correcting forecasts at the end of the forecast modeling chain (Section 2.2)- is investigated. By
removing biases and quantifying uncertainty, post-processing aims to transform the forecast to
be statistically more representative of real-world conditions (as depicted in Fig.1.1) facilitating

decision-making based on the forecast information (Todini, 2017).

N

Figure 1.1: Illustration of the goal of post-processing which is to statistically transform the
output from the hydrological model to be more like the observations. Colloquially, post-
processing transforms the forecast from the model universe (left side of the figure) to the real
world (right side of the figure).

Post-processing methods are relatively common in operational flood forecasting systems
(e.g., Brown et al., 2014), including in the forecasting system used throughout this thesis, the
European Flood Awareness System (EFAS; Smith et al., 2016) of the Copernicus Emergency
Management Service (CEMS). Typically, post-processing methods depend on river discharge
observations to estimate the characteristics of the forecast errors. River discharge observations
are primarily obtained from river gauges (Section 2.1.3). Therefore, a fundamental constraint
of many post-processing methods, including that of EFAS, is that they are only applicable at

the locations of river gauges. Unfortunately, the global river gauge network is relatively sparse
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1.2. Large-scale medium-range river discharge forecasts

(Krabbenhoft et al., 2022; Andrews and Grantham, 2024; Hannah et al., 2011), resulting in
the majority of the forecast domain being uncorrected. Post-processing methods for ungauged
locations have been researched significantly less than their at-gauge counterparts (Li et al.,
2017). In general, previously developed post-processing methods for ungauged locations
are computationally expensive or cannot adapt to changes in the spatial patterns of forecast
errors (Bennett et al., 2022; Skgien et al., 2021). In this thesis, I develop a method for
post-processing river discharge forecasts at ungauged locations by leveraging the dynamic
and computationally efficient techniques used in data assimilation (Carrassi et al., 2018).
Extending post-processing to all locations along a river could enhance decision-makers’
confidence in the forecasts and their subsequent actions, ultimately helping to protect lives

and livelihoods, even in areas without direct observations.

1.2 Large-scale medium-range river discharge forecasts

1.2.1 Forecasts as part of disaster risk management

Reducing the risk of floods is a cyclic process broadly divided into four overlapping stages: 1)
preparation for a specific event, ii) responding to the event once it has started, iii) recovering
from the event, and iv) mitigating the impact of future events (Madu et al., 2018; Kiptum
et al., 2025). Forecasts are a critical tool that contribute primarily to the preparedness
stage of the disaster risk management cycle (Fig. 1.2; Le Cozannet et al., 2020). A
good forecast provides advance knowledge of an upcoming flood event (Stephens and Cloke,
2014). Decision makers are then able to make a more informed choice about which actions
will reduce the impact of the flood and enable a rapid response. These actions may involve
issuing warnings, mobilizing resources and financial aid, assembling defenses, or evacuating
people (Hayes, 2021). Some actions require a minimum lead-time to be effective (Wazed
et al., 2021). Medium-range forecasts-those with lead times of 2—15 days-are particularly
valuable as they offer a balance between actionable lead times and forecast skill (Bischiniotis

et al., 2019; Fakhruddin, 2014; Cloke and Pappenberger, 2009). When integrated into a
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Figure 1.2: Schematic of a simple disaster risk management cycle. Modified from Le Cozan-
net et al. (2020)

robust Flood Early Warning System (FEWS) forecasts have been shown to help save lives
and infrastructure as well as reduce the overall economic burden of floods (UNDRR, 2024;
Bank, 2010; Perera et al., 2019; Thielen-del Pozo et al., 2015).

Despite their usefulness, local flood forecasts are not available everywhere often due to
limited financial and technical capacity, insufficient data, or fragmented institutional frame-
works (UNDRR, 2024). In the past two decades, technological and scientific advances as well
as increased availability of global datasets have allowed large-scale flood forecasting systems
to become operational (Emerton et al., 2016). A large-scale flood forecasting system refers
to a system with broad geographical domains crossing many natural and political borders.
There are three primary benefits to large-scale systems (Emerton et al., 2016): 1) they support
the United Nations’ goal of ‘Early Warnings for All’ (WMO, 2022) by providing forecasts
where local systems are not available, 2) they complement national systems by extending
lead times or adding probabilistic components (Thielen et al., 2009), and 3) they provide
consistent information across administrative borders, facilitating transboundary coordination
and response (Rai et al., 2017). The forecasting system used throughout this thesis, EFAS,
is a continental-scale forecasting system designed to provide complementary flood forecast
information to organisations responsible for flood protection within their region (Thielen

et al., 2009; Smith et al., 2016; Arnal et al., 2019).
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1.2.2 A typical large-scale flood forecast modelling chain

The modelling chain of a forecasting system is the set of modules that take the input data and
create the forecast of the variable of interest (WMO, 2011). It typically does not include the
dissemination of the forecasts to users although this is a crucial step within a FEWS (UNDRR,
2015). Additionally, I focus on forecasts of river discharge but the modelling chain could
be extended to predict other variables such as flood inundation, flood impact or hydropower
generation (Dottori et al., 2016; Kalas et al., 2019; Chen et al., 2019). A full description of
the EFAS modelling chain is given in Chapter 3 but here I focus on the general modelling
chain of a large-scale forecasting system.

Three components are required within the modelling chain of a large-scale medium-range
flood forecasting system (Emerton et al., 2016; Wu et al., 2020; Cloke and Pappenberger,
2009): 1) meteorological forcings, 2) a set of initial conditions, and 3) a hydrological
model to simulate the hydrological processes of runoff generation and routing (Fig. 1.3).

Meteorological forcings are typically generated by Numerical Weather Prediction (NWP)

Legend
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Meteorological Pre-processing

- Input data
forcings
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Figure 1.3: Diagram of a large-scale flood forecast modelling chain. Required core com-
ponents are shown alongside optional modules that could be implemented depending on
computational resources and data available. Modified from (Boelee et al., 2019).

systems (Wu et al., 2020; Bartholmes and Todini, 2005). Advances in science and technology

have significantly improved forecast complexity and skill (Linsenmeier and Shrader, 2023;
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Alley et al., 2019; Stern and Davidson, 2015). Recently, machine learning-based forecasts
have become operational, showing skill competitive with traditional NWP systems (Lang
et al., 2024; Bi et al., 2023). As will be discussed in Chapter 2 using forecasts as input
introduces uncertainty.

To translate meteorological input into river discharge, hydrological models are used to
represent runoff generation and river routing processes (WMO, 2011). These models vary
in structure, complexity, and data requirements, and are typically classified as physically-
based, conceptual, or data-driven (Horton et al., 2022; Knoben et al., 2025). Physically-
based models rely on equations derived from our (incomplete) understanding of hydrological
processes (Beven, 2012a), while conceptual models apply simplified process representations
(Liu et al., 2017). Both typically require parameter calibration (see Section 2.1.2), as not all
parameters are directly measurable (e.g., Manning’s roughness; Garcia-Pintado et al., 2015).
Data-driven models, including machine learning models, define the relationship between
the input (e.g., precipitation) and the output variables (e.g., river discharge) via weights or
coefficients determined in a training process, without explicitly modelling the hydrological
processes (Nearing et al., 2024; Hasan et al., 2024; Remesan and Mathew, 2015). The
LISFLOOD hydrological model, that is used in EFAS, adopts a hybrid approach combining
conceptual runoff generation with physically-based river routing (van der Knijff et al., 2008).
These approaches balance process representation with computational efficiency, making them
suitable for large-scale applications.

Hydrological models also differ in spatial representation. Lumped models treat the
catchment as a single unit, while distributed models divide it into grid cells, enabling spatial
variability (Beven, 2012a). The LISFLOOD is a distributed model that uses a gridded
structure, but ignores the impact of lateral flow within the soil (van der Knijff et al., 2008).
Representing spatial heterogeneity requires detailed information about catchment properties
(Choulga et al., 2024; Conacher, 2002), which has become increasingly feasible due to
advances in Earth observation (Emerton et al., 2016).

The initial hydrological conditions provide information about the amount, location, and

state of water across the domain at the start time of the forecast (Beven, 2012b). The initial
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hydrological conditions are important to be able to predict the response of the catchment to
the meteorological forcings. For example, at a simple level, soil that is saturated with water
cannot absorb additional water from rainfall leading to greater surface runoff than if water
had been able to infiltrate the soil (Davie, 2019). For spatially continuous forecasts, initial
hydrological conditions are generally generated using a warm-up of the hydrological model
forced by meteorological observations, reanalysis, or short lead-time forecasts (Ceppi et al.,
2023).

Additional components can be added to the modelling chain, usually with the aim of
reducing or quantifying the uncertainty in the forecasts (Fig. 1.3). These methods are

discussed in more detail in Chapter 2 with a focus on post-processing and data assimilation.

1.3 Thesis objectives and research questions

The primary goal of this thesis is to conduct research to improve the actionability of large-scale
flood forecasting systems via post-processing and stakeholder engagement. The European
Flood Awareness System (EFAS), a distributed continental-scale, medium-range ensemble
flood forecasting system is used throughout; however, the methods and conclusions can be
generalised to other forecasting systems. There are four objectives addressed in this thesis.
The first three objectives consider two post-processing methods: the at-gauge post-processing
method used operationally in EFAS and a new post-processing method for ungauged locations.
The final objective investigates the usefulness of the current operational EFAS post-processed
forecasts, and considers the implications for the operationalisation of the new method for
ungauged locations. To aid readability, section dividers are used below to distinguish between

the discussions of each objective.

Post-processing is currently performed operationally at gauged locations in EFAS to account
for uncertainty in the meteorological forcings, hydrological model, and initial conditions
(see Section 2.1.1). Despite its operational status, the strengths and limitations of the post-

processing method, as well as its impact on the skill of the forecasts, have not been explored

7
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previously. Without a robust evaluation of the post-processed forecasts, integrating the fore-
casts into the decision making process is more difficult. Additionally, without understanding
the conditions under which the method performs well or poorly, developers are unable to

prioritise scientific developments. The first objective of this thesis is therefore:

Objective 1: To evaluate the skill of the operational EFAS at-gauge post-processing

method.

To address Objective 1, 1 compare the post-processed forecasts with river discharge obser-
vations at over 500 stations across Europe. The skill of the post-processed forecasts are
compared against the skill of the raw (non-postprocessed) forecasts to identify any improve-

ment. In particular, I consider two research questions:

QI1.1. Does the operational post-processing method provide improved forecasts?

Q1.2. What affects the performance of the post-processing method?

Objective 1 is addressed in Chapter 4. The evaluation of the at-gauge post-processed forecasts
was used to inform the development and evaluation of the new post-processing method for

ungauged locations (Objective 2 and Objective 3 below).

k ok o3k

A fundamental limitation of many post-processing methods (including the method used
operationally in EFAS) is that they can only be applied at gauged locations (see Section
2.2.2). Post-processing methods for ungauged locations have been developed but typically
have three limitations (see Section 2.2.3). First, many methods define a static relationship
between gauged and ungauged locations along the river network which does not allow the
post-processing method to adapt to the flow situation being forecast. Second, methods that
do adapt dynamically are often too computationally expensive for operational use. Finally,
the previously developed methods do not work within the current modelling chain of many
forecasting systems, requiring an entirely new post-processing method to be implemented.

In this thesis I aim to develop a post-processing method for ungauged locations that adapts

8
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to the flow situation, is computationally efficient, and can be implemented as part of any
ensemble flood forecasting system. I do this in two steps, corresponding to Objective 2 and
Objective 3, respectively.

First, I develop an observation information propagation method using data-assimilation
techniques in a post-processing environment. Data assimilation is a state estimation technique
that combines a prior model estimate with observations. Data assimilation can be used in
flood forecasting systems to improve the estimation of the initial conditions (see Section 2.3).
Hydrological data assimilation is much rarer in operational systems that its meteorological
counterpart due to data latency, consequences further along the modelling chain, and uncertain
benefits at longer lead-times (see Section 2.3.6). However, by applying data assimilation
techniques in a post-processing environment I aim to overcome these barriers. The second

objective of this thesis is therefore:

Objective 2: To investigate the applicability of data-assimilation in a post-processing
environment to propagate observational information from gauged to ungauged loca-

tions.

To address Objective 2, 1 adapt the Local Ensemble Transform Kalman Filter (LETKF) for use
in a post-processing environment. I assimilate observations at gauged locations and examine
the impact at locations where observations are not assimilated. Two research questions are

considered:

Q2.1. Can data assimilation techniques be used in a post-processing environment to

propagate observation information to ungauged locations?

Q2.2. Are the resulting ensemble predictions of river discharge more skillful than the

raw ensemble?

Objective 2 is addressed in Chapter 5. The new observation information propagation method

is the first step towards a post-processing method for ungauged locations.

%k 3k ok
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In the experiments conducted to address Objective 2, observations from the forecast period
are assimilated to assess the ability of the method to successfully propagate information along
the river network. In a true forecasting scenario, no observations are available during the
forecast period since, at the time of forecast generation, the forecast period represents the
future. There is a need therefore to investigate alternative sources of information that could

replace the observations. The third objective of this thesis is

Objective 3: To explore the use of proxy-observations to facilitate the post-processing

of ensemble river discharge forecasts at ungauged locations.

To address Objective 3, 1 develop a post-processing method for ungauged locations that
uses at-gauge post-processed forecasts as proxy-observations and propagates this information
to ungauged locations. To assess the efficacy of the new method I consider two research

questions:

Q3.1. Canerror corrections derived from at-gauge post-processed forecasts be effectively

propagated to ungauged locations using a data-assimilation-based method?

Q3.2. What factors influence the method’s ability to improve the forecast skill at ungauged

locations?

Flood forecasts are only of societal benefit if they can be used by decision makers. Stakeholder
engagement is a critical, yet often under-emphasized component of the development and
operationalisation of flood forecasting systems. Forecast users require forecasts that are not
only skillful but also understandable, timely, and useful for decision-making (see Section
2.4). Therefore, it is crucial to consider operational constraints and user requirements during

the research phase. Therefore, the fourth objective of the thesis is

Objective 4: To identify potential barriers for the use of the EFAS post-processed

forecasts and determine future developmental priorities.

10
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To address Objective 4, 1 designed and organised a hybrid workshop between developers and
users of the operational at-gauge EFAS post-processed forecasts. The workshop aimed to

answer three research questions:

Q4.1. What is the current usage of the EFAS post-processed forecasts?,

Q4.2. What are the barriers to the use of the EFAS post-processed forecasts?

Q4.3. What developments to the EFAS post-processed forecasts should be prioritised to

better satisfy user requirements?

The decision to operationally implement the new post-processing method for ungauged
locations (Objective 3), as well as the implementation process itself, falls outside the scope
of this PhD and is not guaranteed. However, by identifying the limitations of the current
operational post-processed forecasts I aim to identify areas where the new method may also

face challenges.

%k ok k

As mentioned, throughout this thesis EFAS is used as the test forecasting system. Conducting
research within a large-scale operational system presents both challenges and advantages. On
the one hand, output of the research can be more readily used within the operational system,
since the constraints and practicalities of the forecasting chain are considered from the start.
On the other hand, the operational system continues to evolve during the course of the research,
which can create difficulties for evaluation of new developments (e.g., Hasan et al., 2024, ;
see discussion in Section 8). The EFAS domain covers a wide range of hydroclimatic regions,
enabling post-processing methods to be evaluated across diverse settings, whereas national
systems may be more targeted towards specific hydrological processes (e.g., snowmelt). In
particular, the relatively large number of river gauges across Europe makes EFAS useful for
developing a post-processing method for ungauged locations. Global-scale systems, such
as the Global Flood Awareness System (GloFAS; Matthews et al., 2025c), encompass an

even broader range of hydroclimatic regions than EFAS, but many of the regions have few

11
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or no river gauges making it more difficult to evaluate post-processing methods for ungauged
locations (see 5 and 6). Moreover, because post-processing is already performed at gauged
locations within EFAS, much of the necessary workflow and infrastructure for testing new
methods is already established. Finally, EFAS has an established and diverse user community,
which simplifies the identification of stakeholders and facilitates engagement with end users.
These characteristics make EFAS a suitable and representative system for addressing the four
objectives of this thesis, although the methods used could be implemented in any hydrological

ensemble forecasting system.

1.4 Principal new results

Chapters 4-7 provide the following answers to the thesis objectives outlined in Section 1.3:

1. Objective 1: The first systematic evaluation of the at-gauge post-processing
method for EFAS was conducted. Using two years of reforecasts, the skill of the
post-processed forecast was compared against that of the raw forecasts at 522 stations
across Europe. (Q1.1) The assessment finds that the post-processing method cor-
rects the forecasts at most stations with the greatest improvement occurring at short
lead-times. (Q1.2) The post-processing method is most beneficial for large, slowly
responding catchments with hydrological biases. The method struggles with flashy
catchments and those with meteorologically driven errors as well as with more extreme
river discharge values. (Impact) The evaluation results have been presented to users
allowing them to more effectively use the forecasts. In addition to providing knowledge
about the benefits of post-processing the EFAS forecasts (knowledge which previously
has not been available to users of the forecasts), this evaluation provides a benchmark

on which the other experiments in this thesis can be contextualised.

2. Objective 2: A new method for propagating observational information along the
river network to correct ensemble simulations in a post-processing environment

was developed. The method uses state-augmentation within a LETKF to spread in-

12
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formation from gauged to ungauged locations. Modifications are made to the LETKF
to remove the need for additional executions of the computationally expensive hydro-
logical model. (Q2.1) The method’s ability to propagate the observational information
to ungauged locations is evaluated using a leave-one-out verification strategy for the
Rhine-Meuse basin. Overall, the data-assimilation-inspired method was able to ef-
fectively propagate observational information from gauged to ungauged locations by
using the ensemble covariances of the simulation. (Q2.2) The skill of the ensemble
mean was improved at almost all locations and lead-times but when local processes
are not captured in the ensemble covariances this correction was less robust. At short
lead-times, the ensemble spread was more reliable than for the raw forecasts. At longer
lead-times, the spread was not sufficiently adjusted to match the reduction in the error
of the mean, leading to under-confident forecasts. (Impact) The ability of this method
to produce an improved estimate of the river discharge could aid post-event analysis for
ungauged locations. In this thesis, this method is an initial step towards post-processing

forecasts at ungauged locations.

3. Objective 3: A new method for post-processing river discharge forecasts at un-
gauged locations was developed. Building on the results from Objective 1 and 2, the
new method uses the at-gauge post-processing method to provide proxy-observations
during the forecast period, and propagates this information along the river network us-
ing the LETKF-based technique. The post-processing method is evaluated for a year of
forecasts in the Rhine-Meuse catchment. (Q3.1) The forecasts are generally improved
at lead-times up to 5 days and along larger rivers. The skill of the post-processed
forecasts varies across the catchment and across the evaluation period. (Q3.2) The
skill of the post-processed ensembles at ungauged locations is largely dependent on
the accuracy of the proxy-observations. The density of proxy-observations and their
location upstream or downstream of the ungauged location also influenced the forecast
skill. (Impact) Additional evaluations on different catchments are required before this

method can be considered for operational implementation; however, it shows potential
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to improve the forecasts at ungauged locations providing users with skillful forecasts

across the domain.

4. Objective 4: Barriers to the use of the operational EFAS post-processed forecasts
and developmental priorities were identified. A workshop was organised between
developers and users of the forecasts enabling practical solutions to be identified.
(Q4.1) The primary use of the post-processed forecasts was for flood forecasting for
lead-times from 1 to 5 days. The post-processed forecasts were always used alongside
another meteorological or hydrological forecast product. (Q4.2) Barriers to the use
of the EFAS post-processed products included difficulty incorporating the forecasts
into local procedures and detailed documentation being hard to find. (Q4.3) Core
to many of the identified developmental priorities was the use of locally relevant
information. For example, local flood thresholds would allow users to more easily
compare with their own systems and incorporate the forecasts into their procedures.
Both the forecast visual products and the forecast data itself need to be easily accessible
and understandable. (Impact) The workshop enabled a plan for developing the EFAS
post-processed forecasts to be outlined. Some of these developments have already been
made operational. Additionally, using the outcomes from this workshop I have been
able to identify potential roadblocks for any future operational implementation of the

new post-processing method for ungauged locations.

1.5 Structure of the thesis

This thesis consists of nine chapters including four chapters which present new research

conducted as part of this PhD (Fig. 1.4). The thesis is structured as follows:

» Chapter 2 provides a review of relevant background information including an introduc-
tion to the uncertainties in hydrological data, post-processing methods, data assimila-

tion techniques, and a co-production framework.

* Chapter 3 provides a detailed system description of the European Flood Awareness

14
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Motivation, literature review,
EFAS system description
(Chapters 1-3)

Assessing the skill of the EFAS at-
gauge post-processing method

(Chapter 4)
Investigating the applicability of Developing a post-processing Identifying barriers and
data-assimilation in a post- method for ensemble forecasts developmental priorities for
processing environment at ungauged locations the EFAS post-processing
(Chapter 5) (Chapter 6) (Chapter 7)
Discussion, future work, and ‘ Methods
conclusions

(Chapters 8-9) Knowledge

Figure 1.4: Schematic of the structure of this thesis. Colours of the boxes indicate sections
with similar objectives: Blue - provide background material; Green - related to the develop-
ment of a post-processing method; Yellow - related to user requirements; Purple - discussion
and summary of the results of this thesis.

System (EFAS) which is the river discharge forecasting system used in all the studies
in this thesis. The research studies were conducted alongside the operational system so
this chapter also provides context to some of the challenges encountered in the studies.

This chapter is an excerpt from Matthews et al. (2025b).

* Chapter 4 presents an evaluation of the EFAS post-processed forecasts at stations
across Europe. This was the first skill assessment made available to users of the current
operational post-processing method. In addition to investigating the benefits of the
post-processing method, we also explore the factors that limit the method’s efficacy.

This chapter addresses Objective 1 and is reproduced from Matthews et al. (2022).

» Chapter 5 develops a method for propagating observational information from gauged
to ungauged locations using a Local Ensemble Kalman Filter (LETKF) in a post-
processing environment. This method allows an ensemble simulation to be corrected
at ungauged locations. This chapter addresses Objective 2 and is reproduced from

Matthews et al. (2025a).

* Chapter 6 combines the methods from Chapters 4 and 5 to form a post-processing
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method for ensemble forecasts at ungauged locations. The post-processing method
for ungauged locations can be applied to any ensemble river discharge forecast. This

chapter addresses Objective 3.

* Chapter 7 discusses the organisation and outcomes of a workshop held between the
producers and the users of the EFAS post-processed forecasts. The workshop identifies
developmental priorities for the EFAS post-processed forecasts related to the forecast
visualisation, accessibility, training, and post-processing method used. This chapter

addresses Objective 4 and is reproduced from Matthews et al. (2023).

* Chapter 8 discusses the key scientific contributions from each of the research chapters
(Chapters 4-7) in relation to the four objectives outlined in Section 1.3. Additionally,
the limitations and the impacts of the studies are discussed before potential future work

is outlined.
* Chapter 9 highlights the key conclusions of this thesis.

Following each of chapters 2-7 is a ‘chapter summary’ which briefly summarises the

chapter before highlighting the connections with other chapters in this thesis.
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River discharge uncertainty,

post-processing, data assimilation, and

actionable forecasts

In this chapter, I aim to contextualize the work presented in this thesis. Each of the main
research chapters of this thesis contains a specific literature review as they are published
works or under review. In Section 2.1, I begin with a discussion of the uncertainties present
in river discharge observations and forecasts, and provide a brief description of some common
approaches for quantifying and reducing forecast uncertainties. In Section 2.2, I narrow the
focus to post-processing methods which I argue is the most effective and efficient technique
to statistically improve river discharge forecasts. Section 2.3 introduces data assimilation in
more detail with a specific focus on the Local Ensemble Transform Kalman Filter (LETKF),
the method used within this thesis. In Section 2.4, I discuss the value of forecasts and the
co-production framework. Finally, in Section 2.5, I summarise the the key conclusions from
this chapter and highlight where this knowledge is used in future chapters.

I note that Chapter 3 provides more details about the forecast system used throughout
this thesis- the Copernicus Emergency Management Service’s European Flood Awareness

System (EFAS) - so the system is not specifically discussed in Chapter 2.
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2.1 Uncertainty in river discharge forecasts and observa-
tions

The hydrological community has widely agreed that the quantification and, where possible,
reduction of uncertainty is a necessity for the societal benefits of hydrological forecasting
to be realized (Bloschl et al., 2019; Juston et al., 2013; Pappenberger and Beven, 2006).
Generally, in hydrology uncertainty is categorized into two types: epistemic uncertainty,
which arises from lack of knowledge, and aleatory uncertainty, which stems from inherent
randomness (McMillan et al., 2018; Gupta and Govindaraju, 2023; Nearing et al., 2016;
Di Baldassarre et al., 2016; Beven and Smith, 2015; Montanari, 2007). These uncertainties
enter the forecast via several components of the modelling chain. Therefore, I begin this
section by outlining the sources of uncertainty in river discharge forecasts (Section 2.1.1). 1
then introduce techniques that are used to quantify and reduce forecast uncertainty (Section
2.1.2). Two of these techniques, namely post-processing and data assimilation, are key to
this thesis and are discussed in greater detail in Sections 2.2 and 2.3, respectively. In Section
2.1.3 we discuss the uncertainty associated with river discharge observations which are key

to all forecast uncertainty quantification methods.

2.1.1 Sources of uncertainty in river discharge forecasts

River discharge forecasts contain uncertainty which can make their use in decision making
more difficult (Demeritt et al., 2007). Predictive uncertainty is the probability of a forecasted
situation occurring conditioned on all knowledge available before the start time of the forecast
(Todini, 2009). Knowledge that we may have before the start-time of the forecast includes
estimates of the hydrological initial conditions, predictions about the future meteorological
situation, past observations, the skill of the hydrological model, and previous forecasts. This
uncertainty is introduced to the system throughout the modelling chain as shown in Fig. 2.1
and discussed in more detail below. Whilst the uncertainties are introduced from different

sources they interact as they cascade through the forecasting chain making them difficult to
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disentangle and account for separately (Zappa et al., 2011; Pappenberger et al., 2005).
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Figure 2.1: Model components and sources of uncertainty for a typical flood forecasting
system. Modified from (Boelee et al., 2019).

Meteorological uncertainty or input uncertainty is introduced into the hydrological mod-
elling chain by the meteorological forcings used (Zappa et al., 2010). In this thesis, the river
discharge forecasts are generated using the output of a NWP as input; however, forecasts
generated using meteorological observations (e.g., radar based nowcasting) will also be im-
pacted by input uncertainty due to uncertainties in the meteorological observations (e.g., Park
et al., 2019). Throughout this thesis we treat meteorological uncertainty as a single source
of uncertainty, as is often done (e.g., Boelee et al., 2019), but in reality this uncertainty is
a combination of uncertainty due to the chaotic nature of the atmosphere and NWP model
errors.

Whilst there are many hydrological models (Peel and McMahon, 2020), most are affected
by two types of hydrological model uncertainty: i) model structure uncertainty and ii) model
parameter uncertainty. For traditional physical models, model structure is related to the hy-
drological processes represented and their coupling, the equations selected to represent these

processes, and the spatial configurations of the model (Moges et al., 2021). Application,
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available data, and computing resources, as well as familiarity and system legacy, can influ-
ence the choice of model and model configurations (Horton et al., 2022). Model parameter
uncertainty is related to the selection of parameter values for the model. Often, there are
many parameters (some observable and some implicit) that need to be defined for a model to
be used (Arnal et al., 2019). Parametric uncertainty is impacted by the spatial resolution of
the model, the forcing data available, the understanding of hydrological processes, and the
hydroclimatic region of the domain (Herrera et al., 2022).

Initial condition uncertainty or state uncertainty is due to the initial hydrological condi-
tions on the domain. For single-location forecasts (also called point forecasts), the initial
conditions can often be taken as the most recent observation (DeChant, 2014) and are there-
fore susceptible to the uncertainty in river discharge observations (discussed in Section 2.1.3).
For spatially distributed forecasts the initial conditions are often generated by forcing the hy-
drological model with meteorological observations, reanalyses or forecasts (Harrigan et al.,
2020). The initial conditions therefore contain uncertainty from the meteorological forcings
of choice and from the hydrological model (Parkes et al., 2013).

These sources of uncertainty are unavoidable but in Section 2.1.2 we discuss some

common techniques used to reduce and quantify the uncertainty from each source.

2.1.2 Accounting for uncertainty in river discharge forecasts

Several techniques to reduce and quantify the uncertainty for different sources have been
researched. I focus here on techniques that can be used within forecasting systems similar
to the EFAS system used in this thesis (i.e., river discharge forecast created by forcing a
hydrological model with the output from an ensemble of NWP system; see Chapter 3).
There are two ways of quantifying predictive uncertainty (Boelee et al., 2019): 1) creating
an ensemble of realisations showing the different potential future states of the river discharge
(Wu et al., 2020; Cloke and Pappenberger, 2009), or 2) statistical methods that can condition
components of the model on information available before the start time of the forecast (Pan-

chanthan et al., 2024). Whilst the former technique can quantify the uncertainty, statistical
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methods are also capable of reducing the uncertainty by correcting for known errors. Since
ensembles can provide uncertainty quantification but not correction it is common to use a
statistical method together with a Hydrological Ensemble Prediction System (HEPS; Troin

et al., 2021). It is this hybrid approach that will be explored further in this thesis.

2.1.2.1 Ensemble techniques for quantifying uncertainty

An ensemble of potential future states can be generated using multiple sets of meteorological
forcings (to account for input uncertainty; Cloke and Pappenberger, 2009), multiple sets of
hydrological model parameters (to account for hydrological parameter uncertainty; Mockler
et al., 2016), multiple hydrological models (to account for hydrological structural uncertainty;
Velazquez et al., 2011), multiple sets of initial hydrological conditions (to account for initial
condition uncertainty; Abaza et al., 2014), or a combination of two or more of the above
sets (Zappa et al., 2011; Pappenberger et al., 2005; Qu et al., 2017). However, to account for
all sources of uncertainty would be very computationally expensive using physically-based
or conceptual models (Pappenberger et al., 2005; Leutbecher, 2019; Raynaud and Bouttier,
2017).

Input uncertainty is considered to be the most dominant source of uncertainty in flood
forecasting (e.g., Shu et al., 2023; Pappenberger et al., 2005). Therefore, ensemble river
discharge forecasts are often created by forcing a single hydrological model with an ensemble
of meteorological forecasts (Pappenberger et al., 2019; Emerton et al., 2016; Bao et al., 2011;
He et al., 2010). These meteorological forcings may come from an ensemble NWP system or
multiple NWP systems (Wu et al., 2020) as is the case for the EFAS system used in this thesis
(see Chapter 3). Figure 2.2 shows an example ensemble river discharge forecast hydrograph
for a single location created by forcing a hydrological model with an ensemble meteorological

forecast.

2.1.2.2 Methods for quantifying and reducing uncertainty

Common statistical methods used to quantify and reduce uncertainty are pre-processing

for input uncertainty, hydrological model calibration for parameter uncertainty, and data
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Figure 2.2: An example of an ensemble river discharge forecast generated by forcing a
hydrological model with an ensemble weather forecast. Each blue line is a different ensemble
member which are all equally likely future scenarios. The dashed black line shows the
observed river discharge that occurred. Reproduced from Cloke and Pappenberger (2009)
with permission from Elsevier.

assimilation for initial condition uncertainty (Boelee et al., 2019). These statistical methods

are implemented in different sections of the modelling chain depending on the source of the

uncertainty (Fig. 2.3).

* Pre-processing (or post-processing in meteorology) consists of statistically correcting
the output from the NWP before using it to force the hydrological model. This has
shown to be beneficial in some cases with precipitation being a key variable to correct
(Monbhart et al., 2019). In other cases pre-processing has led to little difference in the

skill of the hydrological forecasts or to a slight degradation (Valdez et al., 2022).

* Hydrological model calibration is the process of optimising the model parameters
by maximizing the skill of a hydrological simulation relative to observations. Often
this results in one set of parameters which are then used to run the hydrological model
to create forecasts (e.g., Hirpa et al., 2018). In reality some of the parameters that

are often calibrated vary either seasonally or due to changes in the catchment (Bloschl

et al., 2015).
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* Data assimilation is used to improve the estimation of the initial hydrological condi-
tions by combining a prior modelled estimate with observations. Improvements have
been seen in forecasts due to data assimilation, primarily in the short lead-times (Bour-
gin et al., 2014). A key benefit of data assimilation is that river discharge observations
are not needed everywhere as data assimilation methods are capable of spreading the
observation information to unobserved locations (Johnson et al., 2005). Data assimi-

lation is described in more detail in Section 2.3.

* Post-processing is the statistical correction of the river discharge forecasts to quantify
uncertainty and reduce biases (Li et al., 2017). Post-processing aims to quantify the
predictive uncertainty in the forecast (i.e., the uncertainty in the forecast due to all
sources of uncertainty; see Section 2.1.1). Post-processing is described in more detail

in Section 2.2.
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Figure 2.3: Uncertainty analysis components in a flood forecasting system. Reproduced from
Li et al. (2017), with permission from John Wiley and Sons.

Several studies have compared different statistical methods to identify which method
is most beneficial. Post-processing is consistently found to improve forecast skill more
effectively than pre-processing (Kang et al., 2010; Roulin and Vannitsem, 2015; Zalachori

et al., 2012; Sharma et al., 2018; Valdez et al., 2022). Improvements due to pre-processing
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are limited because errors in the hydrological model are not considered (Sharma et al.,
2018). Post-processing is also capable of accounting for errors in model parameters with the
potential of replacing the computationally expensive hdyrological model calibration process
(Liu et al., 2022; Wu et al., 2018; Roulin and Vannitsem, 2015). While integrating both data
assimilation and post-processing often results in the most skillful forecasts, data assimilation
had a diminishing effect at longer lead-times (Zhang et al., 2025a; Valdez et al., 2022; Bourgin
et al., 2014).

The ability of post-processing to account for multiple sources of uncertainty in a com-
putationally efficient manner has led to it being a key component in hydrological forecasting
systems. In Section 2.2 we discuss post-processing in more detail including common methods

and ongoing challenges.

2.1.3 Uncertainty in observed river discharge data

River discharge observations are used throughout hydrological research to understand physical
processes (Kauffeldt et al., 2013), detect trends in space and time (Harrigan et al., 2018a), and
identify appropriate flood warning thresholds (Lucas et al., 2023), to name a few examples.
As shown in Section 2.1.2, they are also critical for quantifying and reducing the uncertainty
in forecasts. Understanding the uncertainties in these observations is therefore important
(McMillan et al., 2022; Rhea et al., 2023).

The observations used in this thesis are traditional in-situ observations, measured by
gauging stations at specific locations along the river network. The observations used in this
thesis are traditional in-situ observations, measured by gauging stations at specific locations
along the river network. In particular, we focus on the uncertainty in continuous in-situ river
discharge observations.

River discharge is the volume of water flowing through a river channel at a specific point
(Robinson and Ward, 2017). For discrete measurements, the river discharge can be calculated
by measuring the velocity of the flow and the cross-sectional area of the river (Herschy, 1993).

There are many techniques for measuring these two components with varying complexity,
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Figure 2.4: Example rating curve and uncertainty bounds for the Agauntza stations on the
Oria river in Spain. Uncertainty bounds are calculated in three ways: (1) standard - no
hydraulic information is used, (2) potential - basic hydraulic information is used, and (3)
likely - detailed and reliable hydraulic information is used. Reproduced from Ocio et al.
(2017) with permission from John Wiley and Sons.

cost, and accuracy (Vyas et al., 2024; Muste and Hoitink, 2017). However, continuous real-
time river discharge observations are typically measured via the rating-curve method not via
the velocity-area measurements (Turnipseed and Sauer, 2010). In the rating curve method,
stage (also known as the water level) is measured by the river gauge. A rating curve, which
represents the relationship between the stage and the river discharge (Fig. 2.4), is then used
to convert the stage to river discharge (Turnipseed and Sauer, 2010).

Broadly, there are three sources of uncertainty in river discharge observations (Turnipseed
and Sauer, 2010; Rhea et al., 2023): 1) uncertainty in the water level measurement, resulting
from factors such as changes in the river bed settlement, waves or surges, vegetation over-
growth, and limitations of the sensor (Horner et al., 2022), ii) uncertainty in the rating curve,
arising from the non-stationarity of the stage—discharge relationship, errors in the calibration
data, parametric assumptions, and extrapolation beyond observed values (Mansanarez et al.,
2019), and 1i1) uncertainty in the recording, transferring, and retrieving of the observations
(Viney and Bates, 2004).

The uncertainty in river discharge observations is magnitude-dependent and can vary

greatly between locations (e.g., Coxon et al., 2015 find uncertainties range between 10%
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and 397%). However, in many studies the range of uncertainty values is often smaller (e.g.,
6.2% to 42.8% in Di Baldassarre and Montanari, 2009). Commonly reported magnitudes are
10-20% for medium flows (McMillan et al., 2012). For high and low flows, the percentage
of uncertainty is often higher due to the extrapolation of the rating curve required to convert
the stage measurement to discharge and limitations of the stage measurements themselves
(Horner et al., 2022; Hamilton and Moore, 2012; Tomkins, 2014; Harmel and Smith, 2007).

Estimating the uncertainty in the observations requires information about the river and the
gauge itself; information that is often not available at a large-scale (Westerberg and Karlsen,
2024; Coxon et al., 2015). The choice of method used to estimate the uncertainty in river
discharge observations can also result in discrepancies in the estimated uncertainty (Kiang
et al., 2018; Westerberg et al., 2020). It is therefore difficult to estimate the uncertainty
associated with river discharge observations in near real-time at a large-scale. Therefore,
it is common to assume either that the observations have no errors or that the uncertainty
can be estimated as a constant percentage of the magnitude (Ocio et al., 2017; McMillan
et al., 2010a). For example, for the Oder river uncertainties of 10% were estimated for daily
average discharge values (Refsgaard et al., 2006). In Chapter 5, I use this percentage of the
river discharge value as the standard deviation of the error as 10% falls within the uncertainty

ranges of many studies reviewed including those cited above.

2.2 Post-processing of river discharge forecasts

The topic of this thesis is post-processing of medium-range ensemble river discharge forecasts
with a focus on developing a post-processing method for ungauged locations. Post-processing
was briefly introduced in Section 2.1.2 as a statistical approach for accounting for biases and
uncertainty in the output of a hydrological model. In this section, I discuss post-processing
in more detail starting with a description of the aims of post-processing in Section 2.2.1.
Typically, post-processing at ungauged locations is a two-step process which involves an at-
gauge post-processing step followed by the spreading of this correction to ungauged locations.

I therefore first discuss previously developed post-processing techniques for gauged locations
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in Section 2.2.2 followed by post-processing techniques for ungauged locations in Section

2.2.3.

2.2.1 Introduction to post-processing

The output from a hydrological model contains biases and uncertainties from multiple sources
(see Section 2.1.1). Post-processing is a statistical method applied at the end of the forecast
modeling chain with the goal of making the forecast more useful to decision makers (Fig.
2.3, Li et al., 2017). The aim of post-processing in general is to reduce and quantify the
predictive uncertainty which, as discussed in Section 2.1.1, is the probability of a forecasted
situation occurring given all available information at the forecast initiation (Todini, 2009).
Let x;, € RE be the river discharge forecast for a single location with start time ¢ and L
timesteps, and let y, € R be the river discharge observations for the same L timesteps.
The aim of post-processing is therefore to estimate an improved forecast probability density

function, denoted

p(y:|x:, 0) 2.1

where p indicates the probability density and @ is a vector of additional input variables that
may include, for example, past observations.

There are three techniques that commonly fall under the term “post-processing": bias-
correction, error-correction, and uncertainty quantification. Bias-correction corrects system-
atic errors, such as persistent under- or overestimation of river discharge (Hashino et al., 2007).
The aim of bias correction is to minimize the mean forecast error (forecast residual) over
time. Unlike bias-correction, which only addresses systematic errors, error-correction also
accounts for random errors that vary across forecasts (e.g., underestimation due to river reg-
ulation; Bogner and Kalas, 2008). In general, error-correction techniques are more complex
than bias-correction techniques and often require real-time observations. For a deterministic

point forecast, the error of the forecast for a single lead-time, dy, is defined as,

Ok = Yk — Xk (2.2)
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where y; and xj are the observation and the forecast at the k-th lead-time, respectively. It
is often assumed that the observations and forecasts are at the same location and can be
directly compared (Li et al., 2018). For an ensemble forecast the error of the forecast may
apply to the ensemble mean or to each ensemble member separately depending on the chosen
methodology.

Uncertainty quantification focuses on characterizing the likelihood of possible forecast
outcomes rather than providing a single corrected value (Krzysztofowicz, 2001). It involves
estimating the distribution of the forecast errors or the confidence intervals around predictions
(Ramos et al., 2013). Unlike bias- or error-correction, which aim to improve the accuracy
of forecasts, uncertainty quantification aims to provide a probabilistic description of forecast
confidence by accounting for inherent variability, model limitations, and data quality (Todini,
2009). As they do not reduce errors, uncertainty quantification techniques often follow bias-

or error-correction techniques and aim to quantify the remaining uncertainty (Li et al., 2016).

2.2.2 Post-processing methods

Post-processing methods typically require past river discharge observations to estimate the
relationship between forecasted and observed river discharge values. As a result, most post-
processing approaches have been developed for gauged locations (Li et al., 2017). Over the
past few decades, a variety of post-processing techniques have been introduced, which can
be broadly categorized into five categories: bias-scaling, regression methods, conditional
probability methods, ad-hoc methods, and more recently, machine learning methods.
Bias-scaling techniques are among the most widely used post-processing methods, across
all timescales, due to their simplicity (Kolling Neto et al., 2023; Lozano et al., 2025; Tiwari
et al., 2022). These methods correct forecast biases by applying a multiplicative or additive
adjustment based on the historical relationship between observed and forecasted discharge
values. Quantile mapping is commonly used to adjust forecast errors by defining a mapping
between the cumulative distribution functions of the hydrological model output and the

observations (Tiwari et al., 2022; Kim et al., 2022; Sanchez Lozano et al., 2021; Hashino
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et al., 2007). These methods are computationally efficient and easy to implement but do not
fully account for non-linear forecast errors.

Regression-based methods improve upon simple bias-scaling by establishing statistical
relationships between forecasts and observations (Zhang et al., 2025b; Islam et al., 2023;
Tyralis and Papacharalampous, 2023; Hashino et al., 2007). Using multiple linear regression
also allows the inclusion of additional predictors such as meteorological variables or recent
river discharge observations (Du and Pechlivanidis, 2025; Demargne et al., 2014). River
discharge tends to have a long memory (or, mathematically, a high autocorrelation) so the
inclusion of recent observations via an autoregressive model has been shown to provide an
advantage over simpler methods (Jones et al., 2022; Woldemeskel et al., 2018; Seo et al.,
2006). Regression-based techniques effectively correct systematic biases and the additional
predictors can allow the output to be tailored to specific forecasting conditions correcting
non-systematic errors as well (Bogner and Pappenberger, 2011; Bogner and Kalas, 2008).
Several regression-based methods have been developed specifically for ensemble forecasts
often adjusting the ensemble mean and standard deviation (e.g., Wood and Schaake, 2008). Of
particular interest for this thesis is the Ensemble Model Output Statistics (EMOS; Gneiting
et al., 2005), which minimises the error (or maximises the skill depending on the chosen
metric) over recent forecasts using multiplicative and additive correction factors to adjust the
ensemble mean and standard deviation (Zhong et al., 2020; Siqueira et al., 2021; Bogner
et al., 2017). The EMOS method is used in Chapter 4 as part of the at-gauge post-processing
method used operationally in the European Flood Awareness System (EFAS). The EMOS
method was initially designed for meteorological variables but has shown to be effective at
correcting biases and improving the ensemble reliability for river discharge forecasts as well
(Hemri et al., 2015; Siqueira et al., 2021).

Conditional probability methods were some of the first hydrological post-processors to
quantify uncertainty as well as bias-correct the forecast (Krzysztofowicz and Kelly, 2000;
Krzysztofowicz and Maranzano, 2004). They estimate the likelihood of the observed dis-
charge given a forecasted value (Darbandsari and Coulibaly, 2021). The Model Conditional
Processor (MCP; Todini, 2008, 2009; Coccia and Todini, 2011) is used in Chapter 4 as

29



Chapter 2. River discharge uncertainty, post-processing, data assimilation, and actionable
forecasts

part of the operational post-processing method of the EFAS forecasts. The MCP estimates
a multi-Gaussian joint distribution between historic observed and simulated data which is
then used to estimate the probability distribution of the observed values during the forecast
period based on the forecast values (Romero-Cuellar et al., 2022; Alvisi and Franchini, 2017).
Conditional probability methods can effectively correct both bias and spread but require long
observational records to produce reliable distributions (Zhao et al., 2011; Coccia and Todini,
2011).

Ad-hoc methods include ensemble dressing which aims to correct the spread of ensemble
forecasts. In ensemble dressing, the uncertainty of each ensemble member is assumed to
be described by a kernel-distribution which is estimated from previous errors (Pagano et al.,
2013; Xu et al., 2020). Ensemble dressing is often used in conjunction with Bayesian Model
Averaging which, after dressing each ensemble member, assigns different weights to members
based on their historical performance (Raftery et al., 2005; Fraley et al., 2010). Bayesian
Model Averaging can also be used to blend a multi-model ensemble of forecasts from different
systems (Aminyavari and Saghafian, 2019).

Machine learning methods have been applied to the post-processing of river discharge
forecasts for decades (e.g., Shamseldin and O’Connor, 2001). However, the recent cura-
tion of large hydrometeorological datasets and the availability of open-source packages has
reenergised the discipline. Techniques such as random forests (Du and Pechlivanidis, 2025;
Magni et al., 2023), support vector machines (Liu et al., 2022), and long-short term memory
networks (Du and Pechlivanidis, 2025; Sharma et al., 2023; Hunt et al., 2022; Frame et al.,
2021) have shown promising results in capturing complex, non-linear relationships between
forecasts and observations. Machine learning post-processors are highly flexible and can
easily incorporate multiple predictors. However, their effectiveness depends on the avail-
ability of large training datasets, computational resources, and careful model tuning to avoid
overfitting (Hasan et al., 2024; Slater et al., 2024; Shen et al., 2021).

Each of these post-processing methods has distinct advantages and limitations. These are
summarised in Table 2.2.2. In practice, the choice of method depends on forecast charac-

teristics, data availability, and operational constraints. Increasingly, hybrid approaches that
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combine multiple techniques are being explored to enhance forecast accuracy and reliability
(Reggiani et al., 2022). In Chapter 4, we evaluate the at-gauge post-processing method used
operationally in the European Flood Awareness System (EFAS). This method uses a hybrid
approach combining the MCP and the EMOS methods to account for different sources of

uncertainty.
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Table 2.1: Advantages and disadvantages of five categories of post-processing methods.

Method Category

Advantages

| Disadvantages

Bias-scaling techniques

Easy to implement; Computationally efficient; Applica-
ble to many systems; Widely used and well-understood.

Do not correct dynamic errors; Do not quantify uncer-
tainty; Data requirements can be large; Assume station-
arity.

Regression methods

Can incorporate recent river discharge observations and
other predictors; Do not require long time series for cal-
ibration; Some account for uncertainty; Flexible and in-
terpretable.

May assume linear relationships; May overfit with many
predictors and limited data.

Conditional probability
methods

Can incorporate recent river discharge observations; Ac-
count for uncertainty; Suitable for probabilistic forecast-
ing.

Require long time series for calibration; May be less
interpretable; Assume stationarity.

Ad-hoc methods

Typically tailored to specific systems; Some account for
uncertainty; Some require fewer assumptions about sta-
tistical distributions.

Some require large datasets of historic forecasts; Not
applicable to all systems.

Machine learning meth-
ods

Can capture non-linearity in errors; Quick to run (after
training); Can handle large numbers of predictors

Require long time series for training; Many methods do
not account for uncertainty; May not be interpretable;
May overfit without proper tuning.
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2.2.3 Post-processing methods for ungauged locations

River discharge gauges are sparsely and inhomogeneously distributed globally (Krabbenhoft
et al., 2022). Even on highly observed rivers there are challenges in the maintenance of the
gauges and the sharing of the collected data (Hannah et al., 2011; Nelson, 2009). Floods can
cause significant impacts in areas without observations, making it crucial to develop accurate
and reliable forecasts for ungauged locations. Post-processing river discharge forecasts at un-
gauged locations is more challenging than at gauged locations—where the process is already
complex—because there are no direct observations from which to learn the relationships
between forecasted and observed discharge values. It is possible to extend some at-gauge
post-processing methods directly for use at ungauged locations. For example, Engeland
and Steinsland (2014) applies a conditional-distribution method to post-process forecasts at
multiple locations based on the joint distribution of river discharge between the locations.
Whilst not requiring recent observations, historic observations are required to define the joint
distribution and therefore this approach cannot be used at locations for which observations
have never been available.

To overcome this challenge, methods for post-processing at ungauged locations typically
rely on post-processing forecasts at gauged locations and then transferring the information
to the ungauged locations (e.g., Skgien et al., 2021; Bennett et al., 2022). Therefore, these
methods can be conceptualized as consisting of two components: at-gauge post-processing
(described in Section 2.2.2) and error propagation, which we focus on in this section. The
choice of error propagation technique can directly restrict the selection of at-gauge post-
processing methods, as certain transfer techniques are only compatible with specific post-
processing approaches. The computational constraints of the forecasting system are also
important factors in the selection of error propagation technique.

A common error propagation technique is to match gauged and ungauged locations in a
way that allows correction parameters estimated at the gauged location (the "donor") to be
applied to an ungauged location (the "recipient"; Fig. 2.5a). This donor-recipient approach

is widely used in hydrological model calibration but has also been successfully applied
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Figure 2.5: Illustration of different methods for transferring information within a post-
processing method for ungauged locations.a) Error correction parameters are transferred
from a gauged donor catchment (red) to an ungauged catchment (blue). b) Transfer functions
are used to estimate error-correction parameters at ungauged locations (blue) based on a
physical characteristics of the catchment (red, pink, and purple). c) Spatial interpolation,
using static weights (yellow-high, purple-low), of error correction parameters from gauged
to ungauged locations. d) Propagation of corrected river discharge along the river network
using a river routing model. e) Machine learning models trained at gauged locations and
applied to ungauged locations (black dots).

to post-processing ungauged river discharge simulations (Hales et al., 2023; Skoulikaris
et al., 2022). By selecting donor gauges based on hydrological connectivity, geographical
proximity, and similarity of hydrological characteristics, Hales et al. (2023) improved the
skill of GeoGlows (Ashby et al., 2021) simulation across many catchments globally. Another
approach involves the use of transfer functions, which typically establishes a regression
function between various hydrological characteristics and the correction parameter of interest
with the coeflicients defined using data from gauged locations (Fig. 2.5b). While transfer
functions have proven effective for model calibration (e.g., Samaniego et al., 2010), their
application in post-processing introduces additional uncertainty, which can reduce the amount
of skill gained (Farmer et al., 2018). Typically, these error propagation techniques are
used in conjunction with bias-correction methods rather than error correction or uncertainty
quantification methods.

Rather than assigning a parameter value based on similarity with gauged locations, topo-
logical kriging (or ‘top-kriging’) is a spatial interpolation method which assigns parameter
values based on previously defined covariances between locations (Skgien et al., 2006, ; Fig.
2.5c). Top-kriging estimates the parameter value for an ungauged location as a weighted

average of nearby gauged locations taking into account the river network and the upstream
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area of both the gauged and ungauged locations. Skgien et al. (2021) used top-kriging to
spread the bias and spread correction parameters of an at-gauge EMOS method to ungauged
locations across the whole of Europe. The results show an improvement in the skill of the
forecasts at ungauged locations. However, the evaluation focuses on correction of errors due
to the meteorological forcings and ignores the errors due to the hydrological model.

An alternative to transferring correction parameters from gauged to ungauged locations
is to propagate the post-processed river discharge downstream from gauged locations using
a river routing model (Bennett et al., 2022, ; Fig. 2.5d). This approach has the advantage
of not requiring an explicit definition of hydrological similarity between locations or the
estimation of their covariances. However, errors from the river routing model may offset
improvements made at the gauged location, particularly as the distance from the gauge
increases. Additionally, running the river routing model a second time adds computational
costs, which may be prohibitive for large-scale continental or global forecasting systems.

As discussed in Section 2.2.2, machine learning (ML) methods have increasingly been
applied as post-processors of forecasts from physically based models. In general, when
near real-time river discharge observations are provided as input variables to an ML model,
the forecast skill improves (Nearing et al., 2021). However, at ungauged locations, it is
not possible to provide such observations, often resulting in a significant decrease in the
added benefit of the ML method (Nearing et al., 2024). Unlike other error propagation
approaches, which explicitly separate at-gauge post-processing and error propagation, ML-
based post-processing learns error behaviors from gauged locations during an offline training
procedure and then assumes the model is applicable to both gauged and ungauged locations
(Fig. 2.5e; Konapala et al., 2020; Won et al., 2023; Choi and Kim, 2025). Most ML-
based hydrological forecasting studies have focused on pure ML systems (e.g., Kratzert et al.,
2018). However, ML-based post-processing (where a physically-based hydrological forecast
is an input variable to the ML model) has been shown to outperform purely ML-generated
forecasts, particularly at ungauged locations (Xiao et al., 2025; Choi and Kim, 2025; Sharma
et al., 2023).

In Chapter 5 we present a data-assimilation-inspired method for post-processing river
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discharge forecasts at unguaged locations.

2.3 Data Assimilation

This thesis uses data assimilation techniques which are modified for use in a post-processing
environment. Data assimilation is a technique often applied in environmental sciences for
state estimation (e.g., estimation of the river discharge) at ungauged locations, and therefore
techniques used to overcome challenges in hydrological data assimilation may be useful for
overcoming challenges in hydrological post-processing. In this section I introduce some of
the key concepts of data assimilation (Section 2.3.1), and some data assimilation techniques
within the Kalman filter family of methods in particular (Section 2.3.2). I also motivate
our choice of data assimilation technique, the Local Ensemble Transform Kalman Filter
(LETKF), and provide equations for its implementation (Sections 2.3.3 and 2.3.4). Finally,
I describe some considerations for the use of data assimilation in hydrological forecasting

systems (Section 2.3.5).

2.3.1 Introduction to data assimilation

Data assimilation is a mathematical framework that combines two sources of data to produce
a more accurate estimate of the state of the system along with an estimate of the associated
uncertainty (Asch et al., 2016; Nichols, 2010). In environmental disciplines, including
meteorology, oceanography, and hydrology, the two primary sources of data are: 1) modelled
data, in the form of a short-term forecast referred to as the prior state (or background state),
and 2) observations, which are direct or indirect measurements of the system (Carrassi et al.,
2018; Reichle, 2008). Both sources of data have advantages and limitations. For instance, the
prior state provides a spatially consistent estimate of the system, with values for each variable
for each grid-box of the domain but may contain model errors. In contrast, observations
are tied directly to the true state of the system but are only available at specific locations
and times. Combining the prior state and the observations, data assimilation exploits the

advantages of both data sources. The resulting state estimate, called the analysis, is often
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used as the initial conditions for a forecast or as part of a long-term record, called a reanalysis.

Various data assimilation techniques have been developed to meet specific needs of dif-
ferent systems, data characteristics, and computational constraints (e.g., variational methods
(Bannister, 2017); Kalman filters (Sun et al., 2016); and particle filters (Fearnhead and Kiin-
sch, 2018)). This thesis uses the Local Ensemble Transform Kalman Filter (LETKF; Hunt
et al., 2007), a sequential data assimilation technique within the Kalman filter family of meth-
ods. As will be described further in in Sections 2.3.2-2.3.5, the LETKF is computationally
efficient, scalable, and can handle nonlinearities in the hydrological processes, making it an
appropriate choice for large-scale hydrological systems. In this section, I introduce some
concepts that are common across many data assimilation techniques; however, I use a Kalman
filter lens to describe their importance.

A data assimilation technique typically has two steps:

1. An update step which combines the prior state and observations to create the analysis

state.

2. A propagation step which evolves the state of the system, and the associated uncer-

tainty, between timesteps using a model of the system.

The update step in sequential data assimilation techniques, such as the LETKF, combines
the prior state and the observations at a single analysis time whilst continuous data assimilation
techniques use values from across an assimilation window spanning multiple time steps
(Fairbairn, 2009). Regardless of the data assimilation framework, the update step in data
assimilation requires the prior state and the observations to be represented within the same
vector space to enable a meaningful comparison. The prior state is transformed from the
state space, R”, to the observation space, R”, using an observation operator (or observation

function), typically denoted by H € R”*" (or h), such that

vyl = Hx; 2.3)

where y; € R” is the model equivalent of the observations such that they should be directly
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comparable. The form of the operator depends on the observation type and location, the
dimension of the prior state, and whether the variables of the prior state are directly observable
(Cooper et al., 2019). If the observed variable is also a model state variable, the observation
operator extracts the locations in the model domain (e.g., grid-boxes) corresponding to the
observation locations (e.g., Li et al., 2018). In cases where the observed variables and the
model state variables differ, more complex observation operators are required (e.g., Emery
et al., 2018). Typically, this transformation from state space to model space is imperfect
resulting in added uncertainty referred to as representation errors (Janji¢ et al., 2018).

Once both data sources are represented in the same space, they can be compared and
combined. In many methods, including the LETKF, the analysis state is computed as a
weighted average of the prior state and the observations (Khodarahmi and Maihami, 2023).
The weights are determined by the uncertainties associated with each source which are often
assumed to be unbiased and Gaussian-distributed (Carrassi et al., 2018). These uncertainties
are typically quantified via error covariance matrices, although this is not common across
all data assimilation methods (e.g., particle filters). An error covariance matrix is a sym-
metric, positive-definite matrix (Golub and Van Loan, 2013) that represents the magnitude
of uncertainties for each variable (variances; diagonal elements) and the relationships be-
tween uncertainties of different variables (covariances; non-diagonal elements). Many data
assimilation techniques require error covariance matrices for both the prior state and the
observations, the structures of which are critical to the efficacy of the data assimilation pro-
cess (e.g., Fowler et al., 2018a; Bannister, 2008a,b). Section 2.3.3 describes how the error
covariance matrix of the prior state is estimated using an ensemble of states within ensemble
data assimilation techniques, such as the LETKF. The observation errors are often assumed to
be uncorrelated such that the observation error covariance matrix is diagonal. This simplifi-
cation is common in hydrology (e.g., Li et al., 2012) although may not always be appropriate,
particularly as satellite observations become more common in hydrology (Schumacher et al.,
2016).

In addition to determining the weighting of the observations and prior state within the

analysis state, the error covariance matrices enable both observed and non-observed variables
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to be updated (Bannister, 2008a; Sawada et al., 2018). This ability is the reason why I
investigate the use of data assimilation techniques for post-processing at ungauged locations
in this thesis and is discussed in more detail in Section 2.3.2. Non-observed variables may
be observable variables (e.g., river discharge) at ungauged locations or parameters that are

not easily measured (e.g., the Manning’s roughness coefficient).

2.3.2 Kalman filter

The Kalman filter (Kalman, 1960) is a sequential technique that under certain conditions,
namely linear dynamics and Gaussian errors, provides a minimum variance estimate of the
state of the system. These strict requirements are rarely satisfied in environmental systems,
leading to the development of several descendants of the Kalman filter which attempt to
allow these requirements to be relaxed (Wang et al., 2023). As discussed in Section 2.3.1,
the Kalman filter consists of two steps: an update step and a propagation step. To aid in
describing these steps [ use a simple example of the Lorenz 1963 model (Lorenz, 1963) which

has three variables (Fig. 2.6).

2.3.2.1 Update Step

The aim of the update step is to produce an improved estimate of the system state, called

the analysis, and its associated uncertainty. To achieve this, the update step combines the

f

prior state, X .

€ R", and the observations, y; € RP*. It is assumed in this thesis, that the

observations are related to the true state of the system, x?{”‘e, as

Yi = HXZW + € (2.4)

where €, is a vector of unbiased Gaussian noise with covariance matrix Ry € RP%*Pk and
H; € RP¥*" g a linear observation operator (described in Section 2.3.1). The result of the
update step is a weighted mean between the modelled data and the observed data with the
influence of each determined by their respective uncertainties (represented by their error

covariance matrices; Emery et al., 2020). The weighting is controlled by the Kalman gain
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Figure 2.6: Demonstration of the application of a sequential data assimilation method. Only
observations for Variable 1 are assimilated, but all variables are updated at each analysis
time. All variables are then propagated to the next timestep using the Lorenz 1963 3-variable
model. Figure produced using open source code (DARC, 2025).

matrix, K; € R™Pk which is defined as
K = P/H. (H;P/H] +R;)™! (2.5)

where P{ € R™" is the error covariance matrix of the state before the update step and
R; € RP*P is the error covariance matrix of the observations (Grewal and Andrews, 2014).

The analysis state is then defined as
Xp = Xf I(k ()k IIka) (2 6)
k k k '

where the superscripts f and a indicate the state before and after the update step. The analysis

error covariance matrix, which represents the uncertainty in the analysis state, is defined as
P¢ = (I — KeHy) P, 2.7)

where I; € R™" is the identity matrix and all other variables are as defined above.
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In Fig. 2.6, the observations of Variable 1 and the prior state are combined resulting
in an analysis state that is closer to the truth (purple lines show the update step). In this
example, it is only Variable 1 that is observed (red dots) but Variable 2, and sometimes
Variable 3, are also updated (note the jumps at each timestep for the middle panel). This
is because the error cross-covariances allow the observations of Variable 1 to influence the
analysis state of Variable 2 and 3. Variable 3 is the least impacted and this is due to a smaller
cross-covariance with Variable 1. This ability to correct non-observed variables is a key
benefit of data assimilation, and is why I investigate the use of data assimilation techniques
to post-process river discharge forecasts at ungauged locations (Chapters 5 and 6).

These update functions (Eq. (2.6) and Eq. (2.7)) are fundamental to each member of
the Kalman filter family of data assimilation methods, including the Ensemble Transform

Kalman Filter (ETKF) described in Section 2.3.3.

2.3.2.2 Propagation Step

The propagation step evolves the analysis state, X* € R", and the analysis error covariance
matrix, P € R™", of the system between timesteps for which observations are available for

assimilation. This is done via a linear model, M € R, such that the state propagates as

X{,1 = My (2.8)

and the error covariance matrix propagates as,

p/

ko1 = Mo PIMG (2.9)

where the superscripts f and a indicate the prior and analysis, respectively, and the superscript
T indicates the transpose of the matrix. In Fig. 2.6 the propagation is shown for each variable
by the blue lines.

In Chapters 5 and 6 of this thesis, the propagation step is modified for use with precom-

puted states.
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2.3.3 Ensemble Transform Kalman Filter (ETKF)

The linearity requirement in the propagation step of the Kalman filter (see Section 2.3.2.2)
limits its use within environmental systems which are often highly non-linear. To overcome
this limitation, several flavours of Kalman filter have been derived (e.g., Extended Kalman
Filter (Wishner et al., 1969); Unscented Kalman Filter (Wan and Van Der Merwe, 2000);
Ensemble Kalman Filter (Evensen, 1994); Ensemble Square-root Kalman Filters (Tippett
et al., 2003)). Ensemble-based Kalman filters are commonly used in the environmental
sciences due to their ability to account for non-linearity in a computationally efficient manner
(Lahoz and Schneider, 2014). Figure 2.7 illustrates an ensemble Kalman filter framework.
In ensemble-based Kalman filters, the full (usually) non-linear model can be used in the
propagation step (Eq. (2.8)) to propagate an ensemble of state vectors between analysis
times. At each timestep the ensemble members are treated as samples from the distribution

of the prior state. The prior state is estimated as the ensemble mean defined as
| &
X = — (@) n
x_NZI“x €R (2.10)
=

where x(V) is the i-th ensemble member, N is the ensemble size, and 7 is the dimension of the

system. The state error covariance matrix is estimated from the ensemble covariance matrix

N
1 . .
_ ) _ =y _ T
P N1 iél (x X)(x X)". (2.11)

Estimating the error covariance matrix using the ensemble members rather than explicitly
propagating the full matrix between timesteps allows the use of a non-linear model without
the need for linearization. The computational savings made by not directly propagating the n
X n matrix also outweigh the increase in computational resources needed to propagate N state
vectors between timesteps for modest ensemble sizes of the order of those used in operational
ensemble forecasting systems (10-100 members; Ott et al., 2004). However, the computation
of the error covariance matrix can still be prohibitively expensive for large systems (Hamill,

2002).
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Figure 2.7: Schematic diagram of the ensemble Kalman filter procedure. During the forecast
step, an ensemble of simulations (black) is integrated by the nonlinear model until data are
available. The forecast ensemble provides an estimate of the model error covariance, which
is used in a Kalman filter update step to provide an analysis and a new analysis ensemble.
Two assimilation cycles are shown. Generalised for application to any system from Edwards
et al. (2015) with permission from Annual Reviews.

Ensemble square-root filters are a type of ensemble-based Kalman filter that only require
the computation of the ensemble perturbation matrix, X € R™N _rather than the full error
covariance matrix, making them more computationally efficient (Tippett et al., 2003). The
ensemble perturbation matrix is defined such that the i-th column represents the i-th ensemble

member’s departure from the ensemble mean,

1

X =
VN -1

(Xu)_g @D 5 ... X(N)_g). (2.12)
The perturbation matrix is a square-root of the ensemble covariance matrix such that
P =XX". (2.13)

The specific ensemble-based Kalman filter used in this thesis is the Local Ensemble
Transform Kalman Filter (LETKF; Hunt et al., 2007) which is a localised variant of the

Ensemble Transform Kalman Filter (ETKF; Bishop et al., 2001) which in turn is a type
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of Ensemble square-root filter. In the ETKF, the update step is performed partially in the
N-dimensional ensemble space rather than the n dimensional state space (where typically
n >> N) by defining the Kalman filter in terms of a so-called square root transform matrix,
T € RVV (see Egs. (2.17) - (2.20)). This further reduces the computational demands of the

matrix operations due to the smaller matrix sizes. The update equations of the ETKF are
x‘ =% +K(y - HX), (2.14)

and

X% =X/T (2.15)

where the superscripts f and a indicate before and after the update step, X and X are the
ensemble mean and perturbation matrix, respectively, K is the Kalman gain matrix, y is the
observation vector, and H is the observation operator. Although the Kalman gain serves
the same purpose as in the original Kalman filter, weighting the contributions of the prior
state and observations based on their respective uncertainties (Eq. (2.5)), its calculation is
performed differently, as will be shown below.

Ensemble square-root filters, such as the ETKF, do not require the addition of stochastic
noise to the observations as is done in the EnKF (Houtekamer and Mitchell, 1998; Burgers
et al., 1998; Tippett et al., 2003). Instead, the ensemble members are transformed such that

the analysis error covariance matrix satisfies Eq. (2.7),
P = X*XT = (I - KH) X/ X/7. (2.16)

Although the choice of the matrix T is non-unique, to preserve the ensemble mean and ensure

an unbiased state estimation it must satisfy,

TT = (I-Y'D'Y) (2.17)
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where Y = HX is the model-observation ensemble perturbation matrix and D satisfies

D= (YY' +R) (2.18)

where R is the error covariance matrix of the observations (Livings et al., 2008; Nerger et al.,
2012). In order to ensure numerical stability, it is advised to normalise the model-observation
ensemble perturbation by multiplying with the square-root of the observation error covariance
matrix (Livings et al., 2008). The elements of the resulting normalised matrix, Y = YR!/Z,
are of similar orders resulting in a more well-conditioned matrix. Using this nomalisation,
and the Sherman-Morrison-Woodbury formula (Sherman and Morrison, 1950) to manipulate

Eq. (2.18), this condition on T can be expressed as

TT = 1+ YY) (2.19)

Finally, following from this constraint, and the definition given in Eq. (2.5), the Kalman gain
can be expressed as

K =X/ (TTHY'R'/2. (2.20)

Despite its deterministic nature, the ETKF can still suffer due to sampling errors caused by
small ensemble size in the form of spurious correlations (Ehrendorfer, 2007). The LETKF
uses localisation to minimise the effect of the spurious correlations as will be discussed in

the next section.

2.3.4 Localisation and the Local Ensemble Transform Kalman Filter

(LETKF)

In this section, I provide the necessary equations for the implementation of the LETKEF,
the derivation of which is available for the interested reader in Hunt et al. (2007). As the
propagation step has already been discussed in Section 2.3.2, here I keep the discussion

to the update step only. Computational resources restrict possible ensemble sizes to be
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much smaller than the size of the system state (i.e., n >> N). The ensemble can therefore
only span N dimensions of the n-dimensional state space potentially leading to an incorrect
estimation of the state error covariances, represented by the perturbation matrix in the ETKF
(Ehrendorfer, 2007). Misspecification of the covariances can lead to spurious correlations
between variables (Evensen, 2009). In the update step these spurious correlations can
result in observations incorrectly impacting state variables with which they have no physical
connection. Localisation is a technique used to restrict the impact of observations to variables
for which the correlations are presumed to be trustworthy (Anderson, 2012; Petrie and Dance,
2010; Ott et al., 2004; Hamill, 2002).

In the Local Ensemble Transform Kalman Filter (LETKEF, Hunt et al., 2007), localisation
is applied in the observation space by multiplying the observation error covariance matrix,
R € RP*P, by a localisation matrix, p € RP*?, such that

Sl = poR7! (2.21)

ocal

where Rj,cq; € RPF¥Pk jg the localised observation-error covariance matrix, and the symbol
o indicates an element-wise matrix multiplication called the Schur product (Golub and
Van Loan, 2013). The LETKF updates each variable of the system state separately and the
localisation matrix will differ for each variable. Each element of the localisation matrix is a
weight that, if less than one, increases the effective uncertainty of an observation. A weight
of zero enforces an infinite effective uncertainty, and thus the observation has no impact
in the update equations (Hunt et al., 2007). For in-situ observations, the weights are often
determined by the distance from the observation (Miyoshi et al., 2007).

Once the localisation weights have been determined and the observation-error covariance
matrix has been weighted, the element of the ensemble mean and the row of the perturbation
matrix corresponding to the variable being updated are identified. They are then modified

using Eqgs. (2.14) and (2.15) (Hunt et al., 2007). The matrix T is calculated using an
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eigendecomposition of the constraint given in Eq. (2.19), such that
TT' = vV’ (2.22)

where each column of V represents an eigenvector and X is the corresponding diagonal matrix

of eigenvalues. The matrix T can therefore be calculated as
T=VvVE:V', (2.23)
The i-th analysis ensemble member is then calculated as
xD% =3 + X1, ] (2.24)

where X“[:,i] is the i-th column of the analysis perturbation matrix. The LETKF is often

used in hydrology as will be discussed in Section 2.3.5

2.3.5 LETKEF and hydrology

Data assimilation in hydrological sciences is newer than the application of the mathematical
technique in the atmospheric sciences (e.g., Liu and Gupta, 2007; Sun et al., 2015). However,
ensemble Kalman filter techniques are often used in hydrological forecasting systems due
to their efficiency and ability to account for non-linear behaviours (Sun et al., 2016). The
LETKF is commonly chosen for larger domains such as regional or global applications
(e.g., Revel et al., 2023, 2021; Li et al., 2020). Previous studies have focused on different
hydrological variables including snow cover (e.g., Micheletty et al., 2022), soil moisture
(e.g., Jadidoleslam et al., 2021; Baugh et al., 2020), flood extent (e.g., Dasgupta et al., 2021;
Nguyen et al., 2022), water level (e.g., Zijl et al., 2015), and river discharge (e.g., Wang
et al., 2018; Oubanas et al., 2018). For hydrological variables there are some additional
considerations for the application of data assimilation.

For river discharge in particular the choice of localisation function is important. Atmo-
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spheric variables often show spatial correlations with neighbouring locations in all directions
(Jang and Matteson, 2023). On the other hand the spatial correlations of hydrological vari-
ables are often directed by preferential flow which, at the catchment scale, is along the river
network (Bloschl, 2022). Locations that are geographically close but in different catchments
(i.e., the water drains into rivers and/or body of water) may show limited correlation whereas
locations on the same river stretch will be more strongly correlated. Several data assimilation
studies have shown better results when applying localisation along the river network rather
than using Euclidean distance (El Gharamti et al., 2021a; Emery et al., 2018; Revel et al.,
2019; Garcia-Pintado et al., 2015; Khaniya et al., 2022). Figure 2.8 shows how an along the
river network localisation function may look spatially for different localisation length scales.
Notably, 1) the length of river for which the localisation weight is non-zero is not constant due
to the different upstream drainage areas, and 2) observations cannot impact areas outside of
the catchment. However, despite the acceptance that the distance should be calculated along
the river network the treatment of upstream and downstream locations varies between studies
(Garcia-Pintado et al., 2013, 2015; Revel et al., 2019; Mason et al., 2020; El Gharamti et al.,
2021a). Additionally, previous studies use a tuning process to define the localisation length
scale or attempt to define a physically informed length scale determined by lag-times of the
river discharge (Revel et al., 2019). This means the localisation length scale is not easily
transferable between applications.

The LETKF estimates the error covariance matrix from the ensemble members and
assumes a Gaussian distribution of the errors (Emery et al., 2020). In general river discharge
has a non-Gaussian distribution and, particularly during precipitation events, can demonstrate
tipping point behaviour often leading to the ensemble members showing a skewed distribution
(Bloschl, 2022, see for example Fig. 2.2). Therefore, the error covariance matrix estimated
from a skewed ensemble will break the Gaussian error assumption of the Kalman filter making
the update sub-optimal. For larger river discharge values this skewedness can also lead to
an underestimation in the uncertainty of the prior state. River discharge distributions can
be transformed to be more Gaussian like via, for example, the log-transform or the Normal

Quantile Transform (used and described in Chapter 4), which has been shown to improve
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Figure 2.8: Demonstration of the along-the-stream (ATS) localization function in the model
domain for three different effective localization radii: 50 km (a), 100 km (b), and (c) 200
km. The colour shows the localization weighting for five different stream gauges based on
the along-the-stream distance and the Gaspari—Cohn correlation function. Reproduced from
(El1 Gharamti et al., 2021a) under the CC BY 4.0 license.

the analysis state in previous studies (Clark et al., 2008; Nguyen et al., 2023; Musuuza
et al., 2020). Alternatively, inflation techniques can be used to ensure that filter divergence
does not occur due to non-Gaussian errors. El Gharamti et al. (2021a) show that posterior
inflation, where the ensemble spread is inflated after the update step, is particularly suitable
for accounting for non-Gaussian errors. However, they also found that the error due to the
hydrological model dominates over the error due to non-Gaussianity. Prior-inflation, where
the ensemble spread is inflated before the update step, was shown to be more useful for
accounting for model error. In Chapter 5 I use prior-inflation to mitigate filter divergence.

Joint estimation of the state and model parameters is commonly performed in hydrological
data assimilation due to the limited knowledge regarding the bathymetry and morphology of
rivers around the world (Pathiraja et al., 2016; Pedinotti et al., 2014). State augmentation
is a technique that allows for the simultaneous estimation of the system state and model
parameters by augmenting the model parameters of interest to the end of the state vector
(Evensen et al., 2022; Smith et al., 2013; Dee, 2005). A more detailed explanation of state
augmentation is given in Chapter 5, where the technique is used to estimate the errors at
ungauged locations.

One of the key attractions of Kalman Filters, and data assimilation techniques in general,

is the ability to adapt to different observation types. Data assimilation methods can use any
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type of observations for which an observation operator can be defined and the observation
uncertainty can be estimated. This is beneficial as, due to the sparse distribution of in-situ river
discharge observations (Krabbenhoft et al., 2022) the use of non-traditional observations such
as crowd-sourced observations and Earth Observation measurements is increasing within the
hydrological community (e.g., Mazzoleni et al., 2017; Vandaele et al., 2021; Musuuza et al.,

2023).

2.3.6 Operational considerations for hydrological data assimilation

Despite several studies demonstrating the benefits of data assimilation for hydrological fore-
casting, the operational implementation of hydrological data assimilation is difficult (Wu et al.,
2020). This is partially due to a lack of real-time observations (WMO, 2024a). Whereas
significant investment has been made to facilitate the reliable exchange of meteorological
data in real-time (WMO, 2023), less investment has been made for hydrological data. Whilst
attempts have been made, they are typically for very few stations on the major rivers or for
historic data (e.g., Maurer, 2005; Firber et al., 2024; Kratzert et al., 2023). Particularly at
the large-scale where large regions of the domain may by unobserved, the lack of reliable
observations is one reason why data assimilation is not commonly implemented.

The implementation of a data assimilation approach would also require significant changes
to the forecasting system. First, the forecasting schedule would need to be altered to allow
additional time for the data assimilation module to run. As many large-scale systems already
have a tight schedule to deliver timely forecasts (e.g., Matthews et al., 2025¢) this may not be
feasible. Second, many distributed large-scale systems use a model climatology to calculate
flood thresholds for each grid-box, from which the extremeness of the river discharge can be
determined (Emerton et al., 2016). The addition of a data assimilation module could change
the forecast distribution such that it is no longer compatible with the thresholds. In post-
processing, this is often overcome by having a separate ‘post-processing product’ along side
the raw (non-postprocessed) forecasts (e.g., Matthews et al., 2025b). Since data assimilation

impacts the raw forecasts it would not be practical to have two forecast products (i.e., one
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with and one without data assimilation). Additionally, the observation impact time (i.e., the
length of time for which data-assimilation improves the forecast skill) has been shown to be
limited to short lead-times (see Section 2.1.2; Valdez et al., 2022). However, in this thesis I
am interested in improving medium-range forecasts.

On the other hand, many post-processing methods do not require near real-time observa-
tions (Section 2.2.2), the output from the hydrological model is not intrinsically changed, and
post-processing has been shown to improve forecasts at longer lead-times than data assimila-
tion (Valdez et al., 2022). Therefore, in this thesis [ combine the strengths of data assimilation
and post-processing to improve the skill of the forecasts at ungauged locations. Specifically,
I use data assimilation techniques, which can spread information from gauged to ungauged
locations, to spread the correction estimated using a post-processing method. The applica-
tion of data assimilation to a post-processing environment (i.e., with a precomputed forecast)
requires some modification and assumptions to be made (see Chapter 5) as the hydrological

model cannot be used between timesteps, as is typically done in data assimilation.

2.4 Creating Actionable Forecasts

River discharge forecasts are a critical tool to support disaster preparedness and water re-
source management (Adams et al., 2024). However, numerous studies have highlighted a
‘usability gap’ between the production of forecasts and their actual use in decision-making
contexts (McNie, 2007). In this thesis, decision-making typically refers to the choice around
whether flood mitigation actions should be taken and what actions are most appropriate. For
example, a forecast user may need to decide if flood defenses need to be erected or if a town
should be evacuated. Bridging the usability gap requires technical advances in hydrological
and meteorological modelling and consideration of the forecast design, dissemination, and
interpretation. In this section I discuss what makes a ‘good’ forecast (Section 2.4.1), the use
of a co-production as a framework for making forecasts more useful (Section 2.4.2), and the

challenges of making useful large-scale forecasts (Section 2.4.3).
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2.4.1 Forecast skill and forecast value

Forecast “skill” traditionally refers to the statistical accuracy of a prediction compared to a
reference (also known as a benchmark), such as climatology or persistence (Pappenberger
et al., 2015b). Traditionally, a change to a forecasting system is deemed beneficial if a skill
metric of choice is improved (Murphy, 1993; Bauer et al., 2015). There are many metrics
that aim to quantify the skill of the forecast depending on what factor is most important (e.g.,
timing, magnitude, etc.; Cloke and Pappenberger, 2008). In hydrology common metrics
include the Nash Sutcliffe Efficiency (NSE; Nash and Sutcliffe, 1970), the Kling-Gupta
Efficiency (KGE; Gupta et al., 2009; Kling et al., 2012), the Brier score (Brier, 1950), the
Continuous Ranked Probability Skill Score (CRPS; Hersbach, 2000), contingency tables
scores (Gold et al., 2020), and many more (Jolliffe and Stephenson, 2012). Additionally,
graphical measures of skill such as the Relative Operating Characteristics (ROC) diagram
(Kharin and Zwiers, 2003) and the rank histogram (Hamill, 2001) are commonly used. I
use many of these metrics in this thesis (see Chapters 4, 5, and 6). These metrics are useful
at identifying patterns in forecast behaviour and identifying situations when forecasts are
most accurate. However, the magnitude of many of these metrics may not directly reflect
the usefulness of a forecast (Giuliani et al., 2020). In contrast, forecast value depends on the
extent to which information leads to better decisions and outcomes (Katz and Murphy, 1997).
A forecast might be technically accurate but go unused if it is not trusted, untimely, or hard
to interpret. Forecast value is highly contextual and emerges from the interaction between
forecast characteristics, the decision environment, and the user’s capacity to act (Lemos and
Rood, 2010). This disconnect between skill and value has motivated a shift in emphasis
from purely improving forecast accuracy to improving forecast usefulness. This involves
understanding user needs, the context in which decisions are made, and barriers to forecast

use (Lemos et al., 2012; Golding, 2022).
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2.4.2 Co-production framework

There has been a growing interest in co-production within the hydrological sciences to en-
sure the products are relevant, usable, and actionable (e.g., Singletary and Sterle, 2020;
Grainger et al., 2021; Jagannathan et al., 2021; Kliskey et al., 2023). Co-production is the
joint development of knowledge, services, or systems by all relevant stakeholders, includ-
ing researchers, software engineers, policymakers, data providers, and users of the forecast
(Carter et al., 2019). Rather than treating forecast users as simply recipients of data, in
co-production, users are partners in the creation of the forecasts (Kats, 2024). The defini-
tion of co-production is broad encompassing a range of viewpoints (Bremer and Meisch,
2017). For clarity, here we discuss the normative definition of co-production (e.g., ‘How
can developers and users work together to create better river discharge forecasts?’) rather
than the descriptive definition (e.g., ‘How do the relationships between developers and users
influence the design of river discharge forecasts?’). More specifically, in this thesis I take
the normative iterative interaction definition of co-production as the “iterative interaction of
science providers and users along an interdisciplinary research process designed to produce
more usable ... information” (Bremer and Meisch, 2017).

To be effective the co-production process must begin by identifying all relevant stakehold-
ers and building partnerships between the people and organisations (Visman et al., 2022).
The co-production process consists of several iterative stages, including the co-exploration
of needs, co-design of solutions, co-delivery of products, and co-evaluation of outcomes
(Fig. 2.9; Carter et al., 2019). These stages help align scientific outputs with user priorities
whilst maintaining technical feasibility and emphasising the usability of forecasts as the key
objective (Meadow et al., 2015). In the co-exploration phase, all stakeholders jointly identify
barriers and constraints, as well as information needs (Daniels et al., 2020). Solutions are
then developed in the co-design phase. This could involve, for example, defining forecast
specifications, designing visualisations, or developing a prototype (Hirons et al., 2021). The
selected developments are then jointly implemented in the co-delivery phase. Depending on

the aim of the project this may include establishing data acquisition or dissemination sys-
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Figure 2.9: Core components of the co-production process. Modified from Carter et al.
(2019).

tems, integrating forecasts into decision-making procedures, or conducting training sessions
(Cantone et al., 2023). In the co-evaluation phase, all stakeholders evaluate the co-production
process (to enable lessons to be learnt in the next cycle) as well as the usability of the forecasts
(Gebhardt and Kuhlicke, 2024; Hyytinen et al., 2019). Both aims of the co-evaluation phase
can be achieved via workshops, questionnaires or interviews with stakeholders. Forecasts
created using the co-production process are more likely to contain the information most
relevant to the user, as well as being more accessible in terms of format, forecast time frame,
and language (Howarth et al., 2019; Arnott et al., 2020; Vincent et al., 2018; Speight et al.,
2025).

In hydrology, co-production is often conducted within climate adaptation projects (e.g.,
Pretorius et al., 2019) or for the development of local forecasting systems (e.g., Fujisaki-
Manome et al., 2022). Alternatively, some studies have used co-production successfully to
develop early action triggers that use the output of large-scale forecasting system. For exam-
ple, forecast-based financing programmes, which aim to release funds before an event occurs,
are usually established via a co-production project (e.g., Robbins et al., 2022; Coughlan de
Perez et al., 2015). However, fewer studies have explored how co-production principles

can be applied within existing, large-scale operational forecasting systems, where institu-
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tional complexity and scale pose challenges to stakeholder engagement and customization
(e.g., Cantone et al., 2023; Visman et al., 2022). In this thesis, I attempt to incorporate the
co-production practices into the development process of the post-processed forecasts of an

established large-scale forecasting system (Chapter 7).

2.4.3 Challenges of co-production for large-scale systems

Co-production has shown promise at the local level but its implementation within large-scale
systems presents several challenges (Landstrom et al., 2024; Lemos et al., 2018). One of the
primary difficulties lies in the number and diversity of stakeholders involved (Vincent et al.,
2018). Stakeholders may have conflicting information needs—for example, a flood forecaster
may require different information from a reservoir manager. Whilst conflicting needs are a
challenge for local co-production, with more stakeholders it becomes even more challenging
to address the needs of each individual or organisation (Grainger et al., 2021). Large-scale
forecast systems are typically designed for broad consistency and coverage (e.g., Matthews
et al., 2025¢c), whereas co-production is intended to be flexible and decision-process driven
(Vincent et al., 2018).

In transnational or multi-sectoral contexts, these challenges become even more pro-
nounced. Engaging meaningfully with the full range of stakeholders is difficult when decision
contexts, institutional priorities, and technical capacities differ significantly across countries
or sectors (Page and Dilling, 2019; Lemos et al., 2018). Communication also becomes more
complex, particularly when multiple languages, cultural perspectives, and backgrounds must
be navigated (Vincent et al., 2021; Chambers et al., 2021).

Logistical challenges also increase with system scale. Organising inclusive meetings —
especially in-person—requires more coordination, time, and financial resources (Arnott et al.,
2020). As more actors are involved, existing inequalities, such as those related to gender,
language, or institutional power, may not be identified or may even be exacerbated (Chambers
et al., 2021). Without sufficient resources and long-term commitment, partnerships may

remain superficial, weakening the co-production process and discouraging full stakeholder
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engagement (Arnott et al., 2020). Moreover, many user communities may lack the capacity
to fully participate unless appropriately supported (van der Graaf et al., 2021).

Large organisations may also resist the iterative and often nonlinear nature of co-
production. Institutional structures, strict mandates, short funding cycles, or performance
metrics focused on outputs rather than engagement, can impact the efficacy of co-production
(Arnott et al., 2020; Kiyhko et al., 2025). Additionally, co-production requires a shift in pro-
fessional norms for scientists and forecasters, requiring them to become facilitators (Lemos
et al., 2018). This transition will require training and institutional support (Arnott et al.,
2020).

In Chapter 7, I use co-production practices to identify barriers to the use of the EFAS
post-processed forecasts, and to design solutions to overcome these barriers. EFAS is a
large-scale flood forecasting system and as such many of the challenges discussed in this

section were encountered. I discuss these challenges further in Chapter 8.

2.5 Summary of Chapter 2

In this chapter, I have discussed the sources of uncertainty present in river discharge data,
the aims and common methods of post-processing river discharge forecasts, data assimilation
for hydrological applications, and co-production in the context of a large-scale forecasting
system. Objectives 1-3 of this thesis are regarding the evaluation and development of post-
processing methods. For Objective 1, 1 will conduct an evaluation of the operational at-
gauge post-processing method used in EFAS (Chapter 4). This post-processing method uses
a combination of the Ensemble Model Output Statistics (EMOS) method and the Model
Conditional Processor (MCP), which are both described in Section 2.2.2. The Kalman Filter,
described in Section 2.3.2, is also used in the operational at-gauge post-processing method to
combine the output of the EMOS and MCP methods. In Section 2.2.3, I review some of the
post-processing methods that have been developed for ungauged locations. These methods
tend to assume static relationships between the errors at gauged and ungauged locations, or

are computationally expensive. Therefore, Objectives 2 and 3 are related to the development
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of a new post-processing method for ungauged locations (Chapters 5 and 6). To address
both objectives, I use a data assimilation method, namely the Local Ensemble Transform
Kalman Filter (LETKF), to propagate error information from gauged to ungauged locations.
The LETKEF is described in Section 2.3.4 and some of the considerations necessary for
its application to hydrological systems are discussed in Section 2.3.5. Objective 4 relates
to understanding the barriers to using the EFAS post-processed forecasts. Section 2.4.2
motivates the organisation of a co-production workshop between users and developers of the
forecasts in order to address this objective (Chapter 7). Section 2.4.3 discusses some of the

challenges of co-production at a large-scale. These challenges are discussed in Chapter 8.
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Chapter

European Flood Awareness System (EFAS)

This chapter provides a system description of the European Flood Awareness System (EFAS)
which is used throughout this thesis. The operational forecasting chain used to create
the EFAS medium-range forecasts used in this thesis, is described along with the input
data required. The research presented in this thesis was conducted alongside the EFAS
operational system to ensure relevance to real-world forecasting workflows. Therefore, this
chapter also provides context to the research in terms of the motivation to establish the
system, the organisational structure, the computational constraints of the operational system,
the catalogue of forecast products (including the post-processed forecasts focused on in this
thesis), the forecast dissemination, and user engagement processes. These factors were

considered throughout the research presented in this thesis. This chapter is an excerpt from:

G. Matthews, C. Baugh, C. Barnard, C. C. De Wiart, J. Colonese, D. Decremer, S. Grimaldi, E.
Hansford, C. Mazzetti, K. O’Regan, F. Pappenberger, A. Ramos, P. Salamon, D. Tasev, and C.
Prudhomme. Chapter 14 - On the operational implementation of the european flood awareness
system (EFAS). In T. E. Adams, C. Gangodagamage, and T. C. Pagano, editors, Flood
Forecasting (Second Edition), pages 251-298. Academic Press, second edition, 2025. ISBN

978-0-443-14009-9. doi: https://doi.org/10.1016/B978-0-443-14009-9.00005-5.

The book chapter was submitted in April 2024; however, no major changes have been made

between then and the submission of this thesis. I have removed sections which do not discuss
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the medium-range forecasts at all. I note that this chapter was written after Chapters 4 and
7 were published. Chapter 4 is referenced as Matthews et al. (2022) and the post-processed
forecast products discussed in Section 3.6.2 are the new products resulting from the workshop

discussed in Chapter 7.

In Section 3.11 I summarise the chapter and highlight the key sections for the remainder of

the thesis.

Abstract

Within Europe severe flood events are often transboundary requiring collaboration between
several national and regional authorities who are responsible for water and flood management.
In these situations, inconsistent or erroneous information may arise, for example, from
incomplete communication between authorities or different forecasts resulting in diverging
assessments of the flood event. This chapter discusses the European Flood Awareness System
(EFAS) which operates on a pan-European scale to provide coherent flood forecasts and
related information at a range of timescales. EFAS serves as an independent reference forecast
for most of the hydrological services responsible for flood forecasting in Europe as well as
the European Civil Protection. The forecasts produced by EFAS are discussed along with
the systematic approach used to ensure the information is beneficial to users. This approach
includes an organisational structure that allows experts to focus on their specializations,
a modelling chain that takes advantage of the latest developments in hydrometeorological
and computational sciences, and an increased focus on user engagement. Since the system
is constantly evolving, a snapshot of EFAS as of April 2024 is provided. Alongside an
overview of the managerial and technical aspects of the system, case studies are used to
illustrate the effectiveness of this system in providing early warning of the potential for

flooding to authorities.
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3.1 Introduction

In Europe more than 40 rivers cross at least one national border with the Danube, which is
shared by 18 countries, being the most transnational river in Europe. This means that in the
event of a flood different authorities involved in water resource management, civil protection,
and the organisation of aid must, ideally, communicate, share data and information, and take
concerted actions to reduce the impact of the flooding along the course of the river. In these
situations, flood risk management can become challenging as inconsistent information may
arise from incomplete communication between authorities, differing results from different
forecasting models and subsequent assessment of the ongoing and forecasted flood event, or
simply misunderstandings due to language barriers. Inconsistent information can introduce
uncertainties and errors into the assessment of the ongoing and upcoming situation leading to
incoherent or uncoordinated decision making and actions across the chain of responsibilities,
which can be counterproductive to reducing the impacts of the flood event (Demeritt et al.,
2007; Zeitoun et al., 2013).

To avoid discrepancies in information content, clear communication channels and agreed
protocols for exchange of data and information are necessary and many countries have
agreed bi-lateral protocols accordingly (Krengel et al., 2018). However, even for countries
with bi-lateral agreements different models and forecasting systems often exist for different
countries or even administrative units (Alfieri et al., 2012). This can lead to a lack of
consistent information that is available to all parties involved which can make assessing
the situation complicated, particularly for those not covered by bi-lateral agreements with
upstream countries or those responsible for the management of European aid.

Significant flooding across Europe in the early 2000s highlighted the need for improve-
ments in flood risk and crisis management. Post event analysis lead the European Commission
to start, amongst other important initiatives, the development of the European Flood Aware-
ness System, originally named European Flood Alert System (EFAS; Bartholmes et al., 2009;
Burek et al., 2011; Commission, 2002; Thielen et al., 2009) and based on the initial research

activities of the European Flood Forecasting System project (EFFS De Roo et al., 2003;
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Commission, 2005; Gouweleeuw et al., 2005; Pappenberger et al., 2005). The objectives of
EFAS are to provide pan-European medium-range streamflow forecasts and early warning
information, in particular for large transnational river basins, in direct support to the national
forecasting services, as well as harmonized information on possible high-impact flooding
to the Emergency Response Coordination Centre (ERCC) of the European Commission. In
the case of major flood events, EFAS contributes to the better protection of the citizens, the
environment, property, and cultural heritage.

From 2003 to 2012, EFAS was developed and tested at the Joint Research Centre (JRC),
the European Commission’s in house science service, in close collaboration with national hy-
drological and meteorological services across Europe, the European Civil Protection through
the ERCC, and other research institutes (Buizza et al., 2009; Cloke et al., 2009; Kalas et al.,
2008; Pappenberger et al., 2008, 2011, 2012; Ramos et al., 2009, 2007; Raynaud et al.,
2015; Younis et al., 2008). The European Commission’s Communication ‘“Towards Stronger
European Union Disaster Response” adopted and endorsed by the Council in 2010 (Commis-
sion, 2010) underpins the importance of strengthening concerted actions for natural disasters
including floods, which are amongst the costliest natural disasters in the EU. Partially in
response to this, EFAS became part of the European Union’s Copernicus Emergency Man-
agement Service (CEMS) in 2011 and in 2012 it was transferred from research to operational

service. Figure 3.1 shows some key developments in the history of EFAS.

©2000 ©2011 )2014 ) 2016 2018 (Oct) © 2020 © 2024
i EFFS s developed | EFASbecomespart | Flash flood | Seasonal outlook i Operational data i Launch of 6-hourly i Blended nowcasting
i by the JRC and i of CEMS and the ! notifications are | introduced i archived in MARS i EFAS4.0.0 i tomedium range
i research partners i EFAS consortium is ! introduced | H | H products introduced
H i created : : H i Forecast evaluation H
! : H H i products introdcued H
Phase 1 > Phase 2 > Phase 3
i 2003 i 2012 : i 2018 (May) | 2019 i 2023
L EFAS emerges ' EFAS becomes fully - 2015 i EFAS domain i Sub-seasonal outlook L Launchof T arc min
O from EFFS \_/ operational ERIC replaces EPIC ) extended () isintroduced \J EFAS 5.0.0
D Launch of new LISVAP model
2003-2012 EFAS-IS introduced

EFAS is developed by the
JRC and the EFAS
partner network is
established

Figure 3.1: Timeline of EFAS developmental and operational history.

The importance of pan-European early warning systems in complementing national infor-

mation systems was further highlighted in 2013 with the decision on a Union Civil Protection
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Mechanism (UCPM), where it is stated that the European Commission “shall contribute to
the development and better integration of transnational detection and early warning and alert
systems of European interest in order to enable a rapid response, and to promote the inter-
linkage between national early warning and alert systems and their linkage to the ERCC and
the CECIS” (Commission, 2013). CEMS, including its early warning systems component for
better emergency management, was endorsed in Regulation (Commission, 2014). As aresult,
over the past decade EFAS has become increasingly integrated into national and European
flood risk management (e.g., the Danube Flood Risk Management Plan ICPDR, 2021).
EFAS has also evolved substantially over the past 10 years, incorporating new scientific
and computational advances, and responding to user needs. For example, since the first
operational forecasts, the collection of EFAS forecast products has grown to now include 46
products updated in real-time and 14 additional products to help interpretation. The medium-
range flood forecasts are still a key product within EFAS, however, products expanding the
forecast horizon have been added. In 2014, the first flash flood notifications were introduced
using the European Precipitation Index based on Climatology (EPIC; Alfieri and Thielen,
2015). These were replaced by the European Rainfall Index based on Climatology (ERIC;
Raynaud et al., 2015) in 2016, providing forecasts up to 5 days. The forecast horizon
was extended to longer lead-times via the seasonal (Arnal et al., 2018) and sub-seasonal
(Wetterhall and di Giuseppe, 2018) outlooks which were introduced in 2016 and 2019,
respectively. From 2017 onwards forecast products based on flood impact are also included
in the EFAS portfolio (Alfieri et al., 2014b; Dottori et al., 2017). Finally, since 2020, forecast
evaluation products are available alongside the forecasts to aid users in making informed
decisions. Throughout the years, funding from the EU, for example via the UCPM, has aided
the inclusion of new experimental products, such as the flash flood prototype, TAMIR, and
its predecessor, ERICHA (Berenguer et al., 2011; Park et al., 2019), into the EFAS workflow.
In parallel to forecast products, the range of services provided by EFAS has also expanded.
In 2018 the EFAS-Information System (EFAS-IS) was updated to make it easier for users
to navigate and to allow feedback to be collected. The raw hydrological forecast data (the

forecasts before post-processing has been performed to create the visual forecast products)
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have been made available to end-users via the Common Data Store Engine (CDS-E) and
dedicated Data Store (DS) since 2019, with datasets containing multidecadal simulations
and reforecasts added more recently. These datasets are also archived in the ECMWF
Meteorological Archival and Retrieval System (MARS) since 2018.

Developments to EFAS are largely guided by feedback from users as well as scientific
and technological advances, including improved hydrological modelling, more efficient al-
gorithms, and advances in computing and IT infrastructure. In 2018, the EFAS domain was
extended to cover all of mainland Europe (see Fig. 3.2). Another major upgrade to the system
was released in 2020 which, among other improvements, increased the temporal resolution of
the medium-range forecasts from daily to 6-hourly. In 2023, EFAS version 5.0 was released
increasing the spatial resolution of the EFAS forecasts from 5 km to 1 arc min (approximately

1.3 km). The system domain also increased (see Fig. 3.2).

Figure 3.2: Map showing the regions of the EFAS domain modelled by LISFLOOD until
Spring 2018 (cyan), until September 2023 (orange), and as of April 2024 (red).

As of April 2024, 180 hydrological and civil protection services in Europe are part of the
EFAS network. To ensure that EFAS does not interfere in the ‘one voice warning mandate’
postulated by the World Meteorological Organisation, EFAS flash flood and medium range
forecast products are not publicly available in real-time. Instead, national and EU authorities
mandated to inform or act on ongoing or upcoming flood situations can get access to EFAS
after having signed a ‘conditions of access’ contract. This regulates the dissemination of

EFAS information between the EFAS centres (see Section 3.2) and the partner organisations.
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However, the sub-seasonal and seasonal forecasts, and the initial conditions of the hydrological
model are immediately available to everyone.

In this chapter the status of the operational EFAS system as of April 2024 is outlined.
The chapter starts with an organisational overview of EFAS in Section 3.2 before proceeding
to outline the workflow used to create the forecasts and forecast derived products. In Section
3.3 the required input data are described followed by the model components of the forecasting
chain in Section 3.4. The computational infrastructure used for generating the forecasts is
described in Section 3.5 along with the monitoring of the system that is performed 24/7
to ensure timely forecasts. Following this the forecast products and their dissemination
are described in Section 3.6 and Section 3.7, respectively. Section 3.9 describes the user
engagement within EFAS and the ways in which users help to shape the development of the
system. Some concluding remarks are made in Section 3.10.

An issue that is often experienced when writing about operational systems is that the
system will have evolved by the time the writing process is completed. Whilst this chapter
describes the status of the operational EFAS system as of April 2024, as highlighted above,
the system is always evolving. The background and development of EFAS is not covered in
detail, and readers are referred to Thielen et al. (2009), and citations therein, for a description

of the early developments.

3.2 Organisational Structure of EFAS

The overall objective of EFAS is to provide complimentary information to support preparatory
measures for major floods particularly in large transnational rivers. To achieve this aim EFAS
generates hydrological forecasts for a range of lead-times for the whole of Europe. These
forecasts and a collection of derived forecast products are made available to EFAS full and
third-party partners, national and regional authorities mandated to provide flood forecasts and
flood management in their respective regions. Additionally, research organisations can apply
to become an EFAS research partner allowing them restricted access to the EFAS forecast

products in real-time. The organisational structure put in place to facilitate the running of

64



3.2. Organisational Structure of EFAS

EFAS is outlined in Fig. 3.3.
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Figure 3.3: Overview of the organisational structure of EFAS and its relationship with
organisations that provide data to EFAS and the EFAS partners.

As a component of CEMS, the technical and administrative management of EFAS is

performed by the Joint Research Council (JRC) of the European Commission but the opera-

tional EFAS services have been outsourced to four centres. As of April 2024, following an

open tendering process for contracts for the third phase of EFAS (2021-2027), the following

aspects of the system operations have been issued:

CEMS Hydrological Data Collection Centre: Soologic Technological Solution S.L.

collects historic and real-time river discharge and water level data.

CEMS Meteorological Data Collection Centre: A consortium of KISTERS AG and

Deutscher Wetterdienst collects historic and real-time observed meteorological data.

CEMS Hydrological Forecast Centre — Computation: The European Centre for Medium
Range Weather Forecasts (ECMWF) collates numerical weather predictions, generates
the forecast products and operates the EFAS Information System web platform and data

access systems.

CEMS Hydrological Forecast Centre — Analytics and Dissemination: A consortium
of the Swedish Meteorological and Hydrological Institute (SMHI), the Slovak Hy-
drometeorological Institute (SHMU) and the Rijkswaterstaat Waterdienst (RWS, the
Netherlands) analyses the results on a daily basis, assesses the situation, and dissemi-

nates information to the EFAS partners and to the European Commission.
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The division of work between four centres (henceforth referred to as the EFAS centres)
was designed to harvest the diverse skills within the European meteorological and hydro-
logical communities by allowing institutions to focus on their areas of expertise. Close
collaboration between the EFAS centres has proven essential for the smooth running of the
operational services, the continued development of the system, and the delivery of the highest
quality service addressing user-needs. The CEMS hydrological forecast centre — analytics
and dissemination are responsible for issuing notifications to EFAS partners if a set of pre-
defined criteria are satisfied. However, the publication of flood warnings is performed by the
appropriate EFAS full and third-party partners, so that the distribution of EFAS information
is executed by authorities who are experts in the field of flood forecasting as well as mandated
to communicate such information with civil protection agencies. This ensures the necessary
competence to understand the complexity of legal issues associated with flood forecasting
and civil protection within the countries. This also guarantees that at no point does the
EU system interfere with the national one voice warning principle thus allowing trust to be
built between the different partners involved. Although some forecast products such as the
sub-seasonal and seasonal outlooks are available in real-time to the public, most forecast
products are only openly available after a 30-day embargo. The full EFAS notifications sent
to EFAS partners are only ever available to the respective EFAS partners but a list of the sent

EFAS notifications is included in the EFAS bulletin issued bi-monthly.

3.3 Input Data

EFAS requires hydrometeorological observations, meteorological forecasts, geo-spatial and
exposure data, and hydrological reference data, in order to create hydrological forecasts. This
section describes these datasets, outlines the data acquisition process, and the use of the data

within the modelling chain (see Section 3.4).
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3.3.1 Hydro-meteorological observations

Hydrological and meteorological data from in-situ observations are needed to calculate the
initial hydro-meteorological conditions and to aid the creation of the forecast products. Mete-
orological and hydrological national services, and river basin authorities across Europe pro-
vide near real-time and historic data to EFAS. A complete list of data providers is provided
at https://www.efas.eu/en/share-your-data-efas. For EFAS, the CEMS meteoro-
logical and hydrological data collection centres manage the existing network of providers of
observed data. The EFAS centres can also contact potential providers and negotiate stan-
dard data license agreements between the provider and the Copernicus services. Data are
collected on a 24/7 basis. The CEMS hydrological data collection centre supplies quality-
checked real-time and historic in-situ hydrological observed data collected from EFAS data
providers. Real-time data are used in the generation of post-processed forecast products while
the historic data are also used for model calibration. As of April 2024, river discharge data
are collected for 4256 stations with over 2230 stations providing near real-time data (see Fig.
3.4). The hydrological data is then transferred to the CEMS hydrological forecast centre —

computational via a web APIL.

Figure 3.4: Coverage of river gauge stations providing river discharge observations to EFAS.
Stations that provide historic data are shown in blue whilst stations that also provide near
real-time data are in green (data from the CEMS hydrological data collection centre). Grey
shaded area shows the region modelled by LISFLOOD. The black box is the EFAS domain.

The CEMS meteorological data collection centre collates several variables from gauges
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including precipitation, temperature, and wind speed, although not all variables are collected
from all stations. Fig. 3.5 shows all gauges that provided near real-time data for one or more
meteorological variables on the 13 April 2024. Each day the collected meteorological data are
quality checked for outliers and interpolated to the regular EFAS domain grid. Observations
are resampled to 6-hourly and then transferred to the CEMS hydrological forecast centre —
computational. Historic meteorological data are used in the calibration of LISFLOOD and

to create a multidecadal simulation (see Section 3.3.4).

Figure 3.5: Coverage of EFAS real-time meteorological gauging stations. Stations shown
are those that provided real-time meteorological observations on the 13 April 2024 (data
from the CEMS meteorological data collection centre). Grey shaded area shows the region
modelled by LISFLOOD. The black box is the EFAS domain.

Alongside the in-situ observations HSAF (http://hsaf.meteoam.it/) satellite-derived
soil moisture and snow coverage products are also obtained for visualisation purposes. This
data is acquired through the ECMWF data archival system or the relevant satellite data
providers.

Additionally, rainfall data for the whole of Europe at a high spatiotemporal resolution is
required for some products. The TAMIR flash flood forecasts, which indicate regions that are
susceptible to flash flooding due to heavy rainfall, use radar composites from the radar rainfall
network of the EUMETNET project OPERA (Park et al., 2024; Saltikoff et al., 2019). The
radar composites have a spatial resolution of 2 km and a temporal resolution of 15 minutes.
These composites are acquired by the CEMS hydrological forecast centre — computational

from the ECMWF Production Data Store (ECPDS).
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3.3.2 Meteorological Forecasts

To capture some of the uncertainty in the weather predictions, many of the EFAS forecasts
are created using ensemble meteorological forecasts. All other EFAS forecasts are created
using the output from a number of numerical weather prediction (NWP) systems (see Table
3.1) capable of providing the required forcings for the LISFLOOD hydrological model (see
Section 3.3.4). Different forecast horizons and products have different requirements. For
example, the ERIC surface runoff forecasts require forcings with as high a spatial resolution
as possible, and an associated reforecast dataset such as that produced by the COSMO-LEPS
ensemble forecast system for most of the EFAS domain. In contrast, the EFAS medium-
range forecasts are based on a multi-model approach and requires meteorological forcings
from different NWP systems with the aim of capturing the uncertainty due to the NWP
model structures. Currently, forcings are used from four meteorological forecasts, provided
by three forecasting centres (the European Centre for Medium-range Weather Forecast, the
German Weather Service and the Consortium for Small-scale modelling). The seasonal and
sub-seasonal hydrological outlooks are generated by forcing LISFLOOD with the seasonal
(SEASS; Johnson et al., 2019) and the extended-range (ENS-Extended; by utilising the first 50
ensemble members; Vitart et al., 2019) forecasts from ECMWEF, which have the necessarily
long forecast horizons.

As of April 2024, the four NWP systems used across the range of EFAS products are:

* The Integrated Forecasting System (IFS) of the European Centre for Medium Range
Weather Forecasting (ECMWF). Cycle 48r1 (ECMWF, 2023) has been operational
from the 27th of June 2023. This version of the IFS is used to create the HRES, ENS,

ENS-Extended forecasts.

* The SEASS forecasts provided by ECMWEF are created using cycle 43r1 of ECMWF’s
IFS which is coupled with the Nucleus for European Modelling of the Ocean (NEMO)

model version 3.4 (Maass, 2021).

* The Icosahedral Nonhydrostatic (ICON) model of the German Weather Service (Reinert
et al., 2021; Zangl et al., 2015). Version 2.6.6-nwp0 of the ICON model was released
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Table 3.1: Summary details of the meteorological forcings used in generating EFAS forecasts

as of April 2024. Brackets indicate the subset of the meteorological forecasts used in EFAS.

Product type Meteorological Provider Maximum Number of Spatial
forcing resolution

Flash flood - OPERA radar EUMETNET ~2 km

TAMIR composites®

Flash flood - ENS ~9 km

TAMIR

Flash flood - COSMO- ~7 km

ERIC LEPS consortium

Medium ICON ~13 km

range (Global)®

Medium ICON-EU® ~6.5 km

range

Medium HRES ~9 km

range

Medium ENS ~9 km

range

Medium COSMO- ~7 km

range LEPS consortium

Sub-seasonal ~ ENS- ~36 km
Extended

Seasonal SEASS ~36 km

4 OPERA radar composites are meteorological observations rather than forecasts.

b DWD deterministic forecasts use the regional ICON-EU model for the first 3 days, then

the global ICON model for days 4-7 of the forecasts.

NA: Not applicable.

into operations in September 2023. More information about previous versions can be

found in Reinert et al. (2021). The ICON model is used for both the ICON global

forecasts and the ICON-EU forecasts which is created using a nested model at a higher

resolution within the global model.

* The Limited-area Ensemble Prediction System (LEPS) of the Consortium for Small-

scale Modelling (COSMO; Montani et al., 2003, 2016), but only for the EFAS spatial

domain it covers (see Fig. 3.6). Version 6 of the COSMO model was released in

December 2021.

The NWP systems used in EFAS are continuously evolving. Updates to the NWP systems

are not usually considered as updates to the EFAS system unless they require a change to the
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Figure 3.6: Domain boundaries for EFAS (black box) and COSMO-LEPS (red). The shaded
(red and grey) region is the area modelled by LISFLOOD.

workflow of EFAS (see Section 3.4.1).

3.3.3 Geospatial Data

The EFAS hydrological forecasts are created using a range of methods which represent the
transfer of water from the atmosphere to rivers. These methods are described in detail
in Section 4. However, to represent the hydrological processes as accurately as possible,
information about the physical characteristics of the land is required. This information
is generated from several local, European, and global datasets, and mapped to the spatial
resolution of the EFAS domain. Currently 91 geospatial data maps, each representing a
single land-surface variable, are used within EFAS across the full range of forecast products.
The variables include information on the topography (e.g., digital elevation model), the rivers
(e.g., location of lakes and reservoirs, channel width, Manning’s roughness), the land (e.g.,
soil depth and texture, and vegetation), water demand (e.g., irrigation), and social-economic
data (e.g., population density, land-use, and infrastructure).

The geospatial data is considered invariant; therefore, the maps are updated infrequently.
However, due to the upcoming increase in the spatial resolution of the EFAS domain, the
maps have been updated to use the most recent datasets available at a spatial resolution of 1
arc min. For more information about the methods and datasets used in this process please

see Choulga et al. (2024).
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3.3.4 Hydrological Reference Data

The method by which the EFAS hydrological forecasts are created is described in Section
3.4. However, to convert hydrological forecasts into flood and flood impact forecast products,
some form of hydrological reference data is necessary. For most EFAS forecast products the
reference data are flood thresholds used to define floods of different severities. This section
describes the different hydrological reference data used in the production of the EFAS forecast
products.

For most EFAS forecast products the reference data is needed at every grid point and
therefore cannot be derived from observations. Instead, for the medium-range forecasts and
the seasonal and sub-seasonal outlooks, the thresholds are calculated from a multidecadal
hydrological simulation (henceforth referred to as the EFAS reference simulation; Mazzetti
et al., 2020a) created by forcing the LISFLOOD hydrological model (see Section 3.4.3) with
meteorological observations (see Section 3.3.1). From the EFAS reference simulation the
1.5-, 2-, 5-, and 20-year river discharge return period thresholds are calculated and used to
generate the medium-range forecast products (see Section 3.6.1).

Each time a change to the LISFLOOD hydrological model requires a new calibration to be
performed, a new EFAS reference simulation is produced, and new associated flood thresholds
are calculated. The benefit of deriving flood thresholds from a modelled timeseries is their
availability throughout the domain and their consistency across national and administrative
borders. Using a reference simulation that is as long as possible (at least 30 years for the EFAS
products) also allows for a more rigorous estimation of the thresholds than if river discharge
observations, for which there may only be a couple of years, were used. Additionally, since
the same hydrological model is used to generate both the flood thresholds and the forecast,

the impact of any biases in the model is reduced.
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3.4 Modelling Chains

3.4.1 Overview

At its onset, EFAS only produced medium-range (i.e., up to 15 days) forecasts but since its
founding the range of forecasts has expanded to also include short-range flash flood forecasts
up to 5 days ahead (TAMIR and ERIC), and sub-seasonal and seasonal outlooks which predict
up to 6 and 8 weeks ahead, respectively. This section briefly outlines the models and methods
used to create each forecast category, with Fig. 3.7 illustrating the basic modelling chain

used to create all EFAS forecast products.

c
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Figure 3.7: Simplified schematic of the modelling chain used to create all EFAS forecast
products. Hydrological transformation and product generation steps (yellow) are discussed
in Sections 3.4 and 3.6, respectively. Input data (green) are discussed in Section 3. The
forecast dissemination step (blue) is discussed in Section 3.7.

This section focuses on the methods used to represent the transfer of water from the
atmosphere to rivers, which we call hydrological transformations. These methods range in
complexity from a simple catchment aggregation used to create the TAMIR nowcasts to a
physically based distributed hydrological model used to produce forecasts for longer lead-
times. Since the product generation step is intrinsically linked to the specific forecast product,
a discussion of this step is delayed until Section 3.6 where the corresponding forecast products
are introduced. The required input data, including the meteorological forecasts, hydro-
meteorological observations, geospatial data, and hydrological reference data are described
in Section 3.3. The models in the EFAS modelling chain are constantly being developed

and upgraded; therefore, Section 3.4.2 provides more details on the versioning scheme used
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within EFAS and outlines what is required before an upgrade can be made operational.

3.4.2 System Versions

The EFAS system is constantly evolving, both in terms of the modelling system and the
derived products, as shown by the numerous improvements made over the past decade. To
make it possible for the EFAS users to understand and adapt to changes that might affect their
work, all changes are documented in a freely accessible web-platform (hence forth referred
to as the EFAS Wiki, https://confluence.ecmwf.int/x/PwLMDw). If major changes are
expected to the hydrological outputs, new datasets (EFAS reference simulation, reforecasts,
and real-time forecasts) are made available to users ahead of the release so that they can adapt
their practices if necessary (from EFAS version 5). Such a versioning system makes changes
in the characteristics and skill of the forecasts over time more easily attributable to a specific
update.

There are three types of system updates which are categorised in terms of the expected
impact on the forecast products and summarised in Table 3.2. Each system update is labelled
by a version number consisting of three digits referring to each type of update, respectively.
Information on all changes to the system are documented on the dedicated EFAS Wiki and
users can receive clarification via the user support team (see Section 3.9). Changes within
the numerical weather prediction systems used to generate the forecasts are not explicit in the

EFAS versioning system.
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Table 3.2: Types of system updates and the required steps for them to become operational.

Update type

Description of impact

Example scenarios

Release process

Major

Minor

Patch

Characterized by a change in
the hydrological model out-
put. Change will affect how
the forecasts are interpreted
by the CEMS hydrological
forecast centre — analytics and
dissemination or the ERCC.

Major technical change or mi-
nor change in the output.

Bug fix or update of informa-
tion in the system. May affect
post-processed layers, but no
impact on the model output.

Calibration of hydrological
model, major changes to the
physics of the hydrological
model (e.g., increase in res-
olution).

New layer, new product,
change of format, or update of
thresholds.

Bug fix, update of layer
names, or minor technical up-
dates.

Communicated to CEMS hy-
drological forecast centre —
analytics and dissemination at
least 3 months before imple-
mentation and to EFAS Part-
ners at least 4 weeks prior. In-
cludes a period of testing and
pre-release for feedback.
Communicated at least 1 week
before implementation.

Immediately released into
production.

surey)) SUI[[oPOIN t'€
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3.4.3 Distributed Hydrological Model (LISFLOOD)

LISFLOOD is a distributed, physically based hydrological model originally developed by the
Joint Research Centre (JRC) of the European Commission (Burek et al., 2013; De Roo et al.,
2001, 2000; van der Knijff et al., 2008) and co-developed with the CEMS hydrological forecast
centre — computational to optimise its use in an operational context. LISFLOOD has been
designed for the modelling of rainfall-runoff processes in large and transnational catchments,
for a variety of applications, including flood simulation and forecasting; water resources
assessment (drought forecast); analysis of the impacts of land use changes, river regulation
measures, and other water management plans; assessment of the impact of climate change

on the terrestrial water cycle. The numerical simulation is driven by meteorological forcing

EWin P Abbreviations:
P: precipitation
Int: interception
EWint: evaporation of intercepted water
Dint: leaf drainage
M: snowmelt
ESact: evaporation from soil surface
Tact: transpiration (water uptake by plant roots)
INFact: infiltration
Qsr: surface runoff
Dss,us: drainage from superficial to upper soil zone
Dus,is: drainage from upper to lower soil zone
Dis,ugw: drainage from lower soil zone to upper
groundwater zone
Dprefgw: preferential flow to upper groundwater
zone
Dugw,lgw: drainage from upper to lower
groundwater zone
Qugw: outflow from upper groundwater zone
Qugw: outflow from lower groundwater zone
Quoss: loss from lower groundwater zone
Qch: channel discharge

superficial soil
upper soil

lower soil

Lower zone

Quoss

Channel routing
*Note reservoir and lake routines are not included, even
though they are simulated by the model.

Figure 3.8: Schematic of the LISFLOOD hydrological model for a non-reservoir/lake grid-
point (modified old Fig. 11.4).

data (precipitation, temperature, and potential evapotranspiration). A set of raster maps,
describing the terrain morphology, soil properties, land cover and land use features, and water
demand, enables the modelling of runoff processes in different climates and socio-economic
contexts. LISFLOOD solves the water balance at every time step and for each grid cell. More
specifically, as shown in Fig. 3.8, the model accounts for the main hydrological processes
as well as for the main anthropogenic impacts on the water cycle: partition of precipitation

into rain and snow, evapotranspiration and evaporation, snow melting, soil freezing, canopy
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interception of rain, water infiltration into the soil and preferential flow, redistribution of soil
moisture within the soil profile, groundwater storage and base flow, overland flow, lakes,
dams, irrigation and other human water uses (e.g. domestic consumption), flow in the rivers

and in the floodplains.

3.4.3.1 Initial conditions

To create a forecast, LISFLOOD requires initial hydrological condition which provide infor-
mation about the water stored in the catchments and rivers at the start of the forecast. In EFAS
the initial conditions would ideally be generated by forcing LISFLOOD with gridded meteo-
rological observations up to the forecast date. However, there is a delay in the availability of
the meteorological observations hence LISFLOOD can only be driven by these observations
up to 18 hours prior to the forecast start time for the 00 UTC cycle and 30 hours prior to the
forecast start time for the 12 UTC. In a process called the ‘fill-up’, the ECMWF and DWD
deterministic forecasts valid for the gap between the last available observational data and the
forecast start time are used to drive LISFLOOD and generate the initial conditions for the

forecast. This procedure is shown in Fig. 3.9.

&
ad
v
LISFLOOD

!

Simulation forced by
observations

£24h ¥ Forecast date
LISFLOOD

LISFLOOD

|

Time of latest
meteorological observations
_Forecastdate

COSMO

Fill-up Forecast

Figure 3.9: Schematic of the fill-up process for the medium-range multi-model ensemble
forecasts.
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3.4.3.2 Model Calibration

Some processes represented in LISFLOOD require optimal parameters to be identified via
a calibration exercise. In EFAS this exercise results in the production of 14 European-wide
parameter maps. The approach used in EFAS uses an Evolutionary Algorithm (EA) to select
the most likely set of parameters by maximising the modified Kling-Gupta Efficiency metric
(KGE’; Gupta et al., 2009; Kling et al., 2012) for the LISFLOOD output river discharge
given realistic parameter constraints. Historic river discharge data, collected by the CEMS
hydrological data collection centre, are used in the calibration. Since EFAS version 4,
when the temporal resolution of the EFAS reference simulation and medium-range forecasts
increased to 6-hourly timesteps, the calibration is conducted using 6-hourly observations as
much as possible. Where only daily river discharge observations are available the simulated
river discharge is aggregated to daily timesteps within the calibration procedure (Mazzetti
et al., 2021a).

Figure 3.10 shows the KGE’ and the correlation coefficient associated with the river
discharge time series generated with the calibrated LISFLOOD model used in EFAS version
5. The metrics were calculated by comparison with the corresponding 6-hourly observational
records between 1993-2021 (median record length 17 years). The median KGE’ across all
stations is 0.694 with no notable difference in the score between the stations calibrated
with 6-hourly observations and those calibrated with daily observations (not shown). Time
series produced with the calibrated LISFLOOD model also have a high correlation with the
6-hourly observation records particularly in Central Europe. Notwithstanding the overall
good agreement between the observed and simulated flow statistics, large discrepancies
do occur at a small number of stations, particularly in the Iberian Peninsula. Deviations
from the observations may be attributed to errors in the meteorological forcings, the spatial
interpolation of meteorological data, as well as to shortcomings in the hydrological model,
the geospatial input data (see Section 3.3.3), and the calibration of its parameters. Some of
the differences may also be due to man-made modifications of flow regimes present in many

catchments, but which are not fully accounted for in the LISFLOOD hydrological model.
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KGE'<0.7 & R>=0.7
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Figure 3.10: The modified KGE associated with the reference simulation of EFAS version
5.0 at a 6-hourly timestep (also called EFAS historical data in the DS). Stations with a low
modified KGE but a correlation over 0.7 are coloured cyan as a high correlation is a key
requirement for flood forecasts.

3.5 Generating Forecasts

The generation of forecasts is the responsibility of the CEMS hydrological forecast centre
— computational. The procedure can be subdivided into five main tasks: (i) collating all
the necessary forcing and input data; (ii) running the hydrological models and algorithms,
(iii) statistical analysis and preparation of the results for visualisation, (iv) uploading the
derived forecast products to the EFAS Information System, and (v) archiving the forecasts on
the ECMWF Meteorological Achieve Retrieval System. Section 3.5.1 outlines the hardware
used to perform these tasks whilst Section 3.5.2 provides details on the scheduling and
software used for their execution. Section 3.5.3 outlines the steps taken to monitor forecast

generation to make sure the forecasts are not delayed.
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3.5.1 Overview

In October 2022 ECMWEF, which houses the CEMS hydrological forecast centre — compu-
tational, upgraded its supercomputer infrastructure. The new HPC system in Bologna, Italy,
consists of four Atos BullSequana XH2000 clusters and replaced the two Cray XC40 clusters
that ran on-site in Reading, UK. The Atos clusters are all self-sufficient but inter-connected,
increasing operational resistance should one cluster fail or require maintenance. All four
clusters are connected to the high-performance clusters discussed below. Each cluster com-
prises of 2,032 nodes each with two AMD Epyc Rome 64 processors. Of these nodes 1,920
are compute nodes used for parallel jobs and have 256 GB of memory, and 112 are ‘GPIL
nodes for general purpose and interactive workloads with 512 GiB of memory. Other nodes
have special functions, such as managing the system, running the job scheduler (see Section
3.5.2), and connecting to the storage. The storage of the new system uses the Lustre parallel
file system and is provided by DataDirect Networks (DDN) EXAScaler appliances. The fast
access storage will provide more than 90 Petabytes in total split between dedicated storage
for operational time-critical processes and research.

ECMWF’s new computing facility in Bologna comprises two redundant 15 Gbps links
to GARR the Italian Research and Education Network. The connection is to provide data
rates of approximately 40Gbps. GARR has high speed connections to the rest of the Internet,
especially to the GEANT network, which provides a high-speed backbone between most
research networks within Europe and the US. The clusters have been installed in two different
computer halls in the data centre. All areas of the computer hall are equipped with an inert
gas fire suppression system. The data centre site is fed through two separate redundant power
cables. The internal power distribution infrastructure is also redundant with Diesel rotary

UPS units (located in a separate building) providing emergency power.

3.5.2 Scheduling and Execution

EFAS forecasts are run through the ecFlow software (https://github.com/ecmwf/ecflow),

a workflow manager that enables users to run many jobs (1442 in the case of EFAS) with
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dependencies on each other and on time in a controlled environment. The ecFlow software
provides an abstraction of workflows and task executions through the concept of a "suite". A
suite is a collection of tasks, grouped into "families" to provide a graphical view of the system.
These tasks are written as independent pieces that the suite is responsible for submitting at
a specific time and in a specified order. Operational suites are designed so that they can be
moved from one computing cluster (see Section 3.5.1) to another, by the simple change of a
variable in the suite. Similarly, the workflow can be moved to use different storage systems in
case of hardware failure. The ecFlow software provides a reasonable tolerance to hardware
and software failures, combined with good restart capabilities. The scheduling of tasks con-
siders the dependencies between them as well as date and time dependencies. This makes
ecFlow particularly suited for use in EFAS where tasks require sequential evaluation yet must
be performed simultaneously to ensure timely delivery of the forecasts; for example, running
LISFLOOD to generate forecasts must occur after the initial conditions are determined but
each set of meteorological forecasts can be evaluated simultaneously.

EFAS operational services are currently run using 9 suites. Some of these suites run the
hydrological models and generate the products, others archive the data, etc. The workflows
of the different EFAS forecast products may take different paths through the EFAS suites but
all follow the overarching structure shown in Fig. 3.11 with the operational suite being the
main suite that performs the hydrological transformation and the product generation.

Separate but similar ‘test’ and ‘experimental’ suites are used to test developments to the
EFAS system before they are put into production which both streamlines the research to
operational pipeline and allows EFAS partners to experience changes to the system before

they are officially released (see Section 3.4.2).

3.5.3 Monitoring

The entire chain of EFAS computations as well as the underlying hardware and software
infrastructure are monitored at all times to ensure uninterrupted availability and timely

delivery of the EFAS products.
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Figure 3.11: Schematic of the ecFlow suite used to generate the EFAS forecasts.

The core monitoring services, and primary support are provided by a dedicated team

of operators who are always available at the ECMWF premises. This core team follows

established procedures to rectify issues themselves or forward the issue to the secondary

support staff (Table 3.3). The secondary support is provided by specialized teams of experts

on 24/7/365 call-out duty with remote access to ECMWF IT infrastructure. Finally, tertiary

support is provided by in-house and third-party technical and scientific experts.

Table 3.3: Summary of key monitoring procedures for the EFAS operational suite.

Service Trigger

Action

Data acquisition ecFlow monitoring interface
alerts the operators

EFAS computations Failure/delay signaled by ecFlow
or abnormal state detected by
OpsView

EFAS web interface Abnormal state detected by
OpsView, or an email/phone call
from a user.

Operator informs the data provider.

Operator follows a recovery proce-
dure or calls an analyst.

Operator follows a recovery proce-
dure or calls an analyst.

Operators on duty have several mechanisms at their disposal to monitor the activity of

the EFAS system. The first one is built into the ecFlow workflow managing software — its
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graphical user interface visualises the progress of computations and instantly alerts operators
on any failures.

The second mechanism is a dedicated subset of ecFlow jobs which are executed at specified
times and check if EFAS computations have reached the expected stage. Additionally, the
state of the EFAS system and underlying infrastructure (computational clusters, web servers
and network) is monitored by the OpsView service (http://www.opsview.com) which is a
monitoring and alerting tool for servers, switches, applications and services. The acquisition
of input data from external providers is monitored via the web interface built into the ECMWF
Product Dissemination System (ECPDS) data acquisition system which, for example, raises
an alarm if no new data has been received for a prolonged period. In Table 3.3 key parts
of the EFAS operational suite are listed along with the trigger used to identify a failure and
the action taken by the operators following a failure. If the failure is likely to result in late,
incomplete, or incorrect products, the JRC and the CEMS hydrological forecast centre —

analytics and dissemination are informed.

3.6 Forecast Products

Several forecast products are derived from the hydrological forecasts created as described in
Section 3.4. The form of these products is one of the most dynamic parts of the system with
their evolution driven by user requirements (Pappenberger et al., 2012; Ramos et al., 2009;
De Roo et al., 2011; Wetterhall et al., 2013). For brevity, only some key forecast products
are described in this section, but a full list is available at https://confluence.ecmwf.int/
display/CEMS/EFAS+products. In addition to the forecast products, auxiliary products
are provided designed as complementary information to aid users in their decision making.
These include products describing the initial hydrometeorological conditions of the forecasts
(updated for every forecast), summarising the skill of the forecasts (updated for every major
cycle) or showing the geospatial data underlying the modelling system (updated occasionally,

see Section 3.3.3).
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3.6.1 Reporting Points (Medium range)

The medium-range reporting points were one of the first forecast products in the EFAS
portfolio, although they have been updated several times since 2012 in response to user
feedback, for example in May 2022. The aim of the reporting points is to highlight areas
forecasted to have high flows in the next 10 days. The ‘high flow’ criteria are defined by three
river discharge thresholds (2-, 5-, and 20- year return periods) which are determined using the
EFAS reference simulation (see Section 3.3.4). The probability of each of these thresholds
being exceeded is calculated for every grid-box in the EFAS domain and shown as a range
of products (typically split by threshold return period, forecast horizon, or forecast model).
However, to avoid potential floods being missed in a swarm of information, in-depth details
are only provided at specific locations, called ‘Reporting Points’. Two types of reporting
points are defined in EFAS: static and dynamic. Static reporting points are river gauge
locations where historical and/or near real-time river discharge data are available. Static
reporting points allow users to make a direct comparison with observations regardless of
whether a threshold has been exceeded; this is particularly important for those who want to
monitor the evolution of the river at a particular point of interest. Dynamic reporting points
are locations for which no hydrological data is shared with EFAS and are forecast-dependent
so may change from one model run to the next depending on the expected future flow
conditions. Dynamic reporting points allow floods to be forecast anywhere and are defined
as outlined in Fig. 3.12. The reporting point criteria valid from EFAS version 4.4 is available
athttps://confluence.ecmwf.int/display/CEMS/EFAS+Reporting+Points.

The reporting points are shown on the EFAS-IS map viewer as points on a queryable
map with a pop-out window available for each point containing more information. Fig. 3.13
shows examples of the reporting points. Static points for which no flood signal meeting the
EFAS reporting point criteria is forecast are shown as a grey square unless the post-processed
hydrograph product (see Section 3.6.2) is available in which case the point is indicated by a
blue square (see Fig. 3.13A). Yellow, red, and purple squares indicate points where the flow

meets the reporting point criteria for the EFAS 2-year, 5-year and 20-year return periods,
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Figure 3.12: Schematic of the algorithm used to define dynamic and static reporting points
as for EFAS version 5.0 medium-range forecasts. For each of the 2-, 5-, and 20-year return
period thresholds the probability of exceedance is calculated. Reporting points are then
calculated using these exceedance probabilities, persistence criteria based on the reporting
points of the previous forecast, and upstream area thresholds.

respectively (see Fig. 3.13B). A dark outline indicates the threshold exceedance is expected
within the next 48h (see Fig. 3.13B). If zoomed in on a region (as in Fig. 3.13), labels beside
the point show the forecast maximum exceedance probabilities and the tendency of the total
probability over the last 2 forecasts (arrows). A coloured outline to a blue or grey square
indicates that the flow is forecast to exceed the respective threshold, but the upstream area is

too small to meet the reporting point criteria (see Fig. 3.13A).

3.6.2 Post-processed hydrograph

The forecasts created by EFAS (or any forecasting system to date) are imperfect. As described
in Section 3.3.4 most thresholds used within EFAS are calculated using the climatology of the
hydrological model. Among other benefits this removes the need to consider any consistent
bias in the hydrological model compared to observations. However, the predicted river
discharge value (and not just the relative extremeness) is also of interest to some users of
the forecasts. The post-processed hydrograph products are created by post-processing the

ensemble forecast to minimise errors in the timing, volume, and the magnitude of the peak
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Figure 3.13: Reporting points for the EFAS medium-range streamflow forecast from the 26th
of March 2024. Squares indicate the location of reporting points. Text beside reporting
points indicate probability of exceedance indicated by ECMWF-ENS and COSMO-LEPS
forecasts, and the tendency over the past three forecasts. Boxes label A and B show examples
discussed in the text.

when compared to observations, and to quantify the total uncertainty in the forecast due to
meteorological forcings, initial conditions, and hydrological model.

The method used in EFAS estimates distributions which account for the errors and
uncertainty due to the meteorological forcings and the hydrological model separately using
an Ensemble Model Output Statistics approach (EMOS; Gneiting et al., 2005), and a Model
Conditional Processor approach (MCP; Todini, 2008), respectively. The two distributions are
then combined using a Kalman filter. Full details of the method are available in (Matthews
et al., 2022). Post-processing is done at locations with at least 2 years of historic river
discharge observations, and where near real-time observations are available (see Fig. 3.4).
These locations are identified by a blue square on the EFAS map viewer as described in
Section 3.6.1.

The visualisation of the post-processed hydrograph was improved in March 2024 based
on feedback from the EFAS Partners. An example of the post-processed hydrograph from
the test system for EFAS version 4.1 (released operationally on 21 March 2024) is shown
in Fig. 3.14. The shaded blue region shows the probability distribution with darkest blue

showing the median. In this example hydrograph, three thresholds are shown by the horizontal
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lines. Hydrographs for all post-processed stations show the mean river discharge threshold
(Mean(Q)) and the mean annual maximum river discharge threshold (AM(Q)) which are both
derived from the available historical observed time-series (and not the EFAS climatology)
which may vary in length between stations. Additionally, since EFAS version 5, EFAS
partners can provide up to four threshold levels (TL) to be included in the hydrograph shown
by pink horizontal lines. The forecast probabilities of the river discharge exceeding the
thresholds are shown as bar charts (see Fig. 3.14).

An analysis performed using the EFAS version 4 reforecasts, showed that the post-
processed forecasts skilfully predicted the observed river discharge at most stations partic-

ularly those impacted by river regulation or slow hydrological processes such as snowmelt

(Matthews et al., 2022).
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Figure 3.14: Post-processed hydrograph product from the EFAS version 4.1 test system from
the 12 February 2024 for the Wittenberg / Lutherstadt station on the River Elbe, Germany.
The main panel (left) shows the probability distribution of the post-processed forecast for
lead-times up to 15 days. Black dots show recent observed river discharge values. The
two panels on the right show the probability of exceedance of the mean annual maximum
river discharge (AM(Q)) threshold (upper panel) and the mean river discharge (Mean(Q))
threshold (lower panel) for each lead-time. The four panels below the hydrograph show the
probability of exceedance of up to four thresholds provided by EFAS Partners.
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3.7 Forecast Dissemination

Dissemination of EFAS forecasts products to end users is carried out in two ways. The first
is through the use of a web-based interface: the EFAS Information System (EFAS-IS). It is
possible to access the EFAS-IS anonymously, but only for a limited number of layers and
forecasts cannot be viewed in real-time but only with a delay of 30 days. The EFAS full and
third-party partners have unrestricted access to the EFAS-IS in real-time. The second is for
the CEMS hydrological forecast centre — analytics and dissemination to pro-actively contact
EFAS full and third-party partners to notify them of a flood signal within their region.

The raw forecast data (i.e., the output from LISFLOOD) are also available to EFAS
partners (including full, third-party, and some research partners) through several access
points, and to the public after a 30-day embargo period. These include a dedicated Data
Store powered by the Common Data Store Engine, a dedicated ftp server, and different web-

services.

3.7.1 EFAS-IS

The EFAS Information System (EFAS-IS or sometimes colloquially the EFAS Portal; https:
//www.efas.eu/) is a Rich Internet Application providing the same level of interactivity and
responsiveness as desktop applications (see Fig. 3.15). It was carefully designed, alongside
the forecast products, with the aims of users in mind. The EFAS-IS allows control and
management of the content within the web portal based on user specific roles and permits
various workflows in a collaborative environment. It grants authorised users the ability to
contribute to and share information and helps improve communication by allowing EFAS
users to raise queries with the EFAS centres.

The EFAS-IS is loosely split into two sections. The first section is entirely open access and
contains general information about EFAS as well as news bulletins, and monthly summaries
of recent flood events and the hydrometeorological situation across Europe. In this section
users can find links to the EFAS wiki and recent webinars (see Section 3.9) in addition

to official reports and peer-reviewed journal articles about different components of EFAS.
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Figure 3.15: Homepage of the EFAS-IS as visible for a registered EFAS user.

Visitors to the EFAS-IS can also find information about collaborating with EFAS. The second
section of the EFAS-IS, including real-time access to the map viewer and notifications which
are also sent to EFAS partners, is restricted to EFAS partners (including full, third-party, and

some research partners), the JRC, and EFAS centres.

3.8 EFAS Map Viewer

The EFAS map viewer is arguably one of the easiest ways for users to access and view the
forecast products described in Section 3.6. The map viewer is available to anyone however
only EFAS partners can view the forecast products in real-time. There is a delay of 30 days
before the forecast products are open access to ensure the one-voice policy for flood forecast
warnings is not violated. Additionally, notifications, which are also viewable via the map
viewer, are always restricted to EFAS full and third-party partners. All forecast products
can be accessed for any forecast since they were introduced into the operational system. For
example, the sub-seasonal outlooks were introduced in December 2019 and users can access
all the sub-seasonal outlooks produced since.

Forecast products are organised into tabs on the map viewer such as the Flood Summary
tab that is shown in Fig. 3.16. The hydrological tab allows users to view the seasonal and sub-
seasonal outlooks and additional medium-range forecasts products, and the meteorological

tab allows users to see the precipitation forecast products. Other tabs include information to
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aid users with interpreting the forecast products. For example, static data that may impact
the skill of the forecast, such as the drainage network and the location of modelled reservoirs
and lakes, are available. Administrative borders and large rivers can also be overlaid to allow
users to identify events that may impact them. The evaluation tab allows users to see the
skill of the forecasts alongside the forecast themselves and a notifications layer allows EFAS
partners to see both active and deactivated notifications.
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Figure 3.16: Screenshot of the EFAS map viewer showing the tabbed layout and menu for
selection of products to be visualised as seen by an EFAS full partner. Reporting point
forecast layer and the catchments static layer are selected.

The operational status of the EFAS forecasting system and whether partners can expect a
delay or a degradation to the forecasts is shown via the status icons (green boxes in the top
right of Fig. 3.16) for ERICHA (cloud) and all other forecast products (tick). A pop-out
window also provides partners with a logbook of current and recent issues that may have
impacted the forecasts. A key development to the map viewer in recent years is the extension
of the feedback capabilities. For each notification issued, partners can say whether the event
occurred and how accurate the forecast was in terms of timing and location. Partners can
also indicate if an event was missed completely by the system. The information is archived

and made available to EFAS centres for evaluation purposes.

90



3.9. User Engagement

3.9 User Engagement

EFAS aims to provide flood forecasts to its partners to aid them in their decision making.
Therefore, developments to the EFAS system are largely guided by feedback from users. This
section outlines the ways in which the EFAS partners engage with the EFAS centres whether

that be to provide feedback or to solve a query regarding the forecasts.

3.9.1 Meetings, Webinars, and Outreach

EFAS runs different outreach activities each year including events specifically designed for
EFAS partners which are organised by the EFAS centres and the JRC, and more general
conferences related to flood forecasting. A mixture of face-to-face, online, and hybrid

meetings are held to maximise attendance whilst fostering an interactive network.

3.9.1.1 Meetings, workshops, and trainings

The EFAS centres proactively engage with the EFAS partners through regular meetings,
workshops, and training events. In addition to an EFAS annual meeting, delegates from the
EFAS centres attend scientific workshops and conferences to engage in the scientific and
operational field of hydrological and flood forecasting. EFAS holds training events, open
to new and current partners, to highlight updates in products, methods, and to aid partners
in accessing the forecasts products and data. Training events are coordinated by the CEMS
hydrological forecast centre — analytics and dissemination with contribution from the JRC and
other EFAS centres when relevant. The JRC and EFAS centres also contribute to international
workshops on hydrological modelling and forecasting, including the highly successful Joint
Virtual Workshop on "Connecting global to local hydrological modelling and forecasting:
scientific advances and challenges”, which attracted over one thousand attendees in 2020
(Dasgupta et al., 2022). EFAS uses these events to promote its products and services, as well

as scientific advances.
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3.9.1.2 Webinars

The EFAS centres design and deliver webinars on an annual basis or more frequently depend-
ing on the complexity and number of updates within the year. Webinars are a very effective
way to reach out to a wide community as well as acting as training material for more expert
audiences. The webinars have two aims: firstly, to describe the science behind the products;
and secondly to demonstrate their use in specific case studies, each designed for targeted audi-
ences and user groups. Webinars produced by EFAS engage a live audience during the hosted
event and are also post-produced as short videos to act as training materials for those unable
to attend the live event. Examples of webinars and tutorials produced for EFAS users can be
found in the webinars section of the EFAS website and on the CEMS dedicated YouTube chan-

nel (https://www.youtube.com/channel/UCIb8QBCOoDoK1lo4JKxrseOw, see Fig. 3.17).

2024-02-27 An overview of the changes to the CEMS EFAS
[ MErATARA? e operational system with the major release v5.0 (20 September
soges e 2023). The presentation is provided by Christel Prudhomme from
the CEMS Hydrological Flood Forecast Centre - Computation
(COMP).

. MANAGEMH
. . SERVICE

2023-03-22 This webinar explains the contents of the EFAS User
Guide (EFAS User Guide - Copernicus Emergency Management
Service - CEMS - ECMWEF Confluence Wiki) and provides an
introduction on the analysis of EFAS probabilistic forecasts.

2022-06-14

This webinar provides an overview about EFAS purpose and
historical development, operational centres, hydrological model,
partners network and EFAS notifications.

Figure 3.17: Example of webinars produced by ECMWF to communicate EFAS version 4
characteristics to EFAS partners, with recordings made available on the EFAS website and
YouTube.

3.10 Conclusions

Following the devastating, trans-national floods affecting many countries in Europe in 2002,

a pan-European flood forecasting system was developed to enhance the European Union’s
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3.10. Conclusions

capabilities for flood preparedness and coordination of aid. The resulting European Flood
Awareness System (EFAS) has been a fully operational system since 2012, as part of the
European Commission’s Copernicus Emergency Management Services, providing early flood
warnings across Europe to eligible national entities. The system has grown from a research
experiment used to provide forecast information on an ad-hoc basis to a complex operational
system in which the hydrological model forms a small part of a sophisticated forecasting and
dissemination chain for a range of forecast horizons. This chapter represents a snapshot of
the EFAS forecasting system in April 2024.

The EFAS operational forecasting systems can be divided into six major function blocks:

a Data acquisition, which includes the acquisition of all static and dynamic data used to
operate the EFAS system including weather forecasts, geospatial data, and hydrological

and meteorological observations.

b Model components, which includes different hydrological methods with a range of

complexities and calibrations approaches.

¢ Computational infrastructure, which relates to the underlying hardware infrastructure

and the way the workflow of the forecasting system is managed.

d Forecast and auxiliary products, which includes all products produced as part of the
forecast including flood notifications, hydrographs, and supporting information such

as precipitation maps.

e Dissemination, which deals will all aspects of disseminating the forecasts and cor-
responding forecast products and as such includes the web site and data distribution

services.

f Performance monitoring, which includes the monitoring of the technical system per-

formance and reliability as well as statistical skill of the forecasts.

The EFAS system is continuously evolving to adapt to the needs of its users. In its decade of

operational service some of the key changes to EFAS include 1) broadening its domain which
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now covers catchments between Iceland and Azerbaijan, and Scandinavia and the Maghreb,
2) improving the representation of hydrological processes by developing the hydrological
models used, and increasing the temporal and spatial resolution of the forecasts, and 3)
expanding the forecast horizon to include flash flood forecasts for the next 6 hours up to
seasonal outlooks for the next 8 weeks. The aim of EFAS is to provide partner organisations
with complementary forecast information to support their decision making. As of April 2024,
EFAS has 83 full partners, 43 third-party partners, and 2 research partners. Partners can
access the forecast products via a dedicated web portal, and the forecast data and companion
datasets are available via several data access points. Forecasts and corresponding products are
available to the public after a 30-day embargo period. Data access (real-time and historic data)
has been designed with the users’ objectives in mind whether that is direct use of the forecast
products in decision making procedures, the incorporation of the data into downstream
forecasting chains, or research studies. A versioning system has been developed to allow
users to confidently navigate the expanding EFAS system. EFAS also provides data to other
Copernicus services: for example, EFAS data are included in the multi-model forecast of the
Copernicus Climate Change Service (C3S), the Copernicus State of the Climate report, and
the CEMS European Drought Observatory.

Early flood warning systems are intended to reduce the negative impacts of floods by
improving preparedness. It has been demonstrated that an early flood warning systems such
as EFAS provides an immense monetary benefit (about 400 Euros for every 1 Euro invested;
Pappenberger et al., 2015a). Over the years EFAS has successfully predicted several large
floods aiding users in saving both money and lives. To continue doing so in the future
EFAS must continue to develop in line with users’ needs and balance these requirements with

scientific and operational demands.

3.11 Summary of Chapter 3

This chapter provides the context in which the research in this thesis was conducted. The

history of the system and the organisational structure is briefly discussed before the hydro-
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logical modelling chain and medium-range river discharge forecasts products are described.
Additionally, the supporting computational infrastructure required to create and disseminate
the forecasts is presented. Finally, the user engagement processes are described.

The methods evaluated and developed in this thesis can be applied within any ensemble
river discharge forecasting system. I use the EFAS medium-range forecasts throughout this
thesis to maintain consistency between studies. This allows direct comparisons of results
with regards to Chapters 5 and 6, and allows the benefits of different evaluation techniques

to be compared with regards to Chapters 4 and 7.
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Chapter I

Skill assessment of the at-gauge

post-processed forecasts of the European

Flood Awareness System (EFAS)

This chapter addresses the first objective of the thesis: To evaluate the skill of the operational

EFAS at-gauge post-processing method.

A forecast evaluation is conducted across 522 stations to assess the skill of the post-processed
forecasts, and to identify factors that may influence the ability of the post-processing method

to correct forecast errors. The content of the chapter is reproduced from:

G. Matthews, C. Barnard, H. Cloke, S. L. Dance, T. Jurlina, C. Mazzetti, and C. Prud-
homme. Evaluating the impact of post-processing medium-range ensemble streamflow fore-
casts from the European Flood Awareness System. Hydrology and Earth System Sciences,

26(11):2939-2968, 2022

In Section 4.7 we summarise the key results of the chapter and identify connections with

other chapters in this thesis.
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Abstract

Streamflow forecasts provide vital information to aid emergency response preparedness and
disaster risk reduction. Medium-range forecasts are created by forcing a hydrological model
with output from numerical weather prediction systems. Uncertainties are unavoidably
introduced throughout the system and can reduce the skill of the streamflow forecasts. Post-
processing is a method used to quantify and reduce the overall uncertainties in order to
improve the usefulness of the forecasts. The post-processing method that is used within the
operational European Flood Awareness System is based on the Model Conditional Processor
and the Ensemble Model Output Statistics method. Using 2-years of reforecasts with daily
timesteps this method is evaluated for 522 stations across Europe. Post-processing was
found to increase the skill of the forecasts at the majority of stations both in terms of the
accuracy of the forecast median and the reliability of the forecast probability distribution.
This improvement is seen at all lead-times (up to 15 days) but is largest at short lead-times.
The greatest improvement was seen in low-lying, large catchments with long response times,
whereas for catchments at high elevation and with very short response times the forecasts
often failed to capture the magnitude of peak flows. Additionally, the quality and length
of the observational time-series used in the offline calibration of the method were found
to be important. This evaluation of the post-processing method, and specifically the new
information provided on characteristics that affect the performance of the method, will aid
end-users to make more informed decisions. It also highlights the potential issues that may

be encountered when developing new post-processing methods.

4.1 Introduction

Preparedness for floods is greatly improved through the use of streamflow forecasts resulting in
less damage and fewer fatalities (Field et al., 2012; Pappenberger et al., 2015a). The European
Flood Awareness System (EFAS), part of the European Commission’s Copernicus Emergency
Management Service, supports local authorities by providing continental-scale medium-

range streamflow forecasts up to 15 days ahead (Thielen et al., 2009; Smith et al., 2016).
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These streamflow forecasts are produced by driving a hydrological model with an ensemble
of meteorological forecasts from multiple numerical weather prediction (NWP) systems
including two NWP ensembles and two deterministic NWP forecasts (Smith et al., 2016).
However, the streamflow forecasts are subject to uncertainties that decrease their skill and
limit their usefulness for end-users (Roundy et al., 2019; Thiboult et al., 2017; Pappenberger
and Beven, 2006). These uncertainties are introduced throughout the system and are often
categorised as meteorological uncertainties (or input uncertainties) which propagate to the
streamflow forecasts from the NWP systems, and hydrological uncertainties which account
for all other sources of uncertainty including those from the initial hydrological conditions and
errors in the hydrological model (Krzysztofowicz, 1999). It should be noted that throughout
the paper meteorological uncertainties refers to the uncertainty in the streamflow forecasts
that is due to the meteorological forcings and not the uncertainty in the meteorological
forecasts themselves. These differ as the meteorological variables are usually aggregated by
the catchment system (Pappenberger et al., 2011). According to Krzysztofowicz (1999) and
Todini (2008), a reliable forecast will include the total predictive uncertainty which is the
probability of a future event occurring conditioned on all the information available when the
forecast is produced.

Several approaches have been developed to reduce hydrological forecast errors and ac-
count for the predictive uncertainty. Improvements to the NWP systems used to force the
hydrological model have been shown to reduce the uncertainty in the streamflow forecasts
(Dance et al., 2019; Flack et al., 2019; Haiden et al., 2021). Additionally, the use of ensemble
NWP systems to represent the uncertainty due to the chaotic nature of the atmosphere is
becoming increasingly common and the use of multiple NWP systems can account for model
parameter and structural errors in the meteorological forecasts (Wu et al., 2020; Cloke and
Pappenberger, 2009). Regardless of whether deterministic or ensemble NWP systems are
used, pre-processing of the meteorological input can reduce biases and uncertainties often
present in the forecasts (Verkade et al., 2013; Crochemore et al., 2016; Gneiting, 2014). Data
assimilation schemes can be used to improve accuracy in the initial hydrological conditions

(e.g.Liuetal.,2012; Mason et al., 2020) and calibration of the hydrological model can reduce
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model parameter uncertainties (Kan et al., 2019). To represent the hydrological uncertainties
using an ensemble, similarly to the meteorological uncertainties, would require creating an
ensemble of initial hydrological conditions and using several sets of model parameters or
potentially using multiple hydrological models (Georgakakos et al., 2004; Klein et al., 2020).
Operationally this is usually prohibited by computational and temporal constraints particu-
larly if an ensemble of meteorological forcings is already included. An alternative, relatively
quick and computationally inexpensive approach is to post-process the streamflow forecasts.

Post-processing the streamflow forecast allows all uncertainties to be accounted for. Over
the past few decades several techniques have been proposed. These techniques can be
split into two approaches: (1) methods accounting for the meteorological and hydrological
uncertainties separately and (2) lumped approaches which calculate the total combined un-
certainty of the forecast. One of the first examples of the former approach was the Bayesian
forecasting system which was applied to deterministic forecasts and consists of the Hydrolog-
ical Uncertainty Processor (HUP; Krzysztofowicz, 1999; Krzysztofowicz and Kelly, 2000;
Krzysztofowicz and Herr, 2001; Krzysztofowicz and Maranzano, 2004) and an Input Uncer-
tainty Processor (IUP; Krzysztofowicz, 1999). The development of the Bayesian Ensemble
Uncertainty Processor (Reggiani et al., 2009), an extension of the HUP for application in
ensemble prediction systems, attempts to remove the need for the [UP by assuming the mete-
orological ensemble fully represents the input uncertainty. However, as streamflow forecasts
are often under-spread this assumption is not always appropriate. The Model Conditional
Processor (MCP) first presented in Todini (2008) also uses a conditional distribution-based
approach by defining the joint distribution between the model output and the observations
using a multi-variate Gaussian distribution. The MCP has the capacity to determine the total
combined uncertainty if the joint distribution is defined between the observations and the
forecasts of the operational system. To define this joint distribution a large set of historic
forecasts is required which is not always available as operational systems are upgraded reg-
ularly. Therefore, often it is used to account for the hydrological uncertainty only (as it is
in this paper, see Section 4.3). However, the method is attractive as it can be efficiently ex-

tended to allow for multivariate, multi-model, and ensemble forecasts (Coccia, 2011; Coccia
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and Todini, 2011; Todini, 2013; Todini et al., 2015). The method discussed in this study is
partially motivated by the Multi-Temporal Model Conditional Processor (MT-MCP; Coccia,
2011) which extends the original MCP method for application to multiple lead-times simul-
taneously.

Many regression-based methods have been developed to post-process streamflow fore-
casts because of their relatively simple structure (e.g. quantile regression (Weerts et al.,
2011), indicator cokriging (Brown and Seo, 2010, 2013), and the General Linear Model
Post-Processsor (Zhao et al., 2011)). The Ensemble Model Output Statistics (EMOS; Gneit-
ing et al., 2005) method adjusts the mean and variance of an ensemble forecast using linear
functions of the ensemble members and the ensemble spread respectively (Gneiting et al.,
2005; Hemri et al., 2015). This allows variations in ensemble spread to be used when estimat-
ing the predictive uncertainty. The strong autocorrelation in time observed in hydrological
timeseries lends itself to the use of autoregressive error-models (e.g. Seo et al., 2006; Bogner
and Kalas, 2008; Schaeybroeck and Vannitsem, 2011) although some of these methods do not
account for uncertainty and instead try to correct errors in the trajectory of the forecast. These
methods should therefore be used alongside a separate method which attempts to quantify
the uncertainty. On the other hand, kernel-based (or “dressing”) methods define a kernel
to represent the uncertainty which is superimposed over the forecast or over every member
for an ensemble forecast (Pagano et al., 2013; Verkade et al., 2017; Boucher et al., 2015;
Shrestha et al., 2011). Depending on the approach used to define the kernel, this technique
can account for the hydrological uncertainties or the total uncertainty but often requires a
bias-correction method to be applied to the forecast beforehand (Pagano et al., 2013).

All the methods mentioned above, and many more that have not been mentioned (see Li
etal., 2017, for a more comprehensive review), have been shown to be effective at improving
the skill of forecasts in one or a few catchments. The Hydrological Ensemble Prediction
Experiment (HEPEX; Schaake et al., 2007) post-processing intercomparison experiment
resulted in comparisons between the different techniques (van Andel et al., 2013; Brown
et al., 2013) but still relatively few studies have evaluated the performance of post-processing

methods across many different catchments. Some exceptions include studies comparing
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the performance of post-processing techniques for limited numbers of basins in the USA
(Brown and Seo (2013), 9 basins; Ye et al. (2014), 12 basins; and Alizadeh et al. (2020),
139 basins), and recently, Siqueira et al. (2021) evaluated two post-processing methods at
488 stations across South America. Skgien et al. (2021) compared variations of the EMOS
method at the 678 stations across Europe and investigated the forecast features that indicated
when post-processing was beneficial. However, as post-processing is incorporated into more
large-scale, multi-catchment flood forecasting systems, such as the EFAS, there is a greater
need to understand which catchment characteristics, as well as which forecast features, can
affect the post-processing. In this paper, the operational post-processing method of the EFAS
is evaluated at 522 stations to investigate how the performance of the post-processing method
varies across the domain.

The EFAS domain covers hundreds of catchments across several hydroclimatic regions
with different catchment characteristics. The raw forecasts (i.e. forecasts that have not
undergone post-processing) have varying levels of skill across these catchments (Alfieri
et al., 2014a), and are regularly evaluated in order to identify possible areas of improvement
and to allow end-users to understand the quality of the forecasts. At the locations of river
gauge stations, where near real-time and historic river discharge observations are available,
the raw forecasts are post-processed using a post-processing method which is motivated by the
MCP and EMOS techniques. However, the post-processed forecasts do not currently undergo
regular evaluation. This study aims to assess the post-processing method used within the
EFAS. Additionally, new information is provided about the effect that characteristics of the
catchments and properties of the forecasting system have on the performance of the post-

processing method. Specifically, the paper will address the following questions:

* Does the post-processing method provide improved forecasts?

* What affects the performance of the post-processing method?

The remainder of the paper is set out as follows. In Section 4.2 we briefly describe
the EFAS system used to produce forecasts operationally. In Section 4.3 we introduce

the post-processing method being evaluated and explain in detail how the post-processed
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forecasts are created. In Section 4.4, the evaluation strategy is described. This includes
an explanation of the criteria used to select stations, details of the reforecasts used in this
evaluation, and a description of the evaluation metrics considered. We separate the results
section (Section 4.5) into two main sub-sections. In Section 4.5.1 we assess the affect of
post-processing on different features of the forecast such as the forecast median and the
timing of the peak. In Section 4.5.2 we investigate how the benefits of post-processing vary
due to different catchment characteristics such as response time and elevation. Finally, in
Section 4.6 we state our conclusion that post-processing improves the skill of the streamflow
forecasts for most catchments and highlight the main factors affecting the performance of the

post-processing method.

4.2 European Flood Awareness System (EFAS)

The focus of this paper is the evaluation of the post-processing method used operationally to
create the product referred to as the ‘real-time hydrograph’ (see Fig. 4.4). In this section, we
describe the production of the (raw) EFAS medium-range ensemble forecasts that are inputs
for the post-processing method described in Section 4.3. The EFAS system has recently been
updated, therefore reforecasts are used in this study allowing for a larger number of forecasts
to be evaluated. Reforecasts are forecasts for past dates created using a forecasting system
as close to the operational system as possible (Hamill et al., 2006; Harrigan et al., 2020).
However, there are differences between the reforecasts and the operational system due to
limited computational resources and data latency in the operational system. Therefore, we
also highlight the differences between the evaluated reforecasts and the operational forecasts.

Version 4 of EFAS (operational October 2020) uses the LISFLOOD hydrological model
at the increased temporal resolution of 6 hours and a spatial resolution of 5 km (Mazzetti
et al., 2021b). LISFLOQOD is a GIS-based spatially distributed gridded rainfall-runoft-
routing model specifically designed to replicate the hydrological processes of large catchments
(van der Knijff et al., 2008; De Roo et al., 2000). At each timestep LISFLOOD calculates

the discharge as the average over the previous 6 hours for each grid-box in the EFAS domain.
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For EFAS 4 the model calibration of LISFLOOD was performed using a mixture of daily
and six hourly observations where available for the period 1990-2017 (Mazzetti et al., 2021a;
Mazzetti and Harrigan, 2020). The reforecasts used in this evaluation are created using the
same hydrological model.

Operationally, the medium-range ensemble forecasts are generated twice daily at 00 UTC
and 12 UTC with a maximum lead-time of 15 days (Smith et al., 2016). The forecasts are
created by forcing LISFLOOD with the precipitation, temperature, and potential evaporation
outputs from four NWP systems (Smith et al., 2016; EFAS, 2020): two deterministic forecasts
and two ensemble forecasts. For further information about the NWP systems see EFAS (2020).
The reforecasts used in this study are generated twice weekly at 00 UTC on Mondays and
Thursdays by forcing LISFLOOD with reforecasts from the European Centre of Medium-
Range Weather Forecasts (ECMWF) ensemble system which have 11 ensemble members.

The hydrological initial conditions for the streamflow forecasts are determined by forcing
LISFLOOD with meteorological observations to create a simulation henceforth referred to
as the water balance simulation. The water balance simulation would provide the starting
point of the forecast in terms of water storage within the catchment and discharge in the river.
However, there is an operational time delay in receiving the meteorological observations.
Therefore, the deterministic meteorological forecasts are used to drive the LISFLOOD model
for the time period between the last available meteorological observation and the initial
timestep of the forecast in a process called the ‘fill-up’. For the reforecasts, all necessary

meteorological observations are available so there is no need for the fill-up process.

4.3 Post-processing method

This section describes the post-processing method evaluated. Post-processing is performed
at stations for which near real-time and historic river discharge observations are available.
The method is motivated by the Multi-Temporal Model Conditional Processor (MT-MCP;
Coccia, 2011) and Ensemble Model Output Statistics (EMOS; Gneiting et al., 2005) which

are used to quantify the hydrological and meteorological uncertainties, respectively. The

103



Chapter 4. Skill assessment of the at-gauge post-processed forecasts of the European Flood
Awareness System (EFAS)

Kalman filter is then used to combine these uncertainties. Since these methods assume
Gaussianity, the Normal Quantile Transform (NQT) is used to transform the discharge values
from physical space to standard Normal space. As with many post-processing methods, an
offline calibration is required to define a so-called station model. In Section 4.3.1 some
notation is introduced. Details on the post-processing method are given in Sects. 4.3.2 to
4.3.4. Figure 4.1 outlines the structure of the method. A discussion of the input data is

postponed until Section 4.4.2.

4.3.1 Notation

In this section notation and definitions used throughout the paper are introduced. The aim of
post-processing is to correct the errors and account for the uncertainty that may be present in
a forecast. As described in Section 4.2, the EFAS produces ensemble streamflow forecasts
for the whole of Europe on a 5 km grid with 6-hourly timesteps. However, post-processing is
performed at daily timesteps and only at stations for which near real-time and historic river
discharge observations are available. Therefore, the discharge values corresponding to the
grid-boxes representing the locations of the stations are extracted and temporally aggregated
to daily timesteps. This creates a separate streamflow forecast for each station and it is
these single station forecasts that are henceforth referred to as the raw forecasts. The post-
processing method evaluated in this paper is applied separately at each station creating a
corresponding post-processed forecast for each raw forecast.

The input data shown in Fig. 4.1a is the input data required for the post-processing of
a single raw forecast (i.e. for one station). As shown, the input data can be separated into
three time periods. These time periods are henceforth referred to (from left to right in Fig.
4.1a) as the historic period, the recent period, and the forecast period. The length of the
historic period, denoted p, varies between stations depending on the length of the historic
observational record available. However, a minimum of 2 years of observations since 1991
is required for the offline calibration. For a forecast produced at time ¢, the recent period has

g timesteps and extends from time # — ¢ + 1 to time ¢. The forecast period extends from time
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(a) Input data
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Figure 4.1: Flow chart describing the post-processing method at a station. (a) Input data
are separated by time period (historic period: fuchsia, recent period: cyan, forecast period:
peach) and by data type (observations: yellow, water balance simulations: green, raw ensem-
ble forecasts: pink). The top time-series is a magnification of the bottom time-series for the
period t — g + 1 to t + T. The historic period has length p. For a forecast produced at time ¢,
the recent period starts at time ¢ — g + 1 and the forecast period ends at time 7 + 7. (b) Offline
calibration steps. (c) Online correction steps. NQT is the Normal Quantile Transform. Blue
and red arrows and boxes show the data and methods used to account for the hydrological
uncertainty and the meteorological uncertainty, respectively. Data and methods used to ac-
count for both the hydrological and meteorological uncertainties are shown in purple. Dashed
arrows show data stored in the station model such as the cumulative distribution functions of
the water balance simulation and observations, denoted Fs, and Fj, respectively, and the joint
distribution between the water balance simulation and observations, denoted Naz (fy, Xqpep)-
Section numbers given in parentheses contain more details.

t+1to time ¢ + 7 for a forecast with a maximum lead-time of 7" timesteps. The length of the
recent period and the forecast period combined is L = g + T. For convenience, we introduce
a timestep notation of the form ¢; : ¢; to represent all timesteps between time #; and time #;
ie. ;i t;means t, t; + 1, t; +2, ...t — 1,1,

The raw ensemble forecast that is post-processed is the only data available in the forecast
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period. This forecast is produced at time ¢, has M ensemble members, and a maximum
lead-time of T timesteps. The full ensemble forecast is represented by a matrix, denoted
%(t+1:t+T) € RI*M_ where each column corresponds to an ensemble member and
contains a vector of discharge values for each timestep in the forecast period. Throughout
the paper, the tilde notation indicates that the discharge values are in physical space whereas
discharge values without the tilde are in the standard Normal space (see Section 4.3.2).
The subscript ¢ indicates the forecast production time, and the range of timesteps for which
discharge values are available is shown using the timestep notation. The raw ensemble
forecasts from the recent period are denoted using similar notation such that, for example, the
forecast produced att — g + 1 isdenoted X;,_g1(t —g+2 : t—g+1+T) € RT*M - All forecasts
are from the same forecasting system and so all have M ensemble members and maximum
lead-times of T timesteps.

The time-series of observations for a single station is denoted by the vector § where each
element represents a daily discharge observation. The observations in the historic period are
used in the offline calibration (see Fig. 4.1b and Section 4.3.3) and are denoted §(1 : p) € R?
where the timestep notation is used to show the range of timesteps for which observations are
available. This vector is the same for all forecasts for this station as the station model is not
updated between forecasts. The observations in the recent period (the g timesteps up to the
production time of the forecast) are used in the online correction (see Fig. 4.1c and Section
4.3.4) and are denoted §(t — g+ 1 : t) € RY. Since §(r — g + 1 : ¢) is a function of ¢ the
observations in this vector are different for each forecast production time.

Similarly, the time-series of the water balance simulation, denoted by the vector S, is used
in both the offline calibration and the online correction. Each element of the vector represents
a daily water balance simulation value calculated by forcing LISFLOOD with meteorological
observations (see Section 4.2). The water balance simulation values from the historic period,
S(1 : p), are selected to correspond to the timesteps of the p observations from the same
period. The water balance simulation values from the recent period are denoted §(r —g+1 : ¢)

and are dependent on the forecast production time, .
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4.3.2 Normal Quantile Transform (NQT)

The methods used in this post-processing method utilise the properties of the Gaussian
distribution but discharge values usually have highly skewed non-Gaussian distributions
(Hemri, 2018). Therefore, the NQT is used to transform the discharge data to the standard
Normal distribution which has a mean of zero and a variance of 1, denoted N(0,1). The
NQT is applied separately to all input data (observed, simulated, and forecast) for a given
station, therefore, it is defined here for any scalar discharge value 7.

The NQT defines a one-to-one map between the quantiles of the Cumulative Distribution
Function (CDF) of the discharge distribution in physical space, F5(ij), and the CDF of the
standard Normal distribution, Q(n7). The scalar function Fj; is dependent on whether 7
represents a modelled discharge value (simulated or forecast) or an observed discharge value.
The calculation of the discharge distributions and their subsequent CDFs are described in

Section 4.3.3.1. The NQT transforms each scalar discharge value such that
_ -1 ~
n=0" (F; (). 4.1
After the forecast values have been adjusted by the post-processing method, the inverse NQT,

7=F;'(Qm), (4.2)

is applied to transform the discharge values from the standard Normal space back to the

physical space (see Fig. 4.1c¢).

4.3.3 Offline calibration

The offline calibration (see Fig. 4.1b) has two main aims: to determine the distributions of the
observed, ¥y, and simulated, §, discharge values at a station, and to define the joint distribution
between the transformed observations, y, and the transformed water balance simulation, s.
These distributions are then stored in the station model for use in the online post-processing

step (shown by dashed lines in Fig. 4.1). The input data required for the offline calibration is
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an historic record of observations for the station, denoted by the vector (1 : p) € R”, and,
for the same period, an historic time-series of the water balance simulation for the grid-box
representing the location of the station, denoted by the vector S(1 : p) € R”. The length
of these vectors, p, is equal to the number of data points in the historic records and varies
between stations. A minimum of 2 years historic data is required to guarantee that p >> L

(see Section 4.3.1).

4.3.3.1 Discharge distribution approximation

The NQT requires the Cumulative Distribution Function (CDF) of the observed and simulated
discharge values in physical space, denoted Fj and Fs respectively, to be defined. This
section describes the approach used to estimate these functions. First, the discharge density
distributions are estimated using the observations, §¥(1 : p) € R”, and the water balance
simulation values, §(1 : p) € R”, from the historic period. These historic time-series are
often only a few years long and therefore may not represent the full discharge distribution
due to the relative rarity of larger discharge values. To avoid the issues that short time-
series commonly cause in the inverse NQT (discussed in Bogner et al., 2012), rather than
using the empirical distribution as was done in the original MCP method (Todini, 2008),
an approximation of the discharge distribution is determined using a method similar to that
presented in MacDonald et al. (2011). The approximation method applies kernel density
estimation to the bulk of the distribution (Weglarczyk, 2018) and fits a Generalised type 11
Pareto Distribution (GPD) to the upper tail (Kleiber and Kotz, 2003) to create a composite
distribution (see Fig. 4.2). The GPD is an extreme value distribution that is fully defined by
three parameters: the location parameter a, the scale parameter b, and the shape parameter
c. Within this composite distribution the location parameter also serves as the breakpoint
which separates the kernel density and the GPD, and is shown in Fig. 4.2. The parameters
of the GPD are determined using the concentrated likelihood method (see steps 4-6 below).
The concentrated likelihood method allows the maximum likelihood estimates of multiple
parameters to be determined by first expressing one parameter in terms of the others (Takeshi,

1985). The time-series of discharge values, 77(1 : p) € R”, is used here to described the
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distribution approximation which is implemented as follows:

1. All values in the time-series, 7], are sorted into descending order with 77; denoting the

largest value in the time-series, 77, denoting the second largest value and so on.
2. A Gaussian kernel is centered at each data point such that

1

o V2n

Ki(x) = o) 205 (4.3)

ﬁ

where K; is the kernel centered at 7j;, and oy is the Silverman’s “rule of thumb"
bandwidth (Silverman, 1984). The bandwidth is calculated using the in-built R function

bw.nrd0 (Team, 2019; Venables and Ripley, 2002) and all values in the time-series, 7).

3. The kernel density is estimated using a leave-one-out approach such that the density at
ﬁ j is

1
P()) = —— > Ki(i)). (44)
P= 1

This makes sure the density is not over-fitted to any individual data point.

4. To guarantee data points in the tail, the largest 10 values are always assumed to be in
the upper tail of the distribution (within the GPD) and the next 990 values (i.e. 7]
to 171000) are each tried as the location parameter, a, of the GPD. If there are less than

1000 data points (i.e. p < 1000) then all data points are tried as the location parameter.
5. For each test value of a:

i The scale parameter, b, is determined analytically by the constraints that the
density distribution must be equal at the breakpoint for both the GPD and the
KDE distributions, and the integral of the full density distribution function with

respect to discharge must be equal to 1.

ii The shape parameter, ¢, is determined numerically by finding the maximum
likelihood estimate, given the values of a and b, within the limits of -1 < ¢ > %

(de Zea Bermudez and Kotz, 2010). The upper limit guarantees the upper bound
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of the distribution is greater than the maximum value in the time-series, 71,
and the lower limit constrains the number of values considered to reduce the

computational time required.
For stations with p > 1000, this produces 990 sets of parameters.

6. The full distribution is the combination of the KDE and GPD weighted by their con-
tribution to the total density, F;(a) and 1 — Fj(a), respectively (MacDonald et al.,
2011). The likelihood function for the full distribution is used to determine the maxi-
mum likelihood estimate of the location parameter, a, given the values of b and c that
were calculated in step 5 for each possible value of a. This results in the most likely
set of parameters (ayr, by, cyr) to define the GPD fitted to the upper tail of the

distribution.

The six steps outlined above are applied separately to both the simulated time-series, §(1 : p),
and the observed time-series, ¥(1 : p). Figure 4.2 illustrates the approximation method for
the simulated discharge distribution for a single station.

Once the variables that define the discharge density distribution, namely oy, ayr, by,
and cy., have been determined, the Cumulative Distribution Function (CDF) can be cal-
culated analytically for both the observed and simulated discharge distributions. All input
data (for both the online and offline parts of the method) must be transformed to the standard
Normal space using the NQT. However, it is too computationally expensive to calculate the
analytical CDF for each data point. To increase the computational efficiency of the NQT, the
KDE parts of the CDFs are approximated as piecewise linear functions. Each data point in the
historic time-series is considered a knot (a boundary point between pieces of the piecewise
function). The CDF values at the mid-points between knots are approximated using linear
interpolation. If the approximated and analytical CDFs differ by more than 1 x 107> then
the mid-points are added as additional knots. The process is repeated until the approximated
CDF is accurate to within 1 x 107>, Ensuring that the CDF for any discharge value can be

determined using linear interpolation makes the application of the NQT more efficient.
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Figure 4.2: Schematic of the distribution approximation method. All data points are shown
by the short solid lines. The largest 10 data points are red (always in the upper tail), the
next 990 largest data points are blue (tried as the location parameter), and the remaining data
points are black. Gaussian kernels (grey dashed lines) are used to calculate the kernel density
(purple line). For clarity, only the kernels centered at every 500" data point are plotted. The
upper tail is fitted with a Generalised type II Pareto distribution (orange line). The breakpoint
(dot-dashed black line) defines the separation between the two distributions. The integral of
the density distribution function with respect to discharge (the sum of the purple and orange
shaded areas) equals 1.

4.3.3.2 Joint distribution estimation

This section describes the calculation of the joint distribution used in the online hydrological
uncertainty estimation (see Section 4.3.4.1). First, the discharge distributions defined in
Section 4.3.3.1 are used within the NQT to transform the historic observations and water
balance simulation to the standard Normal space (see Fig. 4.1b). This allows the joint
distribution to be calculated as a multivariate Gaussian distribution. The joint distribution is
defined between the observations and water balance simulation values at L timesteps which,
as noted in Section 4.3.1, is equal to the length of the recent period (g timesteps) and forecast
period (T timesteps) combined. The L timesteps are defined relative to a timestep k such
that the joint distribution is a 2L-dimensional distribution that describes the relationship
between the observations, y(k — g + 1 : kK + T), and the water balance simulation values,
s(k—g+1: k+T). To ease notation we introduce the vector ¢(1; : ¢;), here defined generally

for arbitrary timesteps, which includes the observed and simulated discharge values for all
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timesteps between timestep #; and timestep 7;, such that

ti it
Pt 2 17) = yli 1) : (4.5)
S(ti . lj)

Following on from Eq. (4.5), we define the vector v € R~

yk—g+1:k)
k — 1:k k — 1:k
Wk-—qg+1:k+T) = Plk—g+ ): stk—gq+ )ERZL. (4.6)
dpk+1:k+T) yk+1:k+T)
stk+1:k+T)

The splitting of the observed and simulated variables into two distinct time periods is discussed
below. The joint distribution can now be defined in terms of Y(k —g+1: k+T).

The joint distribution is denoted Noy (paop (k—g+1 : k+T), oy (k—q+1 : k+T, k—q+1 :
k +T)) where the subscript 2L indicates its dimensions and the subscript 7/ indicates that the
distribution is for both observed and simulated variables. The distribution is fully defined
by its mean, py(k —g+1: k+T) € R2L, and covariance matrix, Tpplk —q+1:
k+T,k—qg+1:k+T) e R**L Since both the observed and simulated historic timeseries
have been transformed into the standard Normal space the mean discharge value is zero for
both distributions and therefore the mean vector is defined as gt (k —g+1: k+T) = 0. The

covariance matrix of the joint distribution is calculated as

Tpplk—qg+1:k+T,k—qg+1:k+T)=

=

mz¢(k—q+l:k+T)v,b(k—q+1:k+T)TeR2LX2L, 4.7)
k=q

where ¥ (k — g+ 1 : kK +T) is defined as in Eq. (4.6) for each timestep, k, in the historic
period. Since many stations have short time-series the impact of the seasonal cycle on the
joint distribution is not considered. Additionally, any spurious correlations resulting from

these short time-series are not currently treated.
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To ensure that the covariance matrix, Ewd,(k —q+1:k+T,k—qg+1:k+T),is positive
definite the minimum eigenvalue method is used (Tabeart et al., 2020). The covariance matrix
is decomposed into the eigenvalues and eigenvectors. A minimum eigenvalue threshold is
set as 1 x 10771y, where A, is the largest eigenvalue. All eigenvalues below this threshold
are set to the threshold. The matrix is then reconstructed and scaled to match the variance of
the original covariance matrix.

As mentioned, the joint distribution is used in the estimation of the hydrological un-
certainty in the online part of the post-processing method (see Section 4.3.4.1). If the
joint-distribution is defined such that k is equal to the production time of a forecast then
timesteps k — g + 1 to k correspond to the recent period and timesteps k + 1 to k + T cor-
respond to the forecast period. Therefore, the joint distribution can be used to condition
the unknown observations and water balance simulation values in the forecast period on the
known observations and water balance simulation values from the recent period. Here, we
introduce notation that is used to split the joint distribution into the variables corresponding
to each of these two periods. First, the mean vector is split by timestep (as in Eq. (4.6)) such

that

(k—g+1:k)
pplh—g+1 ke =| 200 1 , 4.8)

pe(k+1:k+T)

where the subscript ¢ indicates the distribution is for the observed and simulated variables
for a single time period, following the structure shown in Eq. (4.5), rather than for both time

periods as indicated by the subscript 1. The covariance matrix can be expressed as

Tpplk—qg+1:k+T, k—g+1:k+T)=
Topk—qg+1:kk—qg+1:k) Zpplk—qg+1:kk+1:k+T)

4.9)
Toppk+1:k+T, k—qg+1:k) Zgpp(k+1:k+T, k+1:k+T)

where Xgpp(k —qg+1 : k,k—qg+1 : k) and Zpp(k+1 : k+T,k+1: k+T) are
the covariance matrices for variables in the recent and forecast periods, respectively, and

Yopk—q+1 :kk+1:k+T)and Xpp(k+1 : k+T,k—q+1 : k) represent the
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cross-covariance matrices of variables in both time periods.
These submatrices can be further decomposed into the components referring to the

observed and the simulated variables such that, for example,

Toppk+1:k+T, k+1:k+T)=

Twlk+1:k+T, k+1:k+T) Zy(k+1:k+T, k+1:k+T) 4.10)

Tyk+1:k+T, k+1:k+T) Xs(k+1:k+T,k+1:k+T)
where the subscripts y and s indicate that the distribution refers to the observed and simulated
variables, respectively (in contrast to the subscript ¢ which indicates both observed and

simulated variables are included). The mean vector can also be split in this way such that

k+1:k+T
po(k+1:k+T) = Hy( ) . 4.11)

pus(k+1:k+T)

4.3.4 Online correction

This section describes the online correction part of the post-processing method (see Fig.
4.1c). The online correction quantifies and combines the hydrological and meteorological
uncertainties for a specific forecast to produce the final probabilistic forecast. This forecast
is produced at time ¢ and has a maximum lead-time of T days, X¢(t + 1 : t + T) € R¥*T (see
Section 4.3.1 for a description of the notation). As shown in Fig. 4.1, as well as the current
forecast produced at time ¢, the online correction requires the following input data from the

recent period:

* observations for the station, §(r — g+ 1 : ) € RY

* the water balance simulation for the grid-box containing the station’s location, §(¢ —

g+1:1)eR?

* aset of ensemble streamflow forecasts (from the same system as the forecast x; ) for the

grid-box containing the station’s location, {X;—g+1, X¢—g+2, - - -, X¢—1}.
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Previous work used tuning experiments to determine that a recent period of length 40 days
(i.e. ¢ = 40) was most appropriate (Paul Smith, personal communication, September 2020)
. All the input data is transformed to the standard Normal space using the NQT (see Eq.
(4.1)) and the CDFs determined in the offline calibration (see Section 4.3.3) and stored in
the station model, Fy and F;. The observations are transformed using Fy, and the water
balance simulation and forecasts are transformed using F5. The following sections provide
more detail on the methods used to account for the uncertainties and are performed within the
standard Normal space. For simplicity, it is assumed that all data is available and there are
no data latency issues such that the most recent observation available is ¥(¢) for the timestep
when the forecast is produced. In practice, some observations from the recent period may not
be available, and additionally the operational system does have data latency of approximately

1 day.

4.3.4.1 Hydrological uncertainties

The hydrological uncertainty is quantified using a MCP method which uses the discharge
values from the recent period and the joint distribution, Naz (4, Xqpes), defined in the offline
calibration (see Section 4.3.3.2). The joint distribution defines the relationship between the
observations and water balance simulation across L = g + T timesteps. The hydrological
uncertainty is estimated by conditioning the unknown observations and water balance sim-
ulation values in the forecast period on the known observed and simulated discharge values
from the recent period using the joint distribution. First, the station observations and water
balance simulations from the recent period are combined into a single vector, ¢p(t —g+1 : 1),
as defined in Eq. (4.5).

In Section 4.3.3.2, the L timesteps of the joint distribution were defined relative to a
timestep k. Here, k is set equal to the production time of the forecast, ¢, such that the
timesteps from ¢ — g + 1 to ¢ correspond to the recent period and the timesteps from ¢ + 1 to

t +T correspond to the forecast period. Thus, the mean vector of the joint distribution can be
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expressed, as discussed in Section 4.3.3.2, as

(t—qg+1:1)
polt—qg+1:i+m)=| ©° (4.12)

pe(t+1:1+T)
where pg(t — g+ 1 : t) represents the mean of the variables (both observations and water
balance simulation) in the recent period, for which we have known values, ¢(t — g+ 1 : 1),
and pg(t + 1 : t +T) represents the mean of the variables in the forecast period, which we
are required to predict.
The sub-matrices of the covariance matrix of the joint distribution that were defined in

Eq. (4.10) are also positioned relative to timestep ¢, such that,

Tpgpt—qg+1:t+T,t—qg+1:1t+T) =

Lop(t—q+1:t,t—qg+1:1) Zpp(t—qg+1:t,t+1:t+T)
°e i (4.13)

Tpp(t+1:t+T,t—qg+1:1) Xpp(t+1:t+T,t+1:1+T)

By positioning the joint distribution in this way, pg(t+1 : t+7T) € R?T and the sub-matrix
Tpp(t+1:t+T,t+1:t+T) € R2TT create a climatological forecast for the observations
and water balance simulation in the standard Normal space. It is this climatological forecast
that is conditioned on the discharge values from the recent period.

The conditional distribution of the unknown discharge values in the forecast period
conditioned on the known discharge values in the recent period, denoted Nor(fig(r + 1 :
t+T), )5¢¢(t +1:t+T,t+1:1t+T)), is calculated using the properties of a multivariate

Gaussian joint distribution (Dey and Rao, 2006) such that

ﬁ¢(t+l 1+ T) =
pe(t+1:1+T)+Xpe(t+1 :t+T,t—q+1:t)E¢¢(t—q+l:t,t—q+1:t)_1

X|p(t—g+1:1)—pp(t—qg+1:1)] (4.14)
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and

i¢,¢(t+1:t+T,t+1:t+T):
Tpp(t+1:t+T,t+1:t+T)-Xpp(t+1:t+T,t—g+1:1)

XZ;Q(f—qH:t,t—qﬂ i DZpp(t—q+1:t,t+1:1+T). (4.15)

where the hat notation indicates it is conditioned on the discharge values from the recent
period.

The resulting predicted distribution, Nor (g (t+1 : 1 +7), §¢¢(t +1:t+T,t+1:t+T))
is referred to as the hydrological uncertainty distribution and can be partitioned into two
T-dimensional forecasts; one for the water balance simulation and one for the unknown

observations in the forecast period such that,

Ry(t+1:1+T)
~ Nor

b

[y(t+1:t+T)

s(t+1:t+7) ps(t+1:1t+T)

fyy(t+1:t+T,t+1:t+T) fys(t+1:t+T,t+1:t+T)

). (4.16)

fsy(t+1:t+T,t+1:t+T) )Ess(t+l t+T,t+1:t+T)

The subscripts y and s indicate that the distribution refers to the observed and simulated

variables, respectively.

4.3.4.2 Meteorological uncertainty

This section describes the part of the online correction that estimates the meteorological
uncertainty in the forecast of interest. As stated at the beginning of Section 4.3.4, the forecast
of interest and the input data from the recent period are transformed into standard Normal
space. The full transformed forecast, denoted by the forecast matrix x;(t + 1 : t + T) € RT>*M
where each column represents an ensemble member (see Section 4.3.1), has ensemble mean

X¢((t+1:1t+T) € RT. The i-th component of X¢(z + 1 : ¢ + T) represents the ensemble mean
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discharge at the i-th lead-time and is calculated as

M
it(t+1:t+T)[i]:%th(t+l:t+T)[i,m] (4.17)
m=1

The auto-covariance matrix of the forecast, I'y(r+1 : t+T,t+1:t+T) € RT*T s calculated

such that the element corresponding to the i-th row and j-th column is given by

Fe(t+1:t+T,t+1:t+T)[i,]] =

M
;Z(x,(ﬁl t+T)[i,m] —=X¢(t+1:t+T)[i])
M-14d

X (X(t+1:t+T)[j,m] -X(t+1:t+T)[DT. (4.18)

The uncertainty that propagates through from the meteorological forcings is partially
captured by the spread of the ensemble streamflow forecast. However, these forecasts are
often under-spread particularly at shorter lead-times. The Ensemble Model Output Statistics
method (EMOS; Gneiting et al., 2005) is used here to correct the spread only. Biases from
the hydrological model are ignored in this section as the same hydrological model is used to
create the water balance simulation and the forecasts. It is assumed that there is no bias in the
meteorological forcings relative to the meteorological observations that are used to produce
the water balance simulation (see Section 4.2) and that each ensemble member is equally
likely. These assumptions allow the value of the water balance simulation at any time k to be
expressed as

s(k) =%, (k) + € (4.19)

where X; (k) is the ensemble mean for the timestep k of a forecast produced at time / (where
l+1 <=k <=1+T), and € is an unbiased Gaussian error. The value of the ensemble mean
at timestep k, X;(k), is therefore a random variable from the distribution N(s(k), o2).

The variance of €, o2, should equal the expected value of the spread of the forecast,
E[I'¢]. However, this is not always satisfied. To correct the spread, a set of forecasts from

the recent period are used to estimate two spread correction parameters. The corrected
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covariance matrix, Iy (r+1 : t+T,t+1:t+7T) € RTXT is then calculated, using these spread

correction parameters, such that

Fi(t+1:t+T,0+1:t+T)=¢ (1 +T¢(t+1:t+T,t+1:1+T)) (4.20)

where I is the identity matrix, and £ and ¢ are the scalar spread correction parameters to be
determined.

The ensemble mean at each lead-time and the auto-covariance matrices are calculated for
each of the forecasts from the recent period after they have been transformed to the standard
Normal space (not including the forecast produced at time ¢ that is being corrected). Using
the concentrated likelihood method (Takeshi, 1985) the spread correction parameters are

defined as the maximum likelihoood estimates, {377 and 0,47, for the likelihood function

=1 1 3
L(Z. 8l {Xe=gs1. o xeD) = [ ] (% -5)°| (@21)

1
exp| - ———
ket—g+1 V27 (61 +Ty,) 2{(o1+I'x)

where we have used a shorthand notation for clarity, such that X; = Xx(k+1 : k +T),
Fpy=Tgx(k+1:k+T,k+1:k+T),ands=s(k +1: k+T) as defined above.

The current forecast, x¢(¢+1 : t+7), is spread-corrected to account for the meteorological
uncertainty by applying the parameters, {7 and 67, as described in Eq. (4.20). This
resultant distribution is referred to as the meteorological uncertainty distribution and provides

a prediction of the water balance simulation in the forecast period, such that
s(t+1:t4T) ~NX(t+1:t+T), Lt +1:t+T,t+1:1+7)). (4.22)

4.3.4.3 Combining uncertainties

The update step equations of the Kalman Filter (Kalman, 1960) are used to combine the
hydrological and meteorological uncertainties to produce the final probabilistic forecast.
The hydrological uncertainty distribution, defined in Eq. (4.16) and denoted Noz (e (¢ + 1 :

t+T), i(ﬁ(ﬁ (t4+1 :t+T,t+1 : t+T)), is apredicted distribution for the water balance simulation
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and the observations during the forecast period. The meteorological uncertainty distribution,
defined in Eq. (4.22) and denoted N(X¢(t +1 : t+T),Li(t+1:t+T,t+1:t+T)),isa
predicted distribution for the water balance simulation in the forecast period. The predictions
of the distribution of the water balance are compared within the Kalman filter. In order
to extract the water balance simulation part of the hydrological uncertainty distribution we
define the matrix “observation operator" H such that
Rs(t+1:t+T)=Hpy(t+1:1+7)=H pylt+1:0+T) eR? (4.23)
ps(t+1:1+T)
where the subscripts y and s denote the observed and water balance simulation variables,
respectively.

The update step of the Kalman filter is applied to produce a probabilistic forecast in the
standard Normal space containing information about both the meteorological and hydrologi-
cal uncertainties. The distribution of this forecast is denoted Nor (1t " (t+1: t+T),ifpw (t+1:
t+T,t+1:1t+T)), where the superscript a signifies the Kalman filter has been applied. The

mean, ﬁ;‘p(t +1:t+T)),is calculated as
ﬁfb(t+1 t+T)=pyp(t+1:t+T) +KX(r+1:1+T) —Hpy(t+1:1+7)) (4.24)
where K is the Kalman gain matrix, defined as

K=Syy(t+1:t+T,0+1:t+T)H (HZ (1 + 1 : 0+ Tt +1: 0+ THHY  (4.25)

TS+ 1 t+T,t+1:6+T))"",  (4.26)

and H is the matrix observation operator defined above. The auto-covariance matrix is

calculated as

Efpw(ﬁl ct+T,r+1 2l+T)=(I—KH)£¢,¢(l+1:t+T,l+1:t+T) 4.27)
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where I is the identity matrix and all other symbols are as before. The distribution produced
.. . —~ Sa

by combining these two sources of uncertainty, NzT(pr (t+1:14T), Xy (1 +1 0 14T, 1+ 1 :

t +T)), is for both the unknown observations and the water balance simulations variables in

the forecast period. This distribution is partitioned into two 7T-dimensional forecasts which

are in the standard Normal space such that

b

y(t+1:1+T) py(t+1:1+T)
| x|

pi(t+1:1+T)

s(t+1:t+T)

—~a =a
T+l +T,0+41:0+T) Z(t+1:1+4T,0+1:1+47)

) (4.28)
ny(t+1 ct+T,t+1:t+7) f:s(t+1 ct+T,t+1:t+T)

where the subscripts y and s denote the observed and water balance simulation variables,
respectively.

The T-dimensional distribution corresponding to the predicted distribution of the un-
known observations in the forecast period, NT(ﬁg(t+ 1:2+T), f;y(t+ 1:t+T,t+1:t+T)),
is transformed back into physical space using the inverse NQT, defined in Eq. (4.2), and the
CDF of the observed discharge distribution, Fj. This forecast is then used to produce the

‘real-time hydrograph’ (see Fig. 4.4 for an example of this forecast product).

4.4 Evaluation strategy

4.4.1 Station selection

To maintain similarity with the operational system, the station models used in this evaluation
are those calibrated for use in the operational post-processing. To avoid an unfair evaluation,
station models must have been calibrated using observations from before the evaluation
period. An evaluation period of approximately 2-years (from 1 January 2017 to 14 January
2019) was chosen to balance the length of the evaluation period with the number of stations

evaluated. Of the 1200 stations post-processed operationally, 610 stations have calibration
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time-series with no overlap with the evaluation period. Additionally, stations were required to
have at least 95% of the daily observations for the evaluation period reducing the number of
stations to 525. A further three stations were removed after a final quality control inspection
(see Section 4.4.2.2 for details of the observations and the quality control system used). The
locations of the 522 stations are shown in Fig. 4.3. The marker colour shows the CRPS of
the raw ensemble forecast for a lead-time of 6 days. The spatial pattern of these CRPS values
are discussed in Section 4.5.1.4. Although all 522 stations are evaluated, specific stations

(labelled in Fig. 4.3) are used to illustrate key results (see Section 4.5.2).
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Figure 4.3: Map showing the locations of the 522 stations evaluated. The marker colour
shows the Continuous Ranked Probability Score (see Section 4.4.3.4) for the raw forecast at
a lead-time of 6 days on a log scale. Perfect score: CRPS=0. Stations used as examples in
Section 4.5 are labelled and highlighted by the red circles.
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4.4.2 Data
4.4.2.1 Reforecasts

The reforecasts used in this study are a subset of the EFAS 4.0 reforecast dataset (Barnard
etal., 2020a). This dataset contains twice-weekly reforecasts for dates that correspond to each
Monday and Thursday in 2019. For example, 3 January 2019 is a Thursday, so the dataset
contains reforecasts for 3 January for every year from 1999 to 2018. The chosen evaluation
period (see Section 4.4.1) includes 208 reforecasts. The raw forecasts were used as input for
the post-processing method. Using twice-weekly reforecasts, rather than daily, reduces the
temporal correlations between forecasts and therefore limits the dependence of the results on
the autocorrelation of the river discharge (Pappenberger et al., 2011). However, this means
any single event cannot be included in the evaluation for all lead-times. For example, an
event that occurs on a Saturday will not be included within the evaluation of the forecasts at a
lead-time of 1 day which can only be a Tuesday or a Friday. Where necessary the evaluation
metrics were combined over several lead-times (see Sects. 4.4.3.2 and 4.4.3.3). Additionally,
fewer reforecasts were available to estimate the EMOS parameters in the meteorological
uncertainty estimation (see Section 4.3.4.2). Whereas operationally daily forecasts for each
day of the recent period are available, here only two reforecasts are available for each week
of the recent period. This reduces the number of forecasts used to estimate the EMOS
parameters from 40 to 11. We did not extend the recent period to maintain consistency with
the operational system and to avoid introducing errors due to any seasonal variation in the
EMOS parameters.

The reforecasts, and the operational forecasts (see Section 4.2), have a 6-hourly timestep.
However, currently post-processing is performed at daily timesteps. Therefore, the reforecasts

were aggregated to daily timesteps with a maximum lead-time of 7' = 15 days.

4.4.2.2 Observations

All discharge observations were provided by local and national authorities and collected by

the Hydrological Data Collection Centre of the Copernicus Emergency Management Service
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and are the observations used operationally. The operational quality control process was
applied to remove incorrect observations before they were used in this study (McMillan et al.,
2012). Additionally, simple visual checks were performed to account for any computational
errors introduced after the operational quality checks. Average daily discharge observations
were used in three parts of the study. For each station, an historic time-series was used in the
calibration of the station model (see Section 4.3.3). The length of the historic time-series,
denoted p in Section 4.3.1, varies in length between stations. However, a minimum of 2-years
of observational data between 1 January 1990 and 1 January 2017 is required. It should be
noted that there is an overlap between the observations used for the calibration of the station
models and the observations used for the calibration of the LISFLOOD hydrological model.
For each reforecast, records of near real-time observations from the ¢ = 40 days prior to
the forecast time were used as the observations in the recent period (see Section 4.3.4.1).
Observations from the evaluation period were used as the truth values in the evaluation (see

Section 4.4.3).

4.4.2.3 Water balance simulation

The EFAS 4.0 simulation (Mazzetti et al., 2020a) was used as the water balance simulation
for dates between 1 January 1990 and 14 January 2019. As described in Section 4.2, the
water balance simulation is created by driving LISFLOOD with gridded meteorological
observations. This dataset provides simulations for the whole of the EFAS domain. The
values for the grid-boxes representing the locations of the stations were extracted creating
a simulated time-series for each station. These time-series were aggregated from 6-hourly
timesteps to daily timesteps (00 UTC to 00 UTC) and were used in three ways in this study.
The water balance values for dates corresponding to the available observations in the historic
period were used to calibrate the station model (see Section 4.3.3). For dates within the
recent period for each reforecast, the water balance values were used in the post-processing
(see Section 4.3.4.1). Finally, the water balance values corresponding to the 15 day lead-time
of each reforecast was used to estimate the average meteorological error of each station (see

Section 4.5.2.1).
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4.4.3 Evaluation metrics

The evaluation of the post-processing method is performed by comparing the skill of the
raw forecasts with the corresponding post-processed forecasts. Since the aim of the post-
processing is to create a more accurate representation of the observation probability dis-
tribution all metrics use observations as the “truth" values. As mentioned in Section 4.2,
the output from the post-processing method evaluated here is expressed operationally in the
‘real-time hydrograph’ product, an example of which is shown in Fig. 4.4. Therefore, the
evaluation will consider four main features of forecast hydrographs.

(b) Probability of

2017-01-20 2017-01-26 2017-02-01 2017-02-07 2017-02-13 Exceeding MHQ

IJJ\II|||||}|l;|xnx11114141

(a) i © Observation d »
' Predictive Uncertainty 3 ©
o A
O g
< =°
e
“ol Mem. = _
o | MHQ =
- O 2 46 8101214
U Lead-time [d]
£
o
g 2 Probability of
Exceeding MQ
o ®
o ]
o at
— g
E (=)
e
o o

0.0

2 46 8101214
Lead-time [d]

Figure 4.4: Example of the ‘real-time hydrograph’ product for the station in Brehy, Slovakia
on 31 January 2017. (a) Probability distribution of the post-processed forecast. The darkest
shade of blue indicates the forecast median (50th percentile) with each consecutive shade
indicating a percentile difference such that the extent of the total predictive uncertainty is
shown by the shaded region. Solid grey lines indicate the upper (99th percentile) and the lower
(1st percentile) bounds of the forecast probability distribution. The red line shows the mean
annual maximum (MHQ) threshold, and the dashed grey line shows the mean flow (MQ)
threshold. Black circles represent observations positioned at the centre of the timestep over
which they are calculated. (b) Bar chart showing the probability of the discharge exceeding
the MHQ threshold at each lead-time. (c) Bar chart showing the probability of the discharge
exceeding the MQ threshold at each lead-time.
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4.4.3.1 Forecast median

In the real-time hydrograph the darkest shade of blue indicates the forecast median making
it the easiest and most obvious single-valued summary of the full probabilistic forecast for
end-users. The ensemble median of the raw forecasts is used in this evaluation because
operationally the ensemble forecasts are often represented by boxplots where the median at
each timestep is shown.

The skill of the forecast median is evaluated using the modified Kling-Gupta Efficiency
score (KGE’, Kling et al., 2012; Gupta et al., 2009). The forecast median is determined for
the post-processed forecasts by extracting the 50th percentile of the probability distribution
at each lead-time. For the raw forecasts the ensemble members are sorted by discharge value
and the middle (i.e. 6th) member is chosen. This is done separately for each lead-time so
the overall trajectory may not follow any single member. The forecast median is denoted x

to distinguish it from the full forecast, x¢( + 1 : t + T'). The KGE" is calculated as,

KGE' =1-+(r—=12+(B-1)2+(y-1)? (4.29)
with
B=1, (4.30)
y
and
oy /X
= = (4.31)
O-y/y

where r is the Pearson’s correlation coefficient, X and y are the mean values of the forecast
median and the observations, respectively, and o, and o, are their standard deviations.
The correlation, r, measures the linear relationship between the forecast median and the
observations indicating the ability of the forecasts to describe the temporal fluctuations in the
observations. The bias ratio, S, indicates if the forecast consistently under or over-predicts
the observations. The variability ratio, v, measures how well the forecast can capture the
variability of the discharge magnitude. The KGE’ is calculated separately for each lead-time.

The KGE'’ ranges from —oo to 1, r ranges from -1 to 1, and both 8 and y range from —oo to
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co. A perfect score for the KGE’ and each of the components is 1.

4.4.3.2 Peak discharge

The timing of the peak discharge is an important variable of flood forecasts. The Peak-Time
Error (PTE) is used to evaluate the effect of post-processing on the timing of the peak within
the forecast. The PTE requires a single-valued forecast trajectory. For the reasons stated in
Section 4.4.3.1, the PTE is calculated using the forecast median, x. Peaks are defined as the
maximum forecast value and the PTE is calculated for forecasts where this peak exceeds the
90th percentile discharge threshold of the station. This threshold is calculated using the full

observational record for the station. The PTE is calculated as,

PTE =t — 1, (4.32)

where £} is the timestep of the maximum of the forecast median for the n-th forecast and f;,
is the timestep of the maximum observed value in the same forecast period. A perfect score
is PTE = 0. A negative PTE value indicates the peak is forecast too early and a positive
PTE value indicates the peak is forecast too late. As the maximum lead-time is 15 days, the

maximum value of the PTE is 14 days and the minimum value is -14 days.

4.4.3.3 Threshold exceedance

Two discharge thresholds are shown in the real-time hydrograph: the mean discharge (MQ)
and the mean annual maximum discharge (MHQ). Both thresholds are determined using the
observations from the historic period. For the post-processed forecasts, the probability of

exceedance of the MQ threshold, PoE (M Q), is calculated such that

POE(MQ) = 1 — Fz(MQ) (4.33)

where Fx(MQ) is the value of the forecast CDF at the MQ threshold. The CDF is assumed to

be linear between any two percentiles. The same method is applied for the MHQ threshold.
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For the ensemble forecast, each ensemble member above the threshold contributes one
eleventh to the probability of the threshold being exceeded. The probability of the threshold
being exceeded is calculated separately for each lead-time.

The Relative Operating Characteristic (ROC) score and ROC diagram (Mason and Gra-
ham, 1999) are used to evaluate the potential usefulness of the forecasts with respect to these
two thresholds. The ROC diagram shows the probability of detection vs the false alarm rate
for alert trigger thresholds from 0.05 to 0.95 in increments of 0.1. The ROC score is the
area below this curve with a ROC score of less than 0.5 indicating a forecast with less skill
than a climatological forecast. As discharge values of above the MHQ threshold are rare,
all stations are combined and lead-times are combined into 3 groups; 1-5 days, 6-10 days,
and 11-15 days. Since the reforecasts are only produced on Monday and Thursdays, an event
that occurs on a Saturday can only be forecasted at lead-times of 2, 5, 9, and 12 days. Using
5-day groupings of lead-times guarantees that each group is evaluated against each event at
least once but allows the usefulness of the forecasts to be compared at different lead-times.
A perfect forecasting system would have a ROC score of 1.

Reliability diagrams are used to evaluate the reliability of the forecast in predicting the
exceedance of the two thresholds. Reliability diagrams show the observed frequency vs the
forecast probability for bins of width 0.1 from 0.05 to 0.95. A perfectly reliable forecast
would follow the one-to-one diagonal on a reliability diagram. The same combination of

stations and lead-times is used as with the ROC diagrams.

4.4.3.4 Full probability distribution

A commonly used metric to evaluate overall performance of a probabilistic or ensemble
forecast is the Continuous Ranked Probability Score (CRPS, Hersbach, 2000). The CRPS
measures the difference between the CDF of the forecast and that of the observation and is

defined as

CRPS (Fx,y) = / (Fx (1) — 0 (i — y))* dij (4.34)
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where Fx represents the CDF of the forecast and 6(77 — y) is the step function (Abramowitz

and Stegun, 1972), defined such that

0 7<0
6(77) = { (4.35)
1 720

and represents the CDF of the observation, y. The post-processed forecasts are defined via
their percentiles, therefore by assuming the CDF is linear between percentiles the CRPS can
be calculated directly. The empirical CDF of the raw forecasts, defined via point statistics,
is used and the CRPS is calculated using a computationally efficient form (Jordan et al.,
2019, Equation 3). It should be noted that the error in the calculation of the CRPS for the
raw ensemble forecasts is likely to be large compared to that of the post-processed forecasts
because of the limited number of ensemble members (Zamo and Naveau, 2018). However, as
this evaluation is of the post-processing method no corrections to account for the ensemble
size are made (e.g. Ferro et al., 2008) since the impact of the post-processing would be
difficult to differentiate from that of the CRPS correction. The CRPS ranges from a perfect

score of 0 to oo.

4.4.3.5 Comparison

For some of the metrics described in Sects. 4.4.3.1-4.4.3.4, the impact of post-processing is

shown using the respective skill score, S, with the raw forecast as the benchmark,

Spp - Sraw

SS = (4.36)

Sperf - Sraw

where S,, and S,,, are the scores for the post-processed forecast and the raw forecast,
respectively, and S, ¢ is the value of the score for a perfect forecast. The skill score gives
the fraction of the gain in skill required for the raw forecast to become a perfect forecast that
is provided by the post-processing. A value SS < 0 means the forecast has been degraded
by the post-processing, a value of SS > 0 indicates that the forecast has been improved by

the post-processing, and a value of SS = 1 means that the post-processed forecast is perfect.
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Henceforth, the skill score for a metric is denoted by adding ‘SS’ to the metric name.

4.5 Results and Discussion

4.5.1 Performance of the post-processing method

This section focuses on the overall impact of post-processing at all 522 of the evaluated
stations across the EFAS domain and aims to address the research question: Does the post-

processing method provide improved forecasts?

4.5.1.1 Forecast median

The modified Kling-Gupta Efficiency Skill Score (KGESS) is used to evaluate the impact of
post-processing on the forecast median (see Section 4.4.3.1). Figure 4.5a shows the KGESS
for all stations at every other lead-time such that each boxen plot (also known as letter-value
plots, Hofmann et al., 2017) contains 522 values, one for each station. For each lead-time the
central black line shows the median KGESS value. The inner box (the widest box) represents
the interquartile range and contains 50% of the data points. Each subsequent layer of boxes
splits the remaining data points in half such that the second layer of boxes are bounded by
the 12.5th and 87.5th percentiles and contains 25% of the data points. The outliers represent
a total of 2% of the most extreme data points. The lower panels of Fig. 4.5 show the three
components of the KGE’ (b: correlation, c¢: bias ratio, d: variability ratio) for lead-times of
3,6, 10, and 15 days for all stations for both the raw forecasts (orange) and the post-processed
forecasts (purple). The chosen lead-times are representative of the results.

Figure 4.5a shows that most stations have positive KGESS values at all lead-times indicat-
ing that post-processing increases the skill of the forecast median. However, the magnitude
of this improvement decreases at longer lead-times with most of the reduction occurring in
the first 7 days. The proportion of stations for which post-processing degrades the forecast
median increases with lead-time However, the lowest KGESS values become less extreme

(i.e. not as negative). This increase in the KGESS of the most degraded stations is due to a
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Figure 4.5: Comparison of the raw and post-processed forecast medians. (a) The Kling-
Gupta Efficiency Skill Score (KGESS) for the forecast medians at all 522 stations for every
other lead-time. Red dashed line shows the perfect score of KGESS = 1. Black dashed lines
show KGESS value of 0. KGESS > 0 indicates the skill of the forecast median is improved
by post-processing. KGESS < 0 indicates the skill of the forecast median is degraded by
post-processing. The three components of the KGE’: (b) Correlation component, r. Black
dashed line shows r = 0. (c) Bias ratio component, S. (d). Variability ratio component, .
Red dashed lines show the perfect scores of 1 for all components. Both (c) and (d) have
logarithmic y-axes.

decrease at longer lead-times in the skill of the raw forecast (used as the benchmark for the
skill score) rather than an increase in the skill of the post-processed forecasts. This shows that
the effect of naive skill on the results should be considered; however, as the aim is to evaluate
the impact of post-processing, it is appropriate to use the raw forecasts as the benchmark
(Pappenberger et al., 2015b).

Figure 4.5b shows that post-processing improves the correlation between the forecast
median and the observations for most stations, particularly at short lead-times The impact of

post-processing on the correlation component of the KGE’ varies greatly between stations.
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Notably, the flashiness of the catchment and whether or not the river is regulated can affect
the performance of the post-processing (see Section 4.5.2.2). Additionally, the quality and
length of the calibration time-series also have an effect (see Section 4.5.2.3).

Figure 4.5¢ shows the bias ratio, 8, which indicates if on average the forecasts over or
under-estimate the discharge at a station. In the hydrological uncertainty estimation part of the
online correction (see Section 4.3.4.1) the mean of the hydrological uncertainty distribution
is calculated in Eq. (4.14) as the mean flow of the observed time-series from the historic
period (term 1) plus an amount dependent on the discharge values in the recent period (term
2). Therefore, assuming the mean flow does not change between the calibration (historic)
and evaluation periods, any consistent biases in the hydrological model climatology should
be corrected.

Figure 4.5c shows the variability ratio, y, which indicates if the forecast median is able
to capture the variability of the flow. In general, the post-processing method does reduces
the bias in the forecast median. For raw forecasts, the S-values range from approximately
10 (an over-estimation by an order of magnitude) to 0.1 (an under-estimation of an order of
magnitude) For the post-processed forecasts the S-values are more tightly clustered around
the perfect value of § = 1. The largest improvements to the S-values are for stations where
the flow is under-estimated by the raw forecasts. Some stations with raw S-values of greater
than 1 are over-corrected such that the post-processed forecasts have S-values of less than
1. This is supported by the similarity of the median -values for the raw and post-processed
forecasts despite the decrease in the range of values. For stations where the over-estimation
by the raw forecast is relatively small the over-correction can result in the post-processed
forecasts being more biased than the raw forecasts. The over-correction is generally due to
the under-estimation of high flows (see discussion on the third component of the KGE’, the
variability ratio) which results in an under-estimation of the average flow and hence a 3-value
of less than 1.

There is a small decrease in the -values at longer lead-times for both the raw and post-
processed forecasts. This is primarily caused by an increase in the under-estimation of high

flows at longer lead-times as the skill of the forecast decreases. However, for some stations
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the drift in B-values at longer lead-times is also caused by nonstationarity of the discharge
distribution. A change in the discharge distribution from that of the calibration period means
the hydrological uncertainty is calculated using an inaccurate climatological mean (term 1
of Eq. (4.14)) . The impact of the discharge values from the recent period (term 2 of Eq.
(4.14)) decreases with lead-time because the autocorrelation weakens. Therefore, any errors
in the climatological forecast are more pronounced at longer lead-times.

Figure 4.5d shows that the variability of the flow tends to be under-estimated by the raw
forecast (y less than 1). The under-estimation is because the magnitudes of the peaks relative
to the mean flow are not predicted accurately particularly at longer lead-times. This decrease
in y-values at longer lead-times is also visible for the post-processed forecasts. However, at
all lead-times most stations show an improvement after post-processing (i.e. have a value
of y closer to 1). Stations where the raw forecast over-estimates the variability (y above
1) are more likely to have the variability corrected by post-processing particularly at longer
lead-times.

The two factors impacting the ability of the post-processed forecasts to capture the
variability of the flow are 1) the level of indication of the upcoming flow by the discharge
values in the recent period, and 2) the spread of the raw forecast. In the Kalman filter when
the hydrological uncertainty distribution and the meteorological uncertainty distribution are
combined (see Section 4.3.4.3) the weighting of each distribution is dependent on their relative
spreads. The spread of the hydrological uncertainty is impacted by the discharge values in the
recent period. Due to the skewedness of discharge distributions, the climatological forecasts
tend to have a low probability of high flows. If the recent discharge values show no indication
of an upcoming high flow ( i.e. no increase in discharge), the low probability of high flows
is reenforced . This decreases the spread of the hydrological uncertainty distribution and
increases its weight within in the Kalman filter.

The meteorological uncertainty distribution is the spread corrected raw forecast and
includes the variability due to the meteorological forcings. For floods with meteorological
drivers, if the magnitude of the peaks is under-predicted by the raw forecasts then the post-

processed forecasts are also likely to under-predict the magnitude of the peaks. Alternatively,
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if the raw forecast is unconfident in the prediction of a peak (e.g. only a couple of members
predict a peak) then it may not have a sufficient impact within the Kalman filter and the
post-processed forecast may not predict the peak regardless of the accuracy of the ensemble
members that do predict the peak. The impact of the spread correction is discussed further
in Section 4.5.2.1.

The ensemble mean is another commonly used single-valued summary of an ensemble
forecast (Gneiting, 2011). Although the comparison presented here uses the ensemble median
we also show the three components of the KGE’ for the ensemble mean in Fig. 1 of the
supplementary material. The ensemble means (see Fig. 1b of the supplementary material)
do not show the general drift in S-values with increasing lead-time that is discussed above
for both the ensemble median and post-processed forecasts. However, the range of S-values
is similarly large for both the ensemble median and the ensemble mean. In terms of the
correlation coefficient and the variability ratio the ensemble mean performs similarly or worse

than the ensemble median (see Fig. 1a and 1c of the supplementary material, respectively).

4.5.1.2 Timing of the peak discharge

To evaluate the impact of post-processing on the ability of the forecast to predict the timing of
the peak flow accurately the Peak-Time Error (PTE, see Section 4.4.3.2) is used. The aim of
this assessment is to see how well the forecast is able to identify the time within the forecast
period with highest flow and therefore greatest hazard. A PTE of less than O indicates the
peak is predicted too early whereas a PTE of greater than O indicates the peak was predicted
too late. Figure 4.6 shows the distribution of the PT E values for both the post-processed and
raw forecasts for all forecasts where the maximum forecast value exceeds the 90th percentile
. The forecasts are split into three categories dependent on the lead-time at which the forecast
maximum occurs. Therefore, the distributions shown in each panel are truncated at different
values of PTE. For example, if the forecast maximum occurs on a lead-time between 1 and
5 days, it can at most be predicted 5 days early.

Approximately 40% of the forecast medians of the raw forecasts have no error in the

timing of the peak for peaks that occur within lead-times of 1 to 5 days. This drops to 37%
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Figure 4.6: Histograms showing the probability distribution of Peak-Time Errors for all
forecasts where the maximum observation is above the 90% percentile for the station (26807
forecasts) for raw forecasts (orange) and post-processed forecasts (purple). (a) Maximum
observations occurs on lead-times of 1 to 5 days. (b) Maximum observations occurs on
lead-times of 6 to 10 days. (c) Maximum observations occurs on lead-times of 10 to 15 days.

for post-processed forecasts. Both sets of forecasts have approximately 60% of forecasts with
timing errors of 1 day or less. However, the post-processed forecasts are more likely to predict
the peak too early. For maximum forecast values occurring on lead-times of 6 to 10 days, the
post-processed forecasts still tend to predict peaks earlier than the raw forecasts. However,
for maximum forecast values occurring on lead-times of 11 to 15 days the post-processed
forecasts are more likely to predict the peaks several days too late. This suggests that for
floods forecast at longer lead-times by the post-processing forecasts should be considered
carefully.

Overall the impact of post-processing is small but tends towards the early prediction of
the peak flow for short lead-times and late peak predictions for longer lead-times. However,
there are three main limitations with this analysis. The first is that both sets of forecasts are
probabilistic and therefore the median may not provide an adequate summary of the forecast.
Secondly, the evaluation here is forecast-based rather than peak-based in that the focus is
the timing of the highest discharge value in the forecast within the forecast period and not
the lead-time at which a specific peak is predicted accurately. This was intentional as the
twice-weekly production of the reforecasts means that a specific peak does not occur at each

lead-time. Finally, the combination of forecasts at all stations means the relationship between
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the runoff generating mechanisms and the PTE cannot be assessed.

4.5.1.3 Threshold exceedance

The Relative Operating Characteristic (ROC) diagrams for the mean flow (MQ) and the mean
annual maximum flow (MHQ) thresholds (see Section 4.4.3.3) are shown in Fig. 4.7. The
diagrams show the probability of detection against the false alarm rate for varying decision
thresholds. The forecast period is split into three lead-time groups: 1-5 days, 6-10 days, and
11-15 days (see Section 4.4.3.3). The ROC scores for the MQ and MHQ thresholds are given
in Table 4.1 for each lead-time group for the raw and post-processed forecasts, along with the
corresponding skill scores (ROCSS). Both the raw and post-processed forecasts have ROC

scores greater than 0.5 showing that they are more skilful than a climatological forecast.
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Figure 4.7: Relative Operating Characteristic diagrams for (a) the MQ threshold (118,888
observations above MQ), and (b) the MHQ threshold (2783 observations above MHQ). All
stations are combined and groupings of lead-times are used (see Section 4.4.3.3.)

The spread of the raw forecasts is small at short lead-times. This is shown by the
overlapping of the points in Fig. 4.7a for lead-times of 1-5 days (orange circles). The similarity
of the points indicates that the decision thresholds are usually triggered simultaneously and
therefore that the forecast distribution is narrow. The spread of the forecast increases with

lead-time as the ensemble of meteorological forcings increases the uncertainty in the forecasts.
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MQ MHQ

Lead-time || ROC,4, | ROC,, | ROCSS | ROC,,, | ROC,, | ROCSS
1-5days || 0.78 0.96 0.87 0.68 0.83 0.48
6-10 days | 0.78 0.91 0.56 0.68 0.74 0.20
11-15 days || 0.76 0.87 0.45 0.67 0.69 0.08

Table 4.1: Relative Operating Characteristic Scores (ROCS) and corresponding skill scores
(ROCSS) for the raw and post-processed (pp) forecasts for lead-times of 1-5 days, 6-10 days,
and 10-15 days for the mean flow threshold (MQ) and the mean annual maximum threshold
(MHQ).

Although the skill of the forecast median decreases with lead-time (see Section 4.5.1.1), the
introduction of the meteorological uncertainty means the usefulness of the raw forecasts is
similar for lead-times of 1-5 days and 6-10 days. This is shown by similarity of the ROC
scores for these lead-time groups for the raw forecast.

Post-processing also accounts for the hydrological uncertainty allowing for a more com-
plete representation of the total predictive uncertainty. In addition, as shown in Fig. 4.5c,
post-processing bias corrects the forecast relatively well at short lead-times. The combination
of spread and bias correction leads to an increase in the probability of detection for all but
the highest decision thresholds and a decrease in the false alarm rate for almost all decision
thresholds and lead-times. The added reliability gained from post-processing decreases with
lead-time. The ROCSS for lead-times of 1-5 days at the MQ level is 0.8 but is only 0.45 for
lead-times of 11-15 days.

The ROC diagram for the MHQ threshold (Fig. 4.7b) shows that the raw forecasts tend
to cautiously predict high flows with the forecast much more likely to miss a flood than to
issue a false alarm even for the lowest decision threshold. There is less improvement from
post-processing than for the MQ threshold with the ROCSS for the MHQ threshold only
reaching 0.48 for 1-5 days lead-time. For the MHQ threshold, the post-processing increases
the probability of detection and decreases the false alarm rate at short lead-times. At longer
lead-times the false alarm rate is still decreased by post-processing, but the probability of
detection is also decreased for the largest decision thresholds. This reluctance to forecast
larger probabilities also occurs with the MQ threshold and is due to the interaction between

the hydrological and meteorological uncertainty in the Kalman filter discussed in Section
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4.5.1.1.

Figure 4.8 shows reliability diagrams for the MQ and MHQ thresholds. For the MQ
threshold (Fig. 4.8a) the raw forecasts are over-confident leading to under-estimation of
low probabilities and over-estimation of high probabilities. The post-processed forecasts are
more reliable but also tend to under-estimate low probabilities. The raw forecasts increase
in reliability with lead-time whereas the reliability of the post-processed forecasts decreases.
This is also true for the MHQ threshold.
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Figure 4.8: Reliability diagrams for (a) the mean flow threshold (MQ), and (b) the mean
annual maximum flow (MHQ). All stations are combined and groupings of lead-times are
used (see Section 4.4.3.3.)

Both sets of forecasts are consistently below the diagonal in the MHQ reliability diagram
(Fig. 4.8b) indicating unconditional biases. However, the post-processed forecasts have
smaller biases consistent with the results discussed in Section 4.5.1.1. In addition, the raw
forecast shows relatively poor resolution with events occurring at approximately the same
frequency regardless of the forecast probability.

The distribution of forecasts (shown by marker size) is more uniform for the post-processed
forecasts particularly at shorter lead-times. Since the ensemble reforecasts evaluated have 11
members and the operational forecasts have 73 members, the distribution for operational raw

forecasts is expected to be slightly more even as the additional members allow for greater
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gradation in the probability distribution. The distribution of forecasts is skewed towards low
probabilities showing similarly to the ROC diagrams (Fig. 4.7) that both sets of forecasts

tend to cautiously forecast flows exceeding the MHQ threshold.

4.5.1.4 Overall skill

The Continuous Ranked Probability Skill Score (CRPSS) is used to evaluate the impact of
post-processing on the overall skill of the probability distribution of the forecasts. Figure
4.9 shows the CRPSS for each station at lead-times of 3, 6, 10, and 15 days. Stations that
are degraded by post-processing (CRPSS < 0) are circled in red. Stations that show a large

increase in skill after post-processing (CRPSS > 0.9) are circled in cyan.
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Figure 4.9: The Continuous Ranked Probability Skill Score (CRPSS) for all 522 stations for
lead-times of 3, 6, 10, and 15 days. CRPSS values below 0 indicate the forecast probability
distribution is on average less skillful after post-processing and values above 0 indicate added

skill after post-processing. Markers are outlined in red if the CRPSS is below 0 and in cyan
if the CRPSS is above 0.9.

As was seen with the KGESS for the forecast median, there is a decrease in the improve-
ment offered by post-processing at longer lead-times. This can be seen in Fig. 4.9, by the
gradual change from dark purple to light purple/white values for panels (a) to (d). It is also
shown in the increase of red circles and the decrease of cyan circles. Approximately 55% of
stations have a CRPSS of above 0.5 at a lead-time of 3 days and this decreases to 10% by a
lead-time of 15 days. At a lead-time of 3 days, 8 stations are degraded by the post-processing

and 13 stations have a CRPSS greater than 0.9. By a lead-time of 15 days these change
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to 24 degraded stations and only 2 stations with CRPSS values greater than 0.9. Many of
the stations that are improved significantly have large hydrological biases. For example, one
of the most improved stations at a lead-time of 15 days is in Rheinweiler, Germany (see
Fig. 4.3) which has a large bias in the hydrological model output due to limitations in the
representation of the drainage network in the model domain. The post-processing method
can account for these biases (see Section 4.5.1.1) resulting in CRPSS values greater than 0.9
at all lead-times.

The lack of clustering of the stations with CRPSS values above 0.9 suggest that the
magnitudes of the largest corrections are due to station dependent characteristic. On the
other hand, the degraded stations at a lead-time of 3 days appear to cluster in three loose
regions. In all three regions the degradation is due to high short-duration peaks being
captured better by the raw forecasts than the post-processed forecasts. At longer lead-times
the Spanish catchments are still degraded but the Scottish stations are not. As discussed in
Section 4.5.1.1 for the lowest KGESS values, this is due to a decrease in the skill of the raw
forecasts. The degraded stations at lead-times of 10 and 15 days cluster in Spain, around the
Kjolen Mountains, and in the Sava catchment. The poorly post-processed forecasts in the
Sava catchment are downstream of a reservoir the impact of which is discussed in Section
4.5.2.2.

Comparing the CRPSS values in Fig. 4.9 with the raw CRPS values shown in Fig. 4.3
shows similarities in the spatial pattern of the raw forecast skill and the spatial pattern of the
magnitude of improvement due to post-processing. In general, stations with low CRPS scores
(high skill) for the raw forecasts are improved the most by post-processing. For example, the
west coast of the Scandinavian Peninsula has a lower raw skill in general and the level of
improvement is also lower than that of the east coast. However, there are some anomalies to
this pattern. For example, the station in Cong Weir, Ireland has a relatively low raw forecast
skill compared to surrounding catchments due to regulation of the streamflow but has a high
CRPSS value at all lead-times. Additionally, whilst stations on the River Rhine and the River
Oder have similar raw CRPS values the River Oder is improved more by post-processing.

This suggests that post-processing is more effective at dealing with certain types of error and
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therefore that the benefit of post-processing is catchment dependent. This is discussed in
Section 4.5.2.

As mentioned, many of the stations with CRPSS values below 0 at short lead-times are
degraded due to peak flows being better predicted by the raw forecasts. Therefore, the skill
of the forecast at different flow levels is evaluated. Figure 4.10 shows the distribution of
CRPSS values for all stations evaluated over the 4 quartiles of discharge (Q1 lower quartile
to Q4 upper quartile) such that each boxenplot contains 522 CRPSS values, one for each
station evaluated over approximately 52 forecasts. Only lead-times of 3, 6, 10, and 15 days

are shown but these lead-times are representative of the results at similar lead-times.
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Figure 4.10: The Continuous Ranked Probability Skill Score (CRPSS) for all 522 stations
calculated over the forecasts (approximately 52 forecasts) with flow values in the lowest
quartile (Q1) to the highest quartile (Q4). CRPSS values below O indicate the forecast
probability distribution is on average less skillful after post-processing and values above 0
indicate added skill after post-processing.A log-scale is used on the y-axis.

The improvement for all 4 quartiles decrease with lead-time as has been seen previously
in Fig. 4.5 and Fig. 4.9. The improvement from post-processing is smaller for higher flows.
However, the majority of stations are still improved for these high flows with over 60% of
stations being improved for discharge values in Q4 at a lead-time of 15 days. The high flows
are often under-predicted by both sets of forecasts. As discussed in Section 4.5.1.1, the ability

of the post-processed forecasts to capture the magnitude of peaks is often determined by the
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relative spread of the hydrological and meteorological uncertainty distributions. Although
Q4 is the category with the greatest number of degraded stations (CRPSS < 0), some stations
are degraded more (have a lower CRPSS value) for discharge values in Q1. This is mainly

due to the larger proportional errors for lower flows.

4.5.2 What impacts the performance of the post-processing method?

In the previous section the impact of post-processing was shown to vary greatly between
stations. The following sections investigate the factors that influence the effect of the post-
processing method. The CRPSS is used in this analysis as it provides an assessment of the
improvement or degradation to the overall skill of the probabilistic forecast.

To aid the discussion of the key results some stations are highlighted. See Fig. 4.3
for the locations of the stations. Figure 4.11 shows the observed time-series (solid black
line) for half the evaluation period (1 October 2017 to 30 September 2018) for six example
stations; (a) Daldowie, Scotland. (b) Nytorp, Sweden. (c) Svarttjgrnbekken, Norway. (d)
Daugavpils, Latvia. (e) Porttipahta, Finland. (f) Montafana, Spain. The forecast median
of the raw forecasts (oranges) and the post-processed forecasts (purples) are also plotted for
lead-times of 3 days (circles), 6 days (crosses), and 15 days (triangles). These stations are
discussed throughout Section 4.5.2 and were chosen as they allow some of the impacts of
the post-processing to be visualised. Table 4.2 summaries the key results that each of the

example stations highlight and all results are summarised in Section 4.6.

4.5.2.1 Type of uncertainty

This section looks at how meteorological and hydrological uncertainties affect the perfor-
mance of the post-processing method. As mentioned in Section 4.1, the term meteorological
uncertainties is used to refer to the uncertainty in the streamflow forecasts due to the error and
uncertainty in the meteorological forcings, and not the error in the meteorological forecasts
themselves. The magnitude of meteorological uncertainty is represented here by the CRPS

of the raw ensemble forecast at each lead-time respectively. To remove the uncertainty due
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Figure 4.11: Observation time-series for one year of the evaluation period from October 2017
to October 2018 for 6 example stations. The forecast medians of the raw and post-processed
forecasts are shown for lead-times of 3, 6, and 15 days. (a) Daldowie, Scotland. (b) Nytorp,
Sweden. (c) Svarttjgrnbekken, Norway. (d) Daugavpils, Latvia. (e) Porttipahta, Finland. (f)
Montafiana, Spain.

to the hydrological model, the water balance simulation is used as the “truth" value in the
calculation of the CRPS, replacing the value of the observation, y, in Eq. (4.34). As both the
forecast and the water balance simulation are produced using the same hydrological model,
and the water balance simulation provides the initial conditions for the reforecasts, the only

remaining uncertainty is from the forcings. The errors of the meteorological observations
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’ Panel H Station H Description of key results H Section ‘
* Meteorological errors are not corrected as
. well as hydrological errors. 4521
() Daldowie, Poor post-processing of peaks for flashy catch- 4'5'2'2’
Scotland 5.2
ments.
Large biases due to limitations of the drainage
(b) Nytorp, netvgvork are well corrected. = 4521
Sweden 4522
Svarttjgrnbekken, Post-processing is beneficial for stations
(c) Norway where the hydrological model is uncalibrated. || 4.5.2.2
Slowly responding catchments benefit from
post-processing the most.
() Daugavpils, qut—processing can aCfsount for poor mod- || 45199
Latvia elling of slow hydrological processes such as
snowmelt.
i Regulated catchments benefit from post-
Porttipahta, . 4522
(e) ) processing. D
Finland
The quality of the calibration time-series is
(f) Moptaﬁana, more important than the length of the time- || 4 55 3
Spain series.

Table 4.2: Key results and the section that provide more information for each of the six
stations used as examples and for which time-series are shown in Fig. 4.11

used to create the water balance simulation are considered negligible compared to those of
the meteorological forecasts. The magnitude of the hydrological uncertainty is represented
by the CRPS of the water balance simulation, with the observations used as the “truth" values,
at each lead-time respectively. As both these values are deterministic the CRPS is equiva-
lent to the absolute error between the two values. Both metrics, for the meteorological and
hydrological uncertainties, are averaged over all 208 forecasts for each station. So that the
errors are comparable between catchments they are calculated in terms of specific discharge
(mmd~") instead of discharge (m3s~1).

Figure 4.12 shows density plots of the CRPSS values for all stations vs the hydrological
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Figure 4.12: Density plots showing the station CRPSS for lead-times of 6 days (a and d), 10
days (b and e), and 15 days (c and f), against hydrological error (a-c) and meteorological error
(d-f). The largest 15 hydrological errors are excluded from panels a-f. See Section 4.5.2.1 for
an explanation of the metrics used to represent the hydrological and meteorological errors.
Purple lines show the line-of-best-fit calculated using linear regression and the associated
1 are given within each panel. (g) The CRPSS against hydrological error including the 15
largest hydrological errors for a lead-time of 10 days. The orange line shows the line-of-best-
fit for the station with large hydrological errors.

errors (a-c) and meteorological errors (d-f) for lead-times of 6, 10, and 15 days. A lead-time
of 3 days is not shown here as the meteorological forcings have often not had a significant
effect on the forecasts resulting in a small distribution of meteorological errors across stations.
However, the relationships discussed below are present at all lead-times. The 15 stations with
the largest hydrological errors at each lead-time have been removed from the main analysis
because these stations show a different pattern as shown in Fig. 4.12g and discussed below.
The purple lines in Fig. 4.12 show the least-squares regression line of best fit for
the relationship between the CRPSS vs the hydrological and meteorological errors. In
general, an increase in either the hydrological or meteorological uncertainties, decreases
the improvement due to post-processing. However, this relationship is much stronger for the
meteorological errors (r > 0.13 compared to r = 0.01 for hydrological errors) which suggests
that hydrological errors are better corrected by the post-processing method. The EMOS
method is used to correct the spread of the raw forecast to account for the meteorological

uncertainty (see Section 4.3.4.2) but no bias correction is performed as is sometimes done
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(e.g., Skgien et al., 2021; Gneiting et al., 2005; Hemri, 2018; Zhong et al., 2020). Whereas
both bias and spread correction are performed for the hydrological uncertainties. In Section
4.5.1.4 it was noted that the raw forecasts for the Rhine and the Oder catchments have similar
skill but the Oder was improved more by post-processing. It was found (not shown) that this
is because the errors in the raw forecast of the Rhine were mainly meteorological but those
of the Oder were mainly hydrological.

Although the r? values are small some trends are observed in their variation with lead-
time. The relationship between the meteorological errors and the CRPSS value is slightly
stronger at shorter lead-times. This is partly because the EMOS spread correction parameters
are lead-time invariant. The spread of the raw forecast tends to be small at short lead-times,
because all ensemble members have the same initial conditions, but increases as the differing
meteorological forcings propagate through the catchment system. Skgien et al. (2021) found
that the value of the variance inflation factor ({ in Eq. (4.20) of this paper) decreases with
increasing lead-time even becoming less than 1 (a reduction in spread) for lead-times greater
than 8 days (see top left panel of Fig. 8. in Skgien et al. (2021)). This alters the structure
of the forecast spread increasing the uncertainty at shorter lead-times and decreasing the
uncertainty at longer lead-times. However, here the spread at all lead-times is multiplied
by a constant value such that the spread retains its original structure. Therefore, at shorter
lead-times the meteorological forcings are more influential within the Kalman filter than at
longer lead-times . On the one hand, if the raw forecast is skilled at short lead-times then
this greater influence is beneficial and may, for example, allow the post-processed forecast
to predict an upcoming peak. On the other hand, any large errors contained in the raw
forecasts propagate through to the post-processed forecasts. For example, the largest peak
in the time-series for the station in Daldowie, Scotland (see Fig. 4.11a) is not predicted by
the raw forecast; therefore, no information about the upcoming, precipitation-driven peak is
provided to the post-processed forecast. Using a lead-time dependent EMOS method may
allow for better use of the information provided by meteorological forcings.

Alternatively, the hydrological uncertainty distribution may have a greater weight within

the Kalman filter. Some peaks at the Daldowie station in winter 2017/2018 are forecast
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accurately by the raw forecast median (grey boxes in Fig. 4.11a) but are not forecast by the
post-processed forecast. This suggests that the hydrological uncertainty distribution is most
impactful in the Kalman filter. The observations in the recent period often don’t indicate an
upcoming flood resulting in a hydrological uncertainty distribution which confidently, but
incorrectly, predicts a low flow. The confidence of the hydrological uncertainty distribution
results in the information of the upcoming flow provided by the meteorological uncertainty
distribution being ignored. This ignoring of the meteorological information is also the reason
for the poorly post-processed forecasts for some stations in Spain (see Fig. 4.9) which have
very low hydrological variability except for rare large peaks. Since extreme precipitation
can be an important runoff generating mechanism in this region (Berghuijs et al., 2019),
post-processed forecasts for these catchments should be used cautiously particularly when
the raw forecasts predict a flood.

For the hydrological errors the 7> values decrease for lead-times of 1 day to approximately
6 days (not shown) and for lead-times longer than 6 days the 72 values remain at approximately
0.01. This suggests that forecast dependent errors due to the initial conditions and the
interaction of the meteorological forcings in the hydrological model are corrected at shorter
lead-times, but at longer lead-times the correction is mainly to consistent hydrological model
errors.

The 15 stations with the largest hydrological uncertainties show a small increase in average
CRPSS with increasing hydrological uncertainties. This trend is visualised by the orange
line in Fig. 4.12g but the limited number of data points makes the calculation irresolute.
The relationship is only shown here for a lead-time of 10 days but is present at all longer
lead-times. Most of the hydrological uncertainty in these cases is caused by large consistent
biases rather than forecast dependent errors. For example, the station in Nytorp, Sweden has
a large bias in the raw forecasts (see Fig. 4.11b). As discussed in 4.5.1.1 the post-processing
method is able to correct for consistent biases resulting in post-processed forecasts that much
more closely follow the observations as shown in Fig. 4.11b and higher CRPSS values when

the bias of the raw forecasts is larger.
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4.5.2.2 Catchment characteristics

The catchments within the EFAS domain vary greatly in terms of size, location, and flow
regime. This section discusses catchment characteristics that impact the performance of the
post-processing method namely: upstream area, response time, elevation, and regulation. In
Fig. 4.13, box-and-whisker plots are used to show the distribution of the CRPSS values for all
stations at every other timestep with the whiskers extending to the 5th and 95th percentiles.
The stations are split into categories depending on (a) the size of the upstream area, (b) the
time of concentration, and (c) the elevation. Values for these characteristics are extracted
from static LISFLOOD maps used operationally.

Figure 4.13a shows that in general large catchments (larger than 5000 km?) are improved
more by post-processing than medium (between 1000 km? and 5000 km?) and small (less than
1000 km?) catchments, particularly at short lead-times. The relationship between medium
and small catchments is less consistent. At short lead-times the median CRPSS value for
small catchments is higher than for medium catchments but for longer lead-times the converse
is true. However, it was found that by removing stations with an upstream area smaller than
500 km? (henceforth referred to as very small catchments) from the analysis the remaining
small stations (with upstream areas between 500 km? and 1000 km?) are in general improved
less by post-processing than medium catchments at all lead-times. This results in a single
trend: that in general post-processing improves forecasts more for larger catchments. A
partial reason for this is that smaller catchments are impacted more by spatiotemporal errors
in the meteorological forcings than larger catchments (Pappenberger et al., 2011) and, as
discussed in Section 4.5.2.1, meteorological errors are difficult to correct.

There are two reasons why very small catchments must be removed to clearly identify
the trend between upstream area and CRPSS. Firstly, most stations with upstream areas
(provided by local authorities) smaller that 500 km?> were not included in the calibration
of LISFLOOD for EFAS 4 (Mazzetti et al., 2021b). The uncalibrated model has varying
skill between catchments with some very small catchments having large hydrological errors.

As discussed in Section 4.5.2.1 hydrological errors are well-corrected by post-processing,
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Figure 4.13: The CRPSS for all 522 stations at every other lead-time with stations categorised
by their catchment characteristics. (a) Upstream area. Small catchments: less than 1000 km?
(165 stations), Medium catchments: between 1000 km? and 5000 km? (204 stations), Large
catchments: larger than 5000 km? (153 stations). (b) Time of concentration. Fast response
catchments: less than 24 hours (253 stations), Medium response catchments: between 24
and 48 hours (144 stations), Slow response catchments: more than 48 hours (126 stations).
(c) Elevation Low-elevation catchments: less than 150 m (178 stations), Medium-elevation
catchments: between 150 m and 400 m (168 stations), High-elevation catchments: more than
400 m (177 stations)

therefore resulting in larger CRPSS values for some very small uncalibrated catchments than
for larger calibrated catchments. Secondly, the minimum area increment of the LISFLOOD

static map used to categories the stations is the area of one grid-box, 25 km?. Therefore,
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the upstream areas are multiples of 25 km? and thus may not represent the real size of
the catchment which could lead to large hydrological biases. For example, the station in
Svarttjgrnbekken, Norway has a catchment area provided by local authorities of 3.4 km? and
was therefore not included in the calibration. Additionally, in LISFLOOD its upstream area
is rounded to 25 km? (over 7 times the size of the catchment). Figure 4.11c shows that these
issues result in an over-estimation of the variability of the flow and a consistent bias in the
raw forecast even at low flows. Both issues are corrected by post-processing.

In Fig. 4.13b the time of concentration is used to represent the catchment response time.
Stations are split into fast response catchments (response times of less than less than 24 hours),
moderate response catchments (between 24 and 48 hours), and slow response catchments
(more than 48 hours). At short lead-times, slowly responding catchments outperform medium
and fast responding catchments. Since large catchments tend to have slower responses, this
suggests response time is partly responsible for the greater improvement experienced by
large catchments. Slower responses result in stronger autocorrelations therefore the recent
observation are more informative about the state of the river during the forecast period. This
is shown by comparing the time-series of the Daugavpils station (Fig. 4.11d) which has a
time of concentration of approximately 195 hours with that of the Daldowie station (Fig.
4.11a) which has a time of concentration of 27 hours. The Daugavpils station has a slow
response with peaks lasting two months (longer than the length of the recent period) whereas
the Daldowie station responds faster with peaks only lasting a week at most (shorter than
the length of the forecast period). As such the post-processing method can correct forecasts
much better for the Daugavpils station. It should be noted that most stations still benefit from
being post-processed even at lead-times larger than their time of concentration. This is useful
as operationally there is a delay in the availability of the meteorological observations used to
create the water balance simulation whereas here it is assumed that all observations up to the
production time of the reforecast are available. Therefore, these results suggest that although
the CRPSS may be smaller there is still an operational benefit to post-processing.

In Fig. 4.13c catchments are categorised by the height of the station above sea level:

low-elevation catchments (less than 150 m), medium-elevation catchments (between 150 m
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and 400 m), and high-elevation catchments (more than 400 m). At all lead-times catchments
at higher elevations are improved less than lower-lying catchments. This is partly due to
mountainous catchments tending to have faster response times. Additionally, precipitation
forecasts in mountainous regions can be biased due to insufficient resolutions to represent the
orography in the NWP systems (Lavers et al., 2021; Haiden et al., 2014, 2021). Alfieri et al.
(2014a) found that when compared to the water balance simulation (i.e. equivalent to the
metric for meteorological error used here) the raw ensemble forecasts are negatively biased
in mountainous regions due to an under-estimation of the precipitation. The effect of station
elevation on the performance of the post-processing method explains the cluster of degraded
stations around the Kjolen Mountains (see Fig. 4.9).

The regulation of rivers via reservoirs and lakes is difficult to model. Raw forecasts for
many regulated catchments were found to have negative correlation with the observations.
In this study, a station is considered regulated if it is within 3 grid-boxes downstream of
a reservoir or lake in the LISFLOOD domain or if data providers have reported that the
station is on a regulated stretch of the river. Figure 4.14 shows the CRPSS values of the 42
regulated stations (black lines) and the distribution of the CRPSS values of the unregulated
stations (green distribution) for lead-times of 3, 6, 10, and 15 days. The distribution for
the unregulated stations is estimated using kernel density estimation with the dashed line
showing the median value and the dotted lines showing the interquartile range. The mean
CRPSS values are indicated by crosses of the respective colours.

At all lead-times, the CRPSS values of most regulated stations are above the median of
the unregulated stations. Additionally, the mean CRPSS value of the regulated stations is
at least 0.1 higher than that of the unregulated stations for all lead-times longer than 1 day.
The improvement due to post-processing at regulated stations is dependent on whether the
reservoir is in the same state during the recent and forecast periods and hence whether the
discharge values from the recent period provide useful information about the state of the
reservoir. At longer lead-times it becomes more likely that the reservoir will have changed
state and therefore that the information provided by the recent discharge values is not useful.

However, if the reservoir is in the same state then the magnitude of the improvement from
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Figure 4.14: Violin plot of the CPRSS values for the 480 unregulated stations (green distri-
bution) and the 42 regulated catchments (black lines) at lead-times of 3, 6, 10, and 15 days.

post-processing can be large. For example, the Porttipahta station in Finland is located at the
Porttipahta reservoir and its time-series is shown in Fig. 4.11e. In May 2018 the discharge
is 0 m3s~! for approximately a month. The raw forecast does not capture this decrease in
discharge, but the post-processed forecast median is very accurate even at longer lead-times.
However, at the start and end of this zero-flow period the post-processed forecasts do not
perform as well for a lead-time of 15 days (purple triangles) because the reservoir has changed
state since the forecast production time. It is thought that small but regular regulation is partly
responsible for the cluster of degraded stations on the River Sava shown for a lead-time of
10 days in Fig. 4.9c. Three of the degraded stations in this cluster are regulated and are the
three regulated stations with the lowest CRPSS values at all lead-times shown in Fig. 4.14.
It is interesting to consider whether other hydrological processes that are difficult to model
can be accounted for by post-processing. For example, the peak in the winter and spring
in the Daugavpils catchment (see Fig. 4.11d) is largely dominated by snow and ice melt
(Skute et al., 2008) which are difficult processes to model (Alfieri et al., 2014a). Figure

4.11d shows that the raw forecasts do not predict the magnitude of the peak in late January
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but the post-processed forecasts, which are conditioned on recent observations that indicate
the increase in discharge due to snowmelt, do accurately predict the peak. Similar results
were seen in other catchments with snow dominated regimes. Although the identification of
dominating runoff generating mechanisms for all catchments and seasons is beyond the scope
of this study, the results presented in this section suggest that post-processing can correct for

errors introduced by the imperfect modelling of slow hydrological processes.

4.5.2.3 Calibration time-series

The length of the time-series used to calibrate the station model varies between stations.
The maximum length is dictated by the water balance simulation which is available from
1 January 1990. However, many stations have shorter time-series due to the availability of
observations. Figure 4.15 shows the CRPSS values for each lead-time with stations split by
the length of their calibration time-series into unequally sized categories (see caption): very
short time-series (up to 15 years), short time-series (between 15 and 20 years), medium time-
series (between 20 and 25 years), and long time-series (over 25 years). These categories were
chosen to investigate the impact of the length of the calibration time-series whilst keeping
the number of stations in each category as large as possible. These initial comments ignore
the very short time-series (green) which are discussed in more detail below.

At short lead-times long time-series in general lead to more improvement by post-
processing than shorter time-series. Longer time-series allow the joint distribution between
the observations and the water balance simulation to be more rigorously defined allowing a
more accurate conditioning of the forecast on the discharge values from the recent period. For
lead-times greater than 7 days the CRPSS distributions for all categories are similar. As dis-
cussed in Section 4.5.2.1, post-processing corrects forecast specific errors at short lead-times
but at longer lead-times it is mainly consistent errors to the climatology that are corrected.
The similarity of the CRPSS distributions suggests that short time-series are sufficient to cap-
ture these consistent errors. This is also shown by the relatively good performance of stations
with very short time-series. Although a full sensitivity analysis is beyond the scope of this

study, these results suggest that very short time-series can be used, if necessary, to correct for
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Figure 4.15: The CRPSS for all 522 stations at every other lead-time with stations categorised
by the length of their calibration time-series. Very short time-series: less than 15 years (63
stations), Short time-series: 15 to 20 years (93 stations), Medium time-series: 20 to 25 years
(119 stations), Long time-series: over 25 years (247).

consistent biases, although longer time-series are preferable. However, care should be taken
when forecasting high flows since a short timeseries will not allow for a robust calculation of
the upper tail of the discharge distribution (see Section 4.3.3.1) which will likely cause errors
in the forecast probability distribution (Bogner et al., 2012).

In general, shorter time-series tend to be more recent and so benefit from improved river
gauging technology and also because non-stationarity between the calibration and evaluation
period is less likely to be an issue. The station in Montafiana (shown in Fig. 4.11f) is an
example of a station where a period of poor quality observations in the calibration time-
series impact the calibration resulting in a large jump in the CDF of the observed discharge
distribution as highlighted by a red circle in Fig. 4.16b. This CDF is used in the NQT and the
large jump results in non-smooth forecast probability distributions. Additionally, these errors
were found to impact the estimation of the joint distribution which resulted in a decrease in the
correlation coefficient after post-processing. Removing the erroneous observations improved
the discharge estimations suggesting that the priority should be to use the best quality data

available even if the resultant calibration time-series is shorter.
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Figure 4.16: Observations (blue) and water-balance simulation (black) time-series used in
the calibration of the station model for the station in Montafiana. a) Section of the calibration
time-series with errors in the observations. b) the Cumulative Distribution Function (CDF)
of the observed discharge distribution calculated during the calibration. Red circle indicates
a jump in the CDF due to the section of the time-series shown in a).

4.6 Conclusions

Post-processing is a computationally efficient method of quantifying uncertainty and correct-
ing errors in streamflow forecasts. Uncertainties enter the system from multiple sources in-
cluding the meteorological forcings from numerical weather prediction systems (here referred
to as meteorological uncertainties), and the initial hydrological conditions and hydrological
model (here referred to as hydrological uncertainties). The post-processing method used
operationally in the European Flood Awareness System (EFAS) uses a method motivated
by the Ensemble Model Output Statistics (Gneiting et al., 2005) method to account for the
meteorological uncertainty and the Multi-Temporal Model Conditional Processor (Coccia,
2011) to account for the hydrological uncertainty. The EFAS domain includes catchments
of varying characteristics for which the same post-processing method is used. In this paper
we used reforecasts to investigate the added skill gained by post-processing and how these
improvements vary across the domain. This study aimed to answer two research questions.
First, does the post-processing method provide improved forecasts? Our results show that
for the majority of stations the post-processing improves the skill of the forecast with median
Continuous Ranked Probability Skill Scores (CRPSS) of between 0.74 and 0.2 at all lead-

times. This improvement is greatest at shorter lead-times of up to 5 days but post-processing
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is still beneficial up to the maximum lead-time of 15 days. The bias and spread correction
provided by the post-processing increases the reliability of the forecasts and increased the
number of correctly forecast flood events without increasing the number of false alarms.
However, the post-processed forecasts also led to the flood peak often being forecast too early
by approximately a day. Although, forecasts for floods events at most stations did benefit
from post-processing the greatest improvements were to forecasts for normal flow conditions.

Second, what affects the performance of the post-processing method? Several factors
were found to impact the performance of the post-processing method at a station. The post-
processing method is more easily able to correct hydrological errors than meteorological
errors. This is mainly because no bias-correction is performed for the meteorological errors
whereas hydrological errors are bias corrected by conditioning the forecast on the recent
observations. Therefore, stations where the errors were primarily due to hydrological errors
were improved more. As the hydrological errors tend to be larger than the meteorological
errors this is beneficial; however, more research is required to fully account for biases due to
the meteorological forcings as well.

The post-processing method was found to easily account for consistent hydrological
biases that were often due to limitations in the model representation of the drainage network.
However, the correction of forecast specific errors (due to initial conditions and meteorological
forcings) was largely determined by the response time of the catchment. Therefore, the
greatest improvement was seen in catchments larger than 5000 km? and catchments less than
100 m above sea level as these catchments tended to have longer response times. Additionally,
post-processing was able to correct for errors due to difficult to model hydrological processes,
such as regulation and snowmelt, when recent observations contained relevant information
about the discharge.

The use of long historic observational time-series for the offline calibration is beneficial
particularly for correcting forecast specific errors. However, time-series shorter than 15 years
were found to be sufficient for correcting consistent errors in the model climatology even at a
lead-time of 15 days. The quality of the observations in the historic time-series is important

and errors in the time-series degraded the performance of the post-processing method and
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limit the usefulness of the forecasts.

These results highlight the importance of post-processing within the forecasting chain of
large-scale flood forecasting systems. They also provide a benchmark for end-users of the
EFAS forecasts and show the situations when the post-processed forecasts can provide more
accurate information that the raw forecasts. These results also highlight possible areas of
improvement within the EFAS and the factors that must be considered when designing and

implementing a post-processing method for large-scale forecasting systems.

4.7 Summary of Chapter 4

In this chapter, I present an evaluation of the at-gauge post-processing method that is op-
erational in the European Flood Awareness System (EFAS) to address Objective 1. This
evaluation is the first skill assessment of the current operational post-processing method.
(Q1.1.) In general, the forecasts are improved by post-processing across the domain, particu-
larly at short lead-times. (Q1.2) I identify some situations where the post-processing method
struggles, such as in quickly responding catchments, and when the errors are primarily caused
by the meteorological forcings. Longer calibration timeseries are beneficial at shorter lead-
times, but forecasts are improved even when the available timeseries is short.

A key limitation of the operational post-processing method is that it can only be applied
at gauged locations. In EFAS version 4.0, this leaves 99.5% of the domain uncorrected.
However, there are clear spatial patterns in the improvement gained by post-processing
the forecasts (e.g., Fig. 4.9) suggesting that the errors at locations connected along the river
network are correlated. Chapters 5 and 6 present the development of a post-processing method
for ungauged locations based on the forecast covariances between locations (Objectives 2 and
3). The at-gauge post-processing method evaluated in this chapter is used in Chapter 6 to
provide proxy-observations during the forecast period. These predictions are then propagated
to ungauged locations using the LETKF-based method that will be presented in Chapter 5.

Key results from the above evaluation that are relevant for these chapters are:

* The improvement from the at-gauge post-processing method is greatest at short lead-
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times.

* Large rivers are corrected more than smaller rivers in general.

* High river discharge events are predicted with less accuracy than normal flows.

* Errors due to the meteorological forcings are less effectively corrected than those due to
the hydrological model or initial conditions. The Rhine catchment is largely dominated

by errors due to the meteorological forcings.

The results of this evaluation have been presented to users to aid forecast interpretation,
and to help identify development objectives. In Chapter 7, I present the outcomes from a
workshop focused on identifying the barriers to the use of the EFAS post-processed forecasts,
and prioritising developments (Objective 4). The results from this chapter were included in a
presentation at the start of the workshop that aimed to provide all participants with a baseline
knowledge of the forecasts.

Overall, the evaluation presented in this chapter highlights the benefit of post-processing,
providing useful knowledge of the forecast skill to developers and users. This information
has also guided the development of the post-processing method for ungauged locations that

is presented in this thesis.
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Chapter

Data assimilation for ensemble river

discharge hindcast post-processing

This chapter addresses the second objective of the thesis: To investigate the applicability of
data-assimilation in a post-processing environment to propagate observational information

from gauged to ungauged locations.

A new method for propagating observation information from gauged to ungauged locations is
presented. The method is based on common data assimilation techniques: state augmentation
and the Local Ensemble Transform Kalman Filter (defined in Section 2.3.4). However, these
techniques are modified for application within a post-processing environment with pre-
computed simulations. Error vectors, which represent the deviation of a river discharge
ensemble member from the true river discharge value at each grid-box, are estimated at every
timestep. The ensemble members are then corrected using the corresponding error vector.
The new method is evaluated for the Rhine-Meuse catchment using a leave-one-out cross-
verification strategy to evaluate the skill at ungauged locations. The content of the chapter is

reproduced from:

Matthews, G., Cloke, H. L., Dance, S. L., and Prudhomme, C.: Error-correction across
gauged and ungauged locations: A data assimilation-inspired approach to post-processing

river discharge forecasts, EGUsphere [preprint], https://doi.org/10.56194/hess-2024-
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3989, 2025. [accepted]

In Section 5.10, I summarise the key results of the chapter and identify connections with

other chapters in this thesis.

Abstract

Forecasting river discharge is essential for disaster risk reduction and water resource manage-
ment, but forecasts of future river state often contain errors. Post-processing reduces forecast
errors but is usually only applied at the locations of river gauges, leaving the majority of the
river network uncorrected. Here, we present a data-assimilation-inspired method for error-
correcting ensemble simulations across gauged and ungauged locations in a post-processing
step. Our new method employs state augmentation within the framework of the Localised
Ensemble Transform Kalman Filter (LETKF) to estimate an error vector for each ensemble
member. The LETKF uses ensemble error covariances to spread observational information
from gauged to ungauged locations in a dynamic and computationally efficent manner. To im-
prove the efficiency of the LETKF we define new localisation, covariance inflation, and initial
ensemble generation techniques that can be easily transferred between modelling systems and
river catchments. We implement and evaluate our new error-correction method for the entire
Rhine-Meuse catchment using forecasts from the Copernicus Emergency Management Ser-
vice’s European Flood Awareness System (EFAS). The resulting river discharge ensembles
are error-corrected at every grid box but remain spatially and temporally consistent. The skill
1s evaluated at 89 proxy-ungauged locations to assess the ability of the method to spread the
correction along the river network. The skill of the ensemble mean is improved at almost all
locations including stations both up- and downstream of the assimilated observations. Whilst
the ensemble spread is improved at short lead-times, at longer lead-times the ensemble spread
is too large leading to an underconfident ensemble. In summary, our method successfully
propagates error information along the river network, enabling error correction at ungauged
locations. This technique can be used for improved post-event analysis and can be developed

further to post-process operational forecasts providing more accurate knowledge about the
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future states of rivers.

5.1 Introduction

River discharge forecasts are essential tools for taking effective preparatory actions for disaster
mitigation and water resource planning (UNDRR, 2015). However, despite the increased
sophistication of forecasting systems over the past few decades, river discharge forecasts still
contain uncertainty (Boelee et al., 2019). The uncertainty is introduced at several stages of
the forecasting system including the meteorological forcings, the initial conditions, and the
hydrological model structure and parameters (Valdez et al., 2022). Ensemble river discharge
forecasts typically aim to account for the meteorological uncertainty by forcing a hydrological
model with many meteorological forcings (Cloke and Pappenberger, 2009; Wu et al., 2020).
However, ensemble forecasts can still contain biases and errors in the representation of
uncertainty. Different methods for correcting these errors have been developed including pre-
processing of the meteorological forcings, calibration of the hydrological model, improving
the initial conditions using data assimilation, and post-processing of the river discharge
forecast (Bourdin et al., 2012). Of these approaches post-processing is often considered
the most computationally efficient and its ability to correct for multiple sources of errors
simultaneously is appealing.

In meteorological forecasting, post-processing at non-observed locations is common (see
Vannitsem et al., 2021). However, hydrological forecasting requires consideration of the
spatial heterogeneity introduced by the river network (e.g., Li et al., 2017; Woldemeskel
et al., 2018; Ye et al., 2014; Xu et al., 2019; Liu et al., 2022; Lee and Ahn, 2024) making
hydrological post-processing at ungauged locations a difficult challenge. The global river
gauge network is sparse (Krabbenhoft et al., 2022), and even in regions where gauges exist,
river discharge data are often not widely shared (Lavers et al., 2019; Hannah et al., 2011).
Therefore, the development of post-processing techniques for ungauged locations is essential.
However, current techniques are generally too computationally expensive for operational

river flow forecasting applications (Emerton et al., 2016). For example, defining a joint
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distribution between the river discharge at multiple locations would allow forecasts to be
conditioned on observations available at specific locations (Engeland and Steinsland, 2014).
However, for large-scale distributed systems and multiple lead-times the size of the joint
distribution quickly becomes too large. Alternatively, error-correction can be performed
at a gauged location and the results interpolated to ungauged locations. One such method
used to interpolate error-correction parameters is top-kriging (Pugliese et al., 2018; Skgien
et al., 2021). Top-kriging takes into account the river network but the relationship between
errors at different locations is assumed static regardless of the hydrometeorological situation
(Skgien et al., 2016, 2006). Another option is to use a river routing model to propagate
error-corrected river discharge forecasts between gauged locations (Bennett et al., 2022).
Whilst this approach maintains spatial consistency between locations, the additional run of
the model could be computationally expensive for an operational application.

The aim of this paper is to present and evaluate a novel technique for spreading observation
information from gauged to ungauged locations in a computationally efficient and temporally
varying manner. The new method is based on data assimilation techniques. Data assimilation
is a mathematical technique that combines modelled predictions and observations to produce
a better estimate of the true state of the river (Nichols, 2003, 2010). Data assimilation is
often used to improve the initial conditions of forecasts (Valdez et al., 2022). However, in
this paper we modify the techniques to apply them in a post-processing environment such
that additional, computationally expensive, executions of the hydrological model are not
required. The error correction method proposed in this study is based on state augmentation
(Dee, 2005) and the Local Ensemble Transform Kalman Filter (LETKF, Hunt et al., 2007).
State augmentation is a technique that allows the estimation of the state and parameters/biases
of a system simultaneously, and is often used for online bias-estimation in data assimilation
(Ridler et al., 2018; Gharamti and Hoteit, 2014; Smith et al., 2013, 2009; Martin et al.,
2002). The LETKEF is part of the Kalman filter family of methods and uses an ensemble of
model states to estimate the state error covariances. Due to their computational efficiency and
ability to handle non-linear dynamics without an adjoint model, ensemble Kalman filters are

common data assimilation methods in hydrological research (Rouzies et al., 2024; Li et al.,
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2023; Mason et al., 2020; Ridler et al., 2018; Khaki et al., 2017; Xie and Zhang, 2010; Clark
et al., 2008).

Whilst many studies have shown the benefits of data assimilation for hydrological fore-
casting (Tanguy et al., 2025; Valdez et al., 2022; Piazzi et al., 2021), the process is rare in
operational systems (Pechlivanidis et al., 2025), particularly in large-scale systems (Wu et al.,
2020). This limited uptake is partly due to data latency issues (WMO, 2024a), time con-
straints, and the potential impact on the interpretation of the forecasts (e.g., thresholds based
on model climatology may no longer be consistent; Emerton et al., 2016). Additionally, the
benefit of data assimilation at longer lead-times is uncertain (e.g., Valdez et al., 2022). In
this paper, we leverage key advantages of data assimilation—such as the ability to propagate
observational information to ungauged locations—within a post-processing framework that
is more readily integrated into operational systems.

The proposed method aims to improve the skill of the ensemble mean and the reliability of
the ensemble spread by adjusting each ensemble member, as will be discussed in more detail
in Section 5.2. However, it is equally, if not more, important that the ensembles are spatially
and temporally consistent in order to aid with decision making (Bennett et al., 2022). This
is particularly important for large scale systems that provide forecasts across administrative
boundaries, such as the Copernicus Emergency Management Service’s (CEMS) European
Flood Awareness System (EFAS) used in this study (Matthews et al., 2025b). The specific

research questions to be addressed in this study are therefore,

1. Can data assimilation techniques be used in a post-processing environment to propagate

observation information to ungauged locations?

2. Are the resulting ensemble predictions of river discharge more skillful than the raw

ensemble?

This paper is organised as follows. In Section 5.2 we define the errors which we aim
to correct and introduce some terminology and notation. In Section 5.3 we describe the
data assimilation techniques used within this study. In Section 5.4 we outline the proposed

error-correction method and detail how the ensemble is corrected. Section 5.5 provides some
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additional components of the method that improve the efficacy of the method but which can
be adjusted to suit the data availability of any system and/or domain. Section 5.6.4 outlines
the strategy used to evaluate the efficacy of the proposed method. Section 5.7 presents the
results, first investigating the impact of assimilating the observations, and then assessing the
skill of the error-corrected ensembles. In Section 5.8 we discuss key features of the proposed
method and their impact on the error-corrected ensembles. In Section 5.9 we conclude that
the proposed method successfully improves the skill of the ensemble mean, and highlight
priorities for future developments.

Please note that throughout the paper ‘hindcast ensemble’ refers to the ensembles of river
discharge that we are error-correcting. In this paper, these ensembles are past operational
EFAS forecasts (see Section 5.6.1). However, when we perform the error-correction we use
observations that are available within the forecast (hindcast) period. Observations are not
available during the forecast period in an operational system, since these timesteps are in the
future. Therefore, we refer to these river discharge ensembles as hindcasts to indicate that

the ensembles are not valid forecasts.

5.2 Ensemble error-correction framework

Here, we define the errors which we aim to correct and provide some notation that is used
throughout the paper. Where possible we follow the standard data assimilation notation
provided in Ide et al. (1997). Let the true state of the system at time k be defined as
x;/“¢ € R", where each element represents the true river discharge in one of the n grid boxes
in the domain of interest. Hydrological forecasts generally estimate the true state of the
system using a modelled state, denoted x;, where the lack of superscript ‘true’ indicates
it is a modelled estimate. In this study, the hydrological ensemble forecasts consist of N

potential realizations of future river discharge, referred to as ensemble members. We define

the ensemble river discharge hindcasts as
fxc:x{ fori=1,2,... ,Nandk=0,1,....L}. (5.1)
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where the superscript (7) indicates the i-th member of the ensemble, N is the ensemble size,
the timestep k refers to the lead-time of the hindcast, and L is the maximum lead-time. The

ensemble mean is defined as

X=— > x eR". (5.2)

The ensemble perturbation matrix is defined as

Xi=(x)-% xP-% o xMog ) er® (5.3)

where the i-th column represents the i-th ensemble member’s departure from the ensemble
mean at lead-time k. The perturbation matrix contains information about the spread of the
ensemble and the spatial structure of the deviations of each ensemble member from the mean.

From the definition of the perturbation matrix, the ensemble covariance matrix is defined as

1
N-1

Py = X X e R, (5.4)

where the superscript 7" indicates the matrix transpose.

In this paper, we propose a method to spread an error-correction from gauged locations
to every grid box in the domain. The proposed method estimates an additive error vector for
each hindcast ensemble member at each timestep. Each element of the error vector represents
the error associated with a single grid box in the domain. Collectively, these error vectors

form an ensemble defined as,
b e R fori=1,2,.... N} (5.5)

where N is the same ensemble size as the river discharge hindcast, n is the number of
grid-boxes in the hindcast domain, and k is the timestep. The error ensemble mean, Bk,
and the ensemble perturbation matrix, By, are calculated by substituting b,(f) in place of X,(f)

in Egs. (5.2) and (5.3), respectively. We assume there is an additive relationship between

each hindcast ensemble member and the corresponding error vector such that the i-th error-

165



Chapter 5. Data assimilation for ensemble river discharge hindcast post-processing

new, (i)

f , 1s defined as

corrected ensemble member, X

new.(i) _ () p(0)
X0 = x4 p? e r1, (5.6)

The estimation of the error ensemble at each timestep is described in Section 5.4.
To aid with the estimation of the error vectors, we assume that at each timestep the system
is observed at py river discharge gauges. We assume the observation vector, y; € RP%, is

related to the true state of the system as

yi = Hi (x"€) + € (5.7)
where €, € RP* is a vector of unbiased Gaussian noise with covariance matrix Ry € RPx*Pk,
and Hy € RP¥" is the linear observation operator. The observation operator maps the
variables from the state space to observation space. In this study, the observation operator
selects the grid boxes within the modelled drainage network that correspond to the locations

of the river gauges.

5.3 Data Assimilation

As discussed in Section 5.1, the proposed method is based on common data assimilation
techniques: state augmentation and the Local Ensemble Transform Kalman Filter (LETKF).
In this section, we provide an overview of these techniques and introduce the necessary
equations. In Section 5.4, we adapt and apply these methods in a non-standard way due to

their application in a post-processing environment.

5.3.1 State augmentation

State augmentation is a technique used for online bias-correction in data assimilation that
allows the simultaneous estimation of the system state and biases. An augmented state is

defined by appending the biases to the state vector, allowing both to be updated by the data
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assimilation method. In this study, the i-th member of the augmented ensemble is defined as

. X
wi = * |eRr?, (5.8)
k (i)
bk

where x) € R” and b®) € R” are the i-th hindcast and error ensemble members, respectively.
The augmented ensemble mean and perturbation matrix are given by

ik Xk
Wi = eR?™ and W; = e RN (5.9)

b By

where X and b are the ensemble means of the hindcast and error ensembles, respectively, and
X and B are the perturbation matrices of the hindcast and error ensembles, respectively.

In this study, state augmentation is used within an LETKF (described in Section 5.3.2) and
it is therefore necessary to define the evolution of the augmented states between timesteps.
The evolution of the hindcast and error ensembles determines the evolution of the augmented
states. The hindcasts used in this study were generated using the LISFLOOD hydrological
model, which is used in the EFAS operational system (van der Knijff et al., 2008). As the true
evolution of the error vectors at all grid-boxes is unknown, we assume a simple persistence
model, such that b,(f) = b/(le. This is a common assumption used in state augmentation
(Pauwels et al., 2020; Ridler et al., 2018; Rasmussen et al., 2016; Martin, 2001). Based on
the independent evolution of the hindcast and error ensembles, and the additive relationship

between their members (Eq. (5.6)), we define the propagation of the augmented ensemble

members as
. M1 I X(lz X(i) + b(iz
w = S Y R (5.10)
01 Ly b,(:z] bi’il

where My_; € R™" is a linear evolution operator representing the LISFLOOD hydrological
model and I;_; € R™" is the identity matrix. Since we use precomputed hindcast ensembles
the propagation of the hindcast ensemble members requires no additional computation. The

full non-linear LISFLOOD hydrological model is also used without the need to define a linear
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approximation.

5.3.2 Local Ensemble Transform Kalman Filter (LETKF)

The Local Ensemble Transform Kalman Filter (LETKF; Hunt et al., 2007) updates the mean
state and the perturbation matrix of an ensemble by combining the modelled and observed
data. As a sequential data assimilation method, the LETKF consists of a propagation step
(also known as a forecast step) and an update step (also known as an analysis step) that
are cycled. In this method, we use the LETKF to update the ensemble of error vectors
at each hindcast timestep for which observations are available. However, we modify the
propagation step to use precomputed hindcasts. The propagation step evolves the augmented
states forward in time from time k — 1 to k, as described in Eq. (5.10). Rather than evolve
the hindcast ensemble explicitly (which would require the hydrological model), we use the
precomputed hindcast at timestep k.

The update step of the LETKEF calculates the state of the system at timestep k£ by combining
the modelled augmented states and observations. Both data are weighted by their respective
uncertainties, represented by their covariance matrices. As the LETKF is a well documented
method we only provide the key update equations. For more detailed derivations, we direct
the reader to Hunt et al. (2007) and Livings et al. (2008). To apply the LETKF to the
augmented ensemble, we create a model-observation ensemble with an ensemble mean, iz,
defined as

i = (Hi 0) Wy = HyX; + Hyby (5.11)

where H; € RP**?" is the observation operator defined in Eq. (5.7). The LETKF can then

update the augmented ensemble mean, wy, such that,

Yy Ky _
Wi =W + e -¥), (5.12)

Kby,

where the superscripts f and a indicate the state before and after the update step, respectively;

Ky, € R™? and K}, € R™? are the components of the Kalman gain matrix acting on the
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hindcast ensemble and the error ensemble respectively; and y; € R” is the observation
vector defined in Eq. (5.7). The difference between the observations and the model state in
observation space (i.e., yx — iif ) is called the innovation vector. The Kalman gain matrix
determines the impact of the innovation vector in the update step. The respective uncertainties
of the prior modelled state and the observations determine their weight within the LETKF.
Large observation uncertainties reduce the Kalman gain, while large uncertainties in the prior
state increase the Kalman gain. Both the hindcast and the error components of the Kalman
gain are functions of the covariance matrix of the augmented ensemble (see Appendix A.1;
Bell et al., 2004). The covariance matrix describes the state error covariances between
grid-boxes allowing the Kalman gain to spread the observation information to ungauged
locations. To update the error component specifically, it is the cross-covariances between
the error component and the hindcast component that control the spread of the observation
information to ungauged locations (see Eq. (9) in Bell et al., 2004). This ability to spread
the observational information is key to the error-correction method presented in this study.

The LETKF updates the augmented ensemble perturbation matrix, Wy, such that,
¢ = WIT, (5.13)

where T, € RV is the square root transform matrix (Livings et al., 2008). The square
root transform matrix is derived using the Kalman gain matrix which gives the weighting
between the modelled state and the observations (Livings et al., 2008). Using an eigenvector
decomposition, the square root transform matrix rescales and rotates the ensemble members
such that the updated perturbation matrix represents the uncertainty in the updated ensemble
mean. The square root transform matrix allows the covariance matrix of the ensemble to
be updated without the need for the covariances to be explicitly calculated which can be
computationally expensive (Bishop et al., 2001; Hunt et al., 2007). These update equations

are used to update the error component only, as will be discussed in Section 5.4.1.
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5.4 Spatially consistent error-correction method for river
discharge

In this section, we describe how we use the data assimilation techniques discussed in Section
5.3, to post-process the hindcasts across the domain, including at ungauged locations (Fig.
5.1). The correction is applied in a post-processing environment, avoiding the need for
additional executions of the hydrological model which can be computationally expensive. In
Section 5.4.1, we describe how the error ensemble is updated at every timestep. In Section
5.4.2, we describe how the updated error ensemble is used to error-correct the hindcast

ensemble. Specific experimental design choices are discussed in Section 5.5.

Step 1: Generate an |  Step 2: Augment the error ensemble  Step 3: Update the error ensemble at k+1 by assimilating Step 4: Correct hindcast ensemble members
initial error ensemble and the predetermined hindcast observations with the error vectors
5.5.3. Initial error H 5.4.1. Updating the bias ensemble

ensemble tion and  5:5.1. Localisation 5.4.2. Adjusting the forecast

5.3.1. State ﬂugmeﬂmlm‘ Localisation length observation
scale
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Figure 5.1: Schematic of the new error-correction method for gauged and ungauged locations.
Coloured boxes indicate different components of the method. An initial error ensemble is
created for timestep k=1 (green box). Then, the error ensemble is augmented to the hindcast
ensemble (purple box). At each timestep the covariance of the augmented ensemble is inflated
(cyan box) before being updated using the LETKF, which uses localisation to improve the
results of the update (collectively the orange box). The updated error ensemble is adjusted to
ensure non-negative discharge values (light grey box) before being used to error-correct the
hindcast (yellow box). The non-negative error ensemble is propagated to the next timestep
(red arrow). More details are provided for each component in the section indicated in the top
left corner of the corresponding box.

5.4.1 Updating the error ensemble

At each timestep the error ensemble is updated to estimate the optimal set of error vectors to

correct the hindcast at that timestep. The update is performed using the LETKF defined in
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Section 5.3.2. Using the definition of the augmented state in Eq. (5.8) the update equations

for the error ensemble only are,
a  f =X
by =bi +Kp, (y& - ¥i) (5.14)

and

B¢ = B/ T;. (5.15)

As the hindcast component is not explicitly evolved, we assume that the raw hindcast is
a good approximation for the hindcast analysis state if the component were to be updated.
This allows the substitution of the precomputed hindcast in place of the propagated state at
the next timestep. Thus, the updated mean of the augmented ensemble can be defined as

—da

€ R*, (5.16)

where X; is the ensemble mean of the raw hindcast ensemble and BZ is the updated error
ensemble mean (Eq. (5.14)). The perturbation matrix of the updated augmented ensemble

follows a similar pattern such that
Wi = . (5.17)

where X is the ensemble perturbation matrix of the raw hindcast ensemble and By is the
updated error ensemble perturbation matrix (Eq. (5.15)). The assumptions made in Eqgs.
(5.16) and (5.17) make our system sub-optimal from a data assimilation perspective but
are necessary to avoid rerunning the hydrological model. Importantly, we aim to estimate
the error of the precomputed model output at each lead time. Therefore, while the lack of
state evolution makes the hindcast component update sub-optimal, the update of the error
ensemble remains mathematically consistent. In this study, we provide proof-of-concept that

the resulting error ensemble improves the skill of the hindcast (see Section 6.4).
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The Kalman filter is not constrained to enforce non-negativity of the analysis state, and
therefore, could lead to negative discharge values for some grid boxes if the cross-covariances
are incorrectly defined. We enforce non-negativity by further adjusting the error ensemble
members after the LETKF update step. For any ensemble member and grid box where the
sum of the hindcast discharge and the updated error is negative, we modify the error value so
that the total becomes a small positive value, mitigating the potential for instabilities caused
by zero-values. This small positive value is sampled from a Gaussian distribution with a
mean of zero and a standard deviation equal to 10% of the standard deviation of the updated
error ensemble at the grid-box of interest.

The updated positive-definite augmented states are propagated to the next timestep as
defined in Eq. (5.10). The updated positive-definite augmented states are also used to error-

correct the hindcast (Section 5.4.2).

5.4.2 Adjusting the forecast

After the error component of the augmented state has been updated using Eqs. (5.14) and
(5.15), and non-negativity has been enforced (Section 5.4.1), the error ensemble members

are added to the respective hindcast ensemble members such that

X0 = x4 i (5.18)
where XZEW’@ and x/(j) are the i-th ensemble members of the error-corrected and raw hindcast

ensembles, respectively, and B;(i)a is the error vector associated with the i-th error ensemble
member where the caret indicates a non-negativity check has been applied. Consequently,

the error-corrected hindcast ensemble mean and perturbation matrix are given by

—<a

Xi =X, + by, (5.19)

and

X = Xy + BY. (5.20)
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This update results in an additive spread correction matrix, I'y, with the form
I = X B +BIXT + BIBY (5.21)

where X; and ﬁz are the perturbation matrices of the raw hindcast and error ensembles,
respectively, and the superscript 7 indicates the matrix transpose (Section 5.2 in Martin,
2001). Whilst I'y can be negative it should be noted that the covariance matrix of the corrected

ensemble, X’ZeWXZEW’T, is positive-definite by definition.

5.5 Experimental implementation

In Section 5.4 we presented a new method of spreading observation information to ungauged
locations in a post-processing environment based on common data assimilation techniques.
In this section, we describe three key components of the method—Iocalisation, covariance
inflation, and the generation of the initial error ensemble—which are crucial for its perfor-

mance but can be implemented in various ways.

5.5.1 Localisation

Localisation is used to reduce the effect of spurious correlations which can arise due to
sampling errors caused by the small ensemble size (Hamill et al., 2001; Hunt et al., 2007).
The LETKF uses observation localisation which reduces the impact of observations by
multiplying the inverse of the observation-error covariance matrix by a localisation matrix,
p € RPEXPk_such that

R'!'=poR}/ (5.22)

where R € RP«*Pk ig the localised observation-error covariance matrix used in the LETKF
(Section 5.3.2), R,; € RP¥*P« ig the non-localised observation-error covariance matrix, and
the symbol o indicates the Schur product (also known as the Hadamard product) which is an
element-wise matrix multiplication (Golub and Van Loan, 2013). We assume that R,; and,

by definition, R are diagonal matrices. In this study we use distance-based localisation so the
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impact of the multiplication described in Eq. (5.22) is to increase the effective uncertainty of
distant observations and thus decrease their impact on the analysis state. The impact of the
localisation on the spatial extent of the analysis increments is demonstrated in Section 5.7.1.

The localisation matrix is defined using the Gaspari-Cohn function which has a parameter
called the localisation length scale (Appendix A.2; Gaspari and Cohn, 1999). The Gaspari-
Cohn function smoothly decreases the weights assigned to an observation as the distance
from the observation location increases, starting from a value of 1 at the observation location
and reaching O for distances greater than twice the localisation length scale (pink box, Fig.
5.1). In this study, the distance is calculated along the river network which has been shown
to improve the analysis for fluvial applications (Garcia-Pintado et al., 2015; El Gharamti
et al., 2021b; Khaniya et al., 2022). The distance between a grid-box and the location of an
observation is calculated using the local drainage direction map and the channel length of the
hydrological model (Choulga et al., 2023). As the distance is defined along the river network,
observations cannot impact grid-boxes in a different drainage basin.

Sensitivity experiments conducted during the development of this method found that the
optimal length scale varied by location, lead-time, and tuning metric of choice, but overall,
the differences were small for length scales from 65 km to 786 km (not shown). Therefore,
we propose instead for the localisation length scale to be defined as the maximum distance
between any grid point and its closest observation. This 1) ensures that all grid boxes
are updated in the update step of the LETKF reducing the potential for discontinuities in
the analysis state, 2) can adapt to changes in the availability of observations, and 3) can
be applied to different domains and hydrological model configurations without requiring a

tuning experiment.

5.5.2 Covariance inflation

Small ensemble sizes can cause underestimation of the ensemble spread, reducing the impact
of the observations on the analysis (Furrer and Bengtsson, 2007). Additionally, we assume

the error ensemble is constant between timesteps which, while simplifying implementation,
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could introduce model errors into the ensemble (Evensen et al., 2022). To ameliorate these
issues, various covariance inflation techniques are often used (Duc et al., 2020; Schefller et al.,
2022). We implement a heuristic covariance inflation method inspired by the relaxation-to-
prior perturbations technique (Zhang et al., 2004; Kotsuki et al., 2017). However, as we
are working within a post-processing context, we adapt the method for use with predefined
ensembles (i.e., without evolving the inflated perturbations between timesteps).

We blend the prior perturbation matrix at k + 1 with an estimated perturbation matrix
Wifl similar to the use of a climatological covariance matrix in Valler et al. (2019). The
resulting perturbation matrix is given by

M, I
- (1-a) W+ aWe, (5.23)

0, I

inf

Wk+1

where « is an inflation parameter to be defined (and the definition of the matrices Mg
and I; are given in Section 5.3.1). This blending of matrices introduces both additive and

multiplicative inflation. We define W¢’/, as

XGS[ +B€S[
wer = e (5.24)

est
Bk+1

where X¢*¥, and Bzi’] can be estimated separately. When substituted into Eq. (5.23), this form

of W¢¥' maintains consistency between the hindcast and error components of the augmented
ensemble.

During development, it was found that the estimated matrices must have spatial structures
consistent with the river network and be forecast and lead-time-dependent. For simplicity, and
as the raw hindcast perturbations satisfy these requirements, we set both X¢*' and B{*/, equal
to the raw hindcast perturbation matrix (Dee, 2005; Martin et al., 2002). In future studies,
the estimated perturbation matrices could be defined using alternative models to evolve the

analysis perturbation matrix between timesteps or be climatological matrices (Valler et al.,

2019).
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The inflation parameter a controls the weighting between the prior and estimated matri-
ces. To account for changing uncertainty across lead-times and forecasts, we define ay using

a smoothed estimate of the relative change in hindcast ensemble variance

(5.25)

- {|TF(P1) —Tr(Pu1)| 1}
—, Tr(P) ’

where k is the current timestep and Tr(P;) is the trace of the raw hindcast covariance matrix at
timestep /. A maximum value of 1 is set to avoid instabilities, particularly at short lead-times
where the change in variance between timesteps can be large. The average over the past three
timesteps is taken to ensure that a is smoothly changing between timesteps, again to avoid
instabilities. This approach of estimating a was selected after sensitivity testing (not shown
for brevity), which indicated that the inflation factor must be both lead-time dependent and
forecast dependent. While « is not spatially varying, it is applied to perturbation matrices with
spatial structures consistent with the river network, ensuring physically plausible ensemble

perturbations.

5.5.3 Initialising the error ensemble for the first timestep

We must define an initial error ensemble to perform the state augmentation at the first
timestep. In a forecast post-processing environment there is no “warm-up” period in which a
state of equilibrium can be reached, and therefore the initial error ensemble must be physically
plausible. Here, the initial error ensemble is defined using three sets of river discharge data:
in-situ observations, simulations created by forcing a hydrological model with meteorological
observations, and the ensemble mean and ensemble perturbation matrix of a single lead-time
from a previous hindcast. A single ensemble is generated for the full EFAS domain, from
which the elements associated with the domain of interest (in this study the Rhine-Meuse
catchment) are extracted.

The estimation has two main steps: estimating the mean error and generating the perturba-
tions around that mean. The ensemble mean is intended to capture biases in the hydrological

model at the initial time. It is computed as follows:
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1. Calculate the errors at gauged locations: For each river gauge location, we calculate
the average relative error between observed and simulated river discharge over the past
10 days. To limit the influence of outliers or representation errors, these errors are

capped at = 100

2. Interpolate the errors to ungauged locations: Using inverse distance weighting, we
interpolate the errors from gauged to ungauged locations. The value at each grid-
box is a weighted average of relative errors from the 100 nearest stations, with closer
stations given more influence (Lu and Wong, 2008). All available stations, including
those outside the catchment of interest, are used in this calculation to capture spatial

variability.

3. Impose the river network structure: The interpolated error field is then multiplied
by the simulated river discharge values at each grid point. This enforces the spatial

structure of the river network, ensuring errors are proportional to the size of the river.

Since the true error covariance is unknown, we assume a reasonable estimate can be

derived from a previous river discharge ensemble forecast as follows:

1. Calculate the ensemble statistics: We calculate the ensemble mean and perturbation
matrix from the second lead-time of a hindcast issued two days prior. This choice
avoids unrealistically low spread often seen at the first lead-time due to a single set of

initial conditions.

2. Inflate the covariance matrix: The perturbation matrix is adjusted by calculating
the error of the hindcast ensemble mean at each grid-box relative to a simulation
forced by meteorological observations. This provides a set of scaling factors used to
inflate the perturbation matrix. To avoid underestimating uncertainty, we impose a
minimum threshold on the resulting standard deviation of 10% of the local simulated

river discharge.

The resulting error ensemble mean and perturbations define the initial ensemble, which

is then updated using the LETKF with state augmentation, as described in Section 5.4.1.
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5.6 Evaluation strategy

5.6.1 European Flood Awareness System (EFAS)

The hindcasts used in this study were produced by the European Flood Awareness System
(EFAS) as operational forecasts (Barnard et al., 2020b). EFAS is part of the Early Warn-
ing component of the European Commission’s Copernicus Emergency Management Service
(CEMS), and aims to provide complementary forecast information to hydro-meteorological
services throughout Europe (Matthews et al., 2025b). EFAS streamflow forecasts are pro-
duced by forcing a calibrated hydrological model, LISFLOOD (De Roo et al., 2000; van der
Knijff et al., 2008; Arnal et al., 2019), with the output from meteorological numerical weather
prediction (NWP) systems. Whilst the operational EFAS system is a multi-model system with
four sets of meteorological forcings, we focus only on the medium-range river discharge fore-
casts generated with meteorological forcings from the 51-member medium-range ensemble
from the European Center for Medium-range Weather Forecasts (ECMWF) due to its large
ensemble size. The meteorological forcings are interpolated to the EFAS grid. A single set
of initial hydrological conditions is used for all ensemble members often leading to small en-
semble spreads at short lead-times. The spread then increases as the different meteorological
forcings propagate through the system. No data assimilation is performed in the generation
of the initial hydrological conditions. Instead, the LISFLOOD hydrological model is forced
with meteorological observations (and meteorological forecasts when observations are not
available) to generate the initial conditions (Smith et al., 2016).

As an operational system, EFAS is constantly evolving. For the evaluation presented here
we use EFAS version 4 (operational from 14 October 2020 to 20 September 2023) aggregated
to daily timesteps with a maximum lead-time of 15 days. The ensembles have 51 members
and predict the average river discharge for each timestep for each grid-box within the domain.
The hindcasts have a spatial resolution of 5km x Skm with a ETRS89 Lambert Azimuthal
Equal Area Coordinate Reference System. Hindcasts from the 00 UTC daily cycle are used

resulting in a total of 365 hindcasts used in the evaluation.
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5.6.2 Rhine-Meuse catchment

The Rhine-Meuse catchment has a drainage area of 195,300 km?, a channel length of about
38,370 km in EFAS, and consists of 7812 grid-boxes. It is the Sth largest catchment in
EFAS. The Rhine river originates in the Swiss Alps, flows through the Central Uplands and
the North European Plain, before finally discharging into the North Sea. The Meuse river
originates from the Langres Plateau in France, flows through the Ardennes Massif and the
low-lying plains of the Netherlands, before merging with the Rhine and entering the North
Sea. The catchment consists of rivers of different sizes, topologies, and levels of human
influence, making it an ideal test catchment to see how the method deals with changes along

the river network.

5.6.3 Observations

The Rhine-Meuse catchment has a dense river gauging station network. The main set of
observations used in this study are daily river discharge observations from 89 stations across
the Rhine-Meuse catchment for the time period from 21 December 2020 to 15 January
2022. The minimum value across the stations is < 1 m3s~! and the maximum value is
7663 m3s~!. These observations were assimilated as part of the error-correction method
to update the error ensemble and used in the evaluation of the corrected forecasts (Section
5.6.4 describes the cross-validation approach used). Whilst the error-correction method can
adapt to missing observations, these 89 stations were selected as they have no missing data
for the time period of interest allowing this analysis to focus on the spread of observational
information to ungauged locations. The maximum distance between any grid-box and the
closest of the 89 stations is 262 km which is set as our localisation length scale (cut-
off distance is therefore 524 km; see Section 5.5.1). In addition to these stations, all
available observations from across Europe were used to generate the initial error ensembles
(total 505 stations). All river discharge observations were provided by local and national
authorities and collated by the CEMS Hydrological Data Collection Centre (see https:

//confluence.ecmwf.int/display/CEMS/EFAS+contributors).
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The construction of the non-localised observation error covariance matrix, Rzl, is a key
component of all data assimilation methods. The matrix describes the uncertainty associated
with each observation (defined in Eq. (5.7)). This uncertainty arises due to instrument
uncertainty, observation processing, observation operator error and scale mismatch between
the observations and the model resolution (Janji¢ et al., 2018). The matrix also describes
the correlation between errors of different observations (Stewart et al., 2013; Fowler et al.,
2018b). In this study, we assume that the observation errors from different gauge stations
are uncorrelated such that RZ’ is a diagonal matrix with all off-diagonal elements set to
0. It is possible for the observation errors to be correlated (e.g., an agency uses the same
measurement protocol for all gauges), however, due to limited information regarding the
device specification, calibration, and maintenance for all gauges it is not possible to estimate
this correlation at a large-scale (Coxon et al., 2015). As local factors, impacting individual
gauges, typically dominate the observation errors (Ocio et al., 2017) this assumption is suitable
for this proof-of-concept study. Observation errors are also assumed to be uncorrelated with
the prior errors, which is a standard assumption in data assimilation (Janji¢ et al., 2018).
Estimating the magnitude of the uncertainty in the observations requires information about
the river and the gauge itself; information that is often not available at a large-scale (Westerberg
and Karlsen, 2024; Coxon et al., 2015). Therefore, we assume that the observation errors are
a percentage of the observation magnitude (Ocio et al., 2017; McMillan et al., 2010b). We
estimate the standard deviation of the observation errors as 10% of the observation magnitude
(Refsgaard et al., 2006; McMillan et al., 2018, 2012).

In the leave-one-out verification experiments (see Section 5.6.4) we use the observations
from the non-assimilated station as validation data and assume they are the truth with no

CITOIS.

5.6.4 Experiments

We use three experimental schemes to investigate the effect that the error-correction scheme

has on the ensemble hindcasts.
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1. Single station experiments: Only observations from one of the 89 stations are as-
similated when estimating the error-vector. All available observations are used in the
generation of the initial error ensemble. These experiments allow the impact of an

observation to be identified and allow the effects of localisation to be explored.

2. All station experiments: Observations from all stations are assimilated when esti-
mating the error-vector and used in the generation of the initial error ensemble. These
experiments allow the complete method to be assessed and for any spatiotemporal

inconsistencies to be identified.

3. Leave-one-out experiments: Observations are withheld from one of the 89 stations
and are not assimilated when estimating the error-vector nor used in the generation
of the initial error ensemble. This cross-validation framework allows the skill of the
adjusted hindcasts to be assessed at the locations of stations as if they were ungauged
locations. To avoid confusion, we refer to withheld sites as ‘proxy-ungauged’ when
comparing the corrected ensemble to observations. This distinction applies only in the
evaluation context; from the perspective of error correction, these locations are treated

as ungauged.

Each experimental scheme is applied to all hindcasts from 1 January 2021 to 31 December
2021. However, for brevity, for the single station and all station experiments we only discuss
two hindcasts: 7 July 2021 and 8 October 2021. These dates represent high and normal
flow conditions, respectively, allowing the ability of the method to be assessed for different

circumstances.

5.6.5 Evaluation metrics

The following metrics are used to investigate the skill of the error-corrected hindcast ensemble
mean and the reliability of the ensemble spread.
For the ensemble mean, the three components of the modified Kling-Gupta Efficiency:

correlation, mean bias, and variability bias are used to assess different types of errors within
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the ensemble mean (Kling et al., 2012; Gupta et al., 2009). Pearson’s correlation coeffi-
cient measures the linear relationship between the simulated timeseries and the observations
indicating timing errors (score range [—1, 1]). The mean bias given by the ratio between
the mean of the simulated timeseries and mean of the observations indicates whether the
flow is consistently over or under-estimated (score range (—oo,+c0)). The variability bias
given by the ratio between the coeflicient of variation of the simulation and the coefficient of
variation of the observations indicates whether the variability in the flow is consistently over
or under-estimated (score range (—oo,+00)). All three components have a perfect score of
1. Additionally, to investigate whether the magnitude of the forecast mean error is reduced
by the proposed method we use the Normalised Root Mean Square Error (N-RMSE Hodson,
2022; Jackson et al., 2019). The metric is normalised by dividing the RMSE by the mean of
the observations for that station. Normalising the metric makes the scores at different stations
comparable. The N-RMSE has a perfect score of 0.

To analyse the reliability of the spread of the ensemble forecast we use the rank histogram
(Harrison et al., 1995; Anderson, 1996; Hamill and Colucci, 1997; Talagrand, 1999). To
generate the histogram the rank of the observation relative to the sorted ensemble values is
calculated for each hindcast. The frequencies with which the observation has a rank from 1
to M + 1 are plotted as a histogram. The shape of the histogram provides information about

the reliability of the ensemble spread and bias of the ensemble (Hamill, 2001).

5.7 Results

In this section, we discuss the efficacy of the proposed error-correction method. In Section
5.7.1, we discuss how observation information is propagated along the river network and,
in particular, we explore how the method reacts to different flow scenarios, both spatially
and across different lead-times. In Section 5.7.2, we evaluate the skill of the resulting error-

corrected ensembles in terms of their means and distributions.
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5.7.1 How is observation information propagated along the river net-

work?
5.7.1.1 Spatial propagation of the observation information

Here, we investigate how the observation information is propagated spatially from gauged
locations to ungauged locations. We investigate the analysis increments of the mean — the
difference between the ensemble mean before and after the update step (term 2 in Eq. (5.14))
— for single-station and all-station experiments (Fig. 5.2). Specifically, we focus on the
single-station experiments for the Bonn station on the Rhine and the Uckange station on
the Moselle. To investigate the impact of different flow scenarios, we study the hindcasts
generated on 8 October 2021 (upper panels) and 7 July 2021 (lower panels), which represent

normal and high flow scenarios, respectively.

Normal flow
2021-10-08

-102  -10' -10° 0 10°
Analysis increment of the mean

High flow
2021-07-07

-103 -102 -10' -10° O  10° 10! 102 103
Analysis increment of the mean

Figure 5.2: Analysis increments of the mean for a lead-time of 9 days for single station (a,
b, d, and e) and all station (c and f) experiments for the hindcasts generated on 8 October
2021 (upper panels) and 7 July 2021 (lower panels). Assimilated stations for the single
station experiments (cyan outline) are the Bonn station on the Rhine (a and d) and the
Uckange station on the Moselle (b and e). The shaded region of the catchment is outside
the localisation length of the assimilated station. Markers show the innovation at all stations.
Catchment area: 195,300 km?. Panel g shows the Rhine-Meuse catchment and highlights
the rivers and stations discussed within this section.
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In Fig. 5.2, the shaded regions show the parts of the catchment that are outside the
localisation region for the assimilated observation. The number of grid-boxes within the
localisation regions of the Bonn and Uckange stations differ because the distance is calculated
along the river network and the channel length within each grid box is not constant (4662
grid boxes and 2451 grid boxes, respectively). Increasing (decreasing) the localisation length
scale results in a more (less) gradual dampening of the analysis increments and more (fewer)
grid-boxes being impacted by a single observation (not shown). The square markers indicate
the innovation — the difference between the observation and the error-corrected ensemble
mean prior to the update step (Fig. 5.2). Ideally, the analysis increment (background colour
in Fig. 5.2) should reflect similar spatial behavior to the innovations within the localisation
region. This would imply the ensemble is being adjusted towards the observations at each
station.

For the October experiment, the innovation at Bonn is negative and results in negative
analysis increments across the domain (Fig. 5.2a). For the Uckange experiment, the innova-
tion is positive and the analysis increments are also all positive (Fig. 5.2b) indicating positive
ensemble covariances. For both experiments, the analysis increments match the sign of the
innovations at neighbouring stations (Figs. 5.2a and 5.2b), but at greater distances this is
not the case. For example, the innovations along the Rhine in the Uckange experiment are
negative whilst the analysis increments are positive.

The localisation implemented in this study allows the assimilated observations to in-
fluence the error ensemble both up- and downstream, although the influence is dampened
at longer distances. We here discuss whether this choice of implementation is useful by
studying the spatial patterns of the innovations. Focusing first on the Bonn experiment for
October (Fig. 5.2a), we see that downstream (north) of the assimilated observations the
innovations can be both positive and negative. Upstream of the assimilated observation the
innovations are negative, matching the innovation at the Bonn station. The assimilation of
the observation at Bonn is therefore primarily beneficial upstream, with some benefit also
seen at specific locations downstream. For the Uckange experiment (Fig. 5.2b), the pattern is

reversed with downstream innovations showing more consistency with the innovation at the
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assimilated location. The inconsistent spatial patterns could be because, in the LETKF, we
update the errors rather than the river discharge directly. The errors are dependent not only
on the observed hydrological conditions but also the model structure and configuration. The
spatial structure of the errors may therefore extend both up- and downstream. For example,
if the drainage area within an upstream grid-box is overestimated due to the hydrological
model spatial resolution, all grid-boxes downstream will be impacted by that overestimation.
The benefit, in terms of consistency between the innovations and analysis increments, that is
seen both up and downstream suggests that the localisation implementation is appropriate.
However, we note that there may be additional factors other than distance, that could be in-
cluded in the localisation to better modulate the observation influence (e.g., river confluences,
regulation, or river size).

In the July experiments, we see that the innovations both up and downstream of the
assimilated observations are positive, matching the innovations at the Bonn and Uckange
stations, respectively. For the July experiment, the innovations are spatially homogeneous
for greater distances along the river network (Figs. 5.2d and 5.2e). This indicates a greater
spatial correlation length, likely due to the low-pressure system which covered large parts of
the west of the catchment during this period (Mohr et al., 2022). The different correlation
scales suggest that an adaptive localisation length scale may be beneficial.

The spatial heterogeneity for the October experiments suggests that assimilating a single
observation cannot correct the entire domain. However, when all observation are assimilated
the analysis increments vary across the domain, demonstrating the method’s ability to adapt
to the errors on different stretches of the river. In both all-station experiments (Figs. 5.2c
and 5.2f), the analysis increments vary smoothly along the river network, which suggests the
error-corrected ensemble will also change gradually. This is important because it ensures the
hindcasts remain spatially consistent, with no abrupt transitions between adjacent grid boxes.

In general, for the July experiment, small rivers exhibit larger increments than in the
October experiment. This indicates the assimilated observations have a greater impact across
more of the domain. For October, the assimilation of an observation at Bonn results in the

largest analysis increments near the observation location, with the increments diminishing to
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Figure 5.3: Ensemble correlations (upper panels) and cross-covariances (lower panels) be-
tween the error ensemble and the hindcast component of the augmented ensemble averaged
across all all-station experiments. (a) Map of the correlation between the Uckange station
and all other grid-boxes and (c) the same for the cross-covariances. (b) Scatter plot of the
correlation between the Uckange station and all other grid-boxes and (d) the same for the
cross-covariances. Grid-boxes on rivers discussed in the text are broadly indicated by the
arrows. Dashed black line shows the localisation length scale and the solid black line shows
the effective cut-off point beyond which the observation has no impact.

zero at distances greater than 524 km due to localisation (Fig. 5.2a). Interestingly, in the
Uckange experiment, the largest increments occur not near the station, but along the Rhine
near the confluence with the Moselle (Fig. 5.2b). In both experiments, the increments tend
to be larger along bigger rivers, with smaller rivers showing smaller increments. This occurs
due to large ensemble covariances between the location of the assimilated observation and
locations along the bigger rivers (Fig. 5.3).

The spreading of observational information along the river network is dictated by the
cross-covariances of the augmented ensemble prior to the update step. The magnitude of
the cross-covariance between two locations depends on the correlation between the locations
and the ensemble variance at both locations. The correlation between the location of the
Uckange station and any grid-box is highest along the same river stretch (the Moselle) and
decreases at longer distances from the station (Fig. 5.3a). Nearby grid boxes that are not on

the same river stretch have lower correlations in general (Figs. 5.3a and 5.3b). Downstream
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from the Uckange station the correlation is highest along the Moselle and downstream along
the Rhine. On the other hand, the correlation upstream is more uniform across the grid-boxes
(Fig. 5.3b). Whilst there are regions in the south of the catchment for which the correlation
is small, in general there is a correlation of around 0.3 even with distant locations (Fig. 5.3b).
This is likely spurious correlation and exemplifies the need for localisation. The correlations
begin to rise again at longer distances due to grid-boxes that are geographically close to
the station but the distance along the river network is large, such as the Meuse (Fig. 5.3b).
Note that the similarity between the localisation length scale (dashed line) and the distance
between the Uckange station and grid-boxes on the Rhine (change from a Strahler order of 5
to 6) is coincidental but does suggest that the method for defining the localisation length scale
is capable of capturing the order of magnitude of the relevant spatial scales for the Rhine
catchment.

Despite lower correlations, the magnitude of the cross-covariances are larger along the
Rhine than for grid-boxes closer to the Uckange station on the Moselle (Fig. 5.3c). Whilst
the correlation is dependent on distance, the magnitude of the cross-covariances is primarily
dependent on the size of the river (note the horizontal bands of Strahler orders (a measure of
stream size where larger orders indicate larger rivers Strahler, 1957) in Fig. 5.3d). Larger
cross-covariances can lead to larger analysis increments as can be seen in Fig. 5.2b where
the analysis increments along the Rhine are larger than those along parts of the Moselle.
Localisation enforces a dependence on distance such that observations have less impact on

large rivers very far from the station but this may not outweigh the larger cross-covariances.

5.7.1.2 Lead-time dependence of the analysis increments

Here, we investigate how the impact of assimilating observations changes over different
lead-times. Figure 5.4 shows the trajectories of the three intermediate ensembles used in
the LETKF for the 7 July hindcast for a single-station experiment where observations are
assimilated at the Uckange station: the raw hindcast (left columns), the hindcast component
of the augmented ensemble (middle columns), and the error component of the augmented

ensemble (right columns). It should be noted that none of these ensembles are the final
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Figure 5.4: Ensemble trajectories for a single station experiment for the hindcast generated on
7 July 2021 for the location of the assimilated observation (Uckange station on the Moselle;
panels a-c) and a location where an observations is not assimilated (Bonn station on the Rhine;
panels d-f). The plots show the trajectory of all members and the ensemble mean of the raw
hindcast ensemble (left panels), the hindcast component of the augmented ensemble (middle
panels), and the error ensemble members (right panels; different y-axis scale). Markers show
the river discharge observations (a, b, d, and e), and the error of the raw hindcast mean (c and
f).
error-corrected ensemble but intermediate ensembles used in the LETKF. The lower panels
show the trajectories at the Bonn station for which no observations are assimilated during this
experiment. By plotting the raw hindcast trajectories and the observations we can visualise
the errors to be estimated. We can see that for both stations the error of the hindcast mean
is negative (observations are smaller than the hindcast mean) for lead-times up to 8 days,
and positive at longer lead-times. Whilst this behaviour is similar for the Bonn station, the
magnitude of the error is different by a factor of 10 at most lead-times.

The middle column of Fig. 5.4 shows the hindcast component of the augmented ensemble.
To propagate this component between time steps without rerunning a hydrological model, we
assume that the raw hindcast is a reasonable approximation of the analysis state (discussed in
Section 5.4.1). Asexpected, this assumption results in a sub-optimal ensemble mean estimate.
For example, at lead times beyond 10 days at Uckange, the update moves the ensemble mean

further from the observations (Fig. 5.4b), and a similar effect is seen at Bonn (Fig. 5.4e). Also

by using the precomputed ensemble, the assimilated observations do not update the ensemble
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perturbations; although the perturbations do change between lead-times as the precomputed
ensemble is lead-time dependent. This assumption ensures the analysis hindcast component
is always physically plausible (e.g., the river discharge is always positive as this is a constraint
within LISFLOOD), and provides a reasonable estimate of the uncertainty as the raw hindcast
is generated using the output from an ensemble NWP. Additionally, at each timestep we aim to
correct the raw hindcast, therefore this assumption provides consistency between the hindcast
component and the error component of the augmented ensemble.

It is the error ensemble that is most important for our application (Figs. 5.4c and 5.4f).
Despite the non-optimal formation of the analysis augmented ensemble, the error ensembles
are updated beneficially, with the analysis error ensemble mean moving closer to the error
of the raw hindcast mean (i.e., the difference between observations and the hindcast mean)
at each lead-time for the assimilated location (Fig. 5.4c) and the non-assimilated location
(Fig. 5.4f). At short lead-times, the updates to the error ensemble at the Bonn station do not
appear to be beneficial (Fig. 5.4f). However, as this experiment only assimilates observations
from one station this discussion should be considered a demonstration of how the method
updates ungauged locations rather than an evaluation of the error-corrected ensemble (which
is provided in Section 5.7.2). First we note that the updates at the assimilated location do not
result in the error ensemble mean (dark blue line) matching the error of the mean (markers).
This is expected and is due to the consideration of the observational uncertainty within the
LETKEF. This ensures spatial consistency across assimilated and non-assimilated locations,
whilst combining the modelled and observed data to estimate the true state of the system
across the domain.

The error ensemble is narrow after the update step and it is the covariance inflation that
increases the spread between time steps. The spread of the hindcast is due to meteorological
forcings, predominantly precipitation. Therefore, in general, the hindcast spread is larger for
longer lead-times as the precipitation forecasts become more uncertain. Since the covariance
inflation technique presented here results in the blending of the hindcast perturbation matrix
with the error ensemble from the previous timestep, this behaviour in the hindcast spread is

transferred to the error ensemble. As demonstrated in Figs. 5.4c and 5.4f, this can result
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in the error ensemble spread being large for the rising limb of an event and smaller for the
falling limb. This can result in the error not being updated sufficiently and the spread of the
analysis state being too narrow, as seen after the peak in Fig. 5.4c and discussed later along

with Fig. 5.5b.

5.7.2 How skillful are the error-corrected ensemble hindcasts?

In this section, we investigate whether the updated ensemble is more skillful than the raw
hindcast ensemble. Using leave-one-out experiments we evaluate the ensemble mean and
ensemble spread at proxy-ungauged locations. The hydrographs in Fig. 5.5 show the raw
and error-corrected ensembles for three proxy-ungauged locations from the leave-one-out
experiments. The hydrographs are used to illustrate the method’s ability to correct the

ensemble and some of the limitations.

5.7.2.1 SKkill of the ensemble mean

To investigate the skill of the ensemble mean we calculate the correlation, mean bias, vari-
ability bias and the N-RMSE for each station and each lead-time. Figure 5.6 compares the
skill of the ensemble means of the raw and the error-corrected ensembles focusing on the
spatial dependency of the skill (a-d), and the lead-time dependency of the skill (e-h).

The error-corrected ensemble means show a stronger correlation with observations than
the raw hindcast ensemble means, with an average increase from 0.82 to 0.92 (not shown).
Figure 5.5a shows an example of how the error-corrected ensemble can better capture the
dynamics of the river discharge resulting in an increased correlation. It can be seen that the
resulting ensemble is temporally consistent (i.e., does not have improbable changes between
time steps). The correlation is worsened compared to the raw hindcast ensemble at four
stations (Fig. 5.6a). Focusing on the two most southern of these stations, we see that the
correlation values of the raw ensembles at nearby stations are very different compared to the
correlation at the two stations of interest (note the much lighter colours for nearby stations;

Fig. 5.6a). The ensemble covariances are not capturing this change in regime correctly so
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Figure 5.5: Raw and error-corrected hydrographs for proxy-ungauged locations in leave-
one-out experiments at the Rees station on the Rhine (upstream area: 159,320 km?) and the
Mainleus station on the Main (upstream area: 1,164 km?). Catchment illustrations indicate
the location of the station (see Fig. 5.2 for river names and scale).
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Figure 5.6: Skill of the ensemble means in terms of the correlation (a, €), mean bias (b, f), variability bias (c, g) and normalised root mean square
error (N-RMSE; d, h). The catchment maps show the metric averaged across all lead-times at all 89 stations (a-d). The left (right) half of the
markers show the skill for the raw (error-corrected) ensemble. Black outlines indicate stations for which the updated ensemble has worse skill
than the raw hindcast ensemble (Correlation: 4/89, Mean bias: 42/89, Variability bias: 10/89, N-RMSE: 14/89). Line plots show the distribution
of the metric pooled over all 89 stations for each lead-time for the raw (orange) and error-corrected (purple) ensembles (e-h). The solid line
shows the median value of the metric and the shaded region shows the interquartile range (IQR) of the metric. A perfect score for the metric is
shown by the dashed black line.
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the observational information is not being advantageously spread between these rivers. The
remaining two stations that have degraded correlation are the most upstream stations on their
rivers. At these stations the updates made to the error-corrected ensemble are dependent on
observations assimilated downstream. The assimilated observations are therefore providing
information about a past state of the river upstream which could be the cause of the decreased
correlation (a measure of timing errors) at these upstream stations. Whilst most upstream
stations are improved by the error-correction method, stations which have much smaller
upstream areas than their closest downstream station tend to be improved less than those that
have a similar upstream area, particularly if the distance to the neighboring station is large.

Just over half of the stations (47) show improvement in the mean bias averaged across
all lead times (Fig. 5.6b), but no clear spatial pattern emerges, as most rivers have a
mix of improved and worsened stations. This spatial heterogeneity is also seen in the raw
hindcast ensemble, with stations on the same river stretch often showing different biases. For
example, stations on the Neckar and upstream of the Meuse show stations that are under-
and overestimated, as well as stations with very little bias. The heterogeneity suggests local
factors, which are not fully captured in the hydrological model, considerably influence flow
bias. Stations showing the most improvement tend to have similar mean bias values to their
neighboring stations in the raw hindcast ensemble, such as on the middle stretch of the Meuse,
where four stations with similar biases show improvement (Fig. 5.6b). Spatial patterns of
errors that are related to domain-wide model structure rather than local factors, such as
weirs, are more likely to be portrayed by the ensemble covariances allowing observational
information to be more helpfully spread along the river network.

The raw hindcast ensemble mean generally underestimates flow variability, with a vari-
ability bias below 1 (red in Fig. 5.6¢). The error-corrected ensemble improves this, although
there is an increase in the frequency of overestimation of the flow variability. Stations where
the error-corrected ensemble overestimates the variability are often the most upstream station
on their rivers (e.g., Plochingen station on the Neckar) or are closer to downstream neighbours
(e.g., Chooz station on the Meuse). This suggests the hindcast covariances between down-

stream stations and upstream locations are too large, causing excessive adjustment at upstream
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locations. Ten stations show worsened variability bias, including two stations downstream
on the Rhine (Fig. 5.6h). For the two stations on the Rhine, the degradation is caused by the
forecasts of the falling limb of a flood peak in July (Fig. 5.5b). Here, the hindcast uncertainty
was very small at short lead-times, causing the analysis to ignore observations, leaving the
error ensemble relatively unchanged, despite changes in the error behaviour after the peak
(also shown in Fig. 5.4f).

Overall, the error-corrected ensemble reduces the N-RMSE but there are 14 stations
where the skill is reduced. Typically, these stations are on the upstream reaches of their
respective rivers (Fig. 5.6d; see discussion on correlation). Interestingly, the N-RMSE does
not follow the same spatial pattern as the mean bias. This divergence indicates that the
correction method is more effective at reducing large errors than at addressing systematic
biases. One possible explanation is that the error vectors adjust too slowly to changes in
forecast errors between time steps. This slow adjustment is particularly problematic when

errors fluctuate around 0 m3s~!

, since alternating positive and negative deviations may not
be corrected quickly enough and can accumulate into a worsening mean bias. When the error
magnitude is large, the gradual adjustment is less detrimental because the sign of the error
is usually captured correctly even if its magnitude is not. However, at upstream stations,
where rivers are smaller and respond more quickly to rainfall, large errors often persist for
shorter durations, making the slow adjustment of the error vectors more detrimental. This
likely contributes to the increase in N-RMSE observed at these upstream stations. Further
development of the method—for example, allowing the error vectors to evolve during the
propagation step of the LETKF in addition to the update step—could enable faster adaptation
to changing forecast errors.

The raw and error-corrected ensemble means both decrease in skill in terms of correlation,
variability bias, and N-RMSE with increasing lead-times. The raw hindcast ensemble loses
skill more quickly in particular for lead-times longer than 5 days (Figs. 5.6e-h). The
uncertainty in the observations is not lead-time dependent. However, Fig. 5.3d shows that

the ensemble covariances do change across lead-times, increasing for longer lead-times. The

greater gain in skill for longer lead-times is likely due to larger covariances allowing the
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Figure 5.7: Reliability of the ensemble. Histograms show the rank of the ensemble pooled
over all forecasts and stations for lead-times of 1 day (a), 7 days (b), and 15 days (c).

observations to have more influence (e.g., in Fig. 5.5b). However, the decrease in skill of the
error-corrected ensemble means at longer lead-times suggests that the ensemble covariances

are not as accurate at longer lead-times.

5.7.2.2 SKkill of the ensemble distribution

The reliability of the ensemble distribution is assessed using rank histograms at different lead
times (Fig. 5.7). At short lead times, the raw hindcast ensemble is underdispersed, due to the
use of a single set of initial conditions (Fig. 5.7a). Although the error-corrected ensemble
shows slight improvement, it remains overconfident with minimal correction to the spread.
Both the raw and error-corrected ensembles generally appear unbiased, with observations
falling both above and below the ensemble predictions at similar frequencies. However, some
bias may be masked by the narrow ensemble spread as it is known that some stations are
biased (Fig. 5.6b), likely contributing to the peaks at ranks 0 and 51 in the rank histograms.

As the lead-time increases, the spread of both ensembles becomes more reliable, and
fewer observations fall outside the ensemble (Fig. 5.7b). However, even at a 15-day lead
time, both ensembles show a tendency to overestimate observations, leading to a peak at rank
0, mostly due to a few stations consistently overestimating flow (Fig. 5.6b). Up to 7-day
lead times, the rank histograms for both raw and error-corrected ensembles show similar
shapes. Beyond 7 days, the raw hindcast ensemble’s histogram flattens, suggesting a reliable

ensemble, while the error-corrected ensemble shows a peak around ranks 25-35, suggesting
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overdispersion (Fig. 5.7c). The left-skewness of the histograms is likely due to the inherent
skewness in river discharge distributions. The LETKF update step seeks to minimise the
difference between the ensemble mean and the true state of the system. The ensemble mean
is often larger than the ensemble median leading to the observations falling in ranks above
25 if the adjustment method is successful at minimising the error of the mean (Figs. 5.5a and
5.5¢).

As discussed in Section 5.4.1, the Kalman filter is not restricted to ensure positive
discharge and there is therefore a need to adjust the error ensemble before correction of the
hindcast. Enforcing non-negative discharge was necessary, for example, for the Mainleus
station on the Main for the hindcast generated on the 22 March 2021 (Fig. 5.5¢). Whilst the
ensemble mean is error-corrected at most lead-times, several members indicate river discharge
values of 0 m>s~!. The river discharge is below 10 m3s~! but a zero flow is unlikely in reality.
This suggests the ensemble spread is not sufficiently corrected even though the ensemble

mean is improved as is also suggested by Fig. 5.7c.

5.8 Discussion

In general, the proposed data-assimilation-inspired method successfully spreads observa-
tional information along the river network, thereby improving the skill of the ensemble
mean at proxy-ungauged locations (i.e, locations where observations were withheld for
cross-validation). Locations downstream from assimilated observations are improved most
although locations upstream are usually improved as well, even if they are far from neigh-
bouring stations. This is likely due to two reasons: 1) constant biases in the river discharge
estimates that are propagated downstream and hence can be accounted for when a downstream
observation is assimilated, and 2) the daily aggregation of the river discharge extending the
time period for which a downstream observation provides relevant information. If the error
patterns of the ensemble mean at a location differ from those at nearby stations the method
struggles to spread the observational information correctly. At shorter lead-times the relia-

bility of the ensemble is slightly improved due to the decrease in the error of the ensemble
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mean. However, at longer lead-times the ensemble spread is often too large leading to an
under-confident forecast.

The ability of the method to correct the forecasts typically depends on the consistency
of the error vectors between nearby locations. The localisation method implemented here
depends only on the distance from the station along the river network. The method does
successfully correct the forecast both up- and downstream; however, if the station is on a
different river, or if there is a confluence between the station and the grid-box of interest, the
errors are often not consistent for as long a distance along the river network. Therefore, it
could be beneficial to investigate the impact of including information about the river stretch
into the localisation length scale. Additionally, the errors were found to be more consistent
when the catchment was impacted by large-scale weather systems. It may therefore be useful
to incorporate information about the meteorological situation into the localisation function
as well.

The covariance inflation method used here maintains consistency between the spread of
the error ensemble and the spread of the hindcast (Section 5.5.2). This successfully stops
the error ensemble from collapsing such that the observations are not ignored. However,
in situations where the uncertainty of the hindcast ensemble is over- or under-estimated the
covariance inflation does not correct the error ensemble covariances correctly. This can
lead to the observations being ignored as for short lead-times in Fig. 5.5b. Additionally,
if the hindcast perturbations do not provide an accurate estimate of the true error ensemble
perturbations, this method may introduce errors which could be the cause for the slight
degradation in skill of the ensemble mean with lead-time shown in Fig. 5.6e, 5.6g, and 5.6h.
Correcting the spread of the hindcast before using it in the inflation of the error covariances
could solve this issue. Covariance inflation techniques that use the innovation statistics could
be used to first adjust the hindcast ensemble (e.g., Kotsuki et al., 2017). Alternatively, a
lower threshold for the variance of the ensemble could be set - say 10% of the ensemble
mean, similar to the observation error covariance matrix, or the root mean square-error of
the initial conditions. However, caution is needed not to artificially inflate the covariances

too much such that the analysis increments become too large.
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As discussed in Section 5.7.2.2, the resulting ensemble must be adjusted in some cases
to avoid negative discharge values (Section 5.4.1). This does in some cases lead to ensemble
members close to 0 m>s~! when a zero flow value is unlikely (e.g., Fig. 5.5¢). This occurs due
to the analysis increment being larger in magnitude than the value of some of the raw ensemble
members. In general, this is due to the skewed distribution of discharge (Bogner et al., 2012).
Future work could look into applying anamorphosis, or normalising transformations, to make
the ensemble distribution more Gaussian-like (Nguyen et al., 2023; Bogner et al., 2012). This
was not done in this proof-of-concept study for simplicity and to facilitate the interpretation
of the errors. The results also showed that the covariances between grid boxes on larger rivers
and the station locations tend to be large even when the correlation is small. This is due
to larger rivers having larger variances which is partially due to their larger river discharge
magnitudes. Localisation enforces a distance dependence on the covariance magnitudes.
However, transforming the river discharge values to be comparable across the domain may
help regulate the covariances based on river size. A transformation between river discharge
and specific discharge (river discharge divided by upstream area) could be used to ensure that
the ensemble covariances more accurately represent the true relationship between locations.

In this study, the initial estimate of the error ensemble mean is defined using the obser-
vations and the simulation forced with meteorological observations from the 10 days before
the forecast. The average difference between the observations and simulations is calculated
at gauged locations and interpolated to every grid-box using inverse distance weighted inter-
polation. The aim is to provide a physically plausible first guess of the errors which is then
updated at each timestep. By taking the average over a 10-day period, we aim to capture the
biases of the hydrological model but also to allow for seasonal/dynamic variation in this bias.
However, the choice of 10 days has not been tuned, and may be more applicable to larger
catchments with slowly changing errors than for smaller catchments (Matthews et al., 2022).
Further research into the accuracy of the initial error ensemble, and how it influences the
skill of the error-corrected ensemble, is needed. It should be noted that this component of the
method is an implementation choice and can be adjusted depending on system configuration

and data availability. The only requirement is that the initial error ensemble is physically
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plausible as there is no warm-up period within this application (Kim et al., 2018).

We assume that the errors are sufficiently slowly changing such that a persistence model
can be used to propagate the errors between timesteps. It should be noted that the LETKF
updates the errors at each timestep so the analysis errors used to correct the hindcasts are not
constant for all timesteps. However, the assumption that the errors are slowly changing is
likely only true for larger rivers that respond more slowly. Future studies could investigate the
use of a simple time-varying evolution model. The model would need to be simple enough
that the calculations do not add too much computational time to the method. Additionally, the
error values at every grid-box would need to be evolved; therefore, the evolution model should
either rely only on the model output or must be spatially interpretable if using observations.
For example, a model dependent on the hindcast river discharge magnitude could be used to
evolve the errors between timesteps.

The leave-one-out approach used in this study allows the corrected ensembles to be
assessed at proxy-ungauged locations. However, only one station is omitted at a time.
Future work could use a block cross-validation strategy whereby multiple stations are omitted
simultaneously (Roberts et al., 2017). This would allow the impact of the density of stations
and their specific locations along the river network to be investigated more thoroughly
(Rakovec et al., 2012). The impact of not having any observations along a river stretch could
also be more thoroughly investigated. One benefit of this method is that the assimilated
observations do not necessarily need to be traditional in-situ observations but could come
from Earth Observation (EO; Durand et al., 2023), crowdsourced or community observations
(Le Coz et al., 2016; Etter et al., 2020), or camera-based sensors (Vandaele et al., 2021). The
key requirement is that an observation operator can be defined. Observation operators map
the state of the system from state space to observations space. In our study the observation
operator selects the grid box that represents the location of the station on the modelled
river network. The mapping of the station locations from the physical river network to the
modelled river network is not trivial and several studies have attempted to automate this step
(Isikdogan et al., 2017; Li et al., 2018). If this mapping is incorrect then representation

errors can be introduced (Janji¢ et al., 2018). For example, if a station on a bypass channel
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is incorrectly located on the main channel, observations from the station will undoubtedly
provide erroneous information in the update step.

The code developed for this study is designed to allow for research flexibility rather than
operational efficiency. However, the error-adjustment of a single forecast took on average 8.5
minutes for the whole of the Rhine-Meuse catchment - a large catchment. This suggests that,
with proper parallelisation, the method could be operationalized and applied to all gauged
catchments in Europe. Before that, though, the method needs to be evaluated on additional
catchments. The Rhine was selected because it is highly gauged, but this also means that
the raw ensemble’s skill is relatively high due to the effectiveness of the hydrological model
calibration process. This could influence the method’s performance in two ways: 1) the error
ensemble may evolve more linearly than in less calibrated catchments, and 2) the hindcast
ensemble’s covariance may better represent the covariances between the estimated errors.
The next step should be applying this method to a catchment with lower skill than the Rhine.

The method presented in this study spreads observation information along the river
network but cannot yet be used as a post-processing method because observations from
the hindcast period (the future) are assimilated. We envisage the method being developed
further to make it applicable operationally as a hydrological forecast post-processing method.
Nevertheless, it may still be useful in certain situations, such as post-event analysis. After a
flood event an assessment is often performed estimating the severity of the event as well as
potential causes and mitigating factors. However, in-situ river gauges only present a snapshot
of the event at specific locations and are often damaged during flood events, resulting in
missing or incorrect data. EO estimations of river discharge could fill in some of the
gaps but this would depend on the satellite’s orbit and its availability at the right time
(Douben, 2006). Reanalysis is another option, but it requires additional hydrological model
runs and may contain errors due to the structure of the hydrological model or errors in
the meteorological observations. The method proposed here could offer a domain-wide
estimate of observations without requiring additional model runs or a "warm-up" period
typically needed in hydrological simulations to stabilize antecedent water storage within the

catchment.
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5.9 Conclusion

We present and evaluate a data-assimilation-inspired method for spreading observation infor-
mation from gauged to ungauged locations in a post-processing environment. This method
enables the error correction of ensemble simulations at all grid boxes. The method utilises
state augmentation within an LETKF framework to estimate an ensemble of error vectors.
The error vectors are then used to correct each hindcast ensemble member separately.

Overall, the method successfully reduces the errors of the ensemble mean at ungauged
locations in leave-one-out experiments. The adjusted ensemble mean has a higher correlation
with the observed river discharge and is more able to capture the variability of the river
discharge at a point. Whilst the magnitude of the errors is reduced the ensemble spread
is not adjusted sufficiently resulting in an under-confident ensemble spread at longer lead-
times. The adjusted ensembles are spatially and temporally consistent with the river discharge
predictions showing smooth evolution both between grid-boxes on the same river and between
lead-times. The method is most limited at locations further upstream than the assimilated
observations and for hindcasts with unrealistically small ensemble variance, which most often
occurs at shorter lead times. These limitations could be reduced by further investigation into
the localisation approach, for example having a different localisation length upstream and
downstream from the assimilated observation, and the covariance inflation approach, which
may involve applying a spread-correction to the hindcast ensemble as well as the error
ensemble.

Our method of spreading observation information could be used to improve post-event
analysis. However, as the computational requirements and processing time are both small
the method could also be developed further to allow for its application to the post-processing
of operational forecasts. The prediction of river discharge at ungauged locations is a crucial
challenge for hydrological research and once successfully achieved will allow for better

preparedness for floods.
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5.10 Summary of Chapter 5

In this chapter, I develop a new method for propagating observation information from gauged
to ungauged locations in a forecast post-processing environment, addressing Objective 2. The
new method uses modified data assimilation techniques. State-augmentation is used within
a Local Ensemble Transform Kalman Filter (LETKF) to error correct ensemble hindcasts
at every grid-box. To avoid additional executions of the hydrological model I make the
assumption that the raw ensemble hindcast is a good approximation of the analysis state
of the river discharge. New methods of defining the localisation length, of covariance
inflation, and of generating a spatially consistent initial estimate of the errors are defined.
(Q2.1) In general, the observational information is successfully propagated along the river
network correcting the ensemble mean at ungauged locations. (Q2.2) Almost all evaluated
locations are improved irrespective of whether they are upstream or downstream of assimilated
observations. However, when the errors at a proxy-ungauged location showed very different
patterns to those at nearby stations the method struggled to correct the errors.

The method of propagating information along the river network using a LETKF is used
in Chapter 6. In an operational forecasting system observations are not available during the
forecast period (i.e., the future). Therefore, in Chapter 6 I combine the information propa-
gation method developed in this chapter with the at-gauge post-processing method evaluated
in Chapter 4. The at-gauge post-processed forecasts are treated as proxy-observations during
the forecast period (Objective 3). The evaluation period and catchment are kept the same in
Chapters 5 and 6 to allow direct comparison and to disentangle the strengths and weaknesses
of the two components of the post-processing method for ungauged locations (the at-gauge
post-processing and the information propagation). The results from this chapter that will be

relevant for Chapter 6 are:

* The ensemble mean is generally improved across the domain in terms of correlation

and variability.

* In terms of the mean bias the similarity of error patterns between neighbouring stations

is a limiting factor. There are many rivers which show large variation in the mean bias
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between stations (e.g., under and over-estimation at different stations on the same river

stretch).

* The ensemble mean at the Domrémy-la-Pucelle station (the most upstream station on

the Meuse) is not corrected in terms of any metric.

* The ensemble is over-confident at shorter lead-times (although less so that the raw

forecast) and under-confident at longer lead-times.

203



Chapter

A new post-processing method for ensemble
river discharge forecasts at ungauged

locations

This chapter addresses the third objective of the thesis: To explore the use of proxy-
observations to facilitate the post-processing of ensemble river discharge forecasts at un-

gauged locations.

A two-step approach to post-processing ensemble river discharge forecasts at ungauged lo-
cations is developed. The at-gauge post-processing method evaluated in Chapter 4 is used
to generate proxy-observations. These proxy-observations are assimilated into the ensemble
forecast using the LETKF-based error propagation method presented in Chapter 5. The new
post-processing method is evaluated for the Rhine-Meuse catchment using a leave-one-out

cross-verification strategy to evaluate the skill at ungauged locations.

In Section 6.7, I summarise the key results of the chapter and identify connections with the

other chapters in this thesis.
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Abstract

Accurate and timely river discharge forecasts provide crucial advanced notice to decision mak-
ers for disaster mitigation and water resource management. However, forecast errors can lead
to suboptimal decision-making. Post-processing is commonly used to correct these errors,
but it is typically limited to gauged locations where observations are available, leaving un-
gauged areas uncorrected. This study presents a novel post-processing approach for ensemble
forecasts at ungauged locations. The method consists of two steps: (1) at-gauge estimation,
where the Copernicus Emergency Management Service’s European Flood Awareness System
(EFAS) post-processing method is applied at gauged locations, and (2) knowledge transfer,
which employs a Local Ensemble Transform Kalman Filter (LETKF) to propagate error cor-
rections to ungauged locations using ensemble error covariances. The method is evaluated
in the Rhine-Meuse catchment using a leave-one-out strategy to assess forecast skill. Results
show improved forecasts at short lead times (up to three days) in both the ensemble mean and
full distribution. The effectiveness of the method for post-processing at ungauged locations
is constrained by the accuracy of the at-gauge corrections. Ungauged locations which benefit
from post-processing typically occur along river stretches for which the at-gauge estimate is
most accurate. However, the method’s flexibility allows advances made for at-gauge post-
processing method to be efficiently harnessed for post-processing of ungauged locations. A
key challenge is the accurate quantification of uncertainty in the raw ensemble, which affects
the propagation of error corrections along the river network and should be a focus of future
research. Despite these challenges, the proposed approach demonstrates promising potential
for improving river discharge forecasts at ungauged locations, ultimately providing more

accurate information to support decision-making.

6.1 Introduction

Accurate river discharge forecasts are vital tools for flood mitigation and water resource
management, helping decision-makers protect communities and allocate resources effectively

(WMO, 2022). However, forecasts often contain errors which can undermine decision-
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making potentially leading to inappropriate or untimely responses. To address forecast
uncertainty, a range of techniques have been developed, including pre-processing of the
meteorological forcings (Zhang et al., 2025b), hydrological model calibration (Althoft and
Rodrigues, 2021), data assimilation (Camporese and Girotto, 2022), and post-processing of
the river discharge forecast (Tyralis and Papacharalampous, 2023). Post-processing methods
have gained significant interest for operational forecasting due to their ability to increase the
skill of the forecasts whilst also being computationally efficient (Liu et al., 2022).

Post-processing methods typically define a statistical model relating the raw forecasts
to observed river discharge, and use these models to correct future forecasts (Roulin and
Vannitsem, 2015; Ye et al., 2014). The structure of these error models depends on the post-
processing method of choice, but they always rely on river discharge observations—whether in
near real-time or from historical records (Li et al., 2017). However, river gauges, the primary
source of river discharge observations, are sparse and declining in number (Krabbenhoft
et al., 2022; Lavers et al., 2019; Hannah et al., 2011). The scarcity of river gauges limits
the spatial extent of post-processing, making methods for ungauged locations increasingly
important.

Making use of the research conducted for at-gauge post-processing methods (Li et al.,
2017), techniques for post-processing ungauged locations typically have two steps. First,
an at-gauge post-processing method is used to estimate error-correction parameters or an
improved estimate of the river discharge at gauged locations. Second, an information propa-
gation technique is used to transfer the error-correction parameters or propagate the improved
river discharge estimate to ungauged locations. Existing techniques for transferring infor-
mation from gauged to ungauged locations include donor-receptor catchments (Hales et al.,
2023), where correction parameters are defined for gauged locations and applied to hydrolog-
ically similar ungauged locations, and methods which spatially interpolate error-correction
parameters from gauged to ungauged locations (Skgien et al., 2021). However, these ap-
proaches primarily transfer parameters rather than direct discharge estimates, so can only be
used with post-processing methods that generate explicit error-correction parameters. An al-

ternative approach involves using a river routing model to propagate error-corrected discharge
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estimates downstream (Bennett et al., 2022). While effective, this method can reintroduce
errors from the routing model and may require significant computational resources.

In this study, we use an approach based on the Local Ensemble Transform Kalman Filter
(LETKF; Hunt et al., 2007) to propagate information from gauged to ungauged locations.
This method has previously been shown to improve historic ensemble simulations at ungauged
locations when observations are available at stations within the catchment during the forecast
period (Matthews et al., 2025a, Chapter 5). However, the use of observations from the forecast
period (i.e., the future) invalidates the ensemble as a true forecast. To address this limitation,
we propose using at-gauge post-processed forecasts as proxies for observations during the
forecast period. Near real-time observations are often used in at-gauge post-processing to
condition the forecast on the recent state of the river. However, in contrast to the study
presented in Chapter 5, these near real-time observations are from timesteps prior to the
forecast generation time so the validity of the forecast is maintained. Therefore, using at-
gauge post-processed forecasts as proxies for observations within the LETKF-based method
allows us to maintain the forecast validity whilst also propagating the error information to

ungauged locations. The research questions we aim to address are:

e Can error corrections derived from at-gauge post-processed forecasts be effectively

propagated to ungauged locations using a data-assimilation-based method?

* What factors influence the method’s ability to improve the forecast skill at ungauged

locations?

This paper is outlined as follows. In Section 6.2 we provide an overview of the at-gauge
post-processing method used in this study, and the information propagation method used to
propagate the error correction from gauged to ungauged locations. In Section 6.3 we provide
details about the experimental design including our chosen case-study (the Rhine-Meuse
catchment; Section 6.3.1), the data used (ensemble forecasts, river discharge observations,
and simulations forced with meteorological observations; Section 6.3.2), and the leave-one-
out evaluation strategy used to assess the skill of the post-processed forecasts at ungauged

locations (Section 6.3.3). In Section 6.4 we present the results of our evaluation beginning
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with an assessment of the skill of the post-processed forecasts at ungauged locations in Section
6.4.1. In Section 6.4.2 we investigate the factors which impact the skill of the post-processed
forecasts. We follow the results with a discussion on the advantages and limitations of the
method, and potential future work. In Section 6.6 we conclude that the proposed method
is capable of improving the ensemble forecasts at ungauged locations. However, further

investigation and development is necessary before the method could be used operationally.

6.2 Post-processing methods

This section describes the method proposed in this study to post-process ensemble forecasts
at ungauged locations. There are two steps: 1) an at-gauge post-processing method is applied
at all available gauge locations (Section 6.2.1), and 2) using an LETKF-based method the
error information from the at-gauge post-processed forecasts is propagated from gauged to
ungauged locations (Section 6.2.2). Figure 6.1 outlines the full post-processing method for

ungauged locations.

6.2.1 At-gauge post-processing method

The at-gauge post-processing method used in this study is the operational post-processing
method of the CEMS European Flood Awareness System (EFAS; Matthews et al., 2025b).
The post-processing method is described in detail in Chapter 4. Therefore, here we give an
overview only before focusing on how the output is used in this study in Section 6.2.1.1.
The at-gauge post-processing method accounts for the hydrological uncertainty and me-
teorological uncertainty separately before combining them to form the final output. Hydro-
logical uncertainty arises due to errors in the hydrological model and the initial hydrological
conditions (Herrera et al., 2022). These errors are accounted for using a Model Conditional
Processor (MCP; Todini, 2008). The form of the MCP used here estimates the river discharge
for the 15 days of the forecast period by conditioning a climatological distribution on observed
and simulated river discharge values from the 40 days prior to the forecast initialisation date.

An offline calibration is required to define a joint distribution between historic simulated and
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Figure 6.1: Diagram of the post-processing method for ungauged locations. a) The map shows
the location of river gauges at which the at-gauge post-processing method is performed. The
colour of the markers indicates the Nash Sutcliffe Efficiency (NSE) skill score for the at-gauge
estimates (see Section 6.2.1.1) at a lead-time of 5 days. Positive (negative) NSE skill score
values indicate the at-gauge post-processed forecasts are more (less) skillful than the raw
forecasts. The five named stations (Rees, Wolfsmiinter, Niirnberg, Halden, and Stenay) are
discussed in Section 6.4.2. b) The at-gauge post-processing requires past observations and
simulations forced with meteorological observations as well as the ensemble river discharge
forecasts. The method consists of a Model Conditional Processor component used to quantify
the hydrological uncertainty and an Ensemble Model Output Statistics component used to
quantify the meteorological uncertainty. A Kalman filter is used to combine the output of both
components. The river discharge output from the at-gauge post-processing method is used
to define at-gauge estimates and their uncertainty. ¢) Augmented states are defined between
the raw ensemble forecast and an ensemble of error vectors. To update the error vectors, the
at-gauge post-processed forecasts are assimilated using a Local Ensemble Transform Kalman
Filter (LETKF). The updated error vectors are added to the raw ensemble members to post-
process the forecast at all grid-boxes (shown for one location).

observed variables which enables the MCP to be implemented.

Meteorological uncertainty arises due to errors in the meteorological forcings used to
drive the hydrological models (Shu et al., 2023). Here, the meteorological forcings are
the output from four numerical weather prediction systems (see Section 6.3.2.1) and their
uncertainty is accounted for using an Ensemble Model Output Statistics method (EMOS;
Gneiting et al., 2005). The EMOS method estimates spread correction parameters for the raw
river discharge ensemble forecasts using data from the past 40 days. The spread correction
parameters are used to adjust the raw ensemble. The output from the MCP component and

the EMOS component are then combined using a Kalman filter (Kalman, 1960) to form the
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final at-gauge post-processed forecast.

The MCP method, the EMOS method, and the Kalman filter assume the variables have
a Gaussian distribution. Therefore, the normal quantile transform (NQT Bogner et al.,
2012) is used to transform all data - river discharge observations, simulations forced with
meteorological observations, and ensemble forecasts-to a standard Gaussian distribution,
with mean 0 and standard deviation 1. The NQT requires the real, non-Gaussian Cumulative
distribution Function (CDF) of the variable to be estimated before the transform can be
applied. The estimation of distributions for the observed and simulated river discharge values
is also performed during an offline calibration (Section 4.3.3).

The output of the at-gauge post-processing method is a 15-day probabilistic forecast for
a specific gauged location. The forecast’s probability distribution is defined via the 1st to the

99th percentiles for each lead-time.

6.2.1.1 At-gauge post-processed forecasts as proxy observations

In this study, we propose using at-gauge post-processed forecasts as proxy observations. This
means observations from after the forecast initialisation time are not required, maintaining the
validity of the forecasts. For each timestep of the forecast we require an estimate of the river
discharge value at all river gauges, denoted y; € RP*, and the uncertainty associated with
these estimates, denoted o € R”* where py is the number of gauges where post-processing
is performed. To define y; and o from the at-gauge post-processed forecasts we calculate
the forecast means and standard deviations from the forecast percentiles. We then define yy
from the forecast means for lead-time k such that the i -th element corresponds to the i-th
gauge, and similarly using the standard deviations for o.

It is assumed that the at-gauge estimates at different gauges are uncorrelated. The
error-covariance matrix of the at-gauge estimates is therefore a diagonal matrix with all non-

diagonal elements set to 0. The diagonal elements, which represent the uncertainty of the

at-gauge estimates, are given by the variance, o']%. The at-gauge estimates and their error-
covariance matrix are used within a LETKF in the information propagation step (Section

6.2.2). It is also assumed that the at-gauge post-processed forecasts are uncorrelated with the
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prior augmented ensemble. This is likely not true as the at-gauge post-processed forecasts use
the 51-member ensemble forecast that is also used to define the prior augmented ensemble. As
the cross-correlation is unknown, this assumption simplifies the calculations considerably,
but future work should account for the cross-correlation to avoid degrading the analysis

(Waller et al., 2014).

6.2.2 Propagating error information from gauged to ungauged locations

In Chapter 5, a data-assimilation inspired method of propagating error information from
gauged to ungauged locations using a Local Ensemble Transform Kalman Filter (LETKF;
Hunt et al., 2007) was presented. Data assimilation is a technique used to combine multiple
sources of information based on their respective uncertainties (Asch et al., 2016). Typically,
in environmental studies, the sources of information are a prior forecast, generated using
a model of the system of interest-here a hydrological model-and observations (Camporese
and Girotto, 2022). Herein lies the main limitation of Chapter 5. The method relies on
river discharge observations from the forecast period (i.e., the future), thereby preventing its
application to post-process operational forecasts. We propose a solution by using real-time
at-gauge post-processed forecasts (henceforth referred to as at-gauge estimates) in place of
the observations. The method used to generate the at-gauge estimates is described in Section
6.2.1).

The core principle of the information propagation approach is to estimate an error vector,

(@)

i » for each timestep k of the forecast

denoted b](f), for each forecast ensemble member, x
period. The error vector represents the difference between the ensemble member and the true
river discharge at each grid-box. The error vectors are then used to error-correct the forecast
such that

2 =x” +b\" (6.1)

(@)

where z %

is the i-th ensemble member of the post-processed forecast at a timestep k.
To estimate the error vectors we use state augmentation, a common technique that allows

the simultaneous estimation of the system state and parameters (e.g., Smith et al., 2013;
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Martin et al., 2002). In the state augmentation step an error vector is appended to each of
the ensemble members before the data assimilation method is applied, resulting in a river
discharge component and an error vector component of an augmented ensemble. The data
assimilation method used is the Local Ensemble Transform Kalman Filter (LETKF; Hunt
et al., 2007) which consists of two steps: an update step and a propagation step.

In the update step the LETKF calculates a weighted average between the prior augmented
ensemble and the at-gauge estimates, creating an updated ensemble called the analysis.
First, the innovation vector, which contains the differences between the mean of the prior
augmented ensemble and the at-gauge estimates, is calculated. The information provided
by the innovation vector is then propagated to ungauged locations using the ensemble error-
covariances calculated from the prior augmented ensemble (Lahoz and Schneider, 2014;
Bannister, 2008a). The influence of each data source on the analysis is determined by their
respective uncertainties. If the prior augmented ensemble spread is small—indicating high
confidence in the prior augmented ensemble—the influence of the at-gauge estimates is small.
Conversely, when uncertainty in the prior ensemble is high, the at-gauge estimates have a
greater influence.

The propagation step evolves the analysis from timestep k to timestep k + 1. As we are
applying the LETKF in a a post-processing environment, instead of propagating the river
discharge component of the analysis between timesteps, we use the raw ensemble forecast
values corresponding to timestep k£ + 1. Whilst mathematically the use of the raw forecast
makes the LETKF sub-optimal, in-practice it removes the need for additional executions of the
computationally expensive hydrological model. More information regarding the propagation
of the forecasts is provided in Chapter 5. In addition, as we do not propagate the river discharge
component of the analysis, this component does not need to be calculated. Therefore, we
are able to only calculate the error vector component of the analysis reducing the required
matrix computations and further reducing the computational expense of the post-processing
method. The error vector component is assumed constant between timesteps. This is a
common assumption when the true evolution of a variable is unknown (e.g., Martin et al.,

2002; Pauwels et al., 2020; Rasmussen et al., 2016; Ridler et al., 2018). For the first timestep,
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k =1, an initial estimate of the error ensemble is generated using the same method as Chapter
5 and is based on recent observations and simulated values.
To improve the efficacy of the LETKF and to reduce the impact of spurious correlations

caused by the small ensemble size, three additional modules are included in the method:

* Localisation: Localisation restricts the influence of the at-gauge estimates to geo-
graphically close grid-boxes for which the covariances are more likely to be correctly
estimated (Hamill et al., 2001). Rather than using the Euclidean distance, the lo-
calisation distance is calculated along the river network which has been found to be
beneficially in many hydrological studies (Garcia-Pintado et al., 2015; El Gharamti
et al., 2021b). The localisation length scale is set as the maximum distance between
any grid-box and the closests river gauge. At-gauge estimates that are further than
twice the localisation length scale have no influence within the LETKF. Defining the
length scale in the way ensures all grid-boxes are updated, and reduces the potential
for inconsistencies between grid-boxes (Section 5.5.1). The localisation is applied to

the error-covariance matrix of the at-gauge estimates (Hunt et al., 2007).

* Covariance inflation: Covariance inflation is often used to ensure the uncertainty in
the prior ensemble is not underestimated which can lead to filter divergence (Anderson,
2007). The covariance inflation method used in this study blends the analysis error-
ensemble perturbations with an estimated future uncertainty based on knowledge of the
system. The inflation method is inspired by the relaxation-prior-perturbations (Zhang
et al., 2004). The estimated future uncertainty is derived from the raw ensemble
covariance matrix. As we do not know the structure of the error-covariance matrix for
the ensemble of error vectors, we assume that the raw forecast ensemble covariance
matrix is a good approximation (e.g., as in Martin et al., 2002). The inflation parameter
that determines the weighting between the analysis error ensemble perturbations and
the estimated future uncertainty is calculated based on the magnitude of the changes in

the raw forecast ensemble variance between timesteps (Section 5.5.2).

* Non-negative discharge: As river discharge is a positive-definite variable a non-

213



Chapter 6. A new post-processing method for ensemble river discharge forecasts at
ungauged locations

negativity constraint is applied at each lead-time after the error ensemble has been

updated (Section 5.5.3).

At each timestep, after the error vectors have been updated by the LETKF they are used
to post-process the raw forecast as described in Eq. (6.1). A leave-one-out framework is
used to evaluate the skill of the post-processed forecasts at proxy-ungauged locations (Section

6.3.3).

6.3 Experiment design

We aim to evaluate the ability of the proposed post-processing method to correct ensemble
forecasts at ungauged locations. This section describes the data and evaluation strategy

employed to achieve this aim.

6.3.1 Case study

We investigate the efficacy of the post-processing method for the Rhine-Meuse catchment.
The Rhine-Meuse catchment has a relatively dense river gauging station network with several
gauges having long observation records (Krabbenhoft et al., 2022). This allows at-gauge
post-processing, which requires historic observations (see Section 6.2.1), to be performed
on most river stretches within the catchment (see locations of stations in Fig. 6.1a). Within
the EFAS drainage network both the Rhine and the Meuse have the same outlet hence they
are considered a single basin. The Rhine-Meuse catchment is the 5th largest catchment in
EFAS with 7812 grid-boxes (resulting in a drainage area 195,300 km?). The hydrological
regime varies throughout the catchment due to differing river sizes, geology, and land and
water usage (Dieperink, 1997). Starting in the Swiss Alps, the Rhine flows in a generally
northwesterly direction through six countries (draining from nine countries) before reaching
the North Sea (Uehlinger et al., 2009). Main tributaries of the Rhine include the Aare,
Neckar, Main, and Moselle rivers. The Meuse rises in France and flows north joining with

the Rhine at the Rhine—-Meuse—Scheldt delta (Berger, 1992,).
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6.3.2 Data
6.3.2.1 Ensemble river discharge forecasts

Ensemble forecasts consist of many possible future scenarios and aim to account for uncer-
tainty in the forecast (Troin et al., 2021; Wu et al., 2020; Cloke and Pappenberger, 2009).
This study uses ensemble forecasts from the Copernicus Emergency Management Service’s
European Flood Awareness System (EFAS) for 2021 (available from Barnard et al., 2020b).
The EFAS forecasts are multi-model forecasts created by forcing the calibrated LISFLOOD
hydrological model (De Roo et al., 2000; van der Knijff et al., 2008) with the output from
four numerical weather prediction (NWP) systems, including two ensemble meteorological
forecasts and two deterministic forecasts (Matthews et al., 2025b). The maximum lead-time
differs between the NWPs with the medium-range ensemble of the European Center for
Medium-range Weather Forecasts (ECMWF) having the longest forecast horizon of 15 days
(Haiden et al., 2024). The ensemble river discharge forecasts are primarily initiated from
a single set of initial conditions with the exception of the forecasts driven by the German
Weather Service’s deterministic NWP which have a separate set of initial conditions (Arnal
et al., 2019). In general, the river discharge ensemble spread is narrow at short lead-times
due to the restricted set of initial conditions, but increases as the different meteorological
forcings propagate through the system (Smith et al., 2016).

The ensemble forecasts have three functions within this study: 1) they are post-processed
at gauged locations using the post-processing method described in Section 6.2.1, 2) they
are used to estimate the error-covariance matrix in the information propagation step of the
post-processing method described in Section 6.2.2, and 3) they are the raw forecast that are
corrected by the post-processing method and used as the benchmark for all skill scores. The
full multi-model EFAS ensemble is used in the at-gauge post-processing step. However, only
the ensemble members driven by the ECMWF ensemble are used as the benchmark forecast,
and in the estimation of the error-covariance matrix due to its relatively large ensemble size
(51 members). Using a single-model ensemble avoids issues caused by the different forecast

horizons of the NWPs. In this study, we use the EFAS version 4 (operational from 14 October
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2020 to 20 September 2023) ensemble forecasts from the 00 UTC cycle for each day of 2021
resulting in a total of 365 forecasts. The ensembles are aggregated to daily timesteps to
reduce the computational demand within the study. The forecasts have a spatial resolution of
Skm X S5km with a ETRS89 Lambert Azimuthal Equal Area Coordinate Reference System
(Arnal et al., 2019). Each ensemble member predicts the average river discharge in each

grid-box for each timestep.

6.3.2.2 Observations

The river discharge observations used here were provided by local authorities and collected by
the CEMS Hydrological Data Collection Centre. More information is available at https://
european-flood.emergency.copernicus.eu/en/european-flood-awareness-system-
efas. Eighty-nine river gauges within the Rhine-Meuse catchment are used in the evaluation
presented here. These stations were selected due to their complete timeseries for the evalua-
tion period of this study (1 January 2021 to 15 January 2022). River discharge observations

were used in four parts of this study:

1. Historic observations from the 89 stations of interest were used to calibrate error-models
for use in the at-gauge post-processing method (see Section 6.2.1). The length of the
calibration period varies between stations with a maximum period from 1 January 1990

to 20 December 2020 (median calibration period of 12 years).

2. Observations from the 40 days prior to a forecast initialisation time at the 89 stations
of interest were used in the at-gauge post-processing method to condition the forecast

on recent observations (see Section 6.2.1).

3. Observations available from any station for the 10 days prior to a forecast initialisation
time (maximum of 505 stations) were used to estimate the initial error ensemble (see

Section 6.2.2).

4. Observations from the evaluation period of the study were used to evaluate the skill of

the forecasts at the 89 stations of interest (see Section 6.3.3.2)
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The localisation length scale of the information propagation method is defined as outlined
in Section 6.2.2 as the maximum distance between any grid-box and its closest river gauge.

In this study the localisation length scale is set as 262 km.

6.3.2.3 Simulation forced with meteorological observations

CEMS generates a longterm simulation from 1990 to near real-time by driving the LISFLOOD
hydrological model with meteorological observations (available from Mazzetti et al., 2020b).
The simulation for the grid-box to which the river gauge is mapped is extracted from the full
dataset and used for the offline calibration of the at-gauge error-models, within the at-gauge
post-processing method, and to estimate the initial error ensemble (see points 1-3 of the use

of observations in Section 6.3.2.2).

6.3.3 Evaluation strategy
6.3.3.1 Experiment framework

In this study we evaluate the forecast skill of a post-processing method intended for application
at ungauged locations. A leave-one-out spatial cross-validation strategy is used to asses the
skill of the forecasts at ungauged locations (Geroldinger et al., 2023). For each station we
run an experiment where the at-gauge estimates (described in Section 6.2.1) for that station
location are not assimilated imitating an ungauged location. The post-processed forecasts are
then assessed at the proxy-ungauged location using river discharge observations as the ‘truth’.
Note we refer to the proxy-ungauged locations simply as ungauged locations throughout.
Forecasts are created and evaluated for each day of 2021 resulting in 365 evaluated forecasts.
The metrics used to evaluate the forecasts are described in Section 6.3.3.2.

We also conduct all station experiments where all the at-gauge estimates available are
assimilated. These experiments are used to investigate the influence of the at-gauge estimates

rather than to evaluate the skill of the post-processed forecasts.
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6.3.3.2 Evaluation metrics

To assess the forecast skill, we use five metrics: the Continuous Ranked Probability Score
(CRPS), the Nash-Sutcliffe Efficiency (NSE), the correlation, the bias ratio, and the variability
ratio. Since both raw and post-processed forecasts are ensembles, we use the Continuous
Ranked Probability Score (CRPS Hersbach, 2000) to assess the overall skill of the forecast
distributions. The CRPS measures the difference between the forecast distribution and the
observed values, providing an evaluation of probabilistic predictions. The CRPS has a perfect
value of 0 and ranges from 0 to co. The Nash-Sutcliffe Efficiency (NSE Nash and Sutcliffe,
1970) is used to evaluate the skill of the ensemble means. As a normalised form of the root-
mean-square error (RMSE), the NSE provides insight into the overall difference between
forecasts and observations and is directly comparable across locations. The NSE penalizes
large errors more heavily than small ones, making it particularly useful for identifying poor
performing forecasts. The NSE has a perfect value of 1 when the observations and forecasts
match exactly. Correlation, bias ratio, and variability ratio are components of the Kling-Gupta
Efficiency (KGE) metric and each capture a different type of forecast error relevant to river
discharge predictions (Gupta et al., 2009; Kling and Gupta, 2009). Specifically, correlation
measures timing errors, the bias ratio quantifies systematic over- or underestimation of
river discharge, and the variability ratio assesses the forecast’s ability to capture discharge
variability. Each component has a perfect value of 1 with correlation ranging from -1 to 1,
and the bias and variability ratio ranging from —oco to co.

Each metric is computed separately for each station and lead-time by extracting the
corresponding lead-time from each forecast. All 365 forecasts are used to calculate the
metrics with the exception of Fig. 6.2b where we calculate the NSE and CRPS for each
month separately. To assess the level of improvement provided by post-processing we use

skill scores, SS, calculated as

MELriCpoy — MELTIC, 4y

SSmetric = (6.2)

MELriCpe, f — MELTIC 4y
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where metric,,g, metric,,, and metric,,, s are the values of the metric of interest for the
post-processed forecasts, the raw forecasts, and a perfect forecast, respectively (Harrigan
et al., 2018b). Positive skill scores indicate post-processing has improved the skill of the

forecast whereas negative skill scores indicate a worsening of the skill.

6.4 Results

In this section we present an evaluation of the post-processed forecasts at ungauged locations
(Section 6.4.1) and an initial investigation into the factors that influence the skill of the
post-processed forecasts (Section 6.4.2). For stations and river names mentioned in this
section please see the map in Fig. 6.1a. For clarity, the at-gauge post-processed forecasts
that are assimilated are referred to as the ‘at-gauge estimates’ (method is given in Section
6.2.1). The error-corrected forecasts derived using the LETKF-based method presented in
this manuscript are referred to as the ‘post-processed’ forecasts (method is given in Section
6.2.2). The uncorrected forecasts are referred to as the ‘raw’ forecasts. Evaluation at ungauged

locations is achieved using the cross-validation strategy outlined in Section 6.3.3.

6.4.1 Post-processed forecast skill

The skill of the post-processed forecasts at ungauged locations is assessed using spatial cross-
validation and benchmarked against the raw forecasts. At a lead-time of 1 day, the skill of the
ensemble mean (in terms of the NSE) and the ensemble distribution (in terms of the CRPS)
are improved at over 75% of the ungauged locations (Fig. 6.2a). Both sets of skill scores
show decreasing forecast skill with increasing lead-time. The post-processed forecast mean
is improved compared to the raw forecast at the majority of stations up to a lead-time of 5
days. For the forecast distribution this level of improvement is seen until a lead-time of 6
days (not shown). The range of NSE skill scores is wide across all lead-times. At a lead-time
of 3 days some stations show a 50% improvement of the ensemble mean (NSE skill score
above 0.5) and some stations show a degradation of 100% (NSE skill score below -1). For

lead-times greater than 5 days the range of NSE skill scores is reduced but this is due to a
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decrease in the skill of the raw forecasts (i.e., naive skill Pappenberger et al., 2015b). The
range of CRPS skill scores at each lead-time is much smaller. For lead-times greater than 11

days, both skill scores have similar distributions as for an 11-day lead-time so are not shown

for simplicity.
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Figure 6.2: Skill scores of the post-processed ensemble mean (purple) and distribution (blue)
at ungauged locations a) across lead-times and b) across months for a lead-time of 5 days.
The red dashed lines show skill scores of 0. Positive skill scores indicate improvement
and negative skill scores indicate degradation. Whiskers extend between the 5th and 95th
percentiles. Black dots indicate the mean. Purple text states the extent of the whiskers where
they extend beyond the axis limits.

We now investigate how the skill varies throughout the evaluation period focusing on
a lead-time of 5 days (for which, overall, forecasts are improved at approximately half
of stations; Fig. 6.2a). For most months both the NSE and CRPS values are improved
by post-processing at more than 60% of stations with forecasts in May showing the most
improvement. However, post-processing worsens the CRPS in general for February, July,

August, and December. The NSE also decreases for these months with the exception of
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February for which 61% of locations are still improved. Additionally, the range of NSE skill
scores is large for these four months. These four months correspond to times when parts of
the catchment experienced high flows. In February, the flooding primarily impacted the lower
middle Rhine area, and in July the flooding primarily impacted the western tributaries of the
Rhine (Mohr et al., 2022). Locations for which the post-processing worsens the forecast skill
are typically those which experience the high flows (not shown) suggesting a limitation of
the method for high flows.

To investigate the spatial variability of the forecast skill we again focus on a lead-time
of 5 days allowing us to investigate the locations where the post-processing method is most
beneficial (black outlines of the markers in Fig. 6.3). We compare the three components of
the KGE (namely, the correlation, variability ratio, and bias ratio) for the ensemble means
of the raw and post-processed forecasts at each location (Fig. 6.3). For the correlation, the
spatial distribution of locations for which the post-processing is beneficial largely follows the
spatial pattern of the skill of the adjusted at-gauge estimates (shown in Fig. 6.1a). Generally,
the behaviour is regional with several consecutive stations being improved (or degraded)
along a river. Notably, most locations along the Rhine are improved by post-processing,
consistent with the locations of the at-gauge estimates with the highest skill. The correlation
is also improved upstream on the Saar, the Nahe, and the Aare. In other places, such as the
Main, the Necker, and the Moselle, the correlation is worsened by post-processing. These
locations are consistent with locations of lower skill in the at-gauge estimates. For some of the
degraded stations, in particular along the Main, the degradation is small (see similar colours
of the left and right side of the markers). However, for some locations the degradation is
larger. In general, the stations which show large degradation in the correlation tend to be the
most upstream or only station on their river (e.g., the most upstream stations on the Meuse,
the Sauer, the Ill, and the Thur).

The variability ratio shows an almost exact opposite spatial pattern of behaviour compared
to the correlation. The majority of locations on the Moselle and Main are improved, as well
as some locations on the Meuse, but few locations are improved along the Rhine (Fig. 6.3b).

Whilst the specific locations that are improved are different, the variability ratio is improved
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Figure 6.3: Components of the Kling Gupta Efficiency metric: a) correlation, b) variability
ratio, and c) bias ratio, for a lead-time of 5 days for each station for the ensemble means of the
raw forecasts (left half of markers) and the post-processed forecasts (right half of markers).
A black outline to the marker indicates the forecasts are improved by post-processing. A
perfect score is 1 for all three metrics.

for sequential stations creating regions of improvement and degradation. In general, locations
with larger variability errors in the raw forecasts (indicated by darker colours on the left half of
the marker) are corrected and locations with smaller variability errors, such as the Rhine, are
worsened. The raw forecasts tend to underestimate the variability of the river discharge (red
markers) and the post-processing is able to correct these errors. However, the worsening of
the correlation along the Main and Moselle suggests that the timing of the peaks is incorrect
even though the magnitude is better captured. It is notable that the Domrémy-la-Pucelle
station, the most upstream station on the Meuse, shows an improvement in terms of the
variability ratio, which it did not when observations were used as the at-gauge estimates
in (Chapter 5) (see Fig. 6.7). The at-gauge estimate at the Domrémy-la-Pucelle station is
also not skillful at a lead-time of 5-days (Fig. 6.1a). This suggests that the propagation
of information from neighbouring stations is providing some useful information that is not
captured in the error-model of the at-gauge post-processing method.

The bias ratio shows an entirely different spatial pattern to both the correlation and the
variability ratio. The locations for which post-processing is beneficial are more sporadically

located. For example, some locations along the Rhine are improved but the bias is increased at
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others. The raw forecast of the Rhine is relatively unbiased particularly in the lower stretches
of the river (shown by the near white of the left side of the marker). Therefore, small errors in
a post-processed forecast can result in the forecast being degraded in terms of the bias. Many
of the most upstream stations on the rivers (e.g., the Meuse, the Sauer, the Saar, the Aare,
the Rhine, and the Main) are improved. These stations typically have larger biases in the raw
forecasts and therefore the post-processing method is able to better estimate a consistent bias

correction without being penalised for incorrectly estimating dynamic errors.

6.4.2 Factors impacting the forecast skill

In Section 6.4.1 we found that the improvement due to post-processing varied depending on
the flow level and location as well as due to the metric of choice. In this section we will
investigate some factors that influence the forecast skill gained by post-processing. First,
using all station experiments (Fig. 6.4), we investigate the relationship between the analysis
error ensemble mean which can be considered the estimated error of the raw forecast mean
(background colour), the true error of the raw forecast mean (markers in left panels), and the
difference between the raw forecast mean and the at-gauge estimates which are the innovations
(markers in the right panels). Two flow scenarios are considered: 1) high flows on 15 July
2021 and 2) normal flows on 13 October 2021. We again look at the 5-day lead-time. Ideally,
the estimated error would match the true error at the locations of markers which would result
in a perfect forecast. Typically, the forecast is improved (shown by cyan marker outlines)
when the estimated error has the same sign as the true error such as along the lower Rhine and
Moselle in Fig. 6.4a. However, there are some cases where the estimated error over-corrects
leading to a larger absolute error (e.g., along the Meuse in Fig. 6.4b).

Both the true and estimated errors are larger during the high flow event compared to the
normal flow situation (note the different colour scales). This is expected as flood events are
harder to predict and the EFAS forecasts are relatively unbiased in the Rhine catchment (see
the ‘Evaluation’ layers at https://european-flood.emergency.copernicus.eu/). The

estimated errors are also non-negligible for more of the river network with smaller rivers
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Figure 6.4: Error of the ensemble mean at a lead-time of 5 days for the forecasts generated
on 10 July 2021 (a and c) and 8 October 2021 (b and d) for the all station experiments. The
square markers show the difference between the raw forecast mean and the observations (a
& b), and the raw forecast mean and the at-gauge estimates (¢ & d). A cyan marker outline
indicates the forecast ensemble mean is improved by post-processing. The Halden station
discussed in the text is labeled.

visible in Fig. 6.4a compared to Fig. 6.4b. Whilst we can not evaluate the forecasts at real
ungauged locations, the true errors are also smaller in Fig. 6.4b especially for smaller rivers.
This suggests that the estimated errors are capturing a real increase in the spatial extent of
the errors.

There are regions where the sign of the error is incorrectly estimated. For example, in Fig.
6.4a locations on the lower Meuse are estimated to have negative errors (orange background)
but the true errors are positive (purple markers). We can see the cause of this issue by
looking at the innovations (Figs. 6.4c and 6.4d). The estimated errors almost exactly follow
the spatial pattern of the innovations. This is beneficial when the innovations are similar
to the true errors such as on the lower Rhine but is not beneficial when they differ such as
along the middle Rhine (Fig. 6.4c). This change in behaviour along the Rhine for 15 July

is due to the post-processing working better for the rising limb of a flood than for the falling

224



6.4. Results

limb. An example of this behaviour is shown in Fig. 6.5a (rising) and Fig. 6.5b (falling).
The post-processed forecast mean captures the flood event well 5-days before the peak (Fig.
6.5a). However, once the heavy rainfall has passed and the catchment response is captured
in the initial conditions, the flood peak is routed along the river network with no spread in
the ensemble forecast. The lack of ensemble spread means the prior ensemble is given more
weight in the LETKF resulting in very little change in the estimated error, despite the true
error of the forecast decreasing (Fig. 6.5b). This limitation was identified in (Chapter 5 and
is discussed further in Section 6.5. Interestingly, in Fig. 6.4c, at the Halden station on the
Thur river the innovation and the true error match in sign (negative) but the estimated error
is positive. Neighboring innovations are positive which suggests the neighbouring at-gauge
estimates are being given more weight in the LETKF than the at-gauge estimate at the Halden
station itself. This could be because the uncertainty of the at-gauge estimate at Halden is
incorrectly large and so is weighted lower in the LETKF, or because the distance based
localisation has not fully removed the impact of spurious correlations between the nearby
gauges and the Halden station. This leads to a positive bias in the post-processed forecast as
shown in Fig. 6.5c.

Next, we use heatmaps to investigate the impact of three factors on the post-processed
forecast skill (Fig. 6.6): 1) the skill of the at-gauge estimates, 2) the correlation between
the ungauged location and the locations of the at-gauge estimate, and 3) the ratio of the
average flow at both locations. In each heatmap, the rows represent the ungauged locations
ranked by the NSE skill score of the post-processed forecasts at a lead-time of 5 days. The
red line separates the locations where post-processing is beneficial and locations where it is
not. The columns represent the distance rank of the at-gauge estimates from each ungauged
location with the first column representing the closest station (which may be different for each
ungauged location). If the at-gauge estimate is outside the localisation range of the ungauged
location, the box is coloured grey as it has no impact on the error estimate. Note here we
refer to the location of the at-gauge estimates simply as the gauges.

Typically, the post-processed forecasts have higher skill if nearby at-gauge estimates have

a high skill. This is shown by the higher density of positive skill scores of the at-gauge
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Figure 6.5: Hydrographs of the raw ensemble forecasts (orange) and the post-processed
ensemble forecast (blue) at ungauged locations. Black markers show the observed values.
Upstream drainage areas for the locations are a & b) Rees:159,683 km?, ¢) Halden: 1,085
km?, d) Wolfsmiinter: 2,121 km?, and e) Niirnberg: 1,198 km?.

226



6.4. Results

estimates (purple squares) in the top half of Fig. 6.6a compared to the lower half where
negative skill scores (orange squares) are more common close to the ungauged locations. The
at-gauge post-processing method used here is known to be less beneficial for rainfall-driven
high flows (Chapter 4). Therefore, this dependency on the skill of the at-gauge estimates is
likely the cause of the lower skill of the post-processed forecasts for months with flood events
(Fig. 6.2b). Additionally, in general the post-processed forecasts have a higher skill when
a larger number of gauges are within the localisation region. This is most noticeable for
the lowest skilled ungauged locations (lowest rows) where the number of gauges decreases
substantially. The exception to this is the Stenay station (indicated in Fig. 6.6a) which has a
high skill in the leave-one-out experiment but only 9 gauges are within the localisation region
and many have low skill.

The correlation between the ungauged location and the gauged locations is one factor
determining how the information is propagated along the river network by the LETKF. Most
of the ungauged locations assessed have gauge with which they have a high correlation
(white/yellow squares in Fig. 6.6b). Whilst this is usually a nearby gauge it is not always the
closest gauge. Typically higher correlations are found between locations on the same stretch
of river but gauges on tributaries may be geographically closer (not shown). We note that
the Stenay station is again an exception as all correlation values are comparatively low (less
than 0.73) and drop further after the two closest gauges. The low correlations will give the
at-gauge estimates less influence within the LETKF which may explain how the skill of the
post-processed forecasts is high despite the skill of some of the nearby at-gauge estimates
being low.

Finally, we look at the ratio between the mean observed flow throughout the evaluation
period at gauged locations and the ungauged location. We take the log of the ratios such that
negative values mean the flow at the ungauged location is larger than the flow at the gauges.
In general, ungauged locations where post-processing is beneficial tend to have higher flows
than at the nearby gauges shown by the largely orange upper half of Fig. 6.6c. Locations
that are degraded by post-processing often have smaller flows than the surrounding gauges.

For example, the Wolfsmiinter station on the Saale has a lower flow than many of the nearby
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Figure 6.6: Heatmaps of the skill of post-processed forecasts at ungauged locations against the
distance rank of the assimilated at-gauge estimates. Each row represents an ungauged location
ordered by the NSE skill score at a lead-time of 5 days. Rows above the red horizontal line
represent locations that are improved by post-processing and rows below represent degraded
locations. Each column represents the ranking of the location of an assimilated at-gauge
estimate in terms of distance from the ungauged location with the closest gauge on the left.
The colour of the squares is determined by the a) NSE skill score of the at-gauge estimate, b)
the correlation between the ungauged and gauged locations calculated from the raw forecast
ensemble, and c) the ratio between the mean flow at the ungauged location and the gauged
locations. Columns with grey squares are beyond the localisation range (524 km) of the
ungauged location. Stations discussed in the text are labeled.
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gauges, in particular, its nearest station. As such the estimate of the error is influenced by the
larger rivers resulting in an incorrect error estimate and leading to degraded post-processed
forecasts (Fig. 6.5d). On the other hand, the post-processed forecasts have a high skill at
the Niirnberg station on the Pegnitz river. The drainage area of this station is only 1,195
km? and as such the average flow is much lower than for many of the other gauges in the
Rhine-Meuse catchment. It was found that there is a fairly consistent bias at this location
that the post-processing method is able to correct (Fig. 6.5e) leading to a high skill score.
The at-gauge post-processing method has been shown to be more skillful for larger rivers
(Chapter 4). As the skill of the at-gauge estimates influences the skill of the post-processed
forecasts at ungauged locations (Fig. 6.6a), this is likely one reason why the post-processed
forecasts have higher skill on larger rivers. Additionally, locations with smaller drainage areas
are likely to show smaller variability due to rainfall resulting in smaller ensemble spreads.
Therefore, smaller rivers are likely to be impacted more often by the limits of the uncertainty
quantification in the prior ensemble. This is another reason for the Wolfsmiinter station
showing a poorer skill (e.g., early lead-times in Fig. 6.5d).

The skill of the at-gauge estimates influences the performance of the post-processed
forecasts at ungauged locations (Fig. 6.3a). To further examine the spatial impact of the
at-gauge estimates, Fig. 6.3 can be compared with the equivalent figure for the ensembles
presented in Chapter 5 (see Fig. 6.7). In Chapter 5, observations rather than at-gauge
post-processed forecasts (i.e., the at-gauge estimates) were assimilated. Comparing these two
figures therefore isolates the impact of using at-gauge estimates in place of direct observations.

In terms of correlation (panels Fig. 6.3a and Fig. 6.7a), the use of at-gauge estimates has
little influence on forecast skill along the Rhine and its upper tributaries. However, forecast
skill on the Meuse, Moselle, and Main is reduced relative to the results from Chapter 5,
as indicated by the absence of black-outlined stations along these rivers in Fig. 6.3a. The
fact that higher skill is achieved when observations are assimilated suggests that the reduced
performance in the post-processed forecasts of this chapter are due to inaccuracies in the

at-gauge estimates.
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Figure 6.7: Same as Fig. 6.3 but for the error-corrected ensembles from (Chapter 5). In
Chapter 5, observations are assimilated rather than the at-gauge post-processed forecasts that
are used in this study. Each panel shows a components of the Kling Gupta Efficiency metric:
a) correlation, b) variability ratio, and c) bias ratio, for a lead-time of 5 days for each station
for the ensemble means of the raw forecasts (left half of markers) and the error-corrected
forecasts (right half of markers). A black outline to the marker indicates the forecasts are
improved by the error-correction. A perfect score is 1 for all three metrics. Please note this
is different from Fig. 5.6 where the metrics are averaged across all lead-time.

For both variability bias and bias ratio (panels Fig. 6.3b,c and Fig. 6.7b,c), the two sets of
forecasts exhibit broadly similar spatial patterns. Although fewer stations show improvement
when at-gauge estimates are assimilated instead of observations, the similarity in the locations
of degraded performance implies that the ensemble error covariances may not fully capture
spatial dependencies between stations. Reducing the localisation length could help mitigate

this issue by limiting the influence of distant stations with spuriously high correlations.

6.5 Discussion

The method proposed for post-processing ensemble forecasts at ungauged location combines
two previously evaluated methods: 1) an at-gauge post-processing method - here the oper-
ational post-processing method of the CEMS’ European Flood Awareness System (EFAS)
- to estimate the river discharge during the forecast period at gauged locations, and 2) a
data-assimilation inspired method to propagate the error correction from gauged to ungauged

locations. The proposed post-processing method can correct the raw ensemble forecast at
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most ungauged locations for lead-times up to five days, with some locations also benefitting
at longer lead-times.

The improvement gained from post-processing the ensemble forecasts with this new
method has been shown to depend on the skill of the at-gauge estimates. The at-gauge
post-processing method used in this study has been shown to reduce hydrological model
errors, but struggles with correcting errors due to the meteorological forcings (Matthews
et al., 2022). As high flows in the Rhine-Meuse catchment are typically rainfall-driven (e.g.,
Mohr et al., 2022), this limitation in the at-gauge estimates leads to limited improvement at
some ungauged locations during flood events. However, the correction of hydrological model
biases are often correctly propagated to ungauged locations.

One advantage of this approach is that any at-gauge post-processing method can be used.
Many information propagation techniques are restricted to transferring intermediate error-
correction parameters between gauged and ungauged locations. However, the LETKF-based
method uses the final output of the at-gauge post-processing method (i.e., the corrected river
discharge). Therefore, any at-gauge post-processing method can be applied and the corrected
river discharge estimates assimilated. This allows the at-gauge post-processing method to be
developed independently to improve the skill at gauged locations, before combining it with
the information propagation technique. Additionally, this flexibility allows this approach to
be applied to any ensemble river discharge forecasting system, without the need to change
the at-gauge post-processing method with which users may already be familiar.

A key challenge of the information propagation method is the accurate quantification of
the uncertainty in the prior ensemble especially at shorter lead-times. The spread of the prior
ensemble is largely determined by the raw ensemble forecast due to the state augmentation
and covariance inflation technique used within the LETKF. This spread is driven by the me-
teorological forcings, in particular precipitation for the Rhine-Meuse catchment. When little
or no precipitation is predicted, the ensemble spread remains narrow, giving greater weight
to the prior ensemble and limiting the influence of the at-gauge estimates. There is therefore
a need to account for additional sources of uncertainty, such as the initial conditions and the

hydrological model. One potential solution is to estimate an error-covariance matrix repre-
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senting the hydrological model uncertainties from historic simulations. This matrix could
then be used within the covariance inflation module to ensure the inclusion of hydrological
uncertainties within the prior-ensemble spread, similarly to some hybrid ensemble-variational
data assimilation approaches (e.g., Kotsuki and Bishop, 2022).

Another component of the method that could be refined is the localisation. Localisation is
used to reduce the impact of spurious correlations in the prior ensemble. Here, we define the
localisation length scale as the maximum distance between any grid-box and its closest gauge.
This is the minimum localisation length scale required to ensure every grid-box is updated
which reduces the potential for spatially inconsistent forecasts - an important consideration
for spatially distributed forecasts. However, in Fig. 6.5d, we see that the localisation does
not always sufficiently limit the impact of spurious correlations which can lead to biases in
the post-processed forecasts. River discharge downstream of a confluence is the convolution
of the two merging rivers (Bloschl, 2022). However, upstream of the confluence the two
rivers may be extremely different. Therefore, moderating the localisation further based on
the location of confluences should be investigated.

We selected the Rhine-Meuse catchment as it is relatively highly gauged, allowing us
to evaluate the method at many locations. However, we find that fewer gauges within the
localisations region can lead to low skill in the post-processed forecasts. Therefore, further
experiments are needed to understand the sensitivity of the method to the location and
number of gauges. This will provide information on how the method will react if some
at-gauge estimates are temporarily unavailable which could happen in an operational context.
Additionally, the LISFLOOD hydrological model is well calibrated for the Rhine-Meuse
catchment and typically has small hydrological errors making the raw forecasts a relatively
high benchmark to beat. Further evaluations should be conducted on additional catchments
to understand how the method responds to different sources of errors such as snowmelt and

regulation.
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6.6 Conclusion

In this study we evaluate a method for post-processing ensemble river discharge forecasts
at ungauged locations. The ensemble forecasts are first post-processed at gauged locations.
The at-gauge post-processed forecasts are then used within an LETKF-based method to esti-
mate error vectors for each grid-box in the catchment. In this study, we use the operational
at-gauge post-processing method of the Copernicus Emergency Management Service’s Eu-
ropean Flood Awareness System (EFAS; Matthews et al., 2025b), and post-process the EFAS
ensemble forecasts at all locations across the Rhine-Meuse catchment.

We aim to answer two questions in this proof-of-concept study. First, can error correc-
tions derived from at-gauge post-processed forecasts be effectively propagated to ungauged
locations using a data-assimilation-based method? We show that the post-processing method
has the potential to improve the forecast means and forecast distributions at ungauged loca-
tions for lead-times up to 5 days. However, the types of errors corrected vary spatially. The
correlation of the forecast mean is improved along the Rhine. However, the bias and the
ability of the forecast to capture the variability of the flow is improved for locations where the
raw forecast is least skilled, which tend to be tributaries of the Rhine. The post-processing
method showed less improvement for high flow events compared to normal flows situations.

Second, what factors influence the method’s ability to improve the forecast skill at un-
gauged locations? The skill of the at-gauge estimation influences the skill of the post-
processed forecasts at ungauged locations. Stretches of the river network for which the
at-gauge estimates are skillful are typically improved by the post-processing method. On the
other hand, when the at-gauge estimates perform poorly (e.g., for smaller rivers or during
extreme floods) they can negatively impact the skill of the post-processed forecasts. The en-
semble correlations (via the ensemble covariances) can help mitigate the influence of poorly
skilled at-gauge estimates. However, when the spread of the raw forecast ensemble is incor-
rectly small, even skillful at-gauge estimates can be ignored within the LETKF. The number
of at-gauge estimates influencing the estimation of the error vectors also impacts the skill of

the post-processed forecasts with more at-gauge estimates being beneficial.
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The results of this study demonstrate the potential of the ungauged post-processing method
to improve river discharge forecasts. The flexibility of this approach, allowing any at-gauge
post-processing method to be used, makes it widely applicable to different forecasting systems
without requiring major changes to existing workflows. As advancements in at-gauge post-
processing continue, these improvements can be integrated into the information propagation
framework, improving forecast skill at both gauged and ungauged locations. With continued
development, this approach offers a promising pathway towards more reliable ensemble river
discharge forecasts at ungauged locations, ultimately supporting improved flood preparedness

and water resource management.

6.7 Summary of Chapter 6

The new post-processing method presented in this chapter combines the methods of Chapters 4
and 5. At-gauge post-processed forecasts are used as proxy-observations within the LETKF-
based error-propagation method (Objective 3). (Q3.1) The method shows potential as a
post-processing method for ungauged locations particularly at short lead-times. The post-
processed ensemble forecasts show improved skill at the majority of station up to a lead-time
of 5 days, but the method is less skilled for high flows than for normal flows. (Q3.2)
The skill of the post-processed forecasts is largely dependent on the accuracy of the proxy-
observations. For example, the at-gauge post-processing method used to generate the proxy-
observations was found to struggle for high-flows in catchments, such as the Rhine, where
meteorological forcings are the main cause of the errors (Chapter 4; Objective 1). The location
of the proxy-observations is also important with locations downstream of proxy-observations
being improved more in general. Additionally, in Chapter 5, the data-assimilation-inspired
information propagation method was found to struggle when the raw ensemble spread was
incorrectly small (Objective 2). This behaviour is seen in this chapter (Chapter 6) as well.
Forecasts for the falling limb of a flood event are most impacted by this limitation.

Whilst the new post-processing method has limitations that need to be addressed, it has

shown potential to improve the skill of the forecasts at ungauged locations. To be considered
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for operational implementation the usefulness of these forecasts must be considered. In
Chapter 7, 1 will discuss a workshop that aims to identify developments to increase the
usefulness of the EFAS at-gauge post-processed forecasts (Objective 4). At the end of
Chapter 7, I will discuss how the outcomes of the workshop apply to the new post-processing

method for ungauged locations (presented in this chapter) if it were to be made operational.
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Chapter 7

User priorities for the development of the

EFAS post-processed forecasts

This chapter addresses the fourth objective of the thesis: 7o identify potential barriers for the

use of the EFAS post-processed forecasts and determine future developmental priorities.

A workshop was organised between developers and users of the post-processed flood forecast
product of the European Flood Awareness System (EFAS) to determine priorities for future
co-developments. The aim of the workshop was to ensure future developments are in line with
user-requirements and the available resources. The workshop was held on the 27 September
2022 at the Joint Research Centre (JRC) Conference Centre, Italy and online (hybrid). The

content of the chapter is reproduced from:

Matthews, G., H. L. Cloke, S. L. Dance, E. Hansford, C. Mazzetti, and C. Prudhomme, 2023:
Co-Design and Co-Production of Flood Forecast Products: Summary of a Hybrid Workshop.
Bull. Amer. Meteor. Soc., 104, E1058-E1066, https://doi.org/10.1175/BAMS-D-23-

0061.1.

In Section 7.9, I summarise the key results of the chapter and discuss how they may apply to

the post-processing method developed in Chapter 6.
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7.1. Introduction

7.1 Introduction

With flood damage increasing, the effective use of mitigation instruments is essential (,
WMO). Flood Early Warning Systems are cost-effective tools to increase preparedness for
floods and reduce the resulting damage (Pappenberger et al., 2015a; Verkade and Werner,
2011). The European Flood Awareness System (EFAS), part of the Copernicus Emergency
Management Services (CEMS), is a pan-European flood forecasting system established to
complement national systems by producing medium-range probabilistic flood forecasts par-
ticularly for large transnational rivers (Thielen et al., 2009; Demeritt et al., 2013; De Roo
et al., 2011; Smith et al., 2016). EFAS is co-produced to ensure that the forecasts created
provide decision-relevant information that can be incorporated into the procedures of the
forecast users whilst fully utilizing the knowledge and resources of all involved (Lienert et al.,
2022; Bierens et al., 2020). In practice, several mechanisms are employed to facilitate the
required collaboration including webinars, online feedback forms, training sessions, user
surveys, workshops, working groups, and the EFAS annual meetings.

The focus of the workshop discussed here was the co-design of the EFAS post-processed
forecasts with the workshop forming part of a larger iterative co-production process (Fig.
7.1). The EFAS post-processed forecasts were initially introduced following a consultation
with users which found that hydrographic forecast products would be beneficial. As with
all forecasting systems, EFAS forecasts are subject to errors and uncertainties from several
sources including the initial conditions, the meteorological forcings, and the hydrological
model. Therefore, hydrographs created from the raw (or non-postprocessed) hydrological
model output must be considered carefully. The post-processed forecast product aims to
provide a bias-corrected hydrograph and to quantify the total predictive uncertainty (De Roo
et al., 2011). The post-processed forecasts are available at river gauge locations for which
historic and near real-time river discharge observations are available (Matthews et al., 2022).
The number of locations has increased from three stations during initial testing (Bogner and
Pappenberger, 2011) to 1608 stations as of 13 September 2022 across the EFAS domain.

During the 17th EFAS Annual Meeting in September 2022, a dedicated workshop was
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organized for producers and users of the EFAS post-processed forecasts to discuss its future
evolution. Here, we summaries the outcomes of the workshop and present the next steps in
the co-developmental cycle. We also reflect on the broader workshop findings that should
be applied to other EFAS forecast products and forecasting systems. Finally, we discuss the

lessons learnt regarding stakeholder engagement in a “post-pandemic’ world.

7.2 Workshop organization

The 17th EFAS Annual Meeting was held on the 27-28 September 2022. The organizers
and host (the Joint Research Centre of the European Commission) opted for a hybrid format
to encourage face-to-face discussions, as it was the first meeting since social and travel
restrictions had eased, whilst still engaging with those unable to travel. The meeting was open
to representatives from the EFAS partners (hydrometeorological authorities across Europe
mandated to provide flood early warnings for their respective regions), and co-organized by
all EFAS operational centers (organizations contracted to run EFAS). To complement the
plenary sessions, four workshops were run focusing on specific topics voted for by attendees
at registration, including a workshop on the EFAS post-processed forecasts.

The workshop on the EFAS post-processed forecasts was held on the first day of the meet-
ing and lasted 1 hour and 15 minutes, with a total of 21 in-person attendees (approximately
27% of present) and 20 online attendees (approximately 40% of registered). The primary

objectives of the workshop were to:

1. Present the operational EFAS post-processed forecasts and forecast products including

a recent increase in temporal resolution,
2. Determine the current usage of the EFAS post-processed forecasts,
3. Identify limitations and barriers to the use of the EFAS post-processed forecasts, and

4. Determine priorities for future developments of the EFAS post-processed forecasts.

The usability of forecasts is dependent on the relevance of the forecast information content,

the communication channel, the forecast visualization (also known as the forecast product),
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Co-production cycle
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Figure 7.1: Co-production cycle for the EFAS post-processed forecasts and workshop agenda.
The workshop was an opportunity to co-explore the limitation of the post-processed forecasts
and co-design potential developments.

the quality of the forecast, and the expertise of the user (Vincent et al., 2020; WMO, 2022).
Therefore, the workshop was organized around these five topics (Table 7.1). The format of the
workshop and its position within the wider co-production process of the EFAS post-processed
forecast is shown in Fig. 7.1. A pre-workshop questionnaire was distributed to all registered
attendees one week before the workshop to comprehend the current usage and understanding
of the post-processed forecasts. A post-workshop questionnaire was also distributed allowing
participants to provide anonymous and individual feedback.

The workshop consisted of a presentation followed by a participatory group activity
to encourage dialogue (Fig. 7.1). The presentation gave an overview of each of the five
topics. Prompts were provided to guide group discussions (Table 7.1), but participants were
encouraged to consider other ideas inspired by their own systems and experience using the
EFAS post-processed forecasts in an operational setting. Mind-maps prepared ahead of the
workshop were used to record the discussions (see Fig. 7.3). Online participants used Webex
(https://www.webex.com/) and Miro (https://miro.com/) to participate in the workshop

with breakout rooms used to allow for group discussions.

7.3 EFAS post-processed forecast

A key aim of the presentation was to ensure all participants had an understanding of

the post-processed forecasts even if they did not regularly use the forecasts. The pre-
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Topic Discussion Prompts

Access 1. Do you find the post-processed forecast product easily accessible?
2. How could the post-processed forecast product or the data used to
create the product be more easily accessed?

Method 1. Do you use post-processing in your system? What works and what
does not work?

2. How about EFAS? What works and what does not work in EFAS
post-processing?

3. Have you noticed any unusual cases of the EFAS post-processed
forecast?

Product Design | 1. Are the chosen thresholds useful? What other thresholds might be
more useful?

2. Is the probability distribution presented in an appropriate and
intuitive way?

3. Are the “probability of exceeding" graphs useful? How could they
be improved?

. Would an evaluation product be useful?
. What would be the most informative verification metric?

Training and 1. Is the training provided sufficient?
Documentation | 2. What other training would you like to be provided?
3. Is the documentation provided sufficient?
Evaluation 1. Is the evaluation provided sufficient?
2
3

Table 7.1: Questions provided as prompts to facilitate the group discussions.

sentation also allowed the changes due to a recent increase in the temporal resolution
to be presented (Mazzetti et al., 2020b). The full presentation is available at https:
//www.efas.eu/en/news/17th-efas-annual-meeting and details regarding each of the
five topics are documented on the ‘CEMS-Flood Wiki’ (https://confluence.ecmwf.int/
display/CEMS/CEMS-Flood). The EFAS post-processed forecasts use recent river dis-
charge observations (provided by EFAS data providers which include several EFAS partners)
to adjust the EFAS multi-model medium-range ensemble forecasts to account for errors and
uncertainties in the ensemble forecasts. The method of post-processing has changed over time
(Matthews et al., 2022; Bogner and Kalas, 2008; Bogner and Pappenberger, 2011; Raftery
et al., 2005; Smith et al., 2016; De Roo et al., 2011) with the current method using a com-
bination of the Model Conditional Processor (MCP; Todini, 2008; Coccia and Todini, 2011)
and the Ensemble Model Output Statistics method (EMOS; Gneiting et al., 2005). The MCP

requires an offline calibration procedure which is performed twice a year to incorporate the
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7.4. Current usage

most recent river discharge observations. The MCP quantifies the hydrological uncertainty
and corrects biases due to the hydrological model. The EMOS method quantifies the un-
certainty due to the meteorological forcings. The outputs from both methods are combined
using the recursive Kalman Filter (Kalman, 1960).

The post-processed forecast is available to users via the EFAS Sensor Observation Service
(SOS), a web-based API. The EFAS-SOS allows users to visualize each percentile of the post-
processed forecast as well as to download the forecast data. Additionally, the post-processed
forecast is transformed into a forecast product, called the ‘Real-Time Hydrograph’, available
on the EFAS website (Fig. 7.2). The post-processed forecast product has been available since
2012 and in 2020 the product was merged with the medium-range reporting point layer so
that all medium-range forecast information regarding a specific location was available in a
single pop-out window.

The post-processed forecast product consists of three panels (pop-out window in Fig.
7.2): a hydrograph (left) where darker shaded percentiles are closer to the median, and
two bar charts showing the probability of exceeding the mean flow (MQ, lower right) and
the mean annual maximum (MHQ, upper right), respectively, at each lead-time. The flood
thresholds are calculated from river discharge observations; a key distinction between the
post-processed forecast product and other EFAS medium range forecast products which use
thresholds calculated from simulated reference climatologies.

Results of the latest forecast evaluations were presented, showing that the post-processed
forecasts could predict the exceedance probability of the flood thresholds more reliably (i.e.,
the forecast probabilities more accurately represented the exceedances of the thresholds) than
the raw ensemble forecasts (Matthews et al., 2022), and that the update to 6-hourly timesteps

increased the skill of the forecast probability distribution at shorter lead-times.

7.4 Current usage

All participants stated that, in the context of EFAS, post-processing is useful whilst 50% said

it is essential. Most participants selected the key aims of post-processing to be the reduction
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Figure 7.2: The so-called ‘Real-time Hydrograph’ forecast product accessed via the EFAS
website. Forecast from the 20 September 2022 for the Velké KapuSany station, Slovakia.

and quantification of forecast uncertainties. Over 70% of participants primarily use the EFAS
post-processed forecasts to predict upcoming floods in the next 5 days whereas only 14%
(2/14) use the forecasts to predict floods more than 10 days in the future. All participants
indicated they use the EFAS post-processed forecasts in conjunction with other flood and

meteorological forecast products.

7.5 Co-identifying limitations and future developments

Potential future development and limitations were discussed for each of the five topics.
Here, we discuss the key responses from the questionnaires and the mind-map-based group
discussions (Fig. 7.3).

Access

All participants indicated a preference for accessing the post-processed forecast via the EFAS
website with most indicating a high confidence in accessing the product in this manner. Lo-
cating stations by name or identification number rather than by municipality was suggested
as a more efficient search function. The EFAS SOS is useful for comparing EFAS forecasts

with a user’s own system. However, it can be slow and difficult to use, indicating the need for
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Figure 7.3: Mind-maps from two group discussions

improved efficiency of the EFAS SOS system and clearer guidelines on data access through

this service.

Method
Improving the post-processing method was most frequently selected as a top priority for
future developments, with both the MCP and the EMOS components of the method identified
as possible limitations. For example, the MCP component requires a timeseries of recent
(currently the previous 40 days) river discharge observations on which to condition the forecast
probability. Incorporating local knowledge of the catchments may optimize the number of
observations necessary for each station.

Water level is the main variable of interest for some EFAS partners. Therefore, extending
the post-processing method to create forecasts of water level would be beneficial for some
users. However, the suggestion was not unanimous so water level should not replace discharge

and would need to be included as an additional product.

Product design
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Two key changes to the forecast product were proposed during the workshop: the flood event
thresholds, and the representation of the probability distribution. There was a consensus
that locally-defined thresholds (provided by EFAS partners) would be more useful than the
current flow-based thresholds. Alternative thresholds include frequency-based magnitudes
(e.g., return periods), physically-based thresholds (e.g., defined using hydraulic models), or
other locally-defined thresholds. Locally-defined thresholds would allow more consistency
with local decision making and for direct comparison with users’ own systems. The slowly
changing color gradient in the forecast product (Fig. 7.2) makes it difficult to identify a spe-
cific percentile. Boxplots were suggested as a potential alternative to the current form of the
hydrograph. Boxplots would also make the post-processed forecast product consistent with
other EFAS forecast products allowing for direct comparison between the post-processed and

raw forecasts

Training and documentation

In the post-workshop survey, most attendees said the workshop was useful, but that additional
training was desired, with a webinar being the preferred format. Overall, participants were
satisfied with the level of detail in the documentation provided on the EFAS Wiki pages but
stated that it was not easy to find specific information on the post-processed forecasts. It
was suggested that a direct link from the forecast product on the EFAS website would be
beneficial. Additionally, some participants requested more practical guidance regarding the
data requirements and station specific information regarding the calibration process (e.g., the

calibration period).

Evaluation

Participants indicated a desire for the post-processed forecasts to be evaluated routinely with
each calibration exercise performed (twice a year). There was a clear preference for the
evaluation results to be station specific and available alongside the forecast products on the
EFAS website as an ‘evaluation product’. The importance of skill of different features of

the forecasts varied between participants with some prioritizing the reliability of the forecast
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exceeding a threshold and others prioritizing the peak magnitude and timing of the forecast
median. This indicates that the evaluation product should be designed using a multi-metric

approach.

7.6 Going forward

A set of potential future developments of the EFAS post-processed forecasts, to be researched
in the co-investigation phase, has been defined from the workshop discussions (Fig. 7.4).

During this process three key principles were found to overlap with many of the tasks:

1. Locally relevant forecast products: The information content of the forecast product
should be relevant to the task of the users. For example, locally-defined flood thresholds

allow users to connect the forecast to their local procedures.

2. User-focused auxiliary information: Auxiliary information should allow users to
extract the information that is applicable to them, their usage of the forecast, and their
region of interest. For example, forecast evaluations should be conducted at station

level.

3. Ease of access: All forecast and auxiliary information should be easy and quick for
the user to access. For example, providing links to the documentation alongside the
forecast product means users can check the information without significantly detouring

from their task.

These three principles can be applied to other EFAS forecast products and other early
warning systems. In addition to user requirements, future developments are guided by
available resources. Additionally, due to the number of locations being post-processed in
EFAS each step must be automated once in operations.

EFAS partners have been invited to join a working group during the co-investigation phase,
led by the CEMS Hydrological Forecast Computational Centre, to ensure that communication
channels between producers and users remain open throughout the process. During the co-

investigation phase feasibility studies will be conducted for each development in Fig. 7.4.
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Figure 7.4: Potential future developments of the EFAS post-processed forecasts ordered
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(purple), user-focused auxiliary information (green), and ease of access (yellow). Grey
indicates feedback that does not explicitly follow a guiding principle. Circle color indicates
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The study results will be discussed within the working group to identify any changing needs
and to ensure the solutions are appropriate. Once a preferred solution has been selected by
the working group, it will be presented to all stakeholders to provide the opportunity to raise

concerns and offer alternative solutions before implementation in the operational system.

7.7 Reflections on a hybrid workshop

This was the first hybrid EFAS annual meeting following the pandemic. The aim was to
allow in-person and online attendees to participate in the workshop equally. However, there
were three key challenges in running the workshop discussed here. First, time constraints
limited the workshop to 1 hour and 15 mins limiting opportunity for open discussion. Whilst
extending the time within the annual meeting was not possible, a standalone workshop would
allow more time but may not be attended by as many EFAS partners. Second, the dynamic

differed between the in-person groups who discussed the topics, working through the prompts
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together, and online groups who worked individually. When split into breakout rooms many
online participants did not communicate with fellow participants. This could have been for
several reasons including lack of technical equipment, being in a shared environment, multi-
tasking or lack of engagement. Additionally, due to the explicit split between online and
physical attendees there was no discussion between the two. Therefore, for the workshop to
be more beneficial for both the organizers and the online participants, rather than replicating
the group mind-mapping activity online, the activity could differ between online participants
and in-person attendees. Finally, the number of responses to the questionnaires was low
compared to participants. This is likely due to competing priorities outside of the workshop

and as such, if time allows, questionnaires should be conducted during the workshop.

7.8 Concluding remarks

A workshop was held during the 17th EFAS Annual Meeting to co-produce future devel-
opmental priorities for the EFAS post-processed forecasts. Despite difficulties that emerged
due to time constraints and the hybrid nature of the session, all workshop objectives were
achieved. Whilst the specific outcomes from the workshop are applicable to the EFAS post-
processed forecast product, the three derived principles are applicable to other EFAS forecast
products and those of other forecasting systems, such as the Global Flood Awareness System

(Alfieri et al., 2013).

7.9 Summary and discussion of Chapter 7

In this chapter, I present the outcomes from a workshop focused on identifying issues with the
operational EFAS post-processed forecasts that may limit their use. Developmental priorities
were then defined in order to overcome these barriers (Objective 4). As both developers
and users of the forecasts participated in the workshop the challenges and solutions could
be addressed dynamically. (Q4.1) The EFAS post-processed forecasts are primarily used to

predict floods in the next 5 days, and usually alongside additional forecatsing products such
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as weather forecasts, local flood forecasts, and the raw EFAS forecasts. (Q4.2) Discussions
regarding the barriers of EFAS were centered around five topics: access, post-processing
method, product design, training and documentation, forecast evaluation. Typically, these
barriers were related to local relevancy of the products, useful auxiliary information, and
ease of access. (Q4.3) These overarching principals where used to guide the identification of
developmental priorities for the operational post-processed forecasts. These developments
include changes to the post-processing method, updates to the forecast product (the visual

representation of the forecast), and improvements to the data access system (Fig. 7.4).

In Chapter 6, I presented a post-processing method for ungauged locations which showed
the potential of improving forecasts at ungauged locations. Now, I will discuss how easily
each of the developments identified in this chapter (Chapter 7) could be applied to make the

post-processing method for ungauged locations useful for users.

1) Forecast products should be locally relevant.
The first idea for how forecasts could be made more locally relevant was to include locally-
defined thresholds in the forecast period. For at-gauge post-processed forecasts, this is
possible, and was indeed implemented operationally as a direct outcome of this workshop in
March 2024. For ungauged locations, this development will be more difficult. Whilst some
users may have flood thresholds for the entire region of interest to them this is not the case
for all users many of who only have thresholds at the locations of gauges. Even if thresholds
are available everywhere mapping these thresholds to the EFAS river network in order to
compare with the forecasts would not be trivial. In general, the flood threshold that should
be used to define a flood event at an ungauged locations is a challenge.

The second idea to make the forecast products more locally relevant is to predict water
level values. For many users of the EFAS forecasts water level is a key variable of interest
as it dictates whether the river will exceed the riverbank. Currently, no water level forecasts

are provided by EFAS. As the method is currently designed it would not be possible to create
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water level forecasts at ungauged locations. However, if the at-gauge post-processed forecasts
were for water level values, such that the proxy-observations are for water level instead of
river discharge, then the method would be able to adapt to this change if an appropriate

observation operator can be identified.

2) User-focused auxiliary information.

Main set of auxiliary information that users requested to be user-focused was the evalua-
tion products. An evaluation product within EFAS is a product on the EFAS website that
shows the skill of the forecast. The key benefit of the evaluation products is that they are
available alongside the forecasts and can be displayed simultaneously. For ungauged loca-
tions, the evaluation products would face the same challenges as were faced in Chapters 5
and 6 in that the forecasts can’t be evaluated at locations without observations (i.e., truly
ungauged locations). It would be possible to take a similar approach as in these chapters of
leaving-out a single station at a time; however, the evaluation would still only be available
at gauged locations. Observations from alternative sources could be beneficial in this case.

For example, EO data could be used to evaluate the skill of the forecasts at ungauged locations.

3) Ease of access.

The need for the forecasts to be easily accessible would not cause issues for the post-processed
forecasts at ungauged locations in general. As the forecasts use the EFAS domain, any mech-
anism for disseminating the EFAS raw forecasts would be sufficient for the post-processed

forecasts.

In this chapter, barriers to the use of the EFAS post-processed forecasts were identified,
and users and developers co-designed solutions to overcome these barriers (Objective 4).
Many of these implementations have now been implemented in the operational EFAS system.
The post-processing method is able to adapt the these changes; however, continued interaction

between users and developers would be critical to ensure the forecasts are useful.
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Chapter

Discussion and future work

This PhD aims to conduct research to make river discharge forecasts more actionable with
a focus on enhancing forecast skill and usability at both gauged and ungauged locations.
Post-processing, a technique used at the end of the modelling chain to statistically correct the
forecasts, is investigated to achieve this aim. Specifically, this thesis addresses four objectives
which are introduced and motivated in Section 1.3. Each objective is discussed in detail in
Sections 8.1-8.4 below. The research questions defined in Section 1.3 will be answered and
the limitations of each study will be considered. In Section 8.5, I provide a synthesis of
the thesis and highlight the main scientific and operational contributions. Finally, in Section
8.6, I outline the potential future work that could further improve the skill and value of

post-processed forecasts.

8.1 Objective 1: To evaluate the skill of the operational
EFAS at-gauge post-processing method.

This objective is addressed in Chapter 4 where I present an evaluation of post-processed fore-
casts created using the operational EFAS at-gauge post-processing method. The evaluation

aims to answer two research questions which are answered in turn below
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8.1. Objective 1: To evaluate the skill of the operational EFAS at-gauge post-processing
method.

8.1.1 Summary of results

Q1.1: Does the operational post-processing method provide improved forecasts?

Yes, the study finds that post-processing has a positive overall effect on the forecasts. The
forecast median is improved in terms of correlation, bias, and variability at the majority of
the river gauging stations. The improvement is greatest at shorter lead-times (1-5 days) when
the recent observations, incorporated into the forecast by the post-processing method, are
most relevant. At longer lead-times (11-15 days), the post-processed forecasts tend to regress
towards the mean flow, resulting in an overall underestimation of the river discharge. The
mean annual maximum flood threshold was used to evaluate how well the post-processed
forecast predicts floods. The post-processing method improved the reliability of the forecast
uncertainty and increased the number of events detected at short lead-times compared to the
raw ensemble forecasts. However, the ability of the post-processing method to correct the

forecasts for high river discharge is limited compared to more normal river discharge values.

Q1.2: What affects the performance of the post-processing method?

Whilst forecasts were improved at most river gauging stations, the greatest improvements were
observed at river gauge stations with larger upstream areas and slower hydrological response
times (i.e., when the river discharge changes slowly). Similarly, rivers where hydrological
errors, due to the initial conditions or the hydrological model, were the dominant source of
uncertainty showed greater improvements than those where forecast uncertainty was primarily
due to the meteorological forcings. These results are both due to the near real-time river
discharge observations being more influential for rivers with high auto-correlation, because
past conditions are more strongly predictive of future states. Errors due to regulation of the
river were often corrected but primarily when the regulation was slowly changing. If the
regulation differed between the forecast period and the days immediately prior to the forecast
generation time then the regulation errors were not corrected effectively. The post-processing
method also required a timeseries of historic observations and simulations in order to calibrate

the post-processing method. For lead-times of 1 to 3 days, longer calibration timeseries led
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to slightly better performance, but the forecasts were corrected even for river gauge stations
with short timeseries (less than 5 years). Errors in the timeseries (e.g., due to changes in
the rating curve) negatively impact the post-processed forecasts, making quality checking the

observations a critical part of the process.

8.1.2 Limitations of the study

Limited availability of both forecasts and river discharge observations impacted this study
in two ways. First, to be informative to users the evaluation needed to use the version of
EFAS that was operational at the time. This was EFAS version 4.0, which was released 14
October 2020 (CEMS, 2025), less than half a year before this evaluation was conducted.
Therefore, as so few operational forecasts were available, I used a common evaluation
strategy of using reforecasts to allow for a longer evaluation period (e.g., Klehmet et al.,
2024). Reforecasts are forecasts created for past dates but using the most recent operational
forecasting system (Hamill et al., 2006). Whilst it is intended for the modelling chains of
the forecasts and reforecasts to be identical, small differences occur due to computational
constraints. The reforecasts used in Chapter 4 differ from the operational EFAS forecasts in
the following ways: 1) they include fewer ensemble members (11 from a single NWP system
versus 73 from four NWP systems), and ii) their initial conditions are generated differently
to operational forecasts (forced with meteorological observations rather than meteorological
forecasts). Although these differences may affect the exact metric values, they are not expected
to influence the overall conclusions, as the same reforecasts were used both as input to the
post-processing method and as the benchmark (Pappenberger et al., 2015b). Additionally, the
reforecasts were only available twice a week (Monday and Thursday) meaning the lead-times
were evaluated against different observations timeseries (e.g., a 1-day lead-time was evaluated
against Tuesdays and Fridays whereas a 2-day lead-time was evaluated against Wednesdays
and Saturdays). This primarily impacted the assessment if a flood event occurred in the
timeseries for some lead-times but not others. I aimed to minimise the impact of this

limitation by grouping lead- times (1-5 days, 6-10 days, and 11-15 days) or considering

252



8.2. Objective 2: To investigate the applicability of data-assimilation in a post-processing
environment to propagate observational information from gauged to ungauged locations.

general trends across all river gauge stations where possible.

Second, the relatively short length of the evaluation period was determined by the avail-
ability of the reforecasts (up to the end of 2018), and the availability of river discharge
observations which were needed for both the offline calibration and the evaluation. To ensure
a fair assessment the calibration period (which requires a minimum of 2 years of observations)
needed to end before the evaluation period began (temporal cross-validation; Robertson et al.,
2016). An evaluation period from January 2017 to December 2018 was chosen to balance
the length of the evaluation period, the availability of reforecasts, and the number of loca-
tions with sufficient observations. The two-year period captures all hydrological seasons and
allows a good spatial distribution of river gauging stations across the EFAS domain. How-
ever, it may not be long enough to ensure the skill metrics converged, and additional years
of evaluation could lead to changes in the metrics for individual locations (Shin and Jung,
2022). Additionally, the two-year period will not fully represent the climatological range of
river discharge at each location - likely not including the rarer more extreme events (Brunner
et al., 2021b). Whilst skill was shown to decrease with severity (Fig. 4.10), the extremeness
of these values was calculated relative to the two-year period (to ensure large enough sample
sizes) not the river discharge climatology. Therefore, these results may not be representative

of the forecast skill for larger floods (Brunner et al., 2021a).

8.2 Objective 2: To investigate the applicability of data-
assimilation in a post-processing environment to prop-
agate observational information from gauged to un-
gauged locations.

This objective is addressed in Chapter 5 where I present a new data-assimilation-inspired
method for propagating observational information from gauged to ungauged locations in a

post-processing environment (i.e., with no additional use of the hydrological model). The
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skill of the ensembles was evaluated at 89 proxy-ungauged locations using a leave-one-out

verification strategy. The two research questions for this objective are discussed below.

8.2.1 Summary of results

Q2.1: Can data assimilation techniques be used in a forecast post-processing environ-
ment to propagate observation information to ungauged locations?

Yes, the new observation information propagation method uses state-augmentation within a
Local Ensemble Transform Kalman Filter (LETKF; Hunt et al., 2007), and is applicable
in a post-processing environment of ensemble river discharge simulations. An error vector
is estimated for each ensemble member representing the difference between the ensemble
member and the true river discharge at each grid-box. At each timestep, observations at
gauged locations are assimilated, updating the error vectors via the ensemble covariances. To
apply the data-assimilation technique in a post-processing environment, I assumed that the
precomputed river discharge hindcast ensemble was a good estimate of the analysis ensemble,
removing the need to propagate the hindcast forward in time with a computationally expensive
hydrological model. To improve the efficacy of the method, and to facilitate its application to
multiple catchments in a large-scale forecasting system, I define new techniques for determin-
ing the localisation length scale, inflating the covariance of the error vectors in line with the
increase in the river discharge ensemble covariances, and defining initial error vectors which
are spatially consistent across the domain allowing effective updates without the need for a
warm-up period. The updated error vectors are added to the corresponding river discharge

ensemble member creating an ensemble of corrected simulations at each lead-time.

Q2.2: Are the resulting ensemble predictions of river discharge more skillful than the
raw ensemble?

The skill of the ensemble mean was improved compared to that of the raw (or uncorrected)
ensemble. Both the variability ratio and the correlation of the ensemble mean were improved

at almost all 89 evaluated locations. The ability of the method to correct the bias of the
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ensemble mean depended on the consistency of the bias along the river network and whether
the bias at neighbouring river gauge stations was similar. Locations both up and downstream
of the assimilated observations were corrected if similar error behaviour was observed at
both locations. The ensemble spread was found to be under confident at longer lead-times
(11-15 days) with the spread of ensemble not correctly adjusting to the increased skill in
the ensemble mean. This is in contrast to the raw ensemble which remains over confident
(too narrow) at all lead-times. Overall, the corrected ensembles are more skillful that the
raw ensembles but care would be needed in the interpretation of the uncertainty if used in

decision making.

8.2.2 Limitations of the study

To avoid developments to the operational system impacting the assessment of the new ob-
servation propagation method, a one-year evaluation period with no major system upgrades
was selected (CEMS, 2025). The evaluation period is short, therefore similar limitations
to those discussed in Section 8.1.2 also apply here. Reforecasts could not be used in this
study as the ensemble size impacts the efficacy of ensemble data assimilation techniques (Lin
et al., 2025). To mitigate the impacts of the relatively short evaluation period I identify and
analyse two specific forecasts corresponding to two flow scenarios: 7 July 2021 (high flow)
and 8 October 2021 (normal flow). One of these scenarios (July 2021) corresponds to an
extreme flood in the Rhine estimated to be above the 500-year return period threshold, and
potentially much higher along different tributaries (Mohr et al., 2022; Ludwig et al., 2023).
By identifying different scenarios I was able to focus on how the method responded under
different conditions. However, the evaluation results may still be biased due to the short
evaluation period, and a longer period may provide additional insight.

The evaluation was performed on the Rhine-Meuse catchment as it has a relatively
high number of river gauge stations allowing assessment at many locations. Additionally,
the Rhine-Meuse is one of the largest catchments in EFAS, allowing the computational

efficiency of the method to be judged. However, the results may not be representative of
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the method’s behaviour in other hydroclimatological regions (Du et al., 2023). Given the
positive results, the method should be assessed for other catchments particularly those with
different physical characteristics to the Rhine Meuse (e.g., snowmelt-driven catchments, arid
catchments, catchments with fewer gauges, and catchments where the hydrological model
error is dominant).

Finally, in the leave-one-out experiments used to evaluate the performance of the corrected
ensembles at ungauged locations, I only consider the removal of one river gauge station.
This reflects a typical situation where an individual station fails temporarily. However,
multiple stations can become unavailable simultaneously—for instance, during widespread
flood damage or if the provider experiences technical difficulties. To better understand the
system’s sensitivity to missing data, a more comprehensive data denial experiment, where
groups of river gauge stations are withheld, should be conducted (Roberts et al., 2017). This
experimental design would assess the observation propagation method under different river

observation network configurations.

8.3 Objective 3: To explore the use of proxy-observations
to facilitate the post-processing of ensemble river dis-
charge forecasts at ungauged locations.

This objective is addressed in Chapter 6, where I investigate a two-step post-processing
method for ungauged locations. First, the post-processing method evaluated in Chapter 4 is
used to estimate proxy-observations during the forecast period at gauged locations. Then, the
proxy-observations are assimilated using the LETKF-based method presented in Chapter 5
to propagate the error correction to ungauged locations. The two research questions for this

objective are discussed below.
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8.3. Objective 3: To explore the use of proxy-observations to facilitate the post-processing
of ensemble river discharge forecasts at ungauged locations.

8.3.1 Summary of results

Q3.1: Can error corrections derived from at-gauge post-processed forecasts be effec-
tively propagated to ungauged locations using a data-assimilation-based method?

Yes, at a lead-time of 1 day the post-processed forecasts at ungauged locations showed im-
proved skill at over 75% of the assessed locations. The skill of the post-processed forecasts
decreased with increasing lead-time. Improvement over the raw forecasts is shown up to a
lead-time of five days at most locations. The correlation of the forecast mean with the river
discharge observations is improved along the Rhine, the largest river in the test catchment.
On the other hand, the variability ratio and the mean bias ratio are improved most at locations
where the raw forecast does not perform well, which are typically on smaller tributaries of
the Rhine. The post-processed forecasts showed less skill for flood events than for normal

flow conditions, in particular for forecasts when the flood was receding (i.e., the falling limb).

Q3.2: What factors influence the method’s ability to improve the forecast skill at un-
gauged locations?

The accuracy of proxy-observations directly affects the performance of post-processed fore-
casts at ungauged locations. River stretches where proxy-observations are skillful typically
see improvements from the post-processing method. On the other hand, when these estimates
are less accurate—such as on smaller rivers or during extreme flood events—they can degrade
the quality of the resulting forecasts. Ensemble covariances can help to mitigate the impact of
incorrect nearby proxy-observations by reducing their influence within the LETKF. A benefit
of the data-assimilation-inspired propagation step is that proxy-observations from multiple
locations can inform the error correction allowing it to compensate for limitations at any one
river gauge station. Another influential factor is the number of proxy-observations within
the localisation region of an ungauged location, with a greater number generally leading to
better performance. Typically, if the majority of the assimilated proxy-observations are from
smaller rivers than the ungauged location, the performance is improved. On the other hand,

if the assimilated observations are from larger rivers, the post-processed forecasts tends to be
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degraded by a lead-time of 5 days.

8.3.2 Limitations of the study

To facilitate comparison between Chapters 5, where observations are assimilated, and Chapter
6, where proxy-observations are assimilated, I conducted the evaluation over the same time
period and for the same catchment. While the limitations discussed in Section 8.2.2 also apply
here, in this section I focus on a limitation specific to the analysis of Chapter 6. In this study
I investigate the impact that different factors have on the skill of the post-processed forecasts.
In particular, I investigate the impact of the accuracy of the proxy-observations, the number
of river gauges within the localisation region, the ensemble correlation between gauged and
ungauged locations, and the ratio between mean flows at the two locations. Whilst the impact
of each of these factors is different, they may be correlated. For example, the at-gauge
post-processing method used to generate the proxy-observations is known to have a higher
skill on larger rivers (Chapter 4), and larger rivers may have more gauges. Further research

is needed to fully understand the impact each factor has on the post-processed forecast.

8.4 Objective 4: To identify potential barriers for the use
of the EFAS post-processed forecasts and determine
future developmental priorities.

This objective is addressed in Chapter 7 where I present the outcomes from a workshop
between producers and users of the EFAS post-processed forecasts. The workshop was

focused on answering three research questions discussed below.

8.4.1 Summary of results

Q4.1: What is the current usage of the EFAS post-processed forecasts?

The most common use of EFAS post-processed forecasts (which have a forecast period of 15
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forecasts and determine future developmental priorities.

days) was to predict upcoming floods in the next 5 days with only 2 participants indicating
that they use the forecasts for longer lead-times of 10 to 15 days. Users primarily used the
EFAS post-processed forecasts in conjuction with other forecast products such as the EFAS

raw forecasts, meteorological forecasts or their own river discharge forecasts.

Q4.2: What are the barriers to the use of the EFAS post-processed forecasts?

A key barrier was lack of comparability between forecasts due to the different flood thresh-
olds used and/or different variables being forecast (river discharge or water level). Users
also found it difficult to find the relevant documentation and to identify auxillary information
that is relevant to their regions (e.g., skill or length of the calibration period of a river gauge
station). Whilst accessing the forecasts via the EFAS website was preferred by many users,
those who wanted to access the forecast data found that the data dissemmination system was

too slow.

Q4.3: What developments should be prioritised to better satisfy user requirements?

During the workshop developmental priorities were also discussed. A road map of devel-
opments was created including short, medium, and long term developments. These devel-
opments included smaller changes, such as improving the sign posting to the documentation
for each forecast product and adding additional axillary data for the post-processed forecasts,
and larger changes such as adding local flood thresholds, changing the forecast product visu-

alisation, and adapting the method to use water level observations.

8.4.2 Limitations of the study

As of May 2025, there are over 100 EFAS partner organizations, each with multiple analysts
who rely on the forecasts, but only 41 participants attended the workshop. Whilst this is
a relatively large number of attendees for a co-production workshops (Varsha and Srinidhi,
2025; production Network, 2024), it means that many forecast users were not part of the

discussion—even if each participant were assumed to fully represent their organization.
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Logistical constraints, such as pandemic-related restrictions, parallel workshops, potential
language barriers (the workshop was conducted in English), and competing priorities, limited
participation. Efforts were made to improve accessibility, including a hybrid format, but
ensuring broader partner engagement is an ongoing challenge (Landstrom et al., 2024).
Moreover, communication should extend beyond the workshop itself. To address this, an
additional event was held the following year to engage more partners and select prototypes
for operational implementation.

The EFAS post-processed forecasts are just one component of a much larger system,
as described in Chapter 3. This complexity makes it difficult to gather input from both
forecast developers and users for every system component. In this study, these challenges
were reflected in the workshop’s duration and the need to run multiple parallel sessions
focusing on different forecast products. While continuous dialogue between producers and
users is the goal, the time and resources necessary to do this make it impractical to conduct
regular discussions for every component (Lemos et al., 2018). The constant invitations to
join workshops, webinars, and working groups also risks leading to fatigue among producers
and users who are asked to participate (Lemos et al., 2018). As a result, most interactions
take place at the EFAS Annual Meetings. However, attendance varies each year, leading to
an inconsistent group of participants which makes it harder to build partnerships (Norstrom
et al., 2020).

The workshop included two questionnaires and a mind-mapping activity, designed to
give all participants an opportunity to contribute (Lune and Berg, 2017). However, these
methods have constraints. Questionnaires capture participants’ perspectives at a single point
in time. To address this, two were used—one to collect initial thoughts and another after
discussions. Still, spreading questionnaires throughout the year might allow more time for
idea development (Iwaniec, 2019). A general feedback form is always available, but it does
not specifically focus on EFAS post-processed forecasts. Additionally, the workshop setting
differed from the real-world environment in which users interact with the forecasts (Curdt-
Christiansen, 2019). As a result, only major challenges may have been identified, while more

frequent, smaller barriers to effective forecast use may have been overlooked.
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8.5 Thesis synthesis

This thesis explores how post-processing methods can improve river discharge forecasts
within a large-scale operational flood forecasting system. Specifically, two post-processing
approaches are investigated: (1) the existing at-gauge method used operationally in the Euro-
pean Flood Awareness System (EFAS), and (2) a new method for post-processing forecasts
at ungauged locations, developed as part of this thesis. Figure 8.1 illustrates how information
propagates through this thesis.

The at-gauge post-processing method was assessed in terms of both forecast skill (Chapter
4) and value (Chapter 7). The evaluation presented in Chapter 4 represents the first formal
evaluation of the operational EFAS post-processing method. Using data from 522 river
gauge stations across the EFAS domain, the analysis identified conditions under which post-
processing improved forecast accuracy and when its impact was more limited. Large-scale
evaluation studies such as this have become more feasible in recent years due to improved
availability of hydrological datasets (Nearing et al., 2024). However, most previous studies
have focused primarily on catchment characteristics, without examining the influence of
error type or data availability (e.g., Du et al., 2023). This thesis extends current practice
by considering these additional factors. The results, which were shared with EFAS users,
highlighted the benefits of post-processing in improving both forecast accuracy and reliability.

Additionally, user engagement through a co-production framework helped identify de-
velopment priorities for the operational at-gauge post-processing system. These priorities
focused on increasing local relevance, improving access to forecasts and documentation, and
providing supplementary information to aid interpretation. Many of the priorities have since
been implemented operationally, following a second collaborative session in 2023 (CEMS,
2025). These developments include the inclusion of local thresholds, changes to visualisations
of the probability distribution, updates to documentation, and providing calibration-related
metadata. Chapter 7 highlights how research embedded within an operational context can
lead to tangible and timely improvements.

The second main contribution of this thesis is the development of a new post-processing
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Research gap
Post-processing methods for
ungauged locations assume static
spatial patterns of forecast errors,
are computationally expensive,
and require significant system.

Opportunity
Data assimilation techniques can
spread observation information
from gauged to ungauged
locations.

Background
(Chapters 1-3)

Research gap
The skill of the operational EFAS
at-gauge post-processing
method is unknown limiting the
forecasts usefulness for decision
makers.

Skill assessment of the
at-gauge post-processing
method
(Chapter 4)

Insights

Research gap
The barriers to the use of the
operational EFAS at-gauge post-
processed forecasts as well as the
most beneficial development
objective are unknown.

Opportunity
Co-production provides a
framework in which developers
and users develop and produce
the forecasts together.

Post-processing improves the skill of
the forecasts. The magnitude of the
improvement depends on catchment
characteristics, the sources of errors,
and the available data. In general, the
skill of the post-processed forecasts
show a regional spatial pattern with
nearby stations having similar skill.

Data assimilation applied in a
post-processing environment

(Chapter 5)

Insight:
An LETKF-based method, applied
in a post-processing environment,
improves forecast accuracy at

ungauged locations by assimilating

observations. The skill of the
ensemble mean is increased but
the uncertainty at longer lead-
times is overestimated.

for ungauged locations

(Chapter 6)

Insight
Post-processed forecasts show
improved skill over the raw
forecasts up to 5 days at most

ungauged sites, mainly on larger

rivers. Skill of the forecasts
depends on the accuracy and
location of proxy-observations
(i.e., at-gauge post-processed
forecasts).

New post-processing method Workshop identifying barriers

and potential developments

(Chapter 7)

Insight
Users mainly rely on EFAS post-
processed forecasts for 5-day
flood predictions, often
alongside other products.
Barriers include inconsistent
thresholds, poor documentation
access, and slow data delivery.
Key improvements target better
documentation, local thresholds,
and enhanced visuals.

Discussion, future work, and conclusions

» Methods

(Chapters 8-9)

Knowledge

Figure 8.1: Diagram of information flow through this thesis: Chapters (grey), research gaps
(purple), opportunities (red), insights (blue).
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method for ungauged locations. This approach was implemented in two steps. First, a new
information propagation method, inspired by data assimilation techniques, was developed
and tested (Chapter 5). Using state augmentation within a Local Ensemble Transform
Kalman Filter (LETKF; Hunt et al., 2007) framework, the method propagates observational
information from gauged to ungauged locations in a post-processing environment, without
relying on a hydrological model. Although based on established data assimilation principles,
the LETKF has not, to the author’s knowledge, been adapted for application in a medium-
range (2—15 day) post-processing environment. The approach is computationally efficient
and improves forecast accuracy relative to the raw ensemble simulations. This method could
support post-event analysis (e.g., Mohr et al., 2022), offering domain-wide river discharge
estimates at every timestep—without the computational cost of running a full reanalysis
system.

Chapter 6 presents the full post-processing method for ungauged locations, which com-
bines the operational at-gauge approach with the LETKF-based propagation technique. This
combined method was evaluated in the Rhine-Meuse catchment and demonstrated forecast
improvements up to a 5-day lead time. Although not directly comparable due to different
case studies and evaluation strategies, this performance exceeds that reported for previous
methods, which typically show improvements up to 2 days (e.g., Skgien et al., 2021), or are
not evaluated in a forecasting context at all (Bennett et al., 2022; Farmer et al., 2018; Hales
et al., 2023; Choi and Kim, 2025). Moreover, many EFAS users use the post-processed fore-
casts to predict floods in the next 1 to 5 days, as identified during the stakeholder workshop
(Chapter 7). Making post-processed forecasts available across both gauged and ungauged
locations ensures wider coverage and supports more effective flood preparedness.

While this work is centered on the EFAS system, the methods and conclusions are broadly
applicable. The generalisability of the methods is discussed further in Section 8.6. The close
collaboration with EFAS has enabled the research to directly impact the operational system
but has also introduced challenges, particularly around data availability. Frequent system
updates mean that it is common to have only a short period (1-2 years) of consistent forecasts,

which complicates evaluations and the development of new methods (Hossain et al., 2025).
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In summary, this thesis demonstrates how post-processing methods can improve forecast
accuracy and usability. It contributes a new post-processing method for ungauged locations,
the first comprehensive evaluation of the EFAS post-processed forecasts and highlights the
value of stakeholder-driven development. This thesis balances scientific research with oper-
ational constraints and provides insights into how post-processing can lead to more reliable,

user-focused flood forecasting services.

8.6 Future research directions

In this section I discuss some potential avenues for future work. I split the suggestions into
four sections. The first section is related to the currently operational EFAS at-gauge post-
processing method, the second section is related to the processes by which developments are
identified, and the latter two sections are related to the post-processing method for ungauged

locations.

8.6.1 Developing the current operational EFAS post-processing method

Based on the results of the evaluation presented in Chapter 4 and the outcomes of the workshop
presented in Chapter 7, the following improvements for the at-gauge post-processing method

were identified:

* Ensemble Model Output Statistics (EMOS) component: Lead-time dependence
and a bias component should be included in the EMOS component to better improve

errors due to the meteorological forcings (Skgien et al., 2021).

* Model Conditional Processor (MCP) component: The Model Conditional Processor
(MCP) component of the method should be temporally localised to ensure the recent
observations are only influencing lead-times for which the correlation is physically
plausible (Hamill et al., 2001). This will aid the prediction of high river discharge

values, particularly in areas with low hydrological variability.
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* Water level observations: Adaptations to the method to allow the generation of
water level forecasts should be investigated. As many EFAS partners use water level
thresholds in their decision making, this development could make the forecasts more

useful to a wider group of users.

8.6.2 Strengthening the process of identifying future developments

Potential improvements of the operational at-gauge post-processing method were identified
using two approaches in this thesis: a skill assessment (Chapter 4), and a co-production
workshop (Chapter 7). These processes should be repeated regularly as part of an iterative
development cycle. In particular, in this thesis I assessed the post-processed forecasts of
EFAS version 4, the operational version at the time of the studies. However, EFAS version
5 is now operational and these assessments should be repeated for this new version, which
includes an increase in the spatial resolution of the raw forecasts (Chapter 3). To improve the

ability to identify limitations these approaches should be adapted in the following ways:

* Iterative co-development: More workshops between developers and users of the
post-processed forecasts should be organised ensuring sufficient time for discussion.
Serious-games could be used within these workshops to replicate real-world scenarios
(Crochemore et al., 2021; Neumann et al., 2018). Additionally, smaller focus groups
could be conducted for each interested EFAS partner organisations. These focus groups
would allow a more detailed discussion on their specific application, the opinions of
all stakeholders to be better collected, and any language barrier to be navigated (Cairns

et al., 2017).

* Event-based evaluations: Continuous evaluations (i.e., for every forecast within a
long evaluation period) aim to capture the average skill of the forecasts (Brunner
et al., 2021b). However, many forecasting systems perform differently for flood events
(Brunner et al., 2021a). Evaluations focused on specific events could help better
identify issues that only impact the forecast during high flows. These event-based

evaluations could be conducted in collaboration with users helping to further refine the
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priorities (Hyytinen et al., 2019).

8.6.3 Improving the post-processing method for ungauged locations

In Chapter 5 and Chapter 6, two components of the new post-processing method for ungauged

locations were highlighted for further investigation:

* Localisation: The localisation applied in this thesis is symmetric for distances up-
and downstream. However, this was shown to occasionally cause biases in the post-
processed forecasts at locations close to confluences between large and small rivers
(Chapter 6). Moderating the localisation by river size and direction along the river
network should therefore be investigated to address this challenge. Additionally, co-
variances were found to be (correctly) larger for greater distances during precipitation
events, an adaptive localisation length scale depending on weather systems should also

be investigated.

* Covariance inflation: The holistic covariance inflation technique used in Chapters
5 and 6 is dependent on the raw ensemble perturbation matrix. However, the raw
ensemble spread is not always reliable due to the single set of initial conditions.
One way to address this limitation could be to perform a spread-correction on the
raw ensemble before it is used in the covariance inflation (Desroziers et al., 2005;
Anderson, 2007). Alternatively, a climatological hydrological model error-covariance
matrix could be defined, and blended with the ensemble covariance matrix to account
for more sources of uncertainty (Kotsuki and Bishop, 2022). These developments may
aid the method’s ability to correct the spread of the ensemble and improve the forecasts

for the falling limb of flood events (Chapter 6).
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8.6.4 Evaluating the transferability of the post-processing method for

ungauged locations

One advantage of the post-processing method for ungauged locations is its flexibility. The
localisation length scale, the covariance inflation, and the generation of initial error estimates
are defined such that they can be applied to different systems and domains. Additionally,
the estimation of the proxy-observations can be performed using any at-gauge estimation
technique. Therefore, the transferability of the method should be assessed in the following

ways:

* Different catchments: The method should be applied on more catchments across all
hydroclimatological regions in Europe (Du et al., 2023). Selected catchments should
have different error characteristics (e.g., meteorologically driven errors, or those due
to the hydrological model) and physical characteristics (e.g., small/large catchments,
snowmelt-driven/rainfall-driven, regulated/unregulated, etc.). This would allow the
technical transferability to be tested and the impact on the skill of the forecast to be

evaluated.

* Different proxy-observations: Alternative at-gauge post-processing methods should
be used to estimate the proxy-observations leveraging the scientific research that has
been conducted in recent years (Li et al., 2017). Different at-gauge post-processing
methods could be used at each river gauge station depending which method provides the
most accurate estimates. Alternatively, point forecasts from alternative systems (e.g., a
data-driven point forecast; Nearing et al., 2024) could be used as proxy-observations.
This approach could allow local forecasts from EFAS partner organisations to be

combined with the EFAS forecasts, merging the two sources of information.

* Different forecasting system: The method can theoreticaly be applied to any ensemble
river discharge forecasts. To test this the method should be used within different
systems. The Global Flood Awareness System (GloFAS; Matthews et al., 2025c)

could be a useful test case as it is similar in design to EFAS. By using the same
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proxy-observations as in Chapter 6, this experiment could allow the impact of different

ensemble covariances to be investigated further.
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Chapter

Conclusions

The primary aim of this thesis is to improve the actionability of ensemble river discharge
forecasts at gauged and ungauged locations using post-processing. Post-processing techniques
typically rely on river discharge observations to estimate the relationship between the forecast
and the true river discharge. Therefore, post-processing is much more challenging for
locations where river discharge observations are not available. Nevertheless, decisions
regarding water resources and flood management must still be made, and forecast inaccuracies
can introduce additional complexity, particularly in time-sensitive situations. To address this
challenge, this thesis has four key objectives, which were addressed through a forecast skill
assessment, two offline prototyping experiments, and a workshop.

The new post-processing method for ungauged locations follows a two-step approach: (1)
estimating proxy observations at gauged locations and (2) propagating error-corrections along
the river network. In this thesis the proxy observations are generated using the operational
at-gauge post-processing method used in the European Flood Awareness System (EFAS).
Therefore, the skill of this at-gauge post-processing method was assessed in the first robust
evaluation of the EFAS post-processed forecasts (Objective 1). Constraints on the number of
forecasts available for the evaluation necessitated the use of reforecasts. Even with the use of
reforecasts, the evaluation period was limited to 2 years. Therefore, despite post-processing
providing added skill for floods exceeding the mean annual maximum, the full river discharge

distribution may not have been represented and the added skill for larger floods may be more
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limited.

Next, a new data-assimilation-inspired technique for propagating observational informa-
tion from gauged to ungauged locations within a post-processing framework was developed
(Objective 2). Since both components demonstrated satisfactory skill, they were combined to
create a new post-processing method for ungauged locations (Objective 3). This method was
evaluated at proxy-ungauged locations in the Rhine-Meuse catchment, where it was found to
be effective. However, its overall skill was largely dependent on the accuracy of the proxy
observations, further motivating the development of the operational at-gauge post-processing
method. To fully understand the limitations of the method it should be evaluated across other
hydrologically diverse catchments.

A workshop was organized to bring together forecast producers and users to identify key
priorities for the development of EFAS’s operational post-processed forecasts (Objective 4).
While these developments were initially focused on the existing post-processing approach for
gauged locations, their implications for the newly developed method were also considered.
Considering the operational restrictions and user requirements throughout the thesis increases
the potential uptake of the method by developers of systems like EFAS.

Further research has been identified to build on the progress made in this thesis, with
priority given to improving the at-gauge post-processing method and the assessing the new
post-processing method for ungauged locations for different hydroclimatological regions
and for different forecasting systems. Overall, this research advances post-processing tech-
niques, contributing to more skillful and actionable river discharge forecasts to better support

decision-makers responsible for protecting lives, infrastructure, and the economy.
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Appendix

Supplementary material for Chapter 5

A.1 Kalman gain matrix decomposition

The Kalman gain matrix has the following form for timestep k:
faT faT -
Ky = P/H] (HkPka + Rk) (A1)

where P{ is the prior ensemble covariance matrix, Ry is the error-covariance matrix of the observations, and
Hy is the observation operator (Livings, 2005; Hunt et al., 2007; Kalman, 1960). Substituting the definitions
of the perturbation matrix and the observation operator for the augmented state given in Eqs. (5.9) and (5.11)
gives:

-1
T T
Ke = W/ W/ H] (W] W/ H] +Ry) .

This can then be decomposed into the hindcast and error components as
K
K = Xk =
¢ ( Kb, )
The analysis of the ensemble mean of the augmented states is therefore given by

—f  f
x, +b K —
=( ka ‘ )+( K:t )(yk—yi, (A.3)
. :

where i}; and E{ are the ensembles mean of the raw hindcast and the prior error ensemble at timestep k, yy is
the observation vector, and yj is the model-observation ensemble mean.

f f
Xk "',Bk

f
Bk

(HX] + BT (HeX] + g B) (M X] + HiB)T + R0~ (A2)

Wi

A.2 Gaspari-Cohn function

The Gaspari-Cohn function is correlation function commonly used in data assimilation to define the localisation
weights (Gaspari and Cohn, 1999). It has the following form:

1—§r2+%r3+%r4—3—‘r5, 0<r«<i
p(r) = —%r‘l +4—5r+%r2+§r3 - %r4+11—2r5, l<r<2 (A.4)
0, r>?2

where r = d/c where d is the physical distance between two points, and c is the localisation length scale. The
function has a value of 1 when r = 0 and a value of O when r > 2.
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