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ABSTRACT

The unprecedented progress in ensemble hydro-meteorological modelling and forecasting on a
range of temporal and spatial scales, raises a variety of new challenges which formed the theme
of the Joint Virtual Workshop, "Connecting global to local hydrological modelling and forecasting:
challenges and scientific advances”. Held from 29 June to 1 July 2021, this workshop was co-
organized by the European Centre for Medium-Range Weather Forecasts (ECMWF), the
Copernicus Emergency Management (CEMS) and Climate Change (C3S) Services, the
Hydrological Ensemble Prediction EXperiment (HEPEX), and the Global Flood Partnership
(GFP). This paper aims to summarize the state-of-the-art presented at the workshop and provide
an early career perspective. Recent advances in hydrological modelling and forecasting,
reflections on the use of forecasts for decision-making across scales, and means to minimise new
barriers to communication in the virtual format are also discussed. Thematic foci of the workshop
included hydrological model development and skill assessment, uncertainty communication,
forecasts for early action, co-production of services and incorporation of local knowledge, Earth
Observation, and data assimilation. Connecting hydrological services to societal needs and local
decision-making through effective communication, capacity-building and co-production was
identified as critical. Multidisciplinary collaborations emerged as crucial to effectively bring newly

developed tools to practice.

Keywords: (up to 8) hydrological modelling, forecasting, uncertainty, communication, co-

production, earth observation, Earth System, hydrological services

1. Introduction

Recent decades have seen unprecedented advances in Earth observation (EO), which has
helped transition global-scale hydrology from a data-poor to a data-rich science (Di Baldassarre
and Uhlenbrook, 2011; Bates 2012) and contributed to an enhanced understanding of the water
cycle. The increased availability of satellite (e.g., EUMETSAT, SMOS, Sentinel-1, GPM, GRACE),
ground-based remote sensing, weather reanalysis, or crowdsourced datasets, with focus on

providing global information on the hydrological cycle variables, has given hydrology a more



global perspective (Kratzert et al., 2019). However, large-sample hydrology brings additional
challenges such as processing, handling and storing large data volumes, integrating multiple data
sources, quantifying uncertainties, and linking global observations to relevant local impacts
(Nearing et al. 2021). These challenges are particularly important to hydrological modelling and
forecasting, and the joint virtual workshop discussed in this paper was organised as an effort to

jointly reflect on these challenges as a community.

The workshop themed "Connecting global to local hydrological modelling and forecasting:
challenges and scientific advances” (referred to hereafter as 'workshop') was co-organized by the
European Centre for Medium-Range Weather Forecasts (ECMWF), the Copernicus Emergency
Management (CEMS) and Climate Change (C3S) Services, the Hydrological Ensemble
Prediction EXperiment (HEPEX) and the Global Flood Partnership (GFP) from 29 June to 1 July
2021 with over one thousand attendees. Calling on the wider hydrological research sphere, it
aimed to bring together a diverse global community (see Figure 1) of scientists, forecasters,
disaster managers and stakeholders to discuss recent advances and ongoing water-related
challenges. Covering broad aspects across the field from hydrological modelling and uncertainty
communication to forecast-based early action, the workshop revealed the attempts of the
community to break the boundaries of the state-of-the-art, and to make modelling and forecasting

more accessible and useful locally.

Figure 1: Map of the average global views of the workshop (over all three days of the workshop,

29 June to 1 July 2021, where darker shading indicates higher views). Attendance was

widespread, with 49 countries represented.



As the workshop was scheduled during the COVID-19 pandemic, the organisers were aware of
increasing apathy towards online virtual events and the concept of ‘Zoom-fatigue’ (Shoshan and
Wehrt, 2021). To combat the ongoing strains of virtual working, the organisers endeavoured to
create a workshop that would be engaging and exciting for attendees, while also providing unique
opportunities for networking and knowledge exchange (Keeley et al., 2021). These efforts resulted
in a hybrid solution; a mix of live-streamed presentations hosted via Zoom, and interactive events
hosted through the Gather.Town platform (Gather, 2021). Gather.Town is a customisable virtual
space where participants can move an avatar around the virtual venue and interact with other
participants nearby through video call. For this workshop, the Gather.Town space was designed
to be a replica of the ECMWF headquarters in Reading, UK (see Figure 2). The solution proved
to be a huge success, receiving praise from attendees who admired the ‘real’ human connection
they were able to achieve on the virtual platform. The workshop also facilitated many interactive
sessions, such as poster presentations, a Sci-Art (science and art) activity, and various
information booths on the Climate Data Store (CDS), C3S and CEMS. Informal networking and
social events were hosted at the virtual ECMWEF in Gather.Town. This resulted in spontaneous
and planned splinter meetings. For example, the Early Career HEPEX (EC-HEPEX) meet-up
proved to be a popular opportunity to discuss early career perspectives on the state-of-the-art in

hydrological forecasting.



Participants joined the EC-HEPEX early career hangout session to
meet their peers and to foster discussions on global hydrological
forecasting and how it can be better linked to local scale needs.

Interactive sessions took
place in the Weather Room
including Sci-Art, info
booths, and a demo on the
Climate Data Store (CDS).

Postor Sossion 2 (15:45-1630)

Poster sessions and lively
scientific discussions were
hosted in dedicated
Gather.Town rooms.

The workshop’s
GatherTown environment
was designed to be a
replica of ECMWF HQ.

Attendees of the workshop gathered in ECMWF Gather.Town
courtyard for a virtual workshop photo!

Figure 2: Layout of ECMWF’s Gather. Town environment for the workshop. Participants joined the
sessions to view posters, attend activities, and meet their peers to foster discussions on global

hydrological forecasting and how it can be better linked to local scale needs.

Another example of how a virtual environment does not have to be limiting is how the artwork
“Hydrological Constellations” was created (Arnal, 2021). Art can be used not only to communicate
science but also to inspire scientists (Halpine, 2008). Prior to the workshop, a short online
guestionnaire was sent to participants with questions related to their practice and perspectives on
hydrological modelling and forecasting. The responses were used to create digital art pieces,
transforming clusters of answers into night sky constellations (Figure 3). The artwork was
displayed virtually, and participants could form ad-hoc groups, leading to spontaneous
discussions. These discussions were then added to the digital artwork in the form of storylines

behind each constellation/art piece. A full discussion of the art pieces is presented in Arnal (2021).



Figure 3: The final artwork piece, “Hydrological Constellations”, by Louise Arnal. This science and
art piece is a metaphor for reading our destiny in the night sky constellations, and how far we
have advanced as a community in terms of predicting future hydro-meteorological events. This
art piece was created as part of the interactive virtual sessions of the workshop.

This paper summarizes and reviews the achievements of the workshop. It places its focus on five
themes at the forefront of global hydrological forecasting (see Figure 4), which encompass the
wide variety of topics discussed during the workshop. The 90 posters presented at the workshop
(see Appendix Table A1) were grouped in virtual rooms according to these themes, with authors
giving a short pitch (2-minute duration) during the online Zoom sessions ahead of the interactive
poster sessions in Gather.Town. The poster sessions emulated a conference environment and
participants were able to move between posters, joining active conversations and discussions

around the posters, closely emulating an in-person event..
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Figure 4: Schematic of the workshop’s topical organization. The five themes acted as the pillars

of the workshop, while the sixth session, ‘Earth System Modelling’, was threaded throughout the

five topics.

In this paper, we present the wide range of contributions to the workshop as a microcosm of the
work being done by the wider hydrological community globally. The following sections provide a
review of the work presented under each of the five key themes (acknowledging that, in many
cases, one presentation may contribute to multiple themes). The presentations provide an
overview of the challenges and advances in global hydrological modelling and forecasting, and of

the research and applications that endeavour to effectively connect these global efforts to local



scale decision-making. The sixth theme, ‘Earth System Modelling’, is woven throughout the five
subsections. The final section of this paper concludes with a discussion focussing around two

questions:

1) How effective was the digital format in representing a broad view and bringing a global
audience together?
2) In which direction is the field of global to local hydrological forecasting moving as a

whole?

A full list of the contributions is provided in the Appendix (Table A1), detailing the authors of the
work and indicating the citation codes used throughout this paper. These citation codes follow a
format providing the initials of the first author followed by a letter indicating whether the work was
presented as a keynote talk [Author Initials-K] or a poster [Author Initials-P] within square
brackets. Additionally, where something asserted by a presenter is directly referenced, the citation
follows the format Author et al. [Author Initials-K/P]. Published work is cited in the usual way. The

presentations and posters can be viewed online at: https://events.ecmwf.int/event/222/timetable/

2. Forecasting and uncertainty

2.1 Predictability and uncertainty

Hydrological forecasting assists many water-related applications in different horizons, helping
society understand and mitigate the imminent threat posed by water cycle extremes (e.g., floods
and droughts) and facilitating efficient water resources management. Uncertainty is an inherent
part of forecasting and can, in hydrology, stem from meteorological forecasts and other input data,
hydrological model structure and parameters, and the chaotic nature of our atmosphere (Lorenz,
1969) and Earth system. Uncertainties propagate through the forecasting chain and can degrade
forecast quality, potentially leading to inadequate decisions if not quantified correctly (Schaake et
al., 2007; Thiboult et al., 2016). However, as Stephens [ES-K] highlighted, accurately quantifying
uncertainty is not sufficient if there is not an appropriate understanding and communication of its
implications (Demeritt et al., 2013). Therefore, forecast products should be accompanied by
systematic analysis of forecast uncertainty (Boelee et al., 2019; Troin et al., 2021). This comprises
of identification, classification, quantification, propagation, and communication of uncertainty to

users.
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Epistemic uncertainty (lack of knowledge) was the most commonly addressed type of uncertainty
in the workshop presentations (Figure 5, Table A2). The workshop presented different
approaches (e.g., machine learning techniques, multi-model studies, and comparison of
deterministic and probabilistic models) to estimate predictive uncertainty, considering uncertainty
sources either separately or holistically.

Understanding the predictive uncertainty of streamflow forecasts, and the sources of forecast skill
allows forecasts to be benchmarked ([IP-P; FM-P]; Girons Lopez et al. 2021). This information
provides clues about where and when efforts should be made to improve forecast quality and
make it valuable for decision-makers ([LA-P]; Pechlivanidis et al., 2020). Several presentations
contributed to the understanding of streamflow predictability through a focus on the hydrological-
cycle processes [IP-P; LA-P; PD2-P]. Natural processes with high variability have lower
predictability (larger uncertainty) and are challenging to simulate. For instance, precipitation has
a higher variability than temperature (whose bias is relatively constant, Hagedorn et al., 2008)
and was considered as one of the most difficult variables to predict in several studies [PD2-P; FJ-
P; AB1-P; JSL-P2]. Therefore, it is crucial to identify the relationship between forecast quality,
catchment descriptors, and hydrological signatures [GM-P; MB1-P]. Seasonal forecasts are
commonly less skillful in flashy basins or when characterising extreme events [TS-P; IP-PA; B1-
P]. In regions where hydrometeorological processes are less dominant (e.g., wet season in
tropics) [HMS-P2] or are controlled by slow hydrological responses (e.g., snow and baseflow)
[DR-P; TJ-P], forecasts were shown to have higher streamflow predictability. Therefore, given the
spatial and temporal variability of streamflow predictability, it is challenging to identify a unique
model or system that is applicable everywhere and at multiple temporal scales (see Sections 3
and 5). Nevertheless, operational large-scale models (e.g., GIoFAS) attempt to provide globally
consistent forecasts, which can be relevant as a tool for global and local decision-making (Section
6).
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Types of uncertainty addressed in the Workshop
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Figure 5: The main types of uncertainty tackled at the workshop (aleatory, epistemic,
semantic/linguistic) linked to the applied model (single model, single model + pre/post-processing,
multi-model). A more detailed description of the types of uncertainty and the specific contributions
linked to each type can be found in Table A2 in the Appendix.

2.2 The role of automation in fithess-for-purpose modelling

The usefulness of operational forecasting systems depends not only on the correct representation
of hydrometeorological processes but also on cultural, social, and political factors (Pagano et al.,
2014). Consequently, the need for operational forecasting services may vary across countries
and applications. In her keynote talk, Parker [WP-K] explained the advantages of adopting a
fitness-for-purpose approach to evaluation. In this approach, what matters is not how close a
model comes to perfectly representing a real system, but whether the model represents the
system sulfficiently well in those respects that are relevant to the purpose at hand, as well as
whether it has other required pragmatic features, such as being understandable by users or
computationally efficient (Parker, 2020). This tailored approach suggests building forecast
systems that are adaptable to individual circumstances and flexible enough to continuously
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incorporate newly developed techniques, especially for climate adaptation [AB2-P; LN-P; TB-P].

Moreover, a high degree of automation may enhance the fitness-for-purpose of a forecast system.

One of the highlights of the advances presented at the workshop is that operational systems are
undergoing the "human over-the-loop" approach [AW-P; BvO-P1], i.e., the forecaster is manually
less involved in some of the more technical forecast stages. This has facilitated the transition from
deterministic to ensemble approaches [GU-P; DH-P; CPH-P; HN-P; AW-P], since automation
allows incorporating more sophisticated pre/post-processing (Section 2.3) and data assimilation
techniques (Section 4), running multiple high spatial resolution models (section 5) and assisting
in the verification process [BvO-P2]. Furthermore, automation for generating ensemble forecasts,
whose dispersion comes from many sources of uncertainty, provides a more comprehensive
estimate of uncertainty about future conditions, facilitating decision-making (Valdez et al., 2022;
Sharma et al., 2019). For instance, ensemble systems for flood prediction [FF-P2; GU-P; RH-P;
HH-P; HT-P; TS-P] were characterised by higher accuracy at longer lead times and by providing
essential spatial information that deterministic approaches might not capture. However, it was
also highlighted that combining deterministic and ensemble forecasts can provide complementary
information that may facilitate both resilience to hydrological extremes and optimized flow
management (e.g.: agricultural activities adaptation under water stress conditions, short-term

maintenance operations) [LC-P; AB2-P].

A high level of automation not only allows forecast verification to assess the system's ability to
capture uncertainty, but also allows the forecaster to focus on tasks where their expertise is
paramount—for example, incorporating local knowledge and adapting the system to the user’s
demands, interpreting model results, and communicating the forecasts with their uncertainties to

users.
2.3 Reducing uncertainty via hydrological pre-/post-processing

Statistical pre- and post-processing techniques characterise the frequency distribution of past
prediction errors and apply this information to correct model outputs (Li et al., 2017). Their primary
goal is to reduce the biases resulting from partial quantification of hydrometeorological
uncertainty. We can differentiate between pre-processing (to reduce meteorological input
uncertainty) and post-processing (to reduce the hydrologic model output uncertainty). Pre/post-
processing can result in powerful tools for data scarce studies, especially in mountainous regions
[DH-P; FJ-P], for complex systems with multiple applications [HMS-P1; LC-P; CPH-P], for
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monitoring urban flooding and droughts [AG-P; HN-P], for reservoir operation [WG-P], and for
flood risk assessment [AB1-P]. However, their performance is greatly dependent on data
availability and hence can be constrained by limited data (in general observational data) for
training the processing techniques [LF-P], especially when extreme events are of interest ([TK-
P]; Hamill et al., 2015).

Presentations on the advances in pre-processing techniques were centred around increasing the
skill of precipitation predictions (especially of intense and rare events) at subseasonal and
seasonal scales [HN-P; YS-P; QY-P]. The main goals of the techniques were to reduce the
number of model parameters to make them workable with short-term Numerical Weather
Prediction (NWP) datasets and to preserve statistically significant observed trends for seasonal
forecasts coming from Global Climate Models (GCMs). Concerning post-processing, new
techniques were introduced for bias correction [JSL-P1] and error modelling [JB-P]. They provided
local corrections of global hydrological models and produced statistically reliable long-range

(annual) forecasts for ephemeral rivers [JB-P].

In conclusion, the improvements brought by pre/post-processing techniques were conditioned on
many factors: the catchments’ characteristics ([GM-P]; Matthews et al., 2022), the
hydrometeorological variable [AC-P], and the method implemented [FJ-P]. In fact, many
presentations suggested that selecting suitable methods is rather application-dependent [WP-K;
FT-P; WG-P; AB1-P]. In some cases, applying both pre- and post-processing techniques is not
feasible in an operational context due to resource limitations; consequently, the selection of only
one technique is not trivial (Tiwari et al., 2021; Valdez et al., 2022). Matthews et al. [GM-P]
suggested that, at the medium-range time scale, it should be preferred to correct hydrological
model errors rather than meteorological forcing errors, if a choice had to be made . However,
other studies highlighted that seasonal streamflow forecast skill can be improved and extended
by using pre-processing techniques, as climatology and precipitation biases can limit streamflow
predictability [LA-P; IP-P; KB2-P]. Bogner et al. (2022) showed that using both pre- and post-
processing techniques can extend the skill of streamflow forecasts (below, above, and under
normal conditions) up to one week ahead, when compared to using pre-processing alone [KB2-
P].
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2.4 Effective uncertainty communication

Effective communication of forecast uncertainty is needed in order to translate the technical
improvements of the Hydrologic Ensemble Forecasting Systems (HEFS) into practical benefits
([ES-K; WP-K]; Spiegelhalter et al., 2017). The complexity lies in delivering user-specific
information since users typically differ in their background and decision processes, thus requiring
different types and amounts of information for decision-making [AG-P; ACER-P; AB2-P].

Uncertainty communication is effective when the information provided to users is simple, clear,
relevant, and trustworthy (Thielen and Bruen, 2019). Interpreting unnecessary and complex
information can be time-consuming, posing an obstacle when a quick response is required.
Additionally, forecast literacy varies since different flood decision makers (e.g. farmers, local
government officers, civil protection agents) will have different experience and exposure to
forecasts. Therefore, products that simplify and summarise information may be more appropriate
and preferred. Many interactive and user-tailored platforms were presented at the workshop.
Some of them allow the user to choose between different forecast products [DDB-P; CP-P], and
others provide quantitative forecasts with either verification [BvO-P2] or uncertainty classification
[RH-P], preparing probabilistic forecasts for operational use. Other platforms are designed to train
and educate users, representing a valuable tool for operators who lack experience with
probabilistic forecasts [SH-P; LN-P].

The evaluation metrics and the visualisations used play an essential role in this aspect since the
way in which the information is presented affects the perception of uncertainty ([ES-K]; Demeritt
et al., 2019; Pappenberger et al., 2013). The choice of metrics used in emergency response and
hazard warning can influence the decisions made [JSL-P1; DH-P; HH-P]. It is also important to
use metrics that are appropriate to specific situations (e.g., evaluating event-based flash-flood
and flood extent maps) [DPR-P; HHP; RH-P] and translating forecast improvement into monetary
benefits ((HMS-P1; QJW-P; KH-P]; Cloke et al., 2017). However, when emergency actions involve
the population's cooperation (e.g., evacuations), how uncertainty is addressed is more important
than its visualisation [ES-K], since not the entire population has access to a web forecast or TV

(e.g.: remote areas or rural communities with only radio communication systems).

Creating a system in collaboration with end-users can narrow the forecast uncertainty and
improve decision-making [HMS-P1; QJW-P; KH-P]. This exchange allows forecasters to know

what information is relevant to users (e.g., data dimensionality, the amount of detail, etc.) and
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how to represent it to reflect the scientific confidence in the prediction without ambiguity (Stephens
et al., 2012). Co-production seems to be pivotal to make the forecast quality-value relationship

more direct and to tailor uncertainty communication to the decision needs (Barnhart et al., 2018).

3. Co-production of hydrological services and incorporation of local

knowledge

3.1 The hydrological services value chain

At the local level, decisions are made based on multiple knowledge sources (e.g., forecasts,
monitoring information, local experiences and knowledge, and environmental signs). In his
keynote, Werner [MW-K] argued that building an effective warning service, and providing
data/information that is actually used, relies on in-depth understanding of users’ knowledge,
perceptions, motivations to act, and the options available to them.

The hydrological (climate) services value chain (Figure 6) shows the multiple actors that are
involved in the service provision, from (global) data providers to local users. At each step, value
is added through contextualising and tailoring data provided, which is purported to lead to better
decisions for hazards, water resources, and sectoral information provision (see Section 6 for
further discussion on applications and decision-making). The uptake of forecast information and
warnings can, however, be limited by challenges in translating scientific information into
actionable information that matches the local context and experience of intended users. Effective
communication through translators of scientific information (service purveyors) is then a key
element of the value chain. Such human-centred services, i.e. communicating science-based
warnings in the (visual) language that people speak (e.g., using environmental cues, signs that
people see outside of their windows) could lead to more people taking action [MW-K], and ongoing
research is exploring this, through the concept of Living Labs (Veeckman and Temmerman, 2021)
and co-production of research and climate services with the decision-makers and communities
using them (Contreras et al., 2020). This advances the current state-of-the-art to user-centred
services that are both useful and usable (Vincent et al., 2018), and requires the integration of the
knowledge and needs of the users in a reverse direction (Figure 6), ultimately all the way through
to the providers of climate and hydrological data.
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Figure 6: Workflow of the “Climate Services Value Chain”, from Werner’'s keynote presentation
[MW-K] and at the core of the EU-H2020 project I-CISK (Innovating Climate services through
Integrating Scientific and local Knowledge; https://icisk.eu).

Golding et al. (2019) argue that focussing on the entire weather-related hazard warning chain,
and on its connectivity, is key towards implementing more effective warning systems. The chain
includes sensor technology, atmospheric, environmental and socio-economic modelling,
communication science and behavioural psychology. To develop an evidence-based bi-
directional value-add decision-making chain that is fully integrated, multi-disciplinary research and
trans-disciplinary research, tools, and data are necessary [MW-K]. This includes science, focus
groups, stakeholder interviews, and creative methods such as serious games and storytelling
workshops (Van Loon et al., 2020, Crochemore et al., 2021). These interdisciplinary tools can
help establish jargon-free communication and effectively contribute to building community

resilience to hazards, alongside more traditional methods (Van Loon et al., 2020).

A relevant example is the use of seasonal forecasts and drought warnings by farmers in Malawi
(IMW-K]; Calvel et al., 2020; Mittal et al., 2020; Streefkerk et al., 2022). Through focus group
discussions, researchers developed an understanding of the seasonal calendar of local farmers’
activities. They show that seasonal forecasts are useful to local farmers when the information
these forecasts contain focus on environmental cues the farmers recognise locally, such as wind

and temperature patterns. Another example is the flash flood warning research by Bucherie et al.
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(2022). Through community engagement (i.e., community walks through the local area, drawing
exercises, and focus group discussions), they demonstrate that local communities have a good
understanding of where flash floods happen and their triggers, and that there is a complementarity
between (global) scientific datasets and local knowledge that should be harnessed.

The following subsections give an overview of the various forms that co-production and
incorporating local knowledge and information can take, exemplified by case studies presented
during the workshop.

3.2 Service co-development

As technical and scientific capabilities evolve, there are a growing number of large-domain
forecasting systems available (e.g., the Global Flood Awareness System [GIoFAS], the Global
Flood Forecasting Information System [GLOFFIS], World-wide Hydrological Predictions for the

Environment [HYPE] and the C3S hydrological prediction system; Emerton et al., 2016). Large-

domain systems can provide information where there is limited existing capacity locally.
Additionally, international centres have the computational power and resources to provide
ensemble forecasts for longer lead times, as well as reforecast and reanalysis datasets to support
forecast evaluation. However, national/local forecasting agencies have a better understanding of
the local context, the mandates to issue warnings, and links with other national and local agencies
[ES-K]. In this context, global-local collaboration is vital. A successful example of a global-national
collaboration is between GIoFAS and the Bangladesh Flood Forecasting and Warning Centre
(FFWC) to develop extended-range forecasting capacity on the Brahmaputra River. In a two-step
process, 15-day GIoFAS forecasts are used for pre-activation and FFWC forecasts are used for

decision-making on shorter lead times of up to 3 days [ES-K].

To ensure that forecast products are useful locally, their design should be informed by users’
needs and decision-making context, through regular consultations with users during the product
design phase [CB-P; FW-P; WP-K]. Additionally, Baugh et al. [CB-P] argued that product
dissemination should be user-tailored so that the most adequate dissemination method (e.g.,
operational web platform, direct integration into the users’ systems) is used. To enhance users’
uptake of co-developed products, forecasting centres should complement their operational
systems with tools such as user guides, wikis, tutorials, FAQs, support portals, facts sheets,
infographics, and visuals of forecast skill assessment [SH-P; LS-P]. Users with more resources
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may wish to actively participate in the service design. This can be enabled by sharing tools and
methods to allow for easy experimentation and integration of developments by local users [BvO-
P1].

Predicting usable information (e.g., available water for consumptive use) is a combination of: (1)
current information (e.g., water available in storage), (2) operational information (e.g., annual
releases by a reservoir company), and (3) forecasts (e.g., seasonal forecast of inflows into
storage) [MW-K]. While many operational systems provide (1) and (3), operational information (2)
is not often incorporated. Several presentations demonstrated the added value of incorporating
water management requirements into the development of a forecasting system:

e The use of water supply-demand curves for water allocation in the Murray Darling Basin
(Australia) [KH-P].

e The prediction of inflows into storage to the end of season using seasonal forecasts to
support decision-making on available water for consumptive use in the Murrumbidgee
irrigation District, also in the Murray-Darling basin ([MW-K], Kaune et al., 2020)

e The development of a large-domain modelling framework for ensemble forecasting from
which to tailor local to regional water management applications and develop risk-based
strategies for operating reservoir systems in the USA [AW-P].

e An assessment of the economic impacts of the implementation of forecast-based
allocation rules on the Jucar River system (Spain), using agricultural and hydropower
impact measures and environmental status metrics [HMS-P1].

e The promotion of the integrated management of droughts and floods by bringing together
various actors (e.g., water agencies, hydrometeorological institutes, energy and transport
sectors, civil protection, water users, early warning institutes) in the Madeira River Crisis
Room [MdM-P]. This was established in 2015 under the coordination of the Brazilian
Water Agency (ANA), in the aftermath of the 2014 Madeira River Basin summer floods.

These presentations demonstrated the potential for improving forecasts by combining
hydroclimatic forecasting expertise with local system knowledge. They also highlighted that
forecasts are valuable and can lead to economic benefits (Cassagnole et al., 2021), but that there

is still room for cooperation between water sectors.

Additionally to incorporating local knowledge, local data is a key element of larger-domain hydro-
meteorological systems, yet in many cases there are challenges due to confidentiality, lack of
standardisation and quality control. Subsequent sections discuss the importance of incorporating
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local data through, for example, data assimilation (Section 4), model calibration and

regionalization approaches to upscale local information (Section 5.2).

3.3 Application and locally relevant evaluation

There are different perspectives when examining forecast quality (Troin et al., 2021; Anctil and
Ramos, 2018; Werner et al., 2018). According to Werner [MW-K] and Stephens [ES-K], forecast
evaluation should be user-defined to demonstrate applicability of the forecasts, based on
variables of interest and for spatial and temporal scales of interest to users. Several studies
presented evaluation results for and/or in collaboration with a specific user and are described in
more detail in Section 6. In order to facilitate decision-making and forecast evaluation locally,
more international and interdisciplinary data sharing is essential (e.g., through the Copernicus
Climate Data Store, CDS) [SH-P].

Local hydro-climatic conditions are important drivers of forecast performance, as shown by
Pechlivanidis et al. [IP-P], discussed in Section 2.1. While the availability of global products is vital
in data-scarce regions, their quality varies greatly locally. It is therefore important to assess their
suitability over regions of interests (relevant presentations include [MW-P; MB1-P]). Bernhofen et
al. [MB1-P] assessed the role of global datasets for flood risk management at national and
catchment scales. They showed that national flood risk estimates calculated using different global
datasets vary significantly, and encouraged the use of a combination of multiple global datasets
to report flood risk in order to reduce the uncertainty associated with using a single dataset ((MB1-
P]; Bernhofen et al., 2021, 2022). In addition, global datasets should be benchmarked against
each other to better understand sources of model bias and uncertainties, and to support their

informed application by end-users (Hoch and Trigg, 2019).

Several authors compared global with catchment-based models/systems for water sector
applications in various parts of the world [DM2-P; DR-P; FF-P1]. In their comparison of GIoFAS
and a catchment-based model for flood forecasting in Uganda, Mulangwa et al. [DM2-P] showed
that the catchment-based model works better overall for smaller basins, while GIoFAS performs
better in larger basins (see Section 5.4.2 for more information). This demonstrates that GloFAS
can be used as an interim solution for countries without local forecasts, though only for basins
above a certain size. Similarly, Robertson et al. [DR-P] compared catchment-scale forecasts from
the Bureau of Meteorology against GIoFAS seasonal forecasts for catchments across Australia.
They showed that catchment-based forecasts tend to be more skillful and reliable for their specific
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application, while global forecasts are more skilful when hydrological processes are less important
(e.g., wet season in the tropics), and are better at discriminating high and low flow seasons in

comparison to actual flow volumes.

4. Earth Observation and data assimilation

Earth Observation (EO) provides scale-relevant measurements of hydrological variables,
enabling streamflow modelling and forecasting even in data scarce regions [PD1-P]. Connecting
EO-based temporally discrete snapshots of dynamic processes, however, requires assimilation
into process-based models to characterise their temporal evolution (See Figure 7). Hydrological
data assimilation (DA) is rapidly evolving to match the unprecedented progress in observation
capabilities. It has been frequently applied for state estimation, dynamic parameter estimation,
closing the water balance, and uncertainty estimation. The rise of machine learning (ML), big EO
data, and cloud computing, has unlocked new opportunities for the development of next
generation hybrid model-data integration methods (Geer, 2021). This section reviews the state-
of-the-art in the field of EO-DA presented at the workshop.

Data
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Figure 7: Schematic showing the role of Earth Observations and data assimilation in the context
of modelling and ensemble forecasting.

4.1 Advances in Earth Observations of the hydrosphere

Schumann [GS-K] introduced the state-of-the-art in the field of EO and DA, highlighting the
potential of impact-level forecasting using emerging technologies in EO and big data processing.
Satellite imagery is constantly improving in terms of spatial and temporal resolutions, making EO
more useful for local scale applications in hydrology. Rainfall measurement missions on board
nanosatellites have recently been launched, leveraging novel sensor technology, which can
improve weather forecasts through model-data-integration (Jales et al., 2020). Recent advances
in ML have made on-board EO-based flood mapping (Mateo-Garcia et al., 2021), prediction of
physically consistent flood observations (Lutjens et al. 2021), and real-time water level forecasting
(Google HydroNets) operationally feasible, as shown in Shalev et al. ([GS-P]; Nevo et al., 2022).
Lack of appropriate training data for ML and the incorporation of physical principles within ML
networks were identified as open challenges, requiring routine evaluation, diagnosis, and domain-
knowledge integration to deliver more skillful predictions globally. Furthermore, the large
quantities of training data necessary for Deep Learning (DL) could additionally be sourced from
smartphone camera pictures and videos, or from social media, along with leveraging generative
models, such as Generalised Adversarial Networks or GANs, to produce synthetic data for data-
scarce regions (Bentivoglio et al., 2022). Moreover, Physics Informed Neural Networks (PINNs)
also hold promise for flood modelling in combination with methods from deep Gaussian processes
or Bayesian neural networks to evaluate model and data uncertainties through probabilistic
hazard mapping (Mahesh et al., 2022).

Jurlina et al. [TJ-P] used such domain-knowledge integration, where a Random Forest classifier
was trained to predict climatological river flow percentiles. They used a variety of static and
dynamic satellite-based inputs, with surface soil moisture (SSM) emerging as the most important
feature for shorter lead times. Satellite remote sensing in combination with ML was also used for
water budgeting using a variety of inputs (Adedeji et al., 2020), with geology and rainfall emerging
as the dominant controls on groundwater recharge and distribution patterns (Orimoloye et al.,
2021). EO satellites also enable large-scale observation of evapotranspiration (ET), which is
important for closing the water balance in large basins and is challenging to measure in the field.

Chen et al. (2021) showcased a new high-resolution multi-source merged satellite ET dataset,
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prepared by modifying the surface energy balance method, which outperformed existing datasets
[XC-P].

EO also provides an invaluable resource for the spatial error assessment of ensemble forecasts,
as shown by Hooker et al. [HH-P]. The authors used a normalised spatial map comparison metric
to assess the spatial skill of GIoFAS forecasts on the Brahmaputra river, providing a
comprehensive measure of uncertainty at various scales (Hooker et al., 2022a). The Fraction Skill
Score, a domain averaged score, was then computed to determine the scale at which the forecast
becomes useful, which could help in presenting model outcomes to end-users, or for model
development and data assimilation (Hooker et al., 2022b). Such investigations will soon be
supported by the CEMS Global Flood Monitoring (GFM; CEMS, 2021) product, as demonstrated
by Hostache [RH-P], which provides near-real time and historical flood maps based on Sentinel-
1 acquisitions. Unrestricted access to high accuracy SAR-based flood extent maps alongside
estimates of uncertainty will open up new opportunities for model error diagnosis, forecast
evaluation, and data assimilation. Previously, historical flood risk and discharge were calculated
using much coarser optical (MODIS) and passive microwave data (AMSR-E/2, TRMM, GPM) by
the Dartmouth Flood Observatory, which allowed the assessment of flood exposure over several
decades (e.g., Tellman et al.,, 2021). Kettner et al. [AK-P] showed that the addition of high
resolution SAR and optical data, provided by the Copernicus Sentinel satellites, has further
facilitated examining the relationship between flood extents for flow magnitudes corresponding to

different return periods.

Despite significant advances in SAR-based flood detection algorithms, the problem of mapping
inundation dynamics in urban areas, where most people and assets are located, still remains
challenging due to complex scattering mechanisms (Shen et al., 2019). For instance, the GFM
product masks these areas out due to the lack of appropriate globally-applicable algorithms to
detect urban inundation, as discussed in [RH-P]. However, [DM-P] developed a new method for
detecting flooding in dense urban areas, using globally available datasets including Sentinel-1
(S1) SAR data, the WorldDEM Digital Surface Model (DSM) and the World Settlement Footprint
data, which could be promising for applications at local scales. The algorithm based on change
detection uses pre- and post-flood S1 images to detect flooding in the vicinity of walls aligned
within 30° of the satellite track. More details on the method can be found in Mason et al. (2021).

While this approach resulted in useful flood extent detection in urban areas, the estimation of the
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corresponding inundation depths proved to be non-trivial, especially when street widths equalled

or exceeded the DSM grid resolution, implying the need for higher resolution datasets.

4.2 Optimising operational forecasting using EO-DA

It is now well understood that assimilation of satellite-based observations can help to reduce
forecast spread and uncertainty when utilising ensemble forecasts (see extensive discussions in
Lahoz et al., 2010; Beven 2009; Cloke & Pappenberger 2009; Walker & Houser 2005). A prime
example of progress in the field is the European Commission’s DestinE programme presented in
a keynote by Sandu. This programme aims to develop a highly precise digital model of the Earth
(Digital Twin) to monitor and simulate natural and human activity [IS-K]. The possibility of a real-
time Earth-system digital twin, which optimally combines simulations and near-real-time
observations to monitor the evolution of the Earth system, was only made possible through
advances in DA primarily pioneered by the field of meteorology (Bauer et al., 2021). The transition
of hydraulic flood modelling from a data-poor to a data-rich science is relatively more recent
compared to meteorology, and thus the development of the first flood DA algorithms has only
emerged in the last decade. Dasgupta et al. in [AD-P] proposed the use of mutual information as
a metric for the assimilation of EO-based flood extents into hydraulic models, and investigated
the feasibility of targeted observation design for flood observations. The assimilation was shown
to be keenly sensitive towards coverage with respect to reach morphology and timing relative to
the flood peak, while the assimilation of one optimal image proved better than the assimilation of

multiple suboptimal images.

In a similar effort to optimize EO-DA for operational forecasting in catchments facing persistent
freshwater scarcity, Erlingis et al. [JE-P] proposed a novel land data assimilation system for
drought monitoring in the Western United States. The assimilation of Leaf Area Index (LAI) was
proposed to constrain the dynamic vegetation model within Noah-MP, which led to improved
estimates of ET over agricultural regions, in addition to capturing drought severity. Similarly, the
Australian Bureau of Meteorology assimilates SSM to forecast the surface water balance in
Australia at a variety of spatiotemporal scales [CPH-P]. Comprehensive forecast evaluations
showed positive skill scores for SSM and ET predictions with up to 2 months lead time and for
runoff with 1 month lead time, resulting from the SSM assimilation. In Germany, the Terrestrial
Systems Modelling Platform developed by the Forschungszentrum Jilich [HJHF-P] simulates the
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coupled terrestrial water and energy cycles using data assimilation of multi-source observations,
through a scalable Parallel Data Assimilation Framework, allowing predictions across scales for

different applications.

Despite the widespread application of SSM for data assimilation to improve the estimation and
forecast of a variety of hydrometeorological variables, the resolution requirements cannot be met
due to scale limitations in passive microwave remote sensing. Given the sensitivity of active
microwave sensors towards SSM and vegetation water content, SAR backscatter provides a high-
resolution alternative for assimilation into high-resolution Land Surface Models (LSMs) to improve
state estimation. This novel technique was used for Sentinel-1 (at 1km resolution) by Bechtold et
al. [MB2-P], and ASCAT (at 25km resolution) backscatter assimilation by Baguis et al. [PB-P].
Assimilation requires designing an observation operator which maps the simulated state variables
(such as SSM and LAl) to the observation space (backscatter predictions). The Water Cloud
Model was used as the observation operator by these studies, to simulate the backscatter as a
function of the vegetation and soil backscatter. The backscatter assimilation resulted in both
positive and negative impacts on forecast skill, especially deteriorating the forecast in areas where
the LSM simulated erroneous LAI values. However, the approach holds promise for the future by
providing methods to integrate high-resolution observations into LSMs. High-resolution
observations of SSM and rainfall have long been identified as gaps in generating more accurate
hydrological predictions (e.g., Alfieri et al., 2022), and the EO community is constantly working on
improving the space-time granularity of satellite hydrology datasets (e.g., Filippucci et al., 2022;
Peng et al., 2021a, Peng et al., 2021b). The development of such high-resolution backscatter
based assimilation methods is necessary to ensure the quick uptake of these newly produced

datasets.

For basins where snowmelt processes dominate runoff, operational forecasting presents
substantial challenges due to the complex catchment response towards snow cover variability.
To optimize operational streamflow forecasting for Quebec, Canada, Odry et al. [JO-P] proposed
Bayesian multi-model forecast merging, but limited sensitivity to the prior distribution was
observed and large differences in the skill of different models resulted in insignificant overall
improvements from the merging. Yamada et al. [MY-P] showed improvements in water level
prediction accuracy by incorporating river cross section data into a high-resolution rainfall-runoff-
inundation model for Japan. MODIS snow products were assimilated into the conceptual

hydrological model HBV by Uysal et al. [GU-P] to improve forecasts and increase prediction
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horizons for the snow dominated Karasu Basin in Turkey. Similarly, Casson et al. [DC-P]
assimilated in situ and remotely sensed observations of fractional snow cover and albedo using
perturbed observation Particle and Ensemble Kalman Filters in the North American Rocky
Mountains. For Germany, Weier et al. [JW-P] showcased the soon-to-be operational HydPy
unified modelling and data assimilation framework, based on OpenDA and Python, which is

capable of assimilating multi-source observations and combines several conceptual models.

Altimetry assimilation for streamflow forecasting is set to be revolutionised by the imminent launch
of the Surface Water and Ocean Topography (SWOT) satellite mission, which will provide 2D
water surface elevation grids for all channels across the world >100m in width. Pedinotti et al.
[VP-P] demonstrated with an application to the Niger and the Congo river basins, the comparative
performance assessment of water levels derived from SWOT discharge and water levels from the
HydroWeb database, which contains water levels time series of large rivers based on altimetry
data. The potential of DA to consistently improve simulated discharge estimates was
demonstrated, and observation localization in space and time was shown to be critical for SWOT

data.

4.3 Limits to predictability of hydrological variables

Despite the best attempts to capture scale-dependent dynamic process variability in the current
generation of hydrological models, the intrinsic uncertainty of natural processes nevertheless
limits predictability. Dimitriadis et al. (2021; [PD2-P]) measured the scale-dependent variability of
hydrological processes and found that fractal behaviour is exhibited at small-intermittent scales
and long-range dependence is evident at large scales, which indicates low predictability.
However, attempts to leverage advances in EO and ML to improve hydrologic predictability
persist. For instance, Keppler et al. [RK-P] used a Convolutional Long Short Term Memory
network (ConvLSTM) to assimilate streamflow into a distributed hydrological model. While the
ConvLSTM improved the forecasts in the absence of input errors, it degraded the forecasts
otherwise, due to the abridged input sequence and because the model could not capture long-
term soil moisture and snow pack variability. Musuuza et al. [JLM-P] found that the assimilation
of a variety of EO-based snow cover and ET products, along with in situ flow measurements, was
unable to increase forecast skill during spring and summer due to incomplete snowmelt
information and large flow errors. Bahramian et al. [KB1-P] similarly used data assimilation to
improve SSM forecasts and found that the forecast improvements persisted for a maximum of 9



26

days for SSM and upto 16 weeks for the root zone soil moisture, but did not extend to seasonal

scales.

5. Improving hydrological simulations

A key tool for hydrologists is the hydrological model itself. However, no model perfectly replicates
reality due to limited knowledge of the water cycles processes, and limited computational and
data resources. The workshop presented a snapshot of the advances made and challenges faced

in developing hydrological models.

5.1 Physically-based model development

Dynamical models are based on the physical laws dictating catchment processes. The increasing
availability of data and computational resources has allowed for more complex models (Bates,
2021). Model choice should depend on several factors including intended use, spatiotemporal
scale, and available computational resources (Horton et al., 2021; Pechlivanidis et al., 2011).
Hence, several hydrological models were used in the presented studies. However, two separate
but interlinked pathways for improving physically based model simulations were identified:

increasing resolution and model coupling.

Model resolution has been increasing over the past several decades (Wood et al., 2011; Bierkens
et al.,, 2015; Melsen et al., 2016; Hoch et al., 2022), largely facilitated by increases in
computational resources (Bauer et al.,, 2021) and large observational datasets (Wilby, 2019;
Beven et al., 2014). Overall, the skill of simulations has improved as a result (Habibi et al., 2019;
Beven et al., 2014; Magnusson and Kallén, 2013). In her keynote, Sandu [IS-K] outlined three
key benefits of high-resolution (or hyper-resolution, <1 km) modelling: 1) more processes are
resolved at these scales allowing for more realistic simulations, since some processes no longer
need to be represented via parameterisation schemes (Roberts et al., 2018); 2) model resolution

will be closer to the scale of observations, which can be both challenging and beneficial for



27

processes such as data assimilation and verification (Erlingis et al., 2021; Fiddes et al., 2019;
Crocker et al., 2020); and 3) simulations may be more useful for local decision making on a day
to day basis (Habibi et al., 2019). Several presenters showed results from high resolution models
including Munier et al [SM-P], who presented the improved performance of a river routing model
after an increase in resolution from 1/2° to 1/12°. Belleflamme et al [AB-P] showed the skill of 10-
day and seasonal drought forecasts at a resolution of 600 m for use in the agricultural sector.
Flash flood modelling [CB-P, MY-P, TS-P] is also a key area that benefits from (and requires) high
resolution models due to the ability to resolve convection and capture the variability in soil
moisture (Loval et al., 2019; Hapuarachchi et al., 2011). Sayama et al. [TS-P] showed that a 150

m resolution national rainfall-runoff model was able to predict two flash flood events reasonably

well, although with large uncertainty in some locations due to the 5 km meteorological forecast

being unable to confidently predict the location of the storm (Sayama et al., 2020).

Sandu [IS-K] noted how high-resolution models made scaling effects and computational efficiency
key considerations for current and future projects ([GS-P], Bauer et al., 2021; Donahue et al.,
2020; Yepes-Arbos et al., 2022). However, as also noted by Sandu [IS-K], higher resolution may
not reduce uncertainty (Wedi, 2014; Beven et al., 2014; Costanza and Maxwell, 1994). On the
other hand, technological advancements could allow for larger ensemble forecasting (Wu et al.,
2020; Cloke and Pappenberger., 2009), providing valuable information regarding prediction
uncertainty (Section 2). Thus, it may be best to focus on increasing ensemble size rather than

model resolution in certain applications ([PZ-P]; Scaife et al., 2019).

Due to the complexity of the Earth system, the coupling of models that replicate different
components of the water cycle is often required to make realistic simulations (Ning et al., 2019;
Xu et al., 2005). Models can be coupled sequentially (one-way coupling) with the output of one
model forcing a second model. For example, the outputs from NWP systems are often (both in
practice and in many of the workshop presentations) used to drive hydrological models, allowing
the forecast horizon to be extended (Bartholmes and Todini, 2005; Cloke and Pappenberger,
2009; Emerton et al., 2016). User-specific models can be coupled to hydrological models in this

way to make bespoke forecasts. For example, De Vera et al [ADV-P] coupled a rainfall-runoff
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model (GR4J), a routing model (Muskingum), and an electric system model (SImSEE) to produce

7-day forecasts of the optimal dispatch of the G. Terra reservoir (De Vera et al., 2021).

Alternatively, models can be fully coupled (two-way coupling) in an ESM approach, where all
relevant aspects of the Earth system including atmospheric, ocean (including waves and sea ice),
and terrestrial energy, water and biogeochemical dynamics are interactively coupled (Clark et al.,
2015; Harrigan et al., 2020; Steffen et al., 2020). Ideally, human activities are also included in
ESMs (Muller-Hansen et al., 2017; Pokhrel et al., 2016). Several presented studies focused on
the implementation and evaluation of these fully coupled systems. These highlighted the
increasing prominence of Earth system modelling at global ([LS-P; IS-K]; Flato, 2011; Prinn, 2013)
and regional ([BN-P; HL-P; HJHF-P; CPH-P]; Giorgi and Gao, 2018; Elizalde et al., 2010) scales.
For example, DestinE’s “Digital Twin” (Section 4.2) will combine all parts of the natural
environment as well as related human activities in an attempt to capture the mutual feedback
processes involved, and potentially to improve simulations [IS-K]. Additionally, it is expected that
the hydrological components will be fully coupled to the atmospheric components, made feasible
by the high resolution of the models. This will allow, for example, large rivers to impact the surface
meteorology by feedback mechanisms([IS-K]; Boussetta et al., 2021, Ning et al., 2019).
Hendricks-Franssen et al [HJHF-P] presented case studies of the coupled Terrestrial Systems
Modelling Platform, which couples the atmospheric ICON model with the CLM land surface model,
and the subsurface hydrological model ParFlow. By modelling the coupled terrestrial water and
energy cycles, the system is able to predict crop yield, soil moisture, and flash floods with a higher
accuracy. Lewis [HL-P] coupled the UK Met Office Unified Model with the land-surface model
JULES, and with ocean and marine ecosystem models (NEMO, WWIII, and ERSEM). This
resulted in an improved simulation of the vertical salinity and temperature profiles in near-coastal

waters compared to climatology.

Coupled models are computationally expensive and their verification is complex (Grimaldi et al.,
2019). Additionally, the optimal coupling method is not obvious particularly given the varying
spatiotemporal scales at which different processes occur (Gentine et al., 2012). Several
frameworks for coupling models have been developed in recent years (e.g., Hoch et al., 2019).
Hendricks-Franssen et al [HF-P] used OASIS-MCT, a model coupling library (Valcke, 2013), in
their study allowing them to model all components of the terrestrial system and include a higher
resolution sub-domain. Alternatively, Eilander et al [DE-P] presented a new framework, HydroMT,
for coupled modelling of compound flood simulations (Eilander et al., 2022). This open-access
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framework allows models to be set-up automatically given the appropriate datasets (Eilander &
Boisgontier, 2022).

5.2 Uncertainty in dynamical models

In this section, we discuss model structure and model parameter uncertainty (Moges et al., 2021).
Model structure uncertainty may be reduced by increased fidelity of process representation
(Section 5.1); however, this may not produce more useful forecasts (Section 2.1). An alternative
method, used in several of the presented studies [LS-P; GU-P; FW-P; LN-P; CP-P], is to use a
multi-model ensemble (Troin et al., 2021; Dion et al., 2021). In addition to improved forecasts
(e.g. [LN-P]), multi-model systems offer opportunities for co-production leading to more usable
forecasts ([FW-P], Section 3). However, construction of a multi-model system has many
challenges, including the choice of models, communication (Section 2.3) and use of the output
(Sections 3.2 and 6.1). The combination of multi-model forecasts is not trivial and is an active

area of research (Wan et al., 2021).

Model calibration is used to reduce model parameter uncertainty (Moges et al., 2021; [TBTP-P]).
Data scarcity hinders model calibration ([PD1-P]; Beven and Cloke, 2012) at the global [SG-P],
continental [CM-P], and catchment scales [DH-P; MW-P]. One approach to overcome data
scarcity is the use of alternative data sources, such as reanalysis [MW-P; DH-P], to calibrate the
model of interest. However, Wanzala et al. [MW-P] showed that different reanalysis datasets
resulted in large variation in predictive skill and affected the robustness of the estimated
parameters. Alternatively, increasing EO data (Section 4) could provide the necessary
observations for data sparse regions [GS-K].

In large-scale hydrological modelling, regionalisation methods can transfer knowledge from
gauged to ungauged basins. Beck et al. (2020; [HB-P]) used transfer equations relating model
parameters to catchment and climatic characteristics to yield global parameter maps for the
LISFLOOD hydrological model. Alternatively, Seibert et al. ([JS-P]; Pool and Seibert, 2021) used
calibrated model parameters of selected gauged catchments for ungauged catchments with
similar characteristics. Mazzetti et al. [CM-P] overcame temporal data sparsity, where
observations have different temporal resolution to the model, by aggregating the model output to

match the daily resolution of the observations.



30

In some flood forecasting systems, model uncertainty can lead to inconsistencies between
forecasts and observation-based flood thresholds. Therefore, some global flood forecasting
systems, such as GIoFAS, use reanalysis to define the flood threshold to account for these biases.
However, Zsoter et al. (2020; [EZ-P]) showed that lead-time dependent ensemble reforecast-
based thresholds provide even more reliable and skilful flood forecasts for longer lead-times since
biases in the forecast due to the use of NWP models rather than meteorological observations are

also accounted for.

5.3. Data-driven and hybrid methods

Machine Learning (ML) techniques have become increasingly common in hydrology over the past
couple of decades (Shen et al., 2021; Lange et al., 2020; Shen and Lawson, 2021; Mosaffa et al.,
2022; Mosavi et al., 2018; Xu and Liang, 2021). This was accelerated by the progress made in
developing deep learning algorithms as well as by an increase in the availability of large
hydrological datasets (Shen, 2018). The Long Short-Term Memory (LSTM) was a popular choice
of algorithm in the presented studies [YZ-P; GS-P; RK-P]. The LSTM is a type of neural network
that allows the autocorrelation often seen in hydrological variables to be modelled. It is commonly
used in hydrology for simulation, forecasting, and hydroclimate predictions (e.g., Kratzert et al.,
2018; Le et al., 2019; Natel de Moura et al., 2022). Both Zhou et al. [YZ-P] and Shalev et al. [GS-
P] used LSTM models to predict water level and flood inundation. Zhou et al. [YZ-P] found that
their deep-learning water-level simulations showed only minor differences to the output from a
2d-hydrodynamic model although they were produced much faster with LSTM (Zhou et al., 20213,
2021b). The LSTM-generated stage forecasts of Shalev et al. [GS-P] had a high median NSE
(~0.97) across the tested basins. However, Keppler et al. [RK-P] had varying success using an
LSTM approach within a data assimilation framework (see Section 4.3). Olusola et al. [AO-P]
used the simpler, more computationally inexpensive random forest algorithm to predict the spatial
variability of groundwater. They found that geology and rainfall were the variables with the
greatest weight in the calculations. Additionally, Forouhar et al. [LF-P] used a Multi-Layer
Perceptron Artificial Neural Network to forecast short-term irrigation water demand. They found
that, although the forecasts had a skill comparable to previous studies, the lack of inclusion of
physical understanding of the system limited the performance of the method. This is a common
criticism of ML or statistical methods ([LS-K]; Gilpin et al., 2019; Schmidt et al., 2020; Nearing et
al., 2021). Methods such as physics-informed ML (e.g., Bhasme et al., 2021 and Herath et al.,
2021) have been suggested as potential solutions, although it is acknowledged that more
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research is needed in this area to constrain ML predictions to physically plausible values ([LS-K];
Kratzert et al., 2019).

Whilst some presentations discussed purely data-driven methods (e.g., [GS-P; AO-P]), there was
a strong emphasis on hybrid data-driven and physics-based methods throughout the workshop.
During a keynote talk, Slater [LS-K] discussed how the hybrid methods benefit from state-of-the-
art developments in ML (e.g., increased speed) and physics-based modelling (e.g., physical
understanding of the system). As discussed by Slater [LS-K], the combination of data-driven
(particularly ML and deep learning methods) and physics-based methods has the potential to
solve some of the outstanding challenges in hydrology, such as incorporating human activity into
hydrological simulations and generating seamless predictions across time scales. Statistical
methods can be introduced to dynamical systems throughout the forecasting chain (e.g., data
assimilation [RK-P], ensembling [LS-K], post-processing [KB-P; AC-P], and evaluation [IP-P]) to
reduce biases, for operational convenience, and to improve nonstationary modelling [LS-K].
However, as ML techniques are introduced into systems, they must be evaluated to ensure robust

and plausible forecasts, and be benchmarked against traditional physics-based systems [LS-K].

An example of a hybrid system given by Slater [LS-K] is that of a seasonal streamflow forecast
generated by driving a statistical model with the basin-average harvested corn and soybean
acreage, and precipitation forecasts from a GCM (Slater et al., 2019). Due to the short training
time of the statistical model, these models can be updated regularly to account for changes in
land use. Driving ML algorithms with the output from physics-based models is a common hybrid
approach (e.g., Hauswirth et al., 2022; Hunt et al.,, 2022; Frnda et al.,, 2022). Two other
presentations demonstrated the skill of hybrid forecasts created in this way. Jurlina et al [TJ-P]
created river flow forecasts for up to 10 days ahead by driving a random forest multiclass classifier
with nine catchment characteristics, SMOS and in-situ observations, and ECMWF forecasts.
Golina et al [SG-P] compared forecasts of seasonal precipitation for the island of Ireland
generated by driving a Multiple Linear Regression (MLR) and an Artificial Numerical Network
(ANN) with predictors based on ECMWF seasonal hindcasts for mean sea level pressure. Whilst
the skill of these forecasts was season dependent, they consistently performed better than purely

physics-based forecasts.
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5.4. Model development for forecasting across scales

There are currently several global- and continental-scale hydrological forecasting systems in
operation (Emerton et al., 2016). Additionally, many regions are covered by basin or sub-basin
scale systems. The benefits and challenges of using systems of both scales are discussed in
Section 3.2. In particular, there are knowledge gaps in how forecasting systems at a range of
scales can complement each other, and how global forecasting systems can address local needs
[DR-P]. To overcome this gap, [BvO-P1] studied how a local forecasting system under
development can be used with a global dataset that is designed to be executed on a global scale
while supplemented by local information. Additionally, Eilander et al. [DE-P] presented a new
framework (HydroMT) to automatically and rapidly set up a flood risk model for compound flooding
anywhere around the globe. HydroMT is globally applicable and locally relevant as it is based on
globally available data, with the inclusion of local data where available. Alternatively, Odry et al.
[JO-P] used Bayesian merging to combine large and local scale forecasts in Quebec, Canada.
The resulting forecasts performed as well as or better than the individual forecasts, whilst

removing the need to look at two separate forecasting systems.

Regardless of forecast accuracy, sufficient lead time is essential to facilitate effective decision-
making and preparedness. The workshop showcased various presentations aiming to improve
both short- and long-term streamflow forecasts. For example, Uysal et al. [GU-P] provides
perspectives on advances and developments in improving short-range streamflow forecasts.
Arnal et al. [LA-P] presented preliminary results for the Bow River at Banff (Canada), using a
workflow designed to quantify streamflow predictability on sub-seasonal to seasonal (S2S)
timescales across North America. Both data-driven and process-based techniques are being
investigated to produce continental-scale S2S hindcasts and quantify predictability [LA-P]. Such
investigations can potentially provide useful science-based information for reservoir operations
and water resource management (Section 6.5). Additionally, some studies showed progress in
creating temporally seamless forecasts. Caillouet et al. [LC-P] combined deterministic short-range
and probabilistic medium-range forecasts with expert knowledge to create a seamless forecast
with the aim to optimise flow management decisions. Alternatively, post-processing (Section 2.2)

was also utilised to extend the forecast horizon [DM3-P; KB-P].

6. Applications and decision-making
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In this section, we summarise hydrological monitoring and forecasting applications and their use

in decision making.

6.1 Anticipatory humanitarian action

Stephens [ES-K] discussed the use of global flood forecasting for anticipatory humanitarian action
in her keynote talk. Historically, humanitarian action has typically followed the occurrence of a
disaster (Coughlan de Perez et al., 2015). Now, there is a move towards triggering actions based
on forecast information at a range of lead times (“Forecast-based Financing” www.forecast-

based-financing.org; Stephens et al., 2015; Coughlan de Perez et al., 2017). Stephens discussed

a set of rationales for this shift, including the potential to reduce impacts by taking mitigating
actions, a drive to better utilise state-of-the-art forecasting science and an increasing interest in
bridging the gap between response and adaptation, while improving the cost-effectiveness of aid.

Taking action based on forecasts requires several considerations, including user-driven
evaluation to understand forecast skill and reliability (see Section 3.3). For example, which
forecasting system should be used? While global models are available where no other forecasting
system exists, and although they typically use probabilistic approaches, they may not be equally
skilful everywhere. It is imperative that forecasts from national services are used first and foremost
for disaster risk reduction. They can benefit from local knowledge, and typically hold the mandate
to issue warnings (see also Section 3.2). A combination of models can also be beneficial,
complementing detailed local forecasts with larger-scale context (for example, transboundary
information), and often longer lead times from global models (Emerton et al., 2016; Hirpa et al.,
2018; see Section 5.4). Stephens highlighted the decision-led evaluation of GIoFAS forecasts for
the Brahmaputra river system, based on required lead times (e.g. 3 days for evacuation, 18 days
for agriculture planning), as part of the combined use of GloFAS and local forecasts from the
Bangladesh FFWC [ES-K].

Another example where a combination of models can provide complementary information is
predicting flooding from tropical cyclones (TCs). Global NWP models can capture large-scale
atmospheric flow patterns that influence TC movement, and other factors that influence flood
severity (Titley et al., 2021, [HT-P]). Global flood models can add a hydrological perspective to
complement the meteorological factors associated with flooding from TCs [HT-P]. There have
been several cases where a combination of information from global, regional and national

services, and local knowledge from decision-makers, have been used to take humanitarian action
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ahead of flooding from TCs, such as Idai and Kenneth in Mozambique in 2019 (Emerton et al.,
2020). Flood extent maps can also be useful for rapid flood mapping during and following flood
events, when humanitarian actors are required to make quick decisions based on knowledge of
the areas most at risk.

6.2 Impact, exposure and risk assessment

A key aspect of improving the application of forecasts across multiple sectors is the move towards
impact-based forecasting and provision of risk information, which can assist decision-making by
providing valuable context (e.g. number of people at risk or key infrastructure that may be
vulnerable including hospitals, access roads, energy infrastructure). An example is the
development of flash flood impact forecasts presented by Baugh and Hansford et al. [CB-P; EH-
P]. Since flash flood hazard forecasts could highlight a wide area to be at risk of flooding, this
work intersects flash flood hazard forecasts with exposure information [EH-P] to produce a risk
matrix [CB-P]. A map is provided, colour coded according to the risk matrix, highlighting areas
where the greatest impacts might be expected (Figure 8). To ensure applicability, the project
engages regularly with forecast users on effective design and dissemination [CB-P] (Section 3.2),
which also allowed identification of the most important exposure data to consider [EH-P].
Additionally, Teklesadik et al. [AT-P] combine GloFAS forecasts and flood reports with socio-
economic vulnerability and population density data, demonstrating the ability of a global

forecasting system to detect flood signals and activate local early action protocols.

While many studies have evaluated differences among global flood models, little research has
been done to look at differences in the way population exposure is considered in the models.
Hoch et al. [JH-P] , combined flood maps with WorldPOP (www.worldpop.org) data on the delta
of the Ganges-Brahmaputra river system. It was found that estimates of the number of people
affected by flooding differ remarkably depending on the model applied. This was also highlighted
by Bernhofen et al. (2022; [MB1-P]), who showed that global datasets can vary significantly at
national levels, and the choice of model has a larger impact on population exposure estimates
than the choice of the gridded population dataset. They advocate that further work is needed to
incorporate locally-sourced data and locally-calibrated models to test global datasets, and to
evaluate which data are most suitable for local use. This highlights a challenge of using global
information for local decision-making, and the importance of model choice (Section 5).
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Figure 8: Schematic of the procedure for generating flash flood impact forecasts from flood
hazard forecasts, exposure information and a risk matrix, as part of the TAMIR project (adapted
from Baugh et al. [CB-P], Hansford et al. [EH-P]).

6.3 Flood forecasting in challenging environments

Several presentations applied global and local data and models for flood forecasting in
challenging environments, such as those with complex physiography, climatic conditions or
human impact, for example urban areas or fast-responding mountainous catchments. In such
catchments, radar data is often applied for short-term forecasting. Imhoff et al. [RI-P], for instance,
used Commercial Microwave Links (CMLs) as an alternative data source for nowcasting. The

methods were tested in the Netherlands and it was found that, while radar is better for low rainfall
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intensities, CML data provided better estimates for more intense rainfall, with the advantage that

CML could be used in fast-responding and urban catchments worldwide (Imhoff et al., 2022).

In Israel, a new forecasting system based on the GEOGIoWS streamflow service (GESS;
ECMWF, 2020a,b) is being used to predict urban flooding [AG-P]. In Tel Aviv, flooding can occur
due to a combination of heavy rainfall, poor drainage, and high water levels in the city’s two rivers.
Givati et al. [AG-P] used GESS data to compute thresholds for different parts of the city. The
approach has been applied successfully in several cities and is used by the Isreali Fire and
Rescue Authority and Tel Aviv municipality drainage department, alongside local forecasts, for
proactive decision-making. The Madeira Crisis Room [MdM-P] also uses global flood forecasts
for decision-making in urban areas, bringing together a range of institutions and uses research
with GIoFAS to show the importance of a hydrological forecasting system alongside local data for

contingency planning.

Another example is the work of ICIMOD (the International Centre for Integrated Mountain
Development) in developing flood forecasts for the Chenab basin in Pakistan [PD1-P]. The
Chenab is a transboundary tributary of the Indus in a mountainous area vulnerable to flooding
and landslides, and with limited local data; it is therefore challenging to develop a well-calibrated
model tuned to local information. As discussed in Section 4, Dangol et al. [PD1-P] used post-
processing of satellite data for assimilation and calibration, exploring the potential of satellite

rainfall data for flood prediction in transboundary and data sparse regions.

6.4 Flood and drought monitoring

Several examples of recent developments using satellite data for flood monitoring were discussed
during the workshop, highlighting different approaches. The Dartmouth Flood Observatory (DFO,
n.d.) provides a range of publicly available maps, data, and information on ongoing and past flood
events (see also Section 4.1). A variety of satellite data can be used to estimate flood extent and
river flow, and Kettner et al. [AK-P] demonstrated the use of these data to produce flood extent
maps for specific locations. These methodologies can be used worldwide, including in regions
with a lack of observations or data sharing.

A different approach, implemented by the CEMS GFM products within GloFAS (CEMS, 2021),
uses three flood mapping algorithms in parallel, alongside an ensemble algorithm, to create near-

real-time maps of flood extent, including maps representing the uncertainty [RH-P]. This approach
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can also be used regardless of cloud cover or lack of daylight. The work of Mason et al. [DM1-P],
also mentioned in Section 4.1, showcases the potential for use of global data for local applications,
as their development of a state-of-the-art flood detection method uses data that are readily
available worldwide to detect flooding in urban areas, addressing the issue that many remote
sensing services are aimed at mapping rural floods due to complicated backscattering

mechanisms in urban areas.

Two drought monitoring systems were also presented. The Western Land Data Assimilation
System (WLDAS; Erlingis et al., 2021) aims to provide daily estimates of groundwater recharge,
soil moisture, snow water equivalent and ET, for applications such as groundwater sustainability
and agricultural decision-making in the western USA [JE-P]. An extension of the German Drought
Monitor (UFZ, n.d.) was also developed to combine near-real-time observations with extended-
range forecasts [HN-P]. This new hydroclimatic forecasting system (HS2S) provides soil moisture
forecasts out to 3 weeks and is used for real-time drought monitoring and planning, and in impact

assessments for agriculture and energy sectors (UFS MOSES, n.d.).

6.5 Modelling and forecasting for water-relevant sectors

An important application of hydrological forecasting is energy and water resource management.
Several examples were presented at the workshop, using forecasts on a range of time scales. A
coupled rainfall-runoff and electric system simulation approach for Uruguay’s largest hydroelectric
reservoir was developed to provide daily forecasts out to 7 days ahead [ADV-P]. In Turkey, a
multi-model approach is being developed for the upper Euphrates basin, where streamflow
forecasting is important for reservoir operations due to high upstream snow potential [GU-P].
Ensemble forecasting methods are utilized to represent the uncertainty and extend the lead time,
while two hydrological models with different snow routines are used to reduce the uncertainty. A
further example was presented for the Compagnie National du Rhéne in France [LC-P], where
two hydrological forecasting tools have been developed; an hourly deterministic forecast with a
4-day horizon, and a daily probabilistic forecast with a 14-day horizon. Discussions focussed
around working towards coherence between the different tools. Implementing a seamless
combined forecast helps to avoid duplication of expertise, eases the work of forecasters and

optimises operations for river flow management.

For some applications, longer-range forecasts on the scale of months or seasons are essential.

For example, the Requena-Utiel aquifer in Spain is used for vineyards and olive and nut trees,
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and suffers from overexploitation. A pumping cap is therefore set, based on the type of year
(dry/normal/wet). There is a need to predict the type of year expected, to schedule pumping and
crop production. Macian-Sorribes et al. [HMS-P2] investigated the skill of seasonal meteorological
forecasts in anticipating the type of year. Similarly, several water management agencies in the
Murray Darling basin (Australia) use seasonal forecasts for water demand forecasting [KH-P;
QJW-P]. In Brazil, medium-range to seasonal forecasts are used operationally for the Brazilian
National Interconnected System with more than 150 hydropower plants and reservoirs [FF-P2].
Water users in the Greater Mekong region utilise short and long-term streamflow, sediment and
reservoir inflow forecasts [DDB-P]. Another example is the transboundary Yacyreta Hydropower
Facility on the Parana River, between Argentina and Paraguay. Working with the facility,
Rodriguez et al. [ACER-P] identified that the main needs for seasonal forecasts are in energy

generation planning and maintenance scheduling, with lead times up to 15 months required.

6.6 Climate trends and adaptation

While most applications focussed on short-range to seasonal timescales, Busker et al. (2021;
[TB-P]) presented a work that combines forecast and climate adaptation timescales. Green and
blue infrastructure can decrease urban flood risk by increasing storage capacity (e.g. green roofs,
permeable pavements, canals, floodplains). The work presented explores the use of blue-green
roofs, where plant and water storage layers are combined, and the application of weather
forecasts to trigger release of water from the blue layer ahead of extreme rainfall, or to retain
water when a dry period is forecast. Such applications can be effective for urban climate
adaptations to extreme precipitation and heat events (Busker et al., 2021). Kelder et al. (2020;
[TK-P]) highlighted that relatively short precipitation records may not allow for robust detection of
short-term (decades, rather than centuries) trends in climate extremes. They applied novel
techniques pooling ensemble members of seasonal forecasts to increase the historical record
and study decadal changes in precipitation extremes. Further, Kelder et al. (2022a) also evaluated
the feasibility of simulated climate extremes outside observed variability. They propose a workflow
to study rare weather events using the C3S seasonal predictions (Kelder et al., 2022b). An
example in Western Norway suggests a significant rise in 3-day precipitation extremes for
Svalbard, “such that the 100-year event estimated in 1981 occurs with a return period of around
40 years in 2015” (Kelder et al., 2020).
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7. Discussion

This paper has presented an outlook on current research related to hydrological modelling and
forecasting from global to local scales. It provides a reflection on the keynotes and poster
presentations from the Joint Virtual Workshop on "Connecting global to local hydrological
modelling and forecasting: challenges and scientific advances” from 29 June to 1 July 2021.
This section reflects on two points:

1) How effective was the digital format in representing a broad view and bringing a global

audience together?
2) Where is the field of global to local hydrological forecasting moving as a whole?

7.1 Discussing hydrological science with a virtual global audience

The number of contributions and participants set the stage for a successful event on paper.
However, true success of a workshop is measured in engagement. Close to 60% of respondents
to a follow-up survey of the event rated the Gather.Town platform as ‘excellent’, with one
participant quoting it as the “best online experience to date!”. It is this overwhelmingly positive
feedback that shows that there is a future for virtual online workshops if designed well. The
workshop success can also be quantified in terms of tangible post-workshop outputs. This paper
is an example of such output, written collaboratively by an international group of young
professionals who met through this workshop. Additionally, this workshop allowed for hydro-
meteorologists from all around the world to meet and discuss latest scientific advances with no
travel costs and related carbon-footprint, highlighting the viability and importance of virtual

workshops to discuss science in the future.

Analysis of the contributions to the workshop show how the study sites are spread over the globe,
with Europe overrepresented and Africa clearly still underrepresented (Figure 9a). Most
contributors were from universities and research institutes (Figure 9f), indicating that the outreach
into the operational domain could be extended. The main application domain was floods (Figure
9d), showing that hydrological research is still disproportionately leaning towards forecasting
floods, which may lead to increased drought vulnerability (Bressers et al., 2016), thus, demanding
a conscious shift towards integrated flood and drought management. All different time scales of
forecasting were strongly represented except for climate scales (Figure 9e). However, climate
projections (forecasts on the climate scale) are not typically considered part of the operational
forecasting time scales and therefore researchers may have been dissuaded from presenting by
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the workshop title. Last, it is notable that regional forecasting applications are still rare and most

applications cover the basin scale (Figure 9b).
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Figure 9: In depth assessment of the research presented at the Workshop. (a) Distribution of
study locations (location of study sites in the research presented); (b) Distribution of spatial scales
by continent (Basin level: Studies conducted for each basin, Regional: Selection of basins within
a country or a continent, National: for entire countries, Continental: for entire continents; (c) Type
of study (Development of new system/method/model: Presents or explains a new forecasting
system, correction method, or hydrological model, Evaluating and benchmarking: Evaluates the
performance or relative value addition of a new system/database/model/technique, Comparing
and combining: Combines systems, databases, techniques to improve forecasting performance,
Others: studies that do not fit into these categories);, (d) Application status in terms of
operationalizability (Research: System/method developed without aiming for operational

applications, Developmental: System development currently in progress, Pilot: Testing of fully
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developed systems in operational settings, Operational: System/technique/method operationally

implemented); (e) Temporal scale; (f) The presenters’ professional sector.

While the free-to-participate digital format lowers barriers to attendance and offers the inclusion

of a much wider audience, some new barriers to communication are introduced (Shoshan et al.,

2021). Our experience shows that these can be minimised through:

Encouraging spontaneous meetings and the meeting of new people through platform
design and by setting up dedicated activities. Here, the Gather.Town space was designed
to be a replica of the ECMWF headquarters located in Reading, UK, offering a sense of
place to attendees. The activities included splinter meetings, art, walk-in demos and poster
sessions, all of which could be accessed ad-lib and spontaneously.

Creating entry points to existing networks, and promoting the creation of follow-up
initiatives, such as EC-HEPEX for early careers.

Ensuring that the technological barrier is as small as possible (e.g. stable internet
connection and a web browser).

Moderating the sessions for an efficient management of time during the presentations and
an easy-to-follow format for the presentation of the content (e.g., proposing templates for
slides or guidance for posters).

Minimising the mental strain for attendants that comes with organising which link to click
or where to follow up.

Organising the workshop over a limited number of days (here three days) to limit ‘Zoom
fatigue’ (Shoshan and Wehrt, 2021).

Catering to different time zones, with morning and afternoon sessions to increase
inclusiveness, making available recordings of presentations and offering several
opportunities to meet the authors.

Thinking about the follow-up: which is easier than ever before through the same set of
virtual communication tools (e.g. Slack).

Keeping attendance free of or with low costs.

Some further improvements were suggested by participants, including:

The right to be forgotten: be clear on which information will be retained online forever, and

to whom and why. There is a tendency in online events to record every session and publish
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online every contribution. This can raise barriers in openly discussing work that is often
still work-in-progress.

e More dedicated emphasis on activities that generate new connections: possibly the
success of this workshop owed to the pre-existing networks of attendees, but equally
important is to offer room for new networks to be created, bringing new perspectives and

topics to the community.

7.2 Outlook on global to local hydrological modelling and forecasting

research

There is a strong desire amongst the scientific community to contribute to current societal
challenges associated with disaster risk reduction, climate change adaptation and changing
societal needs. From discussions at the workshop about fit-for-purpose modelling, co-production,
local applications and decision making, there seems to be a consensus that the added value of
global to local forecasting research is in developing stronger inter-connections between research
institutes, forecast providers and local users. We expect that in the next decade the portion of
research that is directly related to this challenge will increase. This will make forecasting research
more multidisciplinary as the research focus shifts from building new technical tools and
techniques towards how those techniques, tools and products interact with the people who use
them. Communities such as HEPEX and GFP are volunteer-based and non-funded, but have
proved to be excellent places for networking and exchanging scientific ideas in combination with
operational practices.

The importance of hydrology to solve societal challenges, and especially the integration of
scientific endeavours into operational practice, was recently made clear in the recent efforts on
hydrology by the WMO (WMO, 2021). In October 2021, the WMO Extraordinary Congress
adopted the WMO Water Declaration, which, among others, acknowledges the central role of the
water cycle and hydrology in the water-climate-weather continuum and in the five long-term goals
of the WMO Strategic Plan (2020-2023); it also endorsed the Water and Climate Coalition which,
following also the recommendations of the 2021 WMO State of Climate Services: Water report,
aims to provide tangible action, activities and policy support for an integrated water and climate
agenda, and to accelerate the implementation of the water-related United Nations Sustainable
Development Goals (SDGs). Last, it approved the WMO Vision and Strategy for Hydrology and
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its associated Action Plan, which target eight long-term ambitions for operational hydrology in
support of the global water agenda: (1) No one is surprised by a flood, (2) Everyone is prepared
for drought, (3) Hydro-climate and meteorological data support the food security agenda, (4) High-
quality data supports science, (5) Science provides a sound basis for operational hydrology, (6)
We have a thorough knowledge of the water resources of our world, (7) Sustainable development
is supported by hydrological information, and (8) Water quality is known. Note that this action plan
highlights societal needs that are directly related to operational hydrological forecasting and points
out to the importance of the science-to-operations interface.

A key aspect of forecasting is communicating and ensuring understanding of the forecast and
warning information (Budimir et al., 2020). A crucial part of this is understanding and
communicating forecast uncertainty (Fundel et al., 2019; Pappenberger et al., 2013; Creton-
Cazanave et al., 2013). There are well established research paths such as forecast verification,
benchmarking and pre- and post-processing tools, all of which are being explored simultaneously
by the community. The greatest challenge that remains to operationalizing the recently developed
tools is that of uncertainty communication. Again this cannot be achieved by technological
advancement alone, but through engagement with the end-user through system co-design and

the use of creative methods (e.g., serious games, art).

Technical and scientific advances are enabling the development of global hydrological forecasting
systems. New data (EO, citizen science, and CML) and data assimilation methods enable the
continued push to create high resolution forecasts relevant for a wide range of local users. It is
now that the first systems are truly operational that the question arises: Who can make use of
these systems? To what extent can our still limited forecasts support decision-making now? Do
better forecasts necessarily lead to better decisions? Despite great advances, we still have
difficulty in predicting extreme events. We argue that “waiting for forecasts to be perfect” does not
guarantee their use by decision-makers (Ramos et al., 2013) and that connections need to be
made now between global systems and local users (see Becker et al., 2015).

Co-production and the incorporation of local knowledge have been identified as a research track
that is crucial to study how global forecasting systems can be incorporated into local decision
making, and how large scale systems and data can better use local knowledge and experiences
(see Arnal et al., 2020). Part of this process is to identify the ‘user’. ‘Local users’ are a diverse
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group: Are we talking about single farmers, or are we talking about national hydrometeorological
services? There is currently limited scope for users (sometimes including national hydrological
services) to provide feedback and inform scientific developments of global forecasting systems.
There is a need to:

e consider how national capacity can be supported with internationally-developed
forecasting systems (interim solutions, longer lead times and support ahead of major
disasters);

e explore a seamless integration of local short-term and global longer-term forecasts;

e build community ownership of global forecasts;

e learn from and incorporate local knowledge and experiences in the development of large-

scale forecasting systems.

The core engine of hydrological forecasting systems remains the hydrological model(s). The
established research paths range from ‘classic’ single process-based or conceptual models and
their calibration, to hybrid methods that combine data-driven methods (ML) to solve shortcomings
of these classic models, and also multi-model approaches that capture model uncertainties. This
large range of research pathways requires cooperation and FAIR (Findable, Accessible,
Interoperable, Reusable) data/models exchange (Hutton et al., 2016; Wilkinson et al., 2016)
between hydrological modelling groups, large scale forecast providers and local forecasting
agencies, who have to work closely together to build ensembles of multi-model forecasts.
Breaking outside of the boundaries of hydrology, ESMs are a way forward not just in hydrology,
but in many fields that would benefit from coupled ESMs that are born from collaborative efforts,

and from the move towards less of a split between meteorology and hydrology.

The range of applications presented in the workshop and reported in this paper showed how the
current generation of hydrological forecasting systems is utilised. Forecasting only hydro-
meteorological variables is not enough; the move towards impact-based and action-based
forecasting (see Merz et al., 2020), complementing forecasts with impact estimates such as
expected damage and human consequences, is essential (Merz et al., 2021). Hydrological
forecasting becomes intertwined with water and energy management, humanitarian action and
climate adaptation. A concern in the application of large-scale forecasting systems is the
sustainability of training programs. What happens when a one-off funded project gets

discontinued? Continuous connections are important for creating meaningful partnerships with
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local communities, as well as with local providers and purveyors of forecast services. A balance

between continuing support and new initiatives is needed.

The common theme in all these developments is that the field of hydrological modelling and
forecasting is becoming increasingly multidisciplinary. Many disciplines are increasingly
collaborating as we move towards user-centered and/or Earth System modelling approaches
(e.g., Irrgang et al., 2021). In the next decade the core work of creating new methods and new
products needs to be equally balanced by multidisciplinary studies. This includes fostering
connections with social sciences to co-create and bring developed tools to practice and closer to
users (Hall 2019), as well as to optimise the positive impact that we as a hydrological forecasting
community have on society (Wesselink et al., 2017; Lavers et al., 2020).

8. Conclusions

This paper reviewed and synthesised the contributions of the global hydrological prediction
community to the Joint Virtual Workshop on "Connecting global to local hydrological modelling
and forecasting: challenges and scientific advances”. Examining the diverse contributions through
the lens of Early Career researchers, yielded the following conclusions which are conceptualised

alongside the Workshop themes in Figure 10:

|.  Operationalising the Science: The hydrological community is working actively to
operationalise the science behind cutting edge forecasts, well-aligned with the long-term
goals of the WMO Strategic Plan (2020-2023), to improve global resilience towards water
extremes.

Il.  (Forecast) Communication is Key: Helping decision-makers and end-users interpret
forecasts is key in preventing impacts of hydrometeorological disasters, which requires
creative solutions such as serious games or art to better engage users and effectively
communicate forecast uncertainty.

lll.  Users as the fast First Mile: Co-production and co-designing forecasting systems with
diverse local user groups is necessary to ensure that the forecasts will be used as

intended, and will be useful to those relying on these for a variety of applications.
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Figure 10: Conceptual diagram linking key conclusions with the Workshop themes in the context
of Earth system modelling and predictions for weather/climate/hydrological services as outlined
in Figure 4. The roman numbers in the figure correspond to similarly numbered conclusions, with
key thematic advances pictorially represented, with each coloured box corresponding to a

particular theme.

IV.  Data, Data, Everywhere: The concurrent rise of Earth Observation, big data processing
architectures, data assimilation, and deep learning, provide an opportunity to improve
current prediction systems as well as investigate scale-relevant hydrological behaviours.
Incorporating domain expertise and making training data/models available to the
community by following the FAIR principles could accelerate the pace of advances in the
field.

V.  Beyond Hydrological Forecasts: Minimizing damage from water extremes requires an
understanding of expected socioeconomic impacts through impact forecasting, since
damage depends only partially on hydrometeorological processes and hazards, and are
strongly controlled by societal vulnerability to climate extremes.
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VI.  Timing is Everything: Anticipatory action triggered based on impact forecasts is the way
forward to effectively mitigate disaster risk, bridge the gap between forecasting science
and adaptation, and improve the cost-effectiveness of humanitarian aid. Yet, subjectivity
remains in choosing the scale and skill of models used for such applications, as well as
the integration of local knowledge and dissemination systems. Further research on
adapting global forecasting services for local scale anticipatory action is necessary under
the current scenario of worsening climate disasters.

VII.  Unified Earth System Modelling: As compound disasters become the new normal in a
changing climate, understanding their co-occurrence and predicting their unified impacts
will be crucial to prepare for the unexpected extremes in the future. There is thus an urgent
need for interdisciplinary collaboration and unification of modelling systems, in order to
enable forecasting and societal preparedness for such compound and often unexpected

events.

We expect that the new digital collaboration possibilities highlighted by the necessity of these
during a global pandemic, as well as the rapidly changing landscape of big data computing will
enable reaching these goals rapidly in the near future, leading to more skilful and useful

hydrological predictions for everyone worldwide.

Data Availability Statement

The insights discussed in this study were derived by systematically reviewing, synthesizing, and
contextualizing research presented at the Joint Virtual Workshop on “Connecting global to local
hydrological modelling and forecasting: scientific advances and challenges”, available in the

public domain at https://hepex.inrae.fr/joint-virtual-workshop-2021/ and

https://events.ecmwf.int/event/222/.

References

Adedeji, O., Olusola, A., James, G., Shaba, H. A., Orimoloye, I. R., Singh, S. K., & Adelabu, S.
(2020). Early warning systems development for agricultural drought assessment in Nigeria.
Environmental Monitoring and Assessment, 192(12). https://doi.org/10.1007/s10661-020-08730-
3




48

Anctil, F., Ramos, M.H. (2018). Verification metrics for hydrological ensemble forecasts. In: Q.
Duan, F. Pappenberger, J. Thielen-del Pozo, A. Wood, H. L. Cloke, J. Schaake (Eds.),
Handbook of Hydrometeorological Ensemble Forecasting. Springer-Verlag Berlin Heidelberg
2016, DOI: 10.1007/978-3-642-40457-3_3-1

Alfieri, L., Avanzi, F., Delogu, F., Gabellani, S., Bruno, G., Campo, L., Libertino, A., Massari, C.,
Tarpanelli, A., Rains, D., Miralles, D. G., Quast, R., Vreugdenhil, M., Wu, H., & Brocca, L.
(2022). High-resolution satellite products improve hydrological modeling in northern ltaly.
Hydrology and Earth System Sciences, 26(14), 3921-3939. https://doi.org/10.5194/hess-26-
3921-2022

Arnal, L., Anspoks, L., Manson, S., Neumann, J., Norton, T., Stephens, E., Wolfenden, L., and
Cloke, H. L.: “Are we talking just a bit of water out of bank? Or is it Armageddon?” Front line
perspectives on transitioning to probabilistic fluvial flood forecasts in England, Geosci.
Commun., 3, 203-232, https://doi.org/10.5194/gc-3-203-2020, 2020.

Arnal, L. (2021, July 21). “Hydrological Constellations”: A Science & Art Piece. Retrieved

December 7, 2021, from https://hepex.inrae.fr/hydrological-constellations-a-science-art-piece/

Barnhart, B. L., Golden, H. E., Kasprzyk, J. R., Pauer, J. J., Jones, C. E., Sawicz, K. A, ... &
Rashleigh, B. (2018). Embedding co-production and addressing uncertainty in watershed
modeling decision-support tools: Successes and challenges. Environmental Modelling &
Software, 109, 368-379. https://doi.org/10.1016/j.envsoft.2018.08.025

Bartholmes, J., & Todini, E. (2005). Coupling meteorological and hydrological models for flood
forecasting. Hydrology and Earth System Sciences Discussions, 9(4), 333-346.
https://doi.org/10.5194/hess-9-333-2005

Bates, P. D. (2022). Flood Inundation Prediction. Annual Review of Fluid Mechanics, 54, 287-
315. https://doi.org/10.1146/annurev-fluid-030121-113138

Bates, P. D. (2012). Integrating remote sensing data with flood inundation models: how far have
we got? Hydrological Processes, 26(16), 2515-2521. https://doi.org/10.1002/hyp.9374

Bauer, P., Dueben, P. D., Hoefler, T., Quintino, T., Schulthess, T. C., & Wedi, N. P. (2021). The
digital revolution of Earth-system science. Nature Computational Science, 1(2), 104—113.
https://doi.org/10.1038/s43588-021-00023-0




49

Becker, J. S., Taylor, H. L., Doody, B. J., Wright, K. C., Gruntfest, E., & Webber, D. (2015). A
Review of People’s Behavior in and around Floodwater. Weather, Climate, and Society, 7(4),
321-332. https://doi.org/10.1175/WCAS-D-14-00030.1

Beck, H. E., Pan, M., Lin, P., Seibert, J., van Dijk, A. ., & Wood, E. F. (2020). Global fully
distributed parameter regionalization based on observed streamflow from 4,229 headwater
catchments. Journal of Geophysical Research: Atmospheres, 125(17), e2019JD031485.
https://doi.org/10.1029/2019JD031485

Bentivoglio, R., Isufi, E., Jonkman, S. N., & Taormina, R. (2022). Deep Learning Methods for

Flood Mapping: A Review of Existing Applications and Future Research Directions. Hydrology
and Earth System Sciences, 2022(August), 1-43. https://doi.org/https://doi.org/10.5194/hess-
2022-83

Bernhofen, M. V., Trigg, M. A., Sleigh, P. A., Sampson, C. C. & Smith, A. M. (2021). Global
flood exposure from different sized rivers. Nat. Hazards Earth Syst. Sci., 21, 2829-2847,
https://doi.org/10.5194/nhess-21-2829-2021

Bernhofen, M. V., Cooper, S., Trigg, M., Mdee, A., Carr, A., Bhave, A., Solano-Correa, Y. T.,
Pencue-Fierro, E. L., Teferi, E., Haile, A., T., Yusop, Z., Alias, N. E., Sa’adi, Z., Ramzan, M. A.
B., Dhanya, C. T. and Shukla, P. (2022). The role of global data sets for riverine flood risk
management at national scales, Water Resources Research., 58(4),
https://doi.org/10.1029/2021WR031555

Beven, K. (2009). Environmental modelling: An uncertain future? In Routledge, Taylor & Francis
Group. https://doi.org/10.1201/9781482288575

Beven, K., Cloke, H., Pappenberger, F., Lamb, R., & Hunter, N. (2015). Hyperresolution
information and hyperresolution ignorance in modelling the hydrology of the land surface.
Science China Earth Sciences, 58(1), 25-35. doi:10.1007/s11430-014-5003-4

Beven, K. (2016). Facets of uncertainty: epistemic uncertainty, non-stationarity, likelihood,
hypothesis testing, and communication, Hydrological Sciences Journal, 61:9, 1652-1665.
https://doi.org/10.1080/02626667.2015.1031761

Bhasme, P., Vagadiya, J., & Bhatia, U. (2021). Enhancing predictive skills in physically-
consistent way: Physics Informed Machine Learning for Hydrological Processes. arXiv preprint
arXiv:2104.110009.



50

Bierkens, M. F., Bell, V. A., Burek, P., Chaney, N., Condon, L. E., David, C. H., ... & Wood, E. F.
(2015). Hyperresolution global hydrological modelling: what is next? “Everywhere and locally
relevant”. Hydrological processes, 29(2), 310-320. doi.org/10.1016/j.jhydrol.2020.125266

Boelee, L., Lumbroso, D. M., Samuels, P. G., & Cloke, H. L. (2019). Estimation of uncertainty in
flood forecasts—A comparison of methods. Journal of Flood Risk Management, 12, e12516.
https://doi.org/10.1111/jfr3.12516

Bogner, K., A. Y. Chang, L. Bernhard, M. Zappa, S. Monhart, and C. Spirig (2022). Tercile
forecasts for extending the horizon of skillful hydrological predictions. Journal of
Hydrometeorology, 23, 521-539. https://doi.org/10.1175/JHM-D-21-0020.1

Boussetta, S., Balsamo, G., Arduini, G., Dutra, E., McNorton, J., Choulga, M., Agusti-Panareda,
A., Beljaars, A., Wedi, N., Mundz-Sabater, J. and De Rosnay, P. (2021). ECLand: The ECMWF
Land Surface Modelling System. Atmosphere, 12(6), 723.
https://doi.org/10.3390/atmos12060723

Bradley A.A., Demargne J., and Franz K.J. (2019) Attributes of Forecast Quality. In: Duan Q.,
Pappenberger F., Wood A., Cloke H., Schaake J. (eds) Handbook of Hydrometeorological
Ensemble Forecasting (pp. 849-892). Springer, Berlin, Heidelberg. https://doi.org/10.1007/978-
3-642-39925-1_2

Bucherie, A., Werner, M., van den Homberg, M., and Tembo, S. (2022). Flash Flood warning in
context: combining local knowledge and large-scale hydro-meteorological patterns. Nat.
Hazards Earth Syst. Sci., 22, 461-480, https://doi.org/10.5194/nhess-22-461-2022

Budimir, M., Donovan, A., Brown, S., Shakya, P., Gautam, D., Uprety, M., Cranston, M.,
Sneddon, A., Smith, P., and Dugar, S. (2020). Communicating complex forecasts: an analysis of
the approach in Nepal's flood early warning system. Geoscience Communication, 3(1), 49-70.
https://doi.org/10.5194/gc-3-49-2020

Busker, T., et al. (2021). Blue-green roofs with forecast-based operation to reduce the impact of
weather extremes, Journal of Environmental Management, 301, 113750, DOI:
10.1016/j.envman.2021.113750

Cassagnole, M., Ramos, M.-H., Zalachori, I., Thirel, G., Gar¢on, R., Gailhard, J. & Ouillon, T.

(2021). Impact of the quality of hydrological forecasts on the management and revenue of



51

hydroelectric reservoirs — a conceptual approach. Hydrol. Earth Syst. Sci., 25, 1033—-1052,
https://doi.org/10.5194/hess-25-1033-2021.

Calvel, A., Werner, M., van den Homberg, M., Cabrera Flamini, A., Streefkerk, I., Mittal, N.,
Whitfield, S., Langton Vanya, C., & Boyce, C. (2020). Communication Structures and Decision
Making Cues and Criteria to Support Effective Drought Warning in Central Malawi. Frontiers in
Climate, 2. https://doi.org/10.3389/fclim.2020.578327

CEMS (2021). GIoFAS global flood monitoring (GFM). Retrieved December 7, 2021, from

https://www.globalfloods.eu/technical-information/glofas-gfm/

Chen, X., Massman, W. J., & Su, Z. (2019). A Column Canopy-Air Turbulent Diffusion Method
for Different Canopy Structures. Journal of Geophysical Research: Atmospheres, 124(2), 488—
506. https://doi.org/10.1029/2018JD028883

Chen, X., Su, Z., Ma, Y, Liu, S., Yu, Q., & Xu, Z. (2014). Development of a 10-year (2001-2010)
0.1° data set of land-surface energy balance for mainland China. Atmospheric Chemistry and
Physics, 14(23), 13097-13117. https://doi.org/10.5194/acp-14-13097-2014

Chen, X., Su, Z., Ma, Y., Trigo, I., & Gentine, P. (2021). Remote Sensing of Global Daily
Evapotranspiration based on a Surface Energy Balance Method and Reanalysis Data. Journal
of Geophysical Research: Atmospheres, 126(16), 1-22. https://doi.org/10.1029/2020JD032873

Chen, X,, Su, Z., Ma, Y., Yang, K., Wen, J., & Zhang, Y. (2013). An improvement of roughness
height parameterization of the Surface Energy Balance System (SEBS) over the Tibetan
plateau. Journal of Applied Meteorology and Climatology, 52(3), 607—622.
https://doi.org/10.1175/JAMC-D-12-056.1

Chini, M., Hostache, R., Giustarini, L., & Matgen, P. (2017). A Hierarchical Split-Based
Approach for Parametric Thresholding of SAR Images: Flood Inundation as a Test Case. IEEE
Transactions on Geoscience and Remote Sensing, 55(12), 6975-6988.
https://doi.org/10.1109/TGRS.2017.2737664

Clark, M. P., Fan, Y., Lawrence, D. M., Adam, J. C., Bolster, D., Gochis, D. J., ... & Zeng, X.
(2015). Improving the representation of hydrologic processes in Earth System Models. Water
Resources Research, 51(8), 5929-5956. https://doi.org/10.1002/2015WR017096




52

Cloke, H. L., & Pappenberger, F. (2009). Ensemble flood forecasting: A review. Journal of
hydrology, 375(3-4), 613-626. https://doi.org/10.1016/j.jhydrol.2009.06.005

Cloke, H. L., Pappenberger, F., Smith, P. J., & Wetterhall, F. (2017). How do | know if I've
improved my continental scale flood early warning system?. Environmental Research Letters,
12(4), 044006. https://dx.doi.org/10.1088/1748-9326/aa625a

Contreras, E., Herrero, J., Crochemore, L., Pechlivanidis, I., Photiadou, C., Aguilar, C., & Polo,
M.J. (2020). Advances in the Definition of Needs and Specifications for a Climate Service Tool
Aimed at Small Hydropower Plants’ Operation and Management. Energies, 13, 7, 1827.
https://doi.org/10.3390/en13071827

Copernicus (n.d.). Copernicus Climate Change Service, Seasonal Forecasts. Retrieved

December 7, 2021, from https://climate.copernicus.eu/seasonal-forecasts

Costanza, R., & Maxwell, T. (1994). Resolution and predictability: an approach to the scaling
problem. Landscape Ecology, 9(1), 47-57. https://doi.org/10.1007/BF00135078

Coughlan de Perez, E., van den Hurk, B., van Aalst, M. K., Jongman, B., Klose, T. and Suarez,
P. (2015). Forecast-based financing: an approach for catalyzing humanitarian action based on
extreme weather and climate forecasts. Natural Hazards and Earth System Sciences, 15, 895-
904, DOI: 10.5194/nhess-15-895-2015

Coughlan de Perez, E., et al. (2017). Should seasonal rainfall forecasts be used for flood
preparedness? Hydrology and Earth System Sciences, 21, 4517-4524, DOI: 10.5194/hess-21-
4517-2017

Créton-Cazanave, L., & Lutoff, C. (2013). Stakeholders' issues for action during the warning
process and the interpretation of forecasts' uncertainties. Natural Hazards and Earth System
Sciences, 13(6), 1469-1479. https://doi.org/10.5194/nhess-13-1469-2013.

Crochemore, L., Cantone, C., Pechlivanidis, I.G. & Photiadou C. (2021). How does seasonal
forecast performance influence decision-making? Insights from a serious game. Bulletin of the
American Meteorological Society, https://doi.org/10.1175/BAMS-D-20-0169.1

Crocker, R., Maksymczuk, J., Mittermaier, M., Tonani, M., & Pequignet, C. (2020). An approach
to the verification of high-resolution ocean models using spatial methods. Ocean Science, 16(4),
831-845. https://doi.org/10.5194/0s-16-831-2020




53

Dasgupta, A., Hostache, R., Ramsankaran, R. A. A. J., Grimaldi, S., Matgen, P., Chini, M., ... &
Walker, J. P. (2021). Earth Observation and Hydraulic Data Assimilation for Improved Flood
Inundation Forecasting. In Earth Observation for Flood Applications (pp. 255-294). Elsevier.
https://doi.org/10.1016/B978-0-12-819412-6.00012-2

Dasgupta, A., Hostache, R., Ramsankaran, R., Schumann, G. J. L., Grimaldi, S., Pauwels, V.
R. N., & Walker, J. P. (2021). A Mutual InformationJBased Likelihood Function for Particle Filter
Flood Extent Assimilation. Water Resources Research, 57(2), 1-28.
https://doi.org/10.1029/2020WR027859

Day, G. N. (1985). Extended streamflow forecasting using NWSRFS, Journal of Water
Resources Planning and Management, 111, DOI: 10.1061/(ASCE)0733-9496(1985)111:2(157)

De Vera, A., Alfaro, P., & Terra, R. (2021). Operational Implementation of Satellite-Rain Gauge
Data Merging for Hydrological Modeling. Water, 13(4), 533. https://doi.org/10.3390/w13040533

Demeritt, D., Nobert, S., Cloke, H.L. and Pappenberger, F. (2013), The European Flood Alert
System and the communication, perception, and use of ensemble predictions for operational
flood risk management. Hydrol. Process., 27: 147-157. https://doi.org/10.1002/hyp.9419

Demeritt, D., Stephens, E., Créton-Cazanave, L., Lutoff, C., Ruin, I., Nobert, S. (2014).
Communicating and Using Ensemble Flood Forecasts in Flood Incident Management: Lessons
from Social Science. https://doi.org/10.1007/978-3-642-40457-3 44-1

Demeritt, D., Stephens, E. M., Créton-Cazanave, L., Lutoff, C., Ruin, |., & Nobert, S. (2019).
Communicating and using ensemble flood forecasts in flood incident management: lessons from
social science. In Handbook of hydrometeorological ensemble forecasting (pp. 1131-1160).

Berlin, Heidelberg: Springer Berlin Heidelberg.

DFO (n.d.). Dartmouth Flood Observatory. Retrieved December 7, 2021, from

https://floodobservatory.colorado.edu

Di Baldassarre, G., & Uhlenbrook, S. (2012). Is the current flood of data enough? A treatise on
research needs for the improvement of flood modelling. Hydrological Processes, 26(1), 153—
158. https://doi.org/10.1002/hyp.8226




54

Dimitriadis, P., Koutsoyiannis, D., lliopoulou, T., & Papanicolaou, P. (2021). A global-scale
investigation of stochastic similarities in marginal distribution and dependence structure of key

hydrological-cycle processes. Hydrology, 8(2). https://doi.org/10.3390/hydrology8020059

Dion, P., Martel, J. L., & Arsenault, R. (2021). Hydrological ensemble forecasting using a multi-
model framework. Journal of Hydrology, 600, 126537.
https://doi.org/10.1016/j.jhydrol.2021.126537

Donahue, A. S., & Caldwell, P. M. (2020). Performance and accuracy implications of parallel
split physicsCldynamics coupling in the energy exascale Earth system atmosphere model.
Journal of Advances in Modeling Earth Systems, 12(7), e2020MS002080.
https://doi.org/10.1029/2020MS002080

ECMWEF (2020a). GEOGIoWS ECMWF Streamflow Service. Retrieved December 7, 2021, from
https://geoglows.ecmwf.int

ECMWEF (2020b). About the GEOGIoWS ECMWF Streamflow Service. Retrieved December 7,
2021, from https://geoglows.ecmwf.int/about

Elizalde, A., Sein, D., Mikolajewick, U., & Jacob, D. (2010). Technical report: atmosphere—
ocean-hydrology coupled regional climate model. Max Planck Institute for Meteorology, 51.

https://www.yumpu.com/en/document/view/38220469/atmosphere-ocean-hydrology-coupled-

regional-climate-model-remo

Eilander & Boisgontier. (2022). HydroMT (v0.5.0). Zenodo.
https://doi.org/10.5281/zenodo.6961871

Eilander, D., Couasnon, A., Leijnse, T., Ikeuchi, H., Yamazaki, D., Muis, S., Dullaart, J.,
Winsemius, H. C., and Ward, P. J. (2022) A globally-applicable framework for compound flood
hazard modeling, EGUsphere [preprint], https://doi.org/10.5194/egusphere-2022-149

Emerton, R.E., et al., (2016). Continental and global scale flood forecasting systems, WIREs
Water, 3, 391-418, DOI: 10.1002/wat2.1137

Emerton, R., et al. (2020). Emergency flood bulletins for Cyclones Idai and Kenneth: A critical
evaluation of the use of global flood forecasts for international humanitarian preparedness and
response, International Journal of Disaster Risk Reduction, 50, 101811, DOI:
10.1016/j/ijdrr.2020.101811



55

Erlingis, J. M., Rodell, M., Peters-Lidard, C. D., Li, B., Kumar, S. V., Famiglietti, J. S., Granger,
S. L., Hurley, J. V., Liu, P. W., & Mocko, D. M. (2021). A High-Resolution Land Data
Assimilation System Optimized for the Western United States. Journal of the American Water
Resources Association, 57(5), 692—710. https://doi.org/10.1111/1752-1688.12910

EUMETNET (n.d.). Observations - OPERA. Retrieved December 8, 2021, from

https://www.eumetnet.eu/activities/observations-programme/current-activities/operal

European Commission (2021, October 27). The Joint Research Centre launches a revolutionary
tool for monitoring ongoing floods worldwide as part of the Copernicus Emergency Management

Service. Retrieved December 7, 2021 from https://ec.europa.eu/jrc/en/news/jrc-launches-

revolutionary-tool-for-monitoring-floods-worldwide-part-copernicus-emergency-management-

service

Fiddes, J., Aalstad, K., & Westermann, S. (2019). Hyper-resolution ensemble-based snow
reanalysis in mountain regions using clustering. Hydrology and Earth System Sciences, 23(11),
4717-4736. https://doi.org/10.5194/hess-23-4717-2019

Filippucci, P., Brocca, L., Quast, R., Ciabatta, L., Saltalippi, C., Wagner, W., & Tarpanelli, A.
(2022). High-resolution (1 km) satellite rainfall estimation from SM2RAIN applied to Sentinel-1:
Po River basin as a case study. Hydrology and Earth System Sciences, 26(9), 2481-2497.
https://doi.org/10.5194/hess-26-2481-2022

Flato, G. M. (2011). Earth system models: an overview. Wiley Interdisciplinary Reviews: Climate
Change, 2(6), 783-800. doi: 10.1002/wcc.148

Frnda, J., Durica, M., Rozhon, J., Vojtekova, M., Nedoma, J., & Martinek, R. (2022). ECMWF
short-term prediction accuracy improvement by deep learning. Scientific Reports, 12(1), 1-11.
https://doi.org/10.1038/s41598-022-11936-9

Fundel, V. J., Fleischhut, N., Herzog, S. M., Géber, M., & Hagedorn, R. (2019). Promoting the
use of probabilistic weather forecasts through a dialogue between scientists, developers and
endlJusers. Quarterly Journal of the Royal Meteorological Society, 145, 210-231.
https://doi.org/10.1002/qj.3482

Gather (2021). Gather.Town website. Retrieved December 8, 2021, from

https://www.gather.town




56

Geer, A. J. (2021). Learning Earth System Models from Observations: Machine Learning or
Data Assimilation. Philosophical Transactions Of The Royal Society A-Mathematical Physical
And Engineering Sciences, 379(2194), 89-89.
https://doi.org/https://doi.org/10.1098/rsta.2020.0089

Gentine, P., Troy, T. J., Lintner, B. R., & Findell, K. L. (2012). Scaling in surface hydrology:
Progress and challenges. Journal of Contemporary Water research & education, 147(1), 28-40.
https://doi.org/10.1111/j.1936-704X.2012.03105.x

Gilpin, L. H., Bau, D., Yuan, B. Z., Bajwa, A., Specter, M., & Kagal, L. (2019). Explaining
explanations: An overview of interpretability of machine learning, Proceedings—2018 IEEE 5th
International Conference on Data Science and Advanced Analytics, Turin, Italy, DSAA 2018,
80-89. arXiv preprint arXiv:1806.00069.

Giorgi, F., & Gao, X. J. (2018). Regional earth system modeling: review and future directions.
Atmospheric and Oceanic Science Letters, 11(2), 189-197.
https://doi.org/10.1080/16742834.2018.1452520

Girons Lopez, M., Crochemore, L., & Pechlivanidis, I. G. (2021). Benchmarking an operational
hydrological model for providing seasonal forecasts in Sweden. Hydrology and Earth System
Sciences, 25(3), 1189-1209. https://doi.org/10.5194/hess-25-1189-2021, 2021

Golding, B., Ebert, E., Mittermaier, M., Scolobig, A., Panchuk, S., Ross, C., & Johnston, D.
(2019). A value chain approach to optimising early warning systems. Contributing paper to
GAR2019. UNDRR, www.preventionweb.net/publications/view/65828.

Grimaldi, S., Schumann, G. P., Shokri, A., Walker, J. P., & Pauwels, V. R. N. (2019).
Challenges, opportunities, and pitfalls for global coupled hydrologiclJhydraulic modelling of
floods. Water Resources Research, 55(7), 5277-5300. https://doi.org/10.1029/2018WR024289

Habibi, H., Dasgupta, I., Noh, S., Kim, S., Zink, M., Seo, D.J., Bartos, M. and Kerkez, B. (2019).
High-resolution hydrologic forecasting for very large urban areas. Journal of Hydroinformatics,
21(3), 441-454. https://doi.org/10.2166/hydro.2019.100

Hagedorn, R., Hamill, T. M., & Whitaker, J. S. (2008). Probabilistic forecast calibration using
ECMWF and GFS ensemble reforecasts. Part I: Two-meter temperatures. Monthly Weather
Review, 136(7), 2608-2619.https://doi.org/10.1175/2007MWR2410.1, 2008.



57

Hall, J. W. (2019). Socio-Hydrology in Perspective—Circa 2018. Water Resources Research,
55(3), 1776-1777. https://doi.org/10.1029/2019WR024870

Halpine, S. M. (2008). Real scientists do it with models: The art of science visualization.
Teaching Artist Journal, 6(1), 5-19. https://doi.org/10.1080/15411790701678135

Hamill, T. M., Scheuerer, M., & Bates, G. T. (2015). Analog probabilistic precipitation forecasts
using GEFS reforecasts and climatology-calibrated precipitation analyses. Monthly Weather
Review, 143(8), 3300-3309. https://doi.org/10.1175/MWR-D-15-0004.1

Hapuarachchi, H. A. P., Wang, Q. J., & Pagano, T. C. (2011). A review of advances in flash
flood forecasting. Hydrological processes, 25(18), 2771-2784. https://doi.org/10.1002/hyp.8040

Harrigan, S., Cloke, H. , Pappenberger, F. (2020) Innovating global hydrological prediction
through an Earth system approach. WMO Bulletin , 69 (1). ISSN: 0042-9767

https://public.wmo.int/en/resources/bulletin/innovating-global-hydrological-prediction-through-

earth-system-approach

Hauswirth, S. M., Bierkens, M. F. P., Beijk, V., and Wanders, N. (2022). The suitability of a
hybrid framework including data driven approaches for hydrological forecasting, Hydrol. Earth
Syst. Sci. Discuss. [preprint], https://doi.org/10.5194/hess-2022-89, in review

Herath, H. M. V. V., Chadalawada, J., & Babovic, V. (2021). Hydrologically informed machine
learning for rainfall-runoff modelling: towards distributed modelling. Hydrology and Earth
System Sciences, 25(8), 4373-4401. https://doi.org/10.5194/hess-25-4373-2021

Hersbach et al., (2020). The ERAS5 global reanalysis, Quarterly Journal of the Royal
Meteorological Society, 146, 1999-2049, DOI: 10.1001/qj.3803

Hirpa, F.A., et al. (2018), Global Flood Forecasting for Averting Disasters Worldwide. In G. J-P.
Schumann, P. D. Bates, H. Apel, G. T. Aronica (Eds.) Global flood hazard: applications in
modelling, mapping, and forecasting. American Geophysical Union. DOI:
10.1002/9781119217886.ch12

Hoch, J. M., & Trigg, M. A. (2019). Advancing global flood hazard simulations by improving
comparability, benchmarking, and integration of global flood models. Environmental Research
Letters, 14, 3, 034001. https://doi.org/10.1088/1748-9326/aaf3d3




58

Hoch, J. M., Sutanudjaja, E. H., Wanders, N., van Beek, R., and Bierkens, M. F. P. (2022).
Hyper-resolution PCR-GLOBWB: opportunities and challenges of refining model spatial
resolution to 1 km over the European continent, EGUsphere [preprint],
https://doi.org/10.5194/equsphere-2022-111.

Hoch, J. M., Eilander, D., Ikeuchi, H., Baart, F., & Winsemius, H. C. (2019). Evaluating the
impact of model complexity on flood wave propagation and inundation extent with a hydrologic—
hydrodynamic model coupling framework. Natural Hazards and Earth System Sciences, 19(8),
1723-1735. _https://doi.org/10.5194/nhess-19-1723-2019

Hooker, H., Dance, S. L., Mason, D. C., Bevington, J., & Shelton, K. (2022a). Spatial scale
evaluation of forecast flood inundation maps. Journal of Hydrology, 128170.
https://doi.org/10.1016/j.jhydrol.2022.128170

Hooker, H., Dance, S. L., Mason, D. C., Bevington, J., & Shelton, K. (2022b). A new skill score
for ensemble flood maps: assessing spatial spread-skill with remote sensing observations.
Natural Hazards and Earth System Sciences Discussions, 2022, 1-27.
https://doi.org/10.5194/nhess-2022-188

Horton, P., Schaefli, B., & Kauzlaric, M. (2022). Why do we have so many different hydrological
models? A review based on the case of Switzerland. Wiley Interdisciplinary Reviews: Water,
9(1), e1574. https://doi.org/10.1002/wat2.1574

Hostache, R., Chini, M., Giustarini, L., Neal, J., Kavetski, D., Wood, M., Corato, G., Pelich, R., &
Matgen, P. (2018). NearJRealJTime Assimilation of SARIDerived Flood Maps for Improving
Flood Forecasts. Water Resources Research, 54(8), 5516-5535.
https://doi.org/10.1029/2017WR022205

Hunt, K. M. R., Matthews, G. R., Pappenberger, F., and Prudhomme, C. (2022) Using a long
short-term memory (LSTM) neural network to boost river streamflow forecasts over the western
United States, Hydrol. Earth Syst. Sci. Discuss. [preprint], https://doi.org/10.5194/hess-2022-53,

in review

Hutton, C., Wagener, T., Freer, J., Han, D., Duffy, C., & Arheimer, B. (2016, October). Most
computational hydrology is not reproducible, so is it really science?: Reproducible
Computational Hydrology. Water Resources Research, 52 (10), 7548—7555.
http://doi.wiley.com/10.1002/2016WR019285




59

Imhoff, R. O., Overeem, A., Brauer, C. C., Leijnse, H., Weerts, A. H., & Uijlenhoet, R. (2020).
Rainfall Nowcasting Using Commercial Microwave Links. Geophysical Research Letters,
47(19). https://doi.org/10.1029/2020GL089365

Irrgang, C., Boers, N., Sonnewald, M., Barnes, E. A., Kadow, C., Staneva, J., & Saynisch-
Wagner, J. (2021). Towards neural Earth system modelling by integrating artificial intelligence in
Earth system science. Nature Machine Intelligence, 3(8), 667—674.
https://doi.org/10.1038/s42256-021-00374-3

Jales, P., Esterhuizen, S., Masters, D., Nguyen, V., Nogués-Correig, O., Yuasa, T., &
Cartwright, J. (2020). The new Spire GNSS-R satellite missions and products. In C. Notarnicola,
F. Bovenga, L. Bruzzone, F. Bovolo, J. A. Benediktsson, E. Santi, & N. Pierdicca (Eds.), Image
and Signal Processing for Remote Sensing XXVI (p. 41). SPIE.
https://doi.org/10.1117/12.2574127

Kaune, A., Chowdhury, F., Werner, M., & Bennett, J. (2020). The benefit of using an ensemble
of seasonal streamflow forecasts in water allocation decisions. Hydrology and Earth System
Sciences, 24(7), 3851-3870. https://doi.org/10.5194/hess-24-3851-2020

Keeley, S., Hemingway, B., & Stewart, C. (2021). Responding to a pandemic - ECMWF's move
to virtual training. 14th WMO Symposium on Education and Training. Retrieved January 27,

2022, from https://symet-14.virtualpostersession.org/

Kelder, T., Mlller, M., Slater, L. J., Marjoribanks, T. I., Wilby, R. L., Prudhomme, C., Bohlinger,
P., Ferranti, L. and Nipen, T., 2020: Using UNSEEN trends to detect decadal changes in 100-
year precipitation extremes, npj Climate and Atmospheric Science, 3 (47),
https://doi.org/10.1038/s41612-020-00149-4

Kelder, T., Marjoribanks, T. I., Slater, L. J., Prudhomme, C., Wilby, R. L., Wagemann, J., &
Dunstone, N. (2022b). An open workflow to gain insights about low!(Ilikelihood high[limpact
weather events from initialized predictions. Meteorological Applications, 29(3).
https://doi.org/10.1002/met.2065

Kelder, T., Wanders, N., van der Wiel, K., Marjoribanks, T. I., Slater, L. J., Wilby, R. I, &
Prudhomme, C. (2022a). Interpreting extreme climate impacts from large ensemble
simulations—Are they unseen or unrealistic? Environmental Research Letters, 17(4), 044052.
https://doi.org/10.1088/1748-9326/ac5cf4




60

Kratzert, F., Klotz, D., Brenner, C., Schulz, K., & Herrnegger, M. (2018). Rainfall-runoff
modelling using long short-term memory (LSTM) networks. Hydrology and Earth System
Sciences, 22(11), 6005-6022. https://doi.org/10.5194/hess-22-6005-2018

Kratzert, F., Klotz, D., Shalev, G., Klambauer, G., Hochreiter, S., & Nearing, G. (2019). Towards
learning universal, regional, and local hydrological behaviors via machine learning applied to
large-sample datasets. Hydrology and Earth System Sciences, 23(12), 5089-5110.
https://doi.org/10.5194/hess-23-5089-2019

Lahoz, W., Khattatov, B., Menard, R., Nichols, N. K., Talagrand, O., Kalnay, E., Buehner, M.,
Cohn, S. E., Huang, X.-Y., Lynch, P., Thepaut, J.-N., Anderrson, E., Charlton-Perez, A.,
Swinbank, R., Rood, R. B., Yudin, V., Errera, Q., Elbern, H., Strunk, A., ... Lewis, S. R. (2010).
Data Assimilation: Making Sense of Observations (W. Lahoz, B. Khattatov, & R. Menard (eds.);
First). Springer-Verlag Berlin Heidelberg. https://doi.org/10.1007/978-3-540-74703-1

Lange, H., & Sippel, S. (2020). Machine learning applications in hydrology. In Forest-water
interactions (pp. 233-257). Springer, Cham. https://doi.org/10.1007/978-3-030-26086-6_10

Lavers DA, Ramos M-H, Magnusson L, Pechlivanidis I, Klein B, Prudhomme C, Arnal L,
Crochemore L, Van Den Hurk B, Weerts AH, Harrigan S, Cloke HL, Richardson DS,
Pappenberger F. (2020). A Vision for Hydrological Prediction. Atmosphere, 11(3):237.
https://doi.org/10.3390/atmos 11030237

Le, X. H., Ho, H. V., Lee, G., & Jung, S. (2019). Application of long short-term memory (LSTM)
neural network for flood forecasting. Water, 11(7), 1387. https://doi.org/10.3390/w11071387

Li, W., Duan, Q., Miao, C., Ye, A., Gong, W., & Di, Z. (2017). A review on statistical
postprocessing methods for hydrometeorological ensemble forecasting. Wiley Interdisciplinary
Reviews: Water, 4(6), e1246. https://doi.org/10.1002/wat2.1246

Lorenz, E. N. (1969). The predictability of a flow which possesses many scales of motion.
Tellus, 21(3), 289-307.https://doi.org/10.1111/j.2153-3490.1969.tb00444 .x

Lovat, A., Vincendon, B., & Ducrocq, V. (2019). Assessing the impact of resolution and soil
datasets on flash-flood modelling. Hydrology and Earth System Sciences, 23(3), 1801-1818.
https://doi.org/10.5194/hess-23-1801-2019



61

Litjens, B., Leshchinskiy, B., Requena-Mesa, C., Chishtie, F., Diaz-Rodriguez, N., Boulais, O.,
... & Newman, D. (2021). Physically-Consistent Generative Adversarial Networks for Coastal
Flood Visualization. arXiv preprint arXiv:2104.04785.

Magnusson, L., & Kallén, E. (2013). Factors influencing skill improvements in the ECMWF
forecasting system. Monthly Weather Review, 141(9), 3142-3153. https://doi.org/10.1175/MWR-
D-12-00318.1

Mahesh, R. B., Leandro, J., and Lin, Q.: Physics Informed Neural Network for Spatial-Temporal
Flood Forecasting, in: Climate Change and Water Security, edited by Kolathayar, S., Mondal,
A., and Chian, S. C., pp. 77-91, Springer Singapore, Singapore, 2022.
https://link.springer.com/chapter/10.1007/978-981-16-5501-2 7

Mason, D. C., Dance, S. L., & Cloke, H. L. (2021). Floodwater detection in urban areas using
Sentinel-1 and WorldDEM data. Journal of Applied Remote Sensing, 15(03), 1-22.
https://doi.org/10.1117/1.jrs.15.032003

Mateo-Garcia, G., Veitch-Michaelis, J., Smith, L., Oprea, S. V., Schumann, G., Gal, Y., Baydin,
A. G., & Backes, D. (2021). Towards global flood mapping onboard low cost satellites with
machine learning. Scientific Reports, 11(1), 7249. https://doi.org/10.1038/s41598-021-86650-z

Matgen, P., Hostache, R., Schumann, G., Pfister, L., Hoffmann, L., & Savenije, H. H. G. (2011).
Towards an automated SAR-based flood monitoring system: Lessons learned from two case
studies. Physics and Chemistry of the Earth, 36(7-8), 241-252.
https://doi.org/10.1016/j.pce.2010.12.009

Matthews, G., Barnard, C., Cloke, H., Dance, S. L., Jurlina, T., Mazzetti, C., & Prudhomme, C.
(2022). Evaluating the impact of post-processing medium-range ensemble streamflow forecasts
from the European Flood Awareness System. Hydrology and Earth System Sciences, 26(11),
2939-2968. https://doi.org/10.5194/hess-26-2939-2022

Melsen, L. A., Teuling, A. J., Torfs, P. J. J. F., Uijlenhoet, R., Mizukami, N., and Clark, M. P.
(2016). HESS Opinions: The need for process-based evaluation of large-domain hyper-
resolution models, Hydrol. Earth Syst. Sci., 20, 1069-1079, https://doi.org/10.5194/hess-20-
1069-2016

Merz, B., Bléschl, G., Vorogushyn, S., Dottori, F., Aerts, J. C. J. H., Bates, P., Bertola, M.,
Kemter, M., Kreibich, H., Lall, U., & Macdonald, E. (2021). Causes, impacts and patterns of



62

disastrous river floods. Nature Reviews Earth and Environment, 2(9), 592—-609.
https://doi.org/10.1038/s43017-021-00195-3

Merz, B., Kuhlicke, C., Kunz, M., Pittore, M., Babeyko, A., Bresch, D. N., Domeisen, D. I. V.,
Feser, F., Koszalka, I., Kreibich, H., Pantillon, F., Parolai, S., Pinto, J. G., Punge, H. J., Rivalta,
E., Schroéter, K., Strehlow, K., Weisse, R., & Wurpts, A. (2020). Impact Forecasting to Support
Emergency Management of Natural Hazards. Reviews of Geophysics, 58(4), 1-52.
https://doi.org/10.1029/2020RG000704

Mittal, N., Pope, E., Whitfield, S., Bacon, J., Bruno Soares, M., Dougill, A. J., Homberg, M. van
den, Walker, D. P., Vanya, C. L., Tibu, A., & Boyce, C. (2021). Co-designing Indices for Tailored
Seasonal Climate Forecasts in Malawi. In Frontiers in Climate, 2.
https://doi.org/10.3389/fclim.2020.578553

Moges, E., Demissie, Y., Larsen, L., & Yassin, F. (2021). Sources of hydrological model
uncertainties and advances in their analysis. Water, 13(1), 28.
https://doi.org/10.3390/w13010028

Mosaffa, H., Sadeghi, M., Mallakpour, I., Jahromi, M. N., & Pourghasemi, H. R. (2022).
Application of machine learning algorithms in hydrology. In Computers in Earth and
Environmental Sciences (pp. 585-591). Elsevier. https://doi.org/10.1016/B978-0-323-89861-
4.00027-0

Mosavi, A., & Ozturk, P. Chau Kw (2018) Flood prediction using machine learning models:
literature review. Water, 10(11), 1536. doi.org/10.3390/w10111536

Mdaller-Hansen, F., Schliter, M., Mas, M., Donges, J. F., Kolb, J. J., Thonicke, K., & Heitzig, J.
(2017). Towards representing human behavior and decision making in Earth system models—an
overview of techniques and approaches. Earth System Dynamics, 8(4), 977-1007.
https://doi.org/10.5194/esd-8-977-2017

Murphy, A. H. (1993). What Is a Good Forecast? An Essay on the Nature of Goodness in
Weather Forecasting, Weather and Forecasting, 8(2), 281-293. https://doi.org/10.1175/1520-
0434(1993)008<0281:WIAGFA>2.0.CO;2

Natel de Moura, C., Seibert, J., & Detzel, D. H. M. (2022). Evaluating the long short-term
memory (LSTM) network for discharge prediction under changing climate conditions. Hydrology
Research, 53(5), 657-667. doi: https://doi.org/10.2166/nh.2022.044




63

Nearing, G. S., Kratzert, F., Sampson, A. K., Pelissier, C. S., Klotz, D., Frame, J. M., Prieto, C.,
& Gupta, H. V. (2021). What Role Does Hydrological Science Play in the Age of Machine
Learning? Water Resources Research, 57(3). https://doi.org/10.1029/2020WR028091

Nevo, S., Morin, E., Gerzi Rosenthal, A., Metzger, A., Barshai, C., Weitzner, D., Voloshin, D.,
Kratzert, F., Elidan, G., Dror, G., Begelman, G., Nearing, G., Shalev, G., Noga, H., Shavitt, I.,
Yuklea, L., Royz, M., Giladi, N., Peled Levi, N., ... Matias, Y. (2022). Flood forecasting with
machine learning models in an operational framework. Hydrology and Earth System Sciences,
26(15), 4013—4032. hitps://doi.org/10.5194/hess-26-4013-2022

Ning, L., Zhan, C., Luo, Y., Wang, Y., & Liu, L. (2019). A review of fully coupled atmosphere-
hydrology simulations. Journal of Geographical Sciences, 29(3), 465-479.
https://doi.org/10.1007/s11442-019-1610-5

NOAA (n.d.). Global Ensemble Forecast System. Retrieved December 8, 2021, from

https://www.ncei.noaa.gov/products/weather-climate-models/global-ensemble-forecast

Orimoloye, I. R., Belle, J. A., & Olusola, A. O. (2021). Spatial assessment of drought disasters,
vulnerability, severity and water shortages: a potential drought disaster mitigation strategy.
Natural Hazards, 105(3), 2735-2754. https://doi.org/10.1007/s11069-020-04421-x

Pagano, T. C., Wood, A. W., Ramos, M. H., Cloke, H. L., Pappenberger, F., Clark, M. P., ... &
Verkade, J. S. (2014). Challenges of operational river forecasting. Journal of Hydrometeorology,
15(4), 1692-1707. https://doi.org/10.1175/JHM-D-13-0188.1

Pappenberger, F., Stephens, E., Thielen, J., Salamon, P., Demeritt, D., van Andel, S.J.,
Wetterhall, F. and Alfieri, L. (2013), Visualizing probabilistic flood forecast information: expert
preferences and perceptions of best practice in uncertainty communication. Hydrol. Process.,
27: 132-146. https://doi.org/10.1002/hyp.9253

Parker, W. (2020). Model Evaluation: An Adequacy-for-Purpose View. Philosophy of Science,
87(3), 457-477. doi:10.1086/70869

Pechlivanidis, |. G., Crochemore, L., Rosberg, J., & Bosshard, T. (2020). What are the key
drivers controlling the quality of seasonal streamflow forecasts?. Water Resources Research,
56(6), e2019WR026987. https://doi.org/10.1029/2019WR026987



64

Pechlivanidis, I. G., Jackson, B. M., Mcintyre, N. R., & Wheater, H. S. (2011). Catchment scale
hydrological modelling: a review of model types, calibration approaches and uncertainty
analysis methods in the context of recent developments in technology and applications. Global
NEST journal, 13(3), 193-214.

Peng, J., Albergel, C., Balenzano, A., Brocca, L., Cartus, O., Cosh, M. H., Crow, W. T.,
Dabrowska-Zielinska, K., Dadson, S., Davidson, M. W. J., de Rosnay, P., Dorigo, W., Gruber,
A., Hagemann, S., Hirschi, M., Kerr, Y. H., Lovergine, F., Mahecha, M. D., Marzahn, P., ...
Loew, A. (2021a). A roadmap for high-resolution satellite soil moisture applications — confronting
product characteristics with user requirements. Remote Sensing of Environment, 252.
https://doi.org/10.1016/j.rse.2020.112162

Peng, J., Tanguy, M., Robinson, E. L., Pinnington, E., Evans, J., Ellis, R., Cooper, E.,
Hannaford, J., Blyth, E., & Dadson, S. (2021b). Estimation and evaluation of high-resolution soil
moisture from merged model and Earth observation data in the Great Britain. Remote Sensing
of Environment, 264, 112610. https://doi.org/10.1016/j.rse.2021.112610

Pokhrel, Y. N., Hanasaki, N., Wada, Y., & Kim, H. (2016). Recent progresses in incorporating
human land—water management into global land surface models toward their integration into
Earth system models. Wiley Interdisciplinary Reviews: Water, 3(4), 548-574.
https://doi.org/10.1002/wat2.1150

Prinn, R. G. (2013). Development and application of earth system models. Proceedings of the
National Academy of Sciences, 110(supplement_1), 3673-3680.
https://doi.org/10.1073/pnas.1107470109

Ramos, M. H., van Andel, S. J., & Pappenberger, F. (2013). Do probabilistic forecasts lead to
better decisions? Hydrology and Earth System Sciences, 17(6), 2219-2232.
https://doi.org/10.5194/hess-17-2219-2013

Roberts, M.J., Vidale, P.L., Senior, C., Hewitt, H.T., Bates, C., Berthou, S., Chang, P.,
Christensen, H.M., Danilov, S., Demory, M.E. and Griffies, S.M. (2018). The benefits of global
high resolution for climate simulation: process understanding and the enabling of stakeholder
decisions at the regional scale. Bulletin of the American Meteorological Society, 99(11), 2341-
2359. https://doi.org/10.1175/BAMS-D-15-00320.1




65

Sayama, T., Yamada, M., Sugawara, Y., & Yamazaki, D. (2020). Ensemble flash flood
predictions using a high-resolution nationwide distributed rainfall-runoff model: case study of the
heavy rain event of July 2018 and Typhoon Hagibis in 2019. Progress in Earth and Planetary
Science, 7(1), 1-18. https://doi.org/10.1186/s40645-020-00391-7

Scaife, A.A., Camp, J., Comer, R., Davis, P., Dunstone, N., Gordon, M., MacLachlan, C., Martin,
N., Nie, Y., Ren, H.L. and Roberts, M. (2019). Does increased atmospheric resolution improve
seasonal climate predictions?. Atmospheric Science Letters, 20(8), €922.
https://doi.org/10.1002/asl.922

Schaake, J. C., Hamill, T. M., Buizza, R., & Clark, M. (2007). HEPEX: The Hydrological
Ensemble Prediction Experiment, Bulletin of the American Meteorological Society, 88(10), 1541-
1548. Retrieved Mar 4, 2022 from https://doi.org/10.1175/BAMS-88-10-1541

Schmidt, L., Hele, F., Attinger, S., & Kumar, R. (2020). Challenges in applying machine
learning models for hydrological inference: A case study for flooding events across Germany.
Water Resources Research, 56(5), e2019WR025924. https://doi.org/10.1029/2019WR025924

Schumann, G., Bates, P. D., Horritt, M. S., Matgen, P., & Pappenberger, F. (2009). Progress in
integration of remote sensing-derived flood extent and stage data and hydraulic models.
Reviews of Geophysics, 47(2008), 1-20. https://doi.org/10.1029/2008RG000274

Senol Cabi, N., Thomson, T., Gascoigne, J., & Ali, H. (2021). How earth observation informs the
activities of the ref/insurance industry on managing flood risk. In Earth Observation for Flood
Applications (pp. 165—-193). Elsevier. https://doi.org/10.1016/B978-0-12-819412-6.00008-0

Sharma, S., Siddique, R., Reed, S., Ahnert, P., & Mejia, A. (2019). Hydrological model diversity
enhances streamflow forecast skill at short(Jto medium(Irange timescales. Water Resources
Research, 55(2), 1510-1530._https://doi.org/10.1029/2018WR023197

Shen, X., Anagnostou, E. N., Allen, G. H., Robert Brakenridge, G., & Kettner, A. J. (2019). Near-
real-time non-obstructed flood inundation mapping using synthetic aperture radar. Remote
Sensing of Environment, 221(August 2018), 302—315. https://doi.org/10.1016/j.rse.2018.11.008

Shen, C., Chen, X., & Laloy, E. (2021). Broadening the Use of Machine Learning in Hydrology.
Frontiers in Water, 3, 38. https://doi.org/10.3389/frwa.2021.681023




66

Shen, C., & Lawson, K. (2021). Applications of deep learning in hydrology. Deep Learning for
the Earth Sciences: A Comprehensive Approach to Remote Sensing, Climate Science, and
Geosciences, 283-297. hitps://doi.org/10.1002/9781119646181.ch19

Shoshan, H. N. and Wehrt, W. (2021). Understanding “Zoom fatigue”: A mixed-method
approach. Applied Psychology, Early View, DOI: 10.1111/apps/12360

Slater, L., Villarini, G., Archfield, S., Faulkner, D., Lamb, R., Khouakhi, A., & Yin, J. (2021).
Global Changes in 20-Year, 50-Year, and 100-Year River Floods. Geophysical Research
Letters, 48(6), 1-10. https://doi.org/10.1029/2020GL091824

Spiegelhalter D. (2017). Risk and Uncertainty Communication. Annual Review of Statistics and
Its Application 4:1, 31-60. https://doi.org/10.1146/annurev-statistics-010814-020148

Steffen, W., Richardson, K., Rockstréom, J., Schellnhuber, H.J., Dube, O.P., Dutreuil, S., Lenton,
T.M. and Lubchenco, J. (2020). The emergence and evolution of Earth System Science. Nature
Reviews Earth & Environment, 1(1), 54-63. https://doi.org/10.1038/s43017-019-0005-6

Stephens, E. M., Edwards, T. L., & Demeritt, D. (2012). Communicating probabilistic information
from climate model ensembles—Ilessons from numerical weather prediction. Wiley

interdisciplinary reviews: climate change, 3(5), 409-426. https://doi.org/10.1002/wcc.187

Streefkerk, I. N., van den Homberg, M. J. C., Whitfield, S., Mittal, N., Pope, E., Werner, M.,
Winsemius, H. C., Comes, T. & Ertsen, M. W. (2022). Contextualising seasonal climate
forecasts by integrating local knowledge on drought in Malawi. Climate Services, 25,
https://doi.org/10.1016/j.cliser.2021.100268

Tellman, B., Sullivan, J. A., Kuhn, C., Kettner, A. J., Doyle, C. S., Brakenridge, G. R., T. A.
Erickson, & Slayback, D. A. (2021). Satellite imaging reveals increased proportion of population
exposed to floods. Nature, 596(7870), 80-86. https://doi.org/10.1038/s41586-021-03695-w

Thiboult, A., Anctil, F., & Boucher, M. A. (2016). Accounting for three sources of uncertainty in
ensemble hydrological forecasting. Hydrology and Earth System Sciences, 20(5), 1809-1825.
https://doi.org/10.5194/hess-20-1809-2016

Thielen-del Pozo J., Bruen M. (2019) Overview of Forecast Communication and Use of

Ensemble Hydrometeorological Forecasts. In: Duan Q., Pappenberger F., Wood A., Cloke H.,



67

Schaake J. (eds) Handbook of Hydrometeorological Ensemble Forecasting. Springer, Berlin,
Heidelberg. https://doi.org/10.1007/978-3-642-39925-1 40

Tiwari, A. D., Mukhopadhyay, P., & Mishra, V. (2021). Influence of bias correction of
meteorological and streamflow forecast on hydrological prediction in India. Journal of
Hydrometeorology. https://doi.org/10.1175/JHM-D-20-0235.1

Titley, H. A., Cloke, H. L., Harrigan, S., Pappenberger, F., Prudhomme, C., Robbins, J.C.,
Stephens, E. M. and Zsoter, E. (2021). Key factors influencing the severity of fluvial flood
hazard from tropical cyclones. Journal of Hydrometeorology, 22(7), 1801-1817, DOI:
10.1175/JHM-D-20-0250.1

Tourian, M. J., Schwatke, C., & Sneeuw, N. (2017). River discharge estimation at daily
resolution from satellite altimetry over an entire river basin. Journal of Hydrology, 546, 230-247.
https://doi.org/10.1016/j.jhydrol.2017.01.009

Troin, M., Arsenault, R., Wood, A. W., Brissette, F., & Martel, J. L. (2021). Generating ensemble
streamflow forecasts: A review of methods and approaches over the past 40 years, 57(7),
https://doi.org/10.1029/2020WR028392

Tyralis, H., Papacharalampous, G., & Langousis, A. (2019). A brief review of random forests for
water scientists and practitioners and their recent history in water resources. Water, 11(5), 910

UFZ (n.d.). Drought Monitor Germany. Retrieved December 8, 2021, from
https://www.ufz.de/index.php?en=37937

UFZ MOSES (n.d.). Sub-seasonal Hydroclimatic Forecasting System. Retrieved December 8,
2021, from https://www.ufz.de/moses/index.php?en=47304

UNISDR (2014). Sendai Framework for disaster risk reduction 2015-2030. Retrieved December

8, 2021, from https://www.preventionweb.net/files/43291 sendaiframeworkfordrren.pdf

Valcke, S. (2013). The OASIS3 coupler: a European climate modelling community software.
Geoscientific Model Development, 6(2), 373-388. https://doi.org/10.5194/gmd-6-373-2013

Valdez, E. S., Anctil, F., and Ramos, M.-H. (2022). Choosing between post-processing
precipitation forecasts or chaining several uncertainty quantification tools in hydrological
forecasting systems, Hydrol. Earth Syst. Sci., 26, 197-220, https://doi.org/10.5194/hess-26-197-
2022



68

Van Loon, A. F., Lester-Moseley, I., Rohse, M., Jones, P., and Day, R., 2020. Creative practice
as a tool to build resilience to natural hazards in the Global South, Geosci. Commun., 3, 453—
474. https://doi.org/10.5194/gc-3-453-2020

Veeckman & Temmerman, L. (2021). "Urban Living Labs and Citizen Science: From Innovation
and Science towards Policy Impacts" Sustainability 13, no. 2: 526.
https://doi.org/10.3390/su13020526

Vincent, K., Daly, M., Scannell, C., and Leathes, B., 2018. What can climate services learn from
theory and practice of co-production?, Climate Services, 12, 48-58,
https://doi.org/10.1016/j.cliser.2018.11.001.

Walker, J.P. and Houser, P.R. (2005). Hydrologic data assimilation. In Advances in water

science methodologies (pp. 25-48). CRC Press.

Wan, Y., Chen, J., Xu, C. Y., Xie, P., Qi, W., Li, D., & Zhang, S. (2021). Performance
dependence of multi-model combination methods on hydrological model calibration strategy and
ensemble size. Journal of Hydrology, 603, 127065.
https://doi.org/10.1061/j.jhydrol.2021.127065

Wedi, N. P. (2014). Increasing horizontal resolution in numerical weather prediction and climate
simulations: illusion or panacea?. Philosophical Transactions of the Royal Society A:
Mathematical, Physical and Engineering Sciences, 372(2018), 20130289.
https://doi.org/10.1098/rsta.2013.0289

Werner, K., Verkade, J. S. & Pagano, T. C. (2018). Application of Hydrological Forecast
Verification Information. In: Q. Duan, F. Pappenberger, J. Thielen-del Pozo, A. Wood, H. L.
Cloke, J. Schaake (Eds.), Handbook of Hydrometeorological Ensemble Forecasting. Springer-
Verlag Berlin Heidelberg 2016, DOI: 10.1007/978-3-642-40457-3_3-1

Wesselink, A., Kooy, M., & Warner, J. (2017). Socio-hydrology and hydrosocial analysis: toward
dialogues across disciplines. Wiley Interdisciplinary Reviews: Water, 4(2), e1196.
https://doi.org/10.1002/wat2.1196

Wilby, R. L. (2019). A global hydrology research agenda fit for the 2030s. Hydrology Research,
50(6), 1464-1480. https://doi.org/10.2166/nh.2019.100




69

Wilkinson, M. D., Dumontier, M., Aalbersberg, |j. J., Appleton, G., Axton, M., Baak, A.,
Blomberg, N., Boiten, J.-W., da Silva Santos, L. B., Bourne, P. E., Bouwman, J., Brookes, A. J.,
Clark, T., Crosas, M., Dillo, I., Dumon, O., Edmunds, S., Evelo, C. T., Finkers, R., ... Mons, B.
(2016). The FAIR Guiding Principles for scientific data management and stewardship. Scientific
Data, 3(1), 160018. https://doi.org/10.1038/sdata.2016.18

WMO, World Meteorological Organisation (2021). World Meteorological Congress Extraordinary
Session, draft resolution. https://tinyurl.com/WMOdraft

Wood, E. F., et al. (2011), Hyperresolution global land surface modeling: Meeting a grand
challenge for monitoring Earth's terrestrial water, Water Resour. Res., 47, W05301,
doi:10.1029/2010WR010090.

Wu, W., Emerton, R., Duan, Q., Wood, A. W., Wetterhall, F. and Robertson, D. E. (2020).
Ensemble flood forecasting: current status and future opportunities, WIREs Water, e1432, DOI:
10.1002/wat2.1432

Xia, Y., Hao, Z., Shi, C., Li, Y., Meng, J., Xu, T., Wu, X. and Zhang, B. (2019). Regional and
global land data assimilation systems: Innovations, challenges, and prospects. Journal of
Meteorological Research, 33(2), 159-189. https://doi.org/10.1007/s13351-019-8172-4

Xu, C. Y., Widén, E., & Halldin, S. (2005). Modelling hydrological consequences of climate
change—progress and challenges. Advances in Atmospheric Sciences, 22(6), 789-797.
https://doi.org/10.1007/BF 02918679

Xu, T., & Liang, F. (2021). Machine learning for hydrologic sciences: An introductory overview.
Wiley Interdisciplinary Reviews: Water, 8(5), €1533. https://doi.org/10.1002/wat2.1533

Yepes-Arbos, X., van den Oord, G., Acosta, M. C., and Carver, G. D. (2022). Evaluation and
optimisation of the I/O scalability for the next generation of Earth system models: IFS CY43R3
and XIOS 2.0 integration as a case study, Geosci. Model Dev., 15, 379-394,
https://doi.org/10.5194/gmd-15-379-2022

Zsoter, E., Prudhomme, C., Stephens, E., Pappenberger, F., & Cloke, H. (2020). Using
ensemble reforecasts to generate flood thresholds for improved global flood forecasting. Journal
of Flood Risk Management, 13(4), e12658. https://doi.org/10.1111/jfr3.12658




70

Zhou, Y., Wu, W., Nathan, R., & Wang, Q. (2021a). A rapid flood inundation modelling
framework using deep learning with spatial reduction and reconstruction. Environmental
Modelling & Software, 143, 105112. https://doi.org/10.1016/j.envsoft.2021.105112

Zhou, Y., Wu, W., Nathan, R., & Wang, Q. (2021b). Python program for spatial reduction and
reconstruction method in flood inundation modelling. Methodsx, 8, 101527.
https://doi.org/10.1016/j.mex.2021.101527

Figures

Figure 1: Map of the average global views (over all three days of the workshop, 29 June to 1 July

2021, where darker shading indicates higher views) of the workshop. Attendance was

widespread, with 49 countries represented.
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Interactive sessions took
place in the Weather Room
including Sci-Art, info
booths, and a demo on the

Climate Data Store (CDS).

Participants joined the EC-HEPEX early career hangout session to
meet their peers and to foster discussions on global hydrological
forecasting and how it can be better linked to local scale needs.

Postor Sossion 2 (15:45-1630)
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Figure 2: Layout of ECMWF’s Gather. Town environment for the workshop. Participants joined the

Gather. Town sessions to view posters, attend activities, and meet their peers to foster discussions
on global hydrological forecasting and how it can be better linked to local scale needs.
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Figure 3: The final artwork piece, “Hydrological Constellations”, by Louise Arnal. This science and
art piece is a metaphor for reading our destiny in the night sky constellations, and how far we
have advanced as a community in terms of predicting future hydro-meteorological events. This
art piece was created as part of the interactive sessions hosted on Gather.Town for the workshop.
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Figure 5: The main types of uncertainty tackled at the workshop (aleatory, epistemic,

semantic/linguistic) linked to the applied model (single model, single model + pre/post-processing,
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linked to each type can be found in Table A2 in the Appendix.
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Integrating Scientific and local Knowledge; https://icisk.eu).
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Figure 8: Schematic of the procedure for generating flash flood impact forecasts from flood
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from Baugh et al. [CB-P], Hansford et al. [EH-P]).
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Figure 9: In depth assessment of the research presented at the Workshop. (a) Distribution of
study locations (location of study sites in the research presented); (b) Distribution of spatial scales
by continent (Basin level: Studies conducted for each basin, Regional: Selection of basins within
a country or a continent, National: for entire countries, Continental: for entire continents; (c) Type
of study (Development of new system/method/model: Presents or explains a new forecasting
system, correction method, or hydrological model, Evaluating and benchmarking: Evaluates the
performance or relative value addition of a new system/database/model/technique, Comparing
and combining: Combines systems, databases, techniques to improve forecasting performance,
Others: studies that do not fit into these categories); (d) Application status in terms of
operationalizability (Research: System/method developed without aiming for operational
applications, Developmental: System development currently in progress, Pilot: Testing of fully
developed systems in operational settings, Operational: System/technique/method operationally

implemented); (e) Temporal scale; (f) The presenters’ professional sector.
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Appendix

Table A1. Abstracts presented at the workshop and cited in this paper. Abstracts have been
given a citation code based on the initials of the first author, and are listed alphabetically
according to their first initial (and therefore citation code). -P indicates the abstract was
presented as a lightning talk and poster, -K indicates the abstract was a keynote talk. Numbers
are introduced to distinguish between topics when an author presented more than one poster,
or in instances of multiple authors with the same initials. The theme(s) that each abstract relates
to is also noted, and indicates the section(s) under which the abstract is discussed in this paper.
The talks and posters presented at the workshop can be viewed here indefinitely:
https://events.ecmwf.int/event/222/timetable/
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EH-P | Calum Baugh, | enhance local decision making
Christel
Prudhomme
Liz Stephens | Global flood forecasting for anticipatory Forecasting &
humanitarian action uncertainty; co-
production &
ES-K incorporating local
knowledge;
applications &
decision-making
Ervin Zsoter, | Using ensemble reforecasts to generate Hydrological model
Christel flood thresholds for improved global flood development
Prudhomme, | forecasting
EZ.P Liz Stephens,
Florian
Pappenberger
, Hannah
Cloke
Fernando Continental versus regional scale flood Co-production &
Fan, inundation modelling estimates for incorporating local
Alexandre southern South America knowledge
Abdalla
Araujo,
Vinicius
Siqueira,
Ayan
Fleischmann,
FF-P1 Rodrigo
Paiva, Maria
Eduarda
Alves, Gabriel
Matte Rios,
Leonardo
Laipelt, Jodo
Paulo F.

Breda
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FF-P2

Fernando
Fan, Cassia
Aver, Camila
Freitas,
Reinaldo
Silveira,
Walter
Collischonn,
André
Campos, José
Eduardo
Gongalves,
Arlan
Scortegagna,
Rodrigo
Paiva,
Vinicius
Siqueira,
Ingrid Petry,
Cleber Gama,
Erik Quedi

Medium- to seasonal-range streamflow
forecasting for the hydropower dams of the
Brazilian National Interconnected System

Forecasting &
uncertainty;
applications &
decision-making

FJ-P

Francisco
Jara, diego
hernandez,
Pablo
Mendoza,
Maria Ignacia
Orell, James
McPhee

An assessment of raw and post-processed
GEFS precipitation reforecasts in the
Maule River basin, Chile

Forecasting &
uncertainty

FM-P

Francesca
Moschini,
Shaun
Harrigan,
Ervin Zsoter,
Christel
Prudhomme

Benchmarking hydrological model
performance of GloFAS v3 against GIoFAS
v2

Forecasting &
uncertainty

FT-P

Faranak
Tootoonchi,
Jan Olaf Mirko
Haerter, Olle
Raty, Thomas
Grabs,
Claudia
Teutschbein

Advances and challenges in the past
decade: from univariate to multivariate bias
adjustment of climate models for impact
studies

Forecasting &
uncertainty

FW-P

Fredrik
Wetterhall,

Challenges in setting up a multi-model
hydrometeorological forecasting system -

Co-production &
incorporating local
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Umberto lessons learned from the SEE-MHEWS-A knowledge;
Modigliani, project hydrological model
Milan Dacic, development

Sari Lappi

Gwyneth Evaluating the post-processing of the Forecasting &
Matthews, European Flood Awareness System’s uncertainty
Hannah continental scale streamflow forecasts

GM-P | Cloke, Sarah

Dance,

Christel

Prudhomme

Guy Advances in new EO technologies and Earth observation &

GS-K Schumann computer modelling could soon enable data assimilation;

better flood forecasting at impact-level hydrological model
scale development

Guy Shalev, Google’s Flood Forecasting Initiative: Earth observation &

GS-P Morin Efrat, Globally-Scalable Models for Hyper-Local data assimilation;

) Grey Nearin Information hydrological model
Yy g, y g
Sella Nevo development
Gokcen Short-Range Streamflow Forecasting Using | Forecasting &
Uysal, Aynur | Multi-Models Over Snow Dominated Basin | uncertainty; Earth
Sensoy In Turkey observation & data

GU-P Sorman, Ali assimilation;

Arda Sorman, hydrological model
Mustafa development;
Cansaran applications &
Ertas decision-making
Hylke Beck, Global high-resolution regionalized Forecasting &
Stefania parameter maps for LISFLOOD based on uncertainty;

HB-P | Grimaldi, observed streamflow from over 4000 hydrological model
Peter headwater catchments development
Salamon
Helen Hooker, | An evaluation of ensemble flood inundation | Forecasting &
Sarah Dance, | mapping spatial skill uncertainty; co-
David Mason, production &

HH-P [ John incorporating local
Bevington, knowledge; Earth
Kay Shelton observation & data

assimilation
Harrie-Jan Predicting the complete coupled terrestrial | Earth observation &
Hendricks- water and energy cycles data assimilation;
HJHF-P [ Franssen, hydrological model
Alexandre development

Belleflamme,
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Theresa
Boas, Daniel
Caviedes-
Voullieme,
Abouzar
Ghasemi,
Klaus
Goergen,
Johannes
Keller, Stefan
Kollet, Ulrich
Lohnert, Silke
Tromel, Niklas
Wagner

HL-P

Huw Lewis

A regional coupled approach to water cycle
prediction during winter 2013/14 in the
United Kingdom

Hydrological model
development

HMS-P1

Hector
Macian-
Sorribes,
Patricia
Marcos-
Garcia, llias
Pechlivanidis,
Louise
Crochemore,
Manuel
Pulido-
Velazquez

Estimating the benefits brought by
seasonal forecasts on the management of
the Water-Energy-Food nexus in the Jucar
river system

Forecasting &
uncertainty; co-
production &
incorporating local
knowledge

HMS-P2

Hector
Macian-
Sorribes,
Esther Lopez-
Perez, Adria
Rubio-Martin,
Alberto
Garcia-Prats,
Manuel
Pulido-
Velazquez

Skill of seasonal meteorological forecasts
from the Copernicus Climate Change
Service to foresee groundwater pumping
allocation in an overexploited
Mediterranean aquifer

Forecasting &
uncertainty;
applications &
decision-making

HN-P

Husain Najafi,
Luis
Samaniego,
Stephan
Thober,
Oldrich

Ensemble Forecasting of Drought over
Germany at Sub-seasonal Time Scale

Forecasting &
uncertainty;
applications &
decision-making
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Rakovec,
Pallav Kumar
Shrestha
Helen Titley, An ensemble-based method for Forecasting &
Hannah investigating the predictability of fluvial uncertainty;
Cloke, Liz flooding from tropical cyclones applications &
Stephens, decision-making
Ervin Zsoter,
Shaun
HT-P Harrigan,
Florian
Pappenberger
, Christel
Prudhomme,
Joanne
Robbins
lias Seasonal hydrological forecasting across Forecasting &
Pechlivanidis, | scales: similarity patterns and attribution of | uncertainty; co-
Louise forecast quality production &
IP-P Crochemore, incorporating local
Marc Girons knowledge;
Lopez hydrological model
development
Irina Sandu The European Commission Destination Earth observation &
1S-K Earth Programme data assimilation;
hydrological model
development
JB-P James Error modelling for long-range ensemble Forecasting &
Bennett forecasts of flow in highly ephemeral rivers | uncertainty
Jessica A High-Resolution Land Data Assimilation | Earth observation &
Erlingis, System Optimized for Drought Monitoring data assimilation;
Matthew in the Western United States applications &
Rodell, decision-making
JE-P 1 Christa
Peters-Lidard,
Bailing Li,
Sujay Kumar
Jannis Hoch Unravelling the interplay between flood Applications &
model selection, simulations outcomes, decision-making
JH-P . . .
and resulting flood risk — a case study in
the Ganges-Brahmaputra delta
Jude Lubega | Does the assimilation of earth observations | Earth observation &
JLM-P | Musuuza, and in-situ data affect the seasonal data assimilation
Louise hydrological forecast quality?




88

Crochemore,
llias
Pechlivanidis

JO-P

Jean Odry,
Marie-Amélie
Boucher,
Vincent Fortin,
Simon
Lachance-
Cloutier,
Richard
Turcotte,
Dominic
Roussel

Bayesian merging of large scale and local
hydrological forecasts

Earth observation &
data assimilation;
hydrological model
development

JS-P

Jan Seibert
and Marc Vis

A few hundred catchments later — lessons
from modelling large samples of
catchments around the globe

Hydrological model
development

JSL-P1

Jorge
Sanchez
Lozano,
Giovanni
Romero
Bustamante,
Jim Nelson,
Gustavious
Williams,
Alma Meyer,
Riley Hales,
Daniel Ames,
Norm Jones

From Global to Local: Development of a
Bias correction method for the GEOGIoWS
ECMWF Streamflow Services global model

Forecasting &
uncertainty

JSL-P2

Jorge
Sanchez
Lozano,
Angelica
Gutierrez, Jim
Nelson, Amir
Givati, Manuel
Conda, Alma
Meyer

From Global to Local: Validating Forecast
High Flow Events from GEOGIoWS
ECMWF Streamflow Services

Forecasting &
uncertainty

JW-P

Julian Weier,
Christoph
Tyralla,
Bastian Klein,
Gernot
Belger,

Applying the hydrological model framework
HydPy for data assimilation in order to
improve operational medium-range
forecasts within the Rhine basin

Earth observation &
data assimilation
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Dennis
Meiliner
Katayoon Impacts of data assimilation on continental | Earth observation &
Bahramian, seasonal and short-term hydrological data assimilation
Ashkan forecasts
Shokri,
Elisabeth
Vogel, Siyuan
KB1-P Tian, Luigi
Renzullo,
Robert C
Pipunic,Julien
Lerat, Wendy
Sharples,
Chantal
Donnelly
Konrad How can we extend the horizon of skillful Forecasting &
Bogner, hydrological predictions? uncertainty
Massimiliano
KB2-P | Zappa, Luzi
Bernhard,
Chang Yuan-
Yuan
Kirsti Hakala | Forecasting seasonal water demand Forecasting &
across Australia’s southern Murray Darling | uncertainty; co-
Basin production &
KH-P incorporating local
knowledge;
applications &
decision-making
Louise Arnal, | Understanding streamflow predictability on | Forecasting &
Martyn Clark, | seasonal timescales across North America | uncertainty;
Vincent Fortin, hydrological model
LA-P A!ain . development
Pietroniro,
Vincent
Vionnet, Andy
Wood
Laurie Seamless combination of short-term Forecasting &
Caillouet, deterministic with mid-term probabilistic uncertainty;
LC-P Olivier hydrological forecasts hydrological model
Vannier, development;
Sabrina Celie applications &
decision-making
LF-P Leila Evaluating the performance of a data- Forecasting &




90

Forouhar, driven short-term irrigation demand uncertainty;
Wenjan Wu, forecasting model under different levels of | hydrological model
Quan J. data availability development
Wang, Kirsti
Hakala
Assendelft,
Yating Tang
Lisanne Operational multi-model hydrological Forecasting &
Nauta, seasonal forecasts for Europe: uncertainty;
Christiana development, skill and challenges hydrological model
Photiadou, development
Peter Berg,
LN-P | Denica
Bozhinova,
Anna Eronn,
Fulco Ludwig,
lias
Pechlivanidis
LSK Louise Slater | Developments in hybrid hydrological Hydrological model
forecasting development
Luis ULYSSES: a global multi-model Co-production &
Samaniego, hydrological prediction system incorporating local
Kelbling knowledge;
Matthias, hydrological model
Edwin development
Sutanudjaja,
Niko
Wanders,
LS-P | Alberto
Martinez-de la
Torre, Oldrich
Rakovec,
Robert
Schweppe,
Stephan
Thober
Mark Assessing the role of global datasets for Forecasting &
Bernhofen, flood risk management at national and uncertainty; co-
MB1-P Mark Trigg, catchment scales production &
Sarah incorporating local
Cooper, Anna knowledge
Mdee
Michel Updating soil moisture and vegetation by Earth observations
MB2-P | Bechtold assimilating Sentinel-1 backscatter: Impact | & data assimilation

on streamflow simulations
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MdM-P

Marcio
Augusto
Ernesto de
Moraes, Peter
Salamon,
Jerusa
Peixoto,
Rodolfo
Moreda
Mendes,
Eduardo
Favero
Pacheco da
Luz

GloFAS as fundamental tool in the Madeira
River Crisis Room

Co-production &
incorporating local
knowledge;
applications &
decision-making

MW-K

Micha
Werner, Marc
van den
Homberg,
Agathe
Bucherie,
Alexia Calvel,
lleen
Streefkerk,
Alexander
Kaune

Connecting large scale climate services to
the local context? Look out of the window

Co-production &
incorporating local
knowledge

MW-P

Maureen
Wanzala,
Andrea Ficchi,
Hannah
Cloke, Liz
Stephens

Assessment of Global Reanalysis Datasets
for Catchment modelling Across Kenya

Co-production &
incorporating local
knowledge;
hydrological model
development

MY-P

Masafumi
Yamada,
Takahiro
Sayama, Dai
Yamazaki

Development of nationwide 150m high-
resolution Rainfall-Runoff-Inundation model
for flood forecasting: Integration of 26,000
cross-section data to improve flood
predictions

Earth observations
& data assimilation

PB-P

Pierre Baguis,
Emmanuel
Roulin, Joris
Van den
Bergh,
Stéphane
Vannitsem,
Alberto
Carrassi,
Gabrielle De

Assimilation of backscatter radar
observations in a hydrological model: a
study for two catchments in Belgium

Earth observations
& data assimilation
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Lannoy, Hans

Lievens
Pradeep Real time flood forecasting in the Chenab Earth observations
Dangol, basin in Pakistan & data assimilation;
PD1-P Mandira Singh hydrological model
Shrestha development;
applications &
decision-making
Panayiotis Limits of predictability: a global-scale Forecasting &
Dimitriadis, investigation of distribution and stochastic | uncertainty
Demetris structure of key hydrological-cycle

PD2-P Koutsoyiannis | processes
, Theano
lliopoulou,

Panos

Papanicolaou

Pengcheng Which precipitation forecasts to use? Hydrological model
Zhao, Quan J. | Deterministic versus coarser-resolution development

PZ-P | Wang, ensemble NWP models

Wenjan Wu,
Quichun Yang
QJ Wang, Improving irrigation water availability Forecasting &
Yating Tang, | forecasting: A case study involving uncertainty;
Kirsti Hakala, | Australia’s largest rural water corporation applications &
Guy Ortlipp, decision-making
Mark Bailey,

QIW-P 1 Andrew
Western,
Senlin Zhou,
Wenyan Wu,
Yiliang Du
Quichun Effective calibration of precipitation Forecasting &
Yang, Quan forecasts across Australia using the uncertainty

QY-P | Wang, Kirsti Seasonally Coherent Calibration (SCC)

Hakala model
Assendelft
Renaud A first evaluation of the future CEMS Forecasting &
Hostache, systematic global flood monitoring product. | uncertainty; Earth
Sandro observation & data
Martinis, assimilation;

RH-P | Bernhard applications &
Bauer- decision-making
Marschallinge
r, Marco

Chini,
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Candace
Chow,
Senmao Cao,
Ramona
Pelich, Yu Li,
Christian
Boehnke, Lisa
Knopp, Marc
Wieland,
Florian Roth,
Wolfgang
Wagner,
Patrick
Matgen, Peter
Salamon

RI-P

Ruben Imhoff,
Aart
Overeem,
Claudia
Brauer, Hidde
Leijnse,
Albrecht
Weerts,
Remko
Uijlenhoet

Rainfall nowcasting using commercial
microwave links from cellular
communication networks

Applications &

decision-making

RK-P

Robert
Keppler, Lieke
Melsen,
Albrecht
Weerts

Assimilation of streamflow into a distributed
hydrological model using ConvLSTM

Earth observations
& data assimilation;
hydrological model

development

SG-P

Saeed Golian,
Conor
Murphy,
Robert L.
Wilby, Sean
Donegan,
Daire Foran
Quinn, Shaun
Harrigan

Seasonal forecasts of winter and summer
precipitation for the Island of Ireland from
dynamical-statistical methods

Hydrological model

development

SH-P

Shaun
Harrigan,
lacopo
Ferrario, Ervin
Zsoter,
Christopher
Barnard,

Delivering Global Flood Awareness System
(GloFAS) data operationally to the
hydrological community

Forecasting &
uncertainty; co-
production &

incorporating local

knowledge
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Fredrik
Wetterhall,
Christel
Prudhomme

TB-P

Tim Busker

Forecast-based operation of blue-green
roofs as a new solution to decrease the
impact of extreme weather in cities

Forecasting &
uncertainty;
applications &
decision-making

TBTP-P

Thao Bui Thi
Phuong,
Kawamura
Akira, Thi
Nuong Bui,
Tien Thuy Le
du, Du Duong
Bui, René
Capell,
Amaguchi
Hideo,
Leyland
Julian, Mang
Hung Le, Thi
Ngoc Nguyen,
Kantoush
SamehAhmed
, Darby
Stephen,
Johan
Stromqvist

Application of HYPE Model in Simulating
Streamflow and Suspended Sediment
Concentration at Upper Srepok River Basin
in Vietham

Forecasting &
uncertainty;
hydrological model
development

TJ-P

Toni Jurlina,
Calum Baugh,
Hannah
Cloke,
Claudia Vitolo,
Ruth
Coughlan,
Christopher
Barnard,
Florian
Pappenberger
, Matthias
Drusch,
Christel
Prudhomme

Predicting river flow level categories using
SMOS soil moisture within a machine
learning approach

Forecasting &
uncertainty; Earth
observations & data
assimilation;
hydrological model
development

TK-P

Timo Kelder,
Louise Slater,

Exploiting SEASS (re-)forecasts to support
risk-based decision making (UNSEEN)

Forecasting &
uncertainty;
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Christel applications &
Prudhomme, decision-making
Tim
Marjoribank,
Rob Wilby,
Julia
Wagemann
Takahiro Ensemble Flash Flood Predictions Using a | Forecasting &
Sayama, High-Resolution Nationwide Distributed uncertainty
Masafumi Rainfall-Runoff Model: Case Study of the
TS-P | Yamada, Heavy Rain Event of July 2018 and
Yoshito Typhoon Hagibis in 2019
Sugawara,
Dai Yamazaki
Vanessa Towards an operational forecasting system | Earth observations
Pedinotti, using altimetry assimilation : two case & data assimilation
Rémi Jugier, | studies on the Niger and the Congo river
Marielle basins.
Gosset,
Adrien Paris,
VP-P Ni.colas Picot,
Gilles
Larnicol,
Laetitia Gal,
Bachir
Tanimoun,
Kounge
Soungalo
Wouter The effects of post-processing on the Forecasting &
WG-P | Greuell, performance of reservoir inflow at Itaipu uncertainty
Ronald Hutjes | (Brazil / Paraguay)
Wendy Parker | From ensembles to uncertainty in Forecasting &
hydrological prediction uncertainty; co-
WP-K production &
incorporating local
knowledge
Xuelong Chen | Remote Sensing of Global Daily Earth observations
XC-P Evapotranspiration based on Surface & data assimilation
Energy Balance Method and Reanalysis
data
Annie Y.-Y. Post-processing hydro-meteorological Forecasting &
Chang, tercile forecasts with weather regime data uncertainty;
AC-P | Konrad using machine learning hydrological model
Bogner, development

Daniela
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Domeisen,
Massimiliano
Zappa,
Christian M.
Grams,
Samuel
Monhart

Yawen Shao

An improved trend-aware post-processing

Forecasting &

YS-P method for GCM seasonal precipitation uncertainty
forecasts
Yuerong Emulation of 2D hydrodynamic flood Hydrological model
Zhou, Wenjan | inundation model using deep learning with | development
YZ-P Wu, Quan spatial reduction and reconstruction
Wang, Rory
Nathan

Table A2. Classification of different types of uncertainty (based on Beven (2016),
and workshop contributions that specifically address those types of uncertainty.

Type of
uncertainty

Description

Models

Workshop
contributions

Aleatory

Uncertainty with stationary statistical
characteristics. It may be structured
(bias, autocorrelation, long term
persistence), but can be reduced to a
stationary random distribution

Single
model

Single
model
PP

DM3-P

Multi-
model

Uncertainty arising from a lack of
knowledge about how to represent the

Single
model

TS-P, FF-P2




catchment system in terms of both

Epistemic model structure and parameters Single | PD-P, TJ-P, DC-P,
(system model + | HT-P, CPH-P,
dynamics) PP/+ML
Multi- BN-P, LS-P, GU-P,
model LC-P (deterministic
+ probabilistic), JO-
P, AW-P, PZ-P
(deterministic w/PP
+ probabilistic), FW-
P, LA-P, FJ-P, GM-P
Epistemic Uncertainty arising from lack of | Single TS-P, FF-P2,
(forcing and | knowledge about the forcing data or the | model
response response data with which model outputs
data) can be evaluated. This may be because
of proportionality or interpolation issues | Single PD-P, TJ-P, DC-P,
when not enough information is | model + | DH-P,
provided by the observational | PP
techniques to adequately describe
variables required in the modelling _
process Multi- BN-P, GU-P, JO-P,
model LN-P, FW-P, LA-P,
GM-P
Single TS-P,
model
Epistemic Uncertainties in either  system
(disinformati | representation or forcing data that are
on) known to be inconsistent or wrong. Single HT-P,
model +
PP
Multi- JO-P
model
Semantic/ Uncertainty about what statements or HT-P
linguistic quantities in the relevant domain

actually mean depending on the
contexts or scale (e.g.: storm runoff,
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baseflow, hydraulic conductivity,
stationarity, etc.)

Ontological

Uncertainty associated with different
belief systems, including what are
considered the appropriate assumptions

List of Abbreviations

Abbreviation

C3S

CDS

CEMS

CML

ConvLSTM

DA

DestinE

DL

EC-HEPEX

ECMWEF

Description

Copernicus Climate Change Service

Climate Data Store

Copernicus Emergency Management Service

Commercial microwave links

Convolutional Long Short Term Memory

Data Assimilation

Destination Earth

Deep Learning

Early Career Hepex

European Centre for Medium-range Weather Forecasts
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EFAS

EO

ESMs

ET

FAIR

GAN

GCM

GFP

GloFAS

GLOFFIS

HEFS

HEPEX

HEPS

I-CISK

LSTM

ML

NWP

PINN

99

European Flood Awareness System

Earth Observation

Earth System Models

Evapotranspiration

Findable, Accessible, Interoperable, Reusable

Generalized Adversarial Networks

Global Climate Model

Global Flood Partnership

Global Flood Awareness System

Global Flood Forecasting Information System

Hydrologic Ensemble Forecasting System

Hydrologic Ensemble Prediction Experiment

Hydrological Ensemble Prediction System

Innovating Climate services through Integrating Scientific and local
Knowledge

Long Short-Term Memory

Machine Learning

Numerical Weather Prediction

Physics Informed Neural Networks
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SSM Surface soil moisture
S2S8 Sub-seasonal to seasonal
TAMIR Advanced Tools for pro-Active Management of Impacts and Risks

Induced by Convective Weather, Heavy Rain and Flash floods in Europe

TC Tropical cyclone



