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Abstract

Earth system models have become viable alternatives to traditional hydrological models in
supporting global hydrological forecasting of river flow during the last decades. Hydrological
forecasting systems rely on a climatology of flood hazarcetivd flood thresholds, which are used

to generate early flood warnings. However, the derivation of thesenatblogies is not
straightforward and limitations, errors and uncertainties may play a major role and can significantly

influence the quality of th flood warnings.

This thesis evaluates some of the crucial characteristics of the reanalysis data sdts preehlice

the flood hazard climatologies, such as the land data assimilation and snow scheme complexity.
Limitations of these data sets are iddigd, with suggestions presented to further improve the
hydrological modelling and threshold generation madiologies. This in turn will lead to improved

climatologies as crucial elements in delivering higher quality flood warnings.

It was found that increents produced by the land data assimilation of snow and soil moisture can
lead to systematic water budgetmrs and subsequently contribute to significant errors in river
discharge simulations. Results have also shown that a more complex snow schemautiijile

layers can generally improve river discharge unless there is permafrost, where improvements
required further adjustments of the snow and soil freezing parametrisations. In addition, the linear
trend analysis of a statef-the-art hydrological remalysis data set revealed widespread,
dominantly negative trends globally, that can adversely impact orugeeof thresholds in flood
warnings, derived from these reanalyses. In order to improve the quality of the flood hazard
climatologies, an alternaté/threshold generation method, using ensemble reforecasts, has been

developed and shown to deliver vastlyproved forecast reliability and skKill.

This thesis contributes to better understanding of the global flood hazard climatologies in Earth
system models and implements a more sophisticated method for producing these climatologies
which will deliverbetter flood warnings. Additional research avenues are also recommended to
further improve the hydrological representation of the Earth system models and the generation of

the flood hazard climatologies in order to achieve the best possible hydrological foopedisy.
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My personal story of the PhD

The road to the PhD thesis, with the achievement of all the results that could be presented about
global flood hazard climatologg, has to start with who | am and what is my personal PhD

experience.

My name is Ervin Zsoter and | had the privilege to haviten this PhD thesis. The start in
September 2016, seems more like a lifetime ago, maybe it was not even in this life. [Batl wie

work and stress that it has come with, | have enjoyed every second of it.

The fact that | have started this PhD, | shwwe quite simply to Hannah Cloke and Florian
Pappenberger, who presented the opportunity to me in 2016, including the pdgsdiithe Wilkie
Calvert cesupported PhD studentships (which | was awardad) convinced me to start this
journey. Just as | would not have pursued iit ¥fas only on me, as | knew how difficult and how

much work it was meant to be.

In fact, | started another PhD many years agélungary, but even though | did all the necessary
studies, | quite simply could not find the time and energy to write the #e&i the beginning of

that PhD, | was working at the Hungarian Meteorological Service as a weather forecaster and
forecast praluct developer, after graduating as a meteorologist. However, later | had the
opportunity to join ECMWEF in 2005, where | worked weather product development for few
years. Doing a PhD remotely from another country was way too much, so there was only one

outcome of that PhD, an inevitable failure.

However, as a twist of fate, after spending few years back in Hungary, | agairetathtite to join
ECMWEF in 2012. This time, | did end up doing hydrological modelling using the HTESSEL-and CaMa
Flood models apart of a European project. This project has brought me the opportunity to join the
flood group at ECMWF at the time, led byrino Pappenberger. | am ever so grateful for Florian

for inviting me into this fantastic group and helping me to set out oa fantastic journey in the

world of hydrology, which culminated into my PhD studies a few years later.

During my PhD, | have wat in an extensive collaborative environment, most importantly at
ECMWEF, as | have been involved in the esgranding flood group in the Evaluation Section of the
Forecast Department. When | joined the group in 2014, it hadoalybe 56 people, while 12022

at least 20 people worked in the extended group, spreading across several sections of the Forecast
and Research Departments. The external collaborative work, on developing the EFAS and GIoFAS
systems, was centred around tHkod related group at theJRC in Ispra, Italy. This included

collaboration with the JRC, who are the managing body of the CEMS service and also the extensive
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scientific collaboration by sharing development activities for both EFAS and GIoFAS (including
amongst others the developme of the Lisflood hydrological model or the handling of the river
discharge observations) between ECMWF and the JRC.

My work in the flood group at ECMWF has been centred around GloFAS and global hydrological
issues in general. €hearly years of FbF, whicGIoFAS has been an integral part from its very
beginning, coincided with my own first years in the field of hydrology from about 2014. This is how

I got to know Hannah Cloke, Elisabeth Stephens and the water@Reading peopteral geho

the ECMWF floodroup have also heavily collaborated.

Figure 0. My beloved helper team, the Zsdtancsar family on vacation in Mallorca.

During the years of the PhD, | had the privilege to work with many fantastic scientists in the field of
hydrology, not just interally at ECMWF and JRC, but also externally with PhD students and other
colleagues at the University of Reading and other institutions. | have often helped them with GloFAS
know-how, or provided them with GIoFAS data, which halléananually extracted, poessed and
transferred before the introduction of the GIoOFAS data sets in the CDS in 2019. These collaborations
often resulted in a cauthored publication about various aspects of global hydrology (described in
Chapter §. Themajority of these were related to GIoFAS, with different aspects of the hydrological
quality or the applicability of the model in different areas of the globe. Iditaxh, true to my
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meteorological heritage, | have also been involved in studies thaeaddd meteorological aspects

of flood forecasting, such as extreme precipitation or temperature conditions.

Doing this PhD was a natural progression for me and a dypigertunity to deepen my hydrological
knowledge, whilst continuing the work on GloFASnin day job. The fact, that | could share the
scientific topics of my PhD with my work, was not just a huge advantage but probably the only way

| could do this PhD.

Asa parttime PhD student, | had 4 to 6 years to submit my thesis, of which 5 years weledfby
the studentship. At the beginning in 2016, | have planned for 4 years (as that was the minimum
time that had to pass), as probably most of PhD students woale done. In fact, | was actually

worried that my PhD findings could just become outdageén after 4 years.

How wrong have | been with my predictions. Just as 6 years does not seem that long at all now. And
to my surprise, the field of hydrological science has not progressed that fast either, so | believe my

findings actually have stood thest of time much beer than | originally anticipated.

However, 6 years is still a long time and the PhD work plan has been adjusted several times during
this period. The two studies, that | remember planning from the start, are the land data assimilation
and the flood thresbld generation impact studies, which | both saw causing issues in the GIoFAS
system during my work. The other two main studies of the GIdHRS5 trend analysis and the
multi-layer snow scheme hydrological impact study both were bater] from issues andleas

that we have found with my supervisors.

In summary, | am super grateful to my supervisors, Hannah Cloke, Elisabeth Stephens and Christel
Prudhomme, who always managed to keep me on track, even if the track was not necessrily cl
at least not tome. | also thank Florian Pappenberger for the nexaaing support from ECMWF

management.

Finally, | am ultimately grateful to my family, my lovely wife and three daugitegare (). My wife

is a real hero, who never stopped beligyiim me throughout tese 6 long years, regardless of my
continuous complaining about not having enough time, always being late with deadlines and hardly
ever being fully happy with my progress. But hopefully, none of that matters now, just as the only
due date that truly matteed was the PhD submission date, which | am extremely pleased to have

met.
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Chapter lintroduction

1.1 Motivation and aims

Ct22RAY3 A& dzyR2dzo G SRf & | Y PeftAidtive naiukabhazartsNIititkeQa Y
20-year period from 2000 t@019, floods have accounted for 44% of all global disaster events,
affecting 1.6 billion people worldwide and causing an estimated $651 billion (USD) in flood damages
(UNDRR, 201%he anticipéion and forecasting of flood events are key components of ngang

flood risk that can help mitigating the impacts of these devastating disasters. An essential tool in
this is the use of flood forecasting systems that provide early flood warnings orstiales up to

several weeks ahead at local, regional and glsbales (Emerton et aR016). Guidance on future

flood events provides invaluable information for organisations that work globally across a range of

sectors from agriculture to humanitariandaisuch as the Red Cross or the World Food Programme.

Globatsale hydrological forecasting has become possible during the last decade, due to
improvements in meteorological and hydrological modelling capabilities and the increasing

available computationalesources (Harrigan et al., 282

The methodology behind thglobalscale hydrological systems extends from the application of
traditional hydrological models to the use of Earth system models. Hydrological models are
generallyinput-to-output models that directly simulate (primarily) the evolution of water fluxes,
such as traditional rainfafitreamflow models (Horton et al2021). On the other hand, Earth
system models seek to simulate all relevant aspects of the Earth systeluding interactions
between the atmosphere, oceans and land as well as the biospaimer@uman activities3chneider

et al, 2017).

Operational numerical weather prediction (NWP) centres, such as the European Centre for
Medium-Range Weather ForecaslECWMF), have already adopted the Earth system approach.
Producing hydrological predictis at NWP centres has a clear advantage of working with unique
access to resources and expertise. This includes, for example, the exploitation of Earth observations
(either available currently, or expected in the future) and the related use in the daianiéestson,

for variables such as snow, soil moisture, evapotranspiration, groundwater or river discharge,

especially with the help of remote sensing (Harrigan e2al20a).

On the other hand, the landurface components of these Earth system models eaditionally
designed to provide loweboundary conditions to the atmosphere and not so much to simulate
the hydrological cycle (Prentice et,#015). Therefore, evewith stateof-the-art models, there

can be limitations in the representation of the hgtbgical cycle by these larglirface models
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(LSM), and some important processes could still be inadequately modelled or even neglected for

streamflow simulation (Fighr and Koven2020).

The success of any global Eastistemmodelbased hydrological prection system will be reliant

on the quality of the models involved, i.e. the lasdrface model to produce runoff and the river

routing model to generate river discharge, after couplibgi 12 GKS [ {aQa Nlzy27FF 2 dz
major contributing factor ishte quality of the meteorological and hydrological data sets that are

used to generate the initial conditions that the model will run from. In addition, the quality of the
meteorological focing for the forecasts, that comes from NWP meteorological prexlistiwill also

heavily contribute in determining the quality of the forecast simulations.

The predictability of the forecast will depend on all these modelling, forcing and initial conditi
errors. Model errors can come from LSM hydrological process septation issues, simplifications

in the routing component or NWP model errors in generating the meteorological forcings. Initial
condition errors, on the other hand, are related to thesuend quality of the different observations

and to the way they arassimilated into the reality of the model. These different error sources all
contribute to the evolution of biases in the forecasts, which can be quite large for global systems
(Harrigan ¢al., 2020Db).

The handling of these errors can be supported byube of probabilistic predictions in the form of

ensemble forecasts. Ensemble forecastsaiten generated by the same modelling system but run

from perturbed initial conditions to repres¢ the error growth in the future. The statef-the-art

systemsinaS (G2RlI&x adz2OK |a& GKS Df2olf Cf22R ! gl NBySaz
Copernicus Emergency Management Service (GIoFAS, Harriga2@2@th), provide an ensemble

of equally lkely solutions for flood events to occur (Cloke & Pappenberger,;200et al., 2020).

With the use of ensemble forecasts, the predicted events can be expressed in terms of a distribution

of possible events. This distribution will show the likelihood adhefuture outcome, or in other

words, the uncertainty that is assated with all these potential events.

In addition, ensemble forecasts can be used to express the flood events as probabilities, by
comparing the predictions to predefined flood threshald$hese thresholds are certain
climatological properties, such adeeted return periods or quantiles, which describe the likelihood

of different flood magnitudes to occur locally.

The use of thresholds and the related probabilities offer a way to acdourgome of the errors
and biases, as these errors are expecteteaiure in a similar way in both the climatology (i.e. the

thresholds) and the actual forecasts. This way, systematic errors (e.g. a generic positive bias) will
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be removed by transforminghe flood signals into the evolution of probabilities exceeding the

threshold values.

Traditionally, these thresholds are derived from either observations or model simulations, often
forced with meteorological reanalysis datasets (Alfieri et al., 2018fembly based on a long
enough period of at least 30 years (Worlagetdorological Organisation [WMO], 2017). However,
due to the sporadic availability of river discharge observations on the global scale (Lavers et al.
2019; Rodda et gl1993) and the ldc of remote sensing observational alternatives for river
discharge ¢ date (Biancamaria et al2016), the use of modaimulationtbased climatologies
(generated from river flow reanalyses) is the only viable option for any hydrological application over

the whole global domain.

The quality of the model climatologies isaticial importance. Firstly, they can demonstrate the
hydrological model performance, through the quality of the 30+ year simulation that is used for the
model climatology. This will gi'emajor indication about the quality of the forecasts, as the same

model system is used to produce both the climatology and the fore¢bistgigan et al. 2020)

Another very important aspect of the modelling and forecast chain is the consistency oétlent
representation between the climatologyerived thresholds andhe forecasts. All flow events,
especially the extreme ones such as floods and droughts, should inherently be represented in the
same way in both the climatology and the forecasts. If thinot the case, the reliability of the
forecasts would be negatilieimpacted(Hirpa et al., 2016; Zsoter et al., 201BEpr example, the

flood thresholds that are used to determine the severity of the forecasted flood signal, should
ideally represent exeme events in the same way, with the same overall frequencietiegsoccur

in the forecasts. If this is not the case and the different biases make an event of the same magnitude
occur with a different frequency in the climatological data set (usedotopute the thresholds)

than in the forecasts (e.g., the 5% AEP flomfnitude happens more often in the forecasts than

the expected 5% probability in a given year), then the flood forecast probabilities could become

unreliable (e.g., leading to flood sigs that often overestimate the flood severity).

An example when theonsistency between climatologies and forecasts will inevitable decrease is
the presence of large trends in the data that is used to produce the threslipligkner et al.,
2019;Jiangand Kang, 201p The norstationary time series with trends or othdiscontinuities in

them will lead to thresholds (e.g. return periods) which will either be too high (in case of a negative
trend) or too low (in case of a positive trend), when comparett whe floods that represent the
forecasts (assuming the forecastdllwehave similarly to the latter part of the climatological data

time series).
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The derivation of these model climatologies is not straightforward and the quality of the flood
predictionslargely depends on therfHirpa et al., 2016)Uncertainties and limations in these
climatologies may play a major role and can significantly influence the forecast skill and ultimately
the decisiommaking process by the usef€oughlan de Perez et &016) Improving the model
climatologies can increase the skill béthydrological forecasts and therefore the usability of such

forecasting systems.

The hydrological diagnostic of the components of the modelling chain, from the LSM, the routing
model, the NWP modelling creating the forcing, all the way to the use ofattilogy, is crucial in
order to understand the behaviour of the forecasting syst@rawner et al., 2019)dentifying the
limitations and the contributing errors coming from the model @tology can help improving the

quality of the hydrological simulatie and ultimately the forecasts.

A systematic analysis of the hydrological impacts of the components, focussing on the
climatological simulations, has not yet been done on the global sGhlere are many potential
areas which could be considered for sugh analysis and which promise to bring improved

knowledge for better hydrological predictions.

The aim of this research is to understand global flood hazard climatologies, to analyseeHow w
they represent the Earth system andadssess their relevancerfapplication in flood forecasting.

This thesis evaluates some of the crucial characteristics of the data sets used to produce the
climatologies and aims to identify areas of limitatiomfiere the quality of the applied modelling

or input data sets can bienproved. In addition, it seeks to develop innovative ways of generating
and using the global flood hazard climatologies, which show better consistency with forecasts and
are capable of divering higher skill. This is done through the following spediffigctives,

concentrating on some specific areas:

1. Analyse how well the langlurface modelling approach in Earth systems is able to support
hydrological applications, in particular focuggion the impact of landlata assimilation of
snow and soil moisturen the hydrological cycle in reanalysis simulations.

2. Evaluate the hydrological impact of the complexity of the snow scheme in the land
surface models in reanalysis simulations, with sgdoizus on cold climate areas in
permafrost.

3. Evaluate the relevanténds in hydrological reanalyses for river discharge and other
related landsurface variables and analyse how the interactions amongst these variables

contribute to the trends.
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4. Assess thémpact of innovative ways of generating flood thresholds on thé akdlobal

flood forecasts, using hydrological ensemble reforecasts.

The results presented in this thesis will provide a hydrologically relevant, globla analysis of
flood hazard cihatologies and will identify areas of limitations where the qualitthese data sets

can be improved. In addition, they will introduce new methodologies to generate higher quality
flood climatologies and the related thresholds used in global flood ptiedicsystems. The
information presented in this thesis can ultimatedontribute to increasing confidence in the flood
forecasts, produced with the improved flood hazard climatologies, and should result in better flood
preparedness for humanitarian and itiprotection partners, thus potentially reducing flood

related dam@ges and casualties wordide.

1.2 Structure of the thesis
This thesis is structured around four main papers published during thgRbirel-1). To begin
with, Chapter 2introduces a literature review ¢ substantiate the motivation for cariryg out the

study of exploring the flood hazard climatologies in this PhD.

Chapter 3ntroducesthe wealth of methodologies and data sets featuring in the papetsigled
as part of thisPhD, summarising the modelling systensedwith their respectivehydrological

models and meteorological forcing data sets.

Chaper 4, thefirst paper presented in this thesis, provides an analysimw the landatmosphere
coupling and the landlata assimilation of snow depth and soil moisture imgatthe hydrological

A

OCeO0fS Ay 9/ a2CQa 9FNIUIK adadSvyafpudget > Ay LI NI A
Chapter Hollows on from the findings of thdirst paper and explorga potential route to improve

0KS ay2¢ LINRPOSaaSa FyR GKSANI KERNRf23aIAO0Ff NBa
the newmulti-layer snow scheme, with special focus on cold areas in permafrost.

Chapter Gaddresgsan important aspect of the hydrological reanalysis time series aatysethe

relevant trends in them. Analysing trends is important as they can significantly impact on the quality

of the climatologies and the flood thresholds geated from the reanalysis, potentially affecting

the hydrological forecast skill.

Chapter 7the last major paper of the PhD, explstew the use oeEnsemble reforecasts can help
generating highe quality flood thresholdsand delivering improved global flood forecasts

compared withusing the traditional reanalysisased method.

Chapter 8lists the co-authored papers that were publisheduring the PhDand givesa short

summary of the findings and hotlve papers are connected to the PhD.
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Chapter 1: Introduction
Aims and structure

Chapter 2: Literature review
Research gaps and questions

Chapter 3: Methods and data sets

Applied modelling approaches and
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/ Chapter 4: Objective 1 Chapter 6: Objective 3 \

Land data assimilation impact Trends in hydrological reanalyses

T u!«'i

A T
lﬁ‘.'d}il{-'.“h‘«';t,lli'&

/ \ o _'  '""‘.‘n‘dik«.‘!’.ﬁ_%a.«.‘.-_'i1(5' /

N

1 1 1 . 1
! Improve the snow ! ! Review the flood !
I i I I ion 1
i representation ' + threshold generation %
/ Chapter 5: Objective 2 Chapter 7: Objective 4 \
Multi-layer snow scheme impact Flood thresholds from reforecasts
v
==_| | [ &8 Chapter 8: ;
¢ N i
v 1 S B Extra papers |
0\ o Contributions to
e | == PhD with %
conclusions from
¥ additional papers
Chapter 9: Discussions Chapter 10: Conclusions
Key discussion points of the thesis Summary of the PhD’s
with personal reflections, future contribution to the hydrological

directions and limitations science

Figurel-1. Schematic structure of the PhD.

Chapter 9summariss the findings and the wider contribution of this thesid discusses the

importance of land data assimilation by potentially opening the water budget and thus contributing

to large negative biases in river discharge in the sademinant Northern Hemisphere. It also
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discusses potential improvements to river discharge by usingyaigally more complex snew
model. This included a sensitivity study element to the very cold permafmesisa where
improvements were only achievable through additional lmutiface parametrisation changes. In
addition, this chapter discusses the widesad nonstationary signals found in a statd-the art
hydrological reanalysis for several land surfacéaides and summarises the new methodology of
generating rangalependent flood thresholds from ensemble reforecasts instead of reanalysis data
sets, hat are able to deliver much improved flood forecast reliability and skill. Morediaer,
chapteroutlines the scope for future directionssuch as ideas for analysing other aspects of-land
surface modelling for hydrological contribution and list some tétiins, for example the
constraints in the availability of the river discharge observations used irh#®st or the extent to

which the studies presented here can be generalised.

Finally,Chapter 10will provide conclusionto the thesis, highlighting the most relent aspects of
the hydrological limitations and possible improvements in reanalysis data sets used for flood
threshold generation and also summarising the potential new approach of using ensemble
reforecast for thegeneration of thresholds. Finally, thisapter also presentthe reference list and

the appendix with the most important papers of the Rlaftachedas published.
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Chapter A.iterature review

2.1 Advances in Earth system modelling and the impact of land data ageimiin
hydrology

Earth system models (ESM) are designed to simulate all relagpetts of the Earth system. They
include not only physical processes, such as their predecessor global climate models that primarily
worked as coupled atmospheean modés, but also chemical and biological processes or human
activities (Flatg 2011; Schneideret al, 2017). Accurately modelling the complex interactions
amongst the atmosphere, ocean, sea ice, land surface (including water surfaces) and biosphere
(Bonan, 208), will lead to improved and consistent predictions across variabléiseofarious
systems, including also precipitation and river discharge and other hydrological vartdaieggn

et al, 2020a;de Boisseson et ak021).

One of the key modellingomponents ofEarth system models are land surface schemes (LSM),
which desribe the exchange of primarily water, energy and carbon fluxes at the sgrface
atmosphere interface of the Earth (Pitme&2003). These models are traditionally used to provide
physi@l boundary conditions to climate and Earth system models supporting atmeois/climate
modelling and forecasting activities. These are needed in terms of energy partitioning, surface
roughness, and albedo, which represent the land influence on metedoalbgrocesses (Blyth et

al., 2021).

As described in Abramowitz et al. (B), LSMs are typically provided with meteorological
conditions as inputs (from an atmospheric model) and produce various outputs, such as latent and
sensible heat fluxes, CO2 fluxes®lar and longwave radiation, surface and subsurface runoff. In
addition, they have typical internal state variables such as soil moisture, temperature, vegetation

and soil carbomools and also snow and ice volume and density.

The role of land surfaceadels is not only to provide lower boundary conditions to the atmosphere,
but they are also used as the terrestrial component for several other research and operational
applications, depending on the represented processes and their degree of complexiligafipns

of LSMs can cover various scales from local to global or hmuclymate and various topics, such

as climate change, floods and droughts, also agriculture or CO2 monitoring (Boussett202t13l.
Their use in hydrological applications wasilitated by the expansion of the LSMs in scope and
complexity through itegrating and improving important hydrologicallglevant processes during

the last few decades, for example subsurface lateral water movement, river flow routing and water

managemebnmodules (Archfield etla 2015; Clark et g312015).
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Figure2-1. Processes in land surface models. After Blyth €G@21).
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Figure2-1 highlights the schematic of the wealtlfi processes that the state of the art LSMs include
(based on Blyth et gl2021). This PhD thesis is focuses primarily on the snow and soil physics and

the water bodies area of the land surface processdsgare2-1.

Earth systen models, with LSMs as their land modelling components, are equipped with advanced
dataassimilation algorithms, which combine the large amount of available Earth observations with
model information to produce the best possible estimate of the currentestdtthe Earth system.
These initial conditions provide the starting point for the afrthe Earth system model to predict

the likely evolution of the atmosphere and all related Earth system components (Bouttier and
Courtier, 1999 Rabier 2005).

Stateof-the-art NWP centres, such as the European Centre for MedRamge Weather Forecasts
(Ha2C0x AyOfdzZRS 620K +ty [{a FYyR fFyYyR RFEGF |

w»

a
to combine the LSM state with the available land surface observationsitaiid I £ AT S K
prognostic variables of the forecasting system (Bélair €t28039. For example, the current
ECMWEF LDAS analyses soil moisture, soil temperature, snow mass, density, and temperature (de
Rosnay et al2014), while other NWP centred Ahve their own LDAS assimilating, at a minimum,
snow and soil moisture, such as thikal Land Data Assimilation System (GLDAS) by NASA/NOAA
(Rodell et a].2004), the Land Surface Data Assimilation (LSDA) by the Met Office (Pulle204tlal
Gbmez ¢ al., 2020) or theCanadian Land Data Assimilation System (CaLDAS) by Environment
Canala (Carrera et a12015)

While the role of land data assimilation in LSMs is primarily to improve the atmospheric forecasts
(e.g. de Rosnay et al., 2013; Drusch andrbd, 2007; Beljaarst al., 1996), LSMs have also been
extensively shown to provide improvements for various aspects of hydrological modelling (e.g.
Lievens et al., 2015; Clark et al., 2pG8oweverthe related increments of snow or soil moisture

will remove or add waternwhich will potentially open the water budget. In this senks8Ms are in
contrast with traditional hydrological models, which directly concentrate on solving the water
balance, while LSMs will commonly tolerate errors in runoff as ésnipe evaporationrad energy

fluxes are in balance (Archfield et al., 2015).

By opening the water budget in LSMs, LDAS can potentially have a negative impact on the
hydrological cycle (Zaitchik and Rodell, 2009; Arsenault et al., 2013; Andreadis amumiagt,

2006s; De Lanoy et al., 2012; Pan and Wood, 2006; Kauffeldt et al., 2015.). On the contrary,
systems with no LDAS could result in the accumulation of various atmospheric forcing and land
surface modelling errors, which can also negatively impattatmospheric or hylogical

simulations.
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Generally, data assimilation is shown to work best for unbiassed systems (Dee and%Si8;a
Pathiraja et al. 2018). In the presence of systematic biases, e.g. a model bias such as a
systematically too slow swmelt, it is not ony that the efficiency of the data assimilation can
decrease, but the bias can enhance the impact of the open water budget. In the above example,
the too slow snowmelt in the LSM will force the LDAS to remove snow to correct for thesese

show amountsThis removed water will likely cause a water deficit downstream in the land system,

potentially causing an incorrect rate of runoff and ultimately river discharge.

This suggests that by opening the water budget, land data assimileséiorcause problems ifo
hydrological forecasting applications, which use runoff produced by LSMs to drive the system. A
prime example is GIoFAS (Alfieri et 2013; Harrigan et gl2020b; Harrigan et gl2023), which

had used the land surface componef{ TESSEL; Balsamoag&t 2009) of the ECLand platform
(Boussetta et aJ2021)to provide runoff for all the hydrological simulations in its operational model
versions until May 2021 (Alfieri et @&020). In fact, Harrigan et al. (2020b) reported langeses in

the GIoFAERAS reanalysis (which uses ECLand with land data assimilation) over many global

rivers, suggesting that data assimilation could potentially be responsible for some of the biases.

Although the impact ofand data assimilation on the wex budget has beeniphlighted in scientific
publications, comprehensive analysis of the wider global hydrological impact in ao$tidue-art

land surface model has not previously been undertaken.

It would be important to investigate how an LSM with I9&an support the cobined task of
traditional weather forecasting and hydrological simulations at the same #malysing the impact

of the data assimilation on the hydrological cycle and the nature of the water budget issues on the
global scale could brg invaluable knowldge in helping the development of the future lasdrface

schemes in Earth system models.

One way to test the LDAS impact could be with reanalysis simulations that can include land data
assimilation.We explore this in Chapter 4by using the statef-the-art ECLandand surface
modelling platform of ECMWEF, together with the meteorological forcing data set of ERAS5 (Hersbach
et al, 2020). For this, two hydrological simulationare generated, one which assiraies land
surface observations (i.e. at least snow and swiisture) and another control simulation which
does not. By comparing these two simulations (i.e. verifying using available river discharge
observations), the hydrological representation of NWRfgurations with LSMs in their cowaill

be explored andreas where the coupled Earth system modelling with LDAS does not yet work

effectively for flood simulationkighlighted.
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2.2 Importance of snow scheme complexity on the quality of global hydrological
simulations

As systematic biases can negatively impact o tht YR RFGF FaaAYAEFGA2
exploration of the land surface process limitations, which have the potential to cause biases, is of

crucial importance in order to improve the qualityland-surface simulations.

The variability of snow exter@nd depth is one of the few crucial aspects of lzndface modelling

in Earth system models, that can potentially contribute to developing model b{R&esan 2003).
Snow is important, as it hasmajor modulating effect of the energy and water fluxeshie land
atmosphere systemArmstrong and Brur2008). SeeFigure2-2 for the graphical representation of

the wealth of snowrelated physical processes. Snawpacts onthe radiativeenergy balance,
through the surface albedo (Riihela et &021), resultingri large temperature changes in certain
conditions (Betts et gl2014). Snow also acts as a water reservoir, releasing snowmelt (mostly in
spring) and influencinghe entire hydrological cycle through runoff, soil moisture, evaporation and
indirectly alsoprecipitation (Adam et al2009; Slater et al2001;LépezMoreno and Garci&ruiz

2004; Griessinger et aR016).
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Figure2-2. Schematic of principal snenglated physical processes. Adapted from Koczot @05, Arduini et al(2019

and the SNOWPACK model descriptidtp$://www.slf.ch/en/servicesand-products/snowpack.html

Snow can be represented by sneshemes wittdifferent complexities in the land surface models,

which differ in the snow parameterizations in terms of variables and processes considered. Boone
and Etchevers (2001) have categorised snow schemes into three general classifications based on
their complexties. These include the simplest models which use a compositecsodgwegetation
SYSNH& 0dzR3ISG FyR | aAy3atsS ayzg¢g tFeSNI (GKS WA
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more complex physical parameterization with multiple layersi@iy 210); and finally the detailed
internalsnowprocess schemes with detailed physical parameterization, usually used e.g. in
avalanche predictionsée e.g. Vionnet et aR012). Largeron et 2020 summarised these model
categories, including aisthe simplest degree€lay schemes widely used in hydrological models,

according to their physical processes and included state varidFilgsr€2-3).

Physical process Hydrological applications
State variable Climate impact studies applications
Input variable s Avalanche f t
Model complexity ESaE e >
| surface Energy Balance |
Degree-day
Single-layer . M
Snow Snowmelt, Accumulation, Heat diffusion, Snow compaction
accumulation/ | | Phase change (Sublimation, Refreezing), Liquid water
melt Snow density, Snow mass, Liquid water fraction,
Snow mass Snow temperature, (Snow age, wind transport)
Temperature, Temperature, Precip phase, Wind, Pressure, SWdown, LWdown
Precip
Composite snow-soil Surface energy balance, Solar radiation
Snow-soil energy transmission, Liquid water percolation
balance Snow grain size
Explicit single .
snow layer Snow metamorphism
Surface energy Snow microstructure
balance

Figure2-3. Description of ssw physical processes (bold), state variables (regular) and input variables (italic) required per
category of snow models complexity for offlaqgplications. Taken from Largeron et @020).

The intermediate complexity snow schemes, that are charaaeértsy multiple layers and state
variables such as snow density, snow thickness, temperature and liquid water content, allowing the
calculation @ vertical gradient of temperature and density, offer significant improvement on the
singlelayer schemes withditer handling of the snow processes (e.g. Dutra et24112;Burke et

al., 2013) These schememe widely used in land surface component&afth system models, such
asthe land surface models of ECLand developed by ECMWF (Dutra26t2); NOAH deloped

by NCAR, NCEP, NASA and university groups in the USA (Sah20&7gl.JULES developed by
researchers in the United Kingdom, coordie@tbythe Met Office and the UK Centre for Ecology
and Hydrology (UKCEWiltshire et al, 2020; Walters at al2019);ISBA developed by th¢ational
Center for Meteorological Research (CNRM) in FrgBexharme et al.2016) and ORCHIDEE
developed by thénstitut Pierre Simoh.aplacgIPSL) in Fran¢d'Orgeval et a).2008;Wang et al.
2013).

The higher complety snow schemes, with the improving realism of representing the snow
processes, have been shown to improagious aspects of the laratmosphere processes, such as
decreasing the biases in snow depth, melting timing or temperature conditions (e.g. SVailtal

2019; Arduini et a).2019; Day et al2020;Wang et al.2013; Saha et al2017; Decharme et al.
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2016; Dutra et a).2012). For example, Arduini et g2019 have shown that the new muitayer
snow scheme, implemented at ECMWF, improveddiagcription ofsnow density in thick and cold
snow packsand also improved the representation of sporadic melting episodes due to the
introduction of a thin top snow layer with low thermal inertia. Moreover, snow depth improved at
all lead times in couptk forecasts, also generally improving the 2m temperatfoeecasts by

refining the diurnal cycle amplitude in snow covered regions, especially in clear sky conditions.

The more realistic snowpack representation, with better quality snow depth and snowviklt,
naturally be expected to contribute to an improvégdrological cycle and thus better river flow
simulation. Although Here have been studies evaluating the hydrological impact of the more
complex multilayer snow schemes, these are mostly evaluatiam localised settings (i.e. using
study sites such asoCde Porte in France) and often combined with other aspects of the-land
surface modelling (e.g. snow and other surface variables) (Dutra,&0dl2; Magnusson et al.
2015; Wang et al2013). Howver, a hydrological impact analysis wilver flow as he main focus,

has not been done at regional or global scales.

Evaluating modelling improvements using river discharge can be advantageous for different
reasons. Importantly, river discharge is aque variable as itggregates excess water originating
upstream, resulting in an observation that is representative of various processes not only at the
measurement location, but of a much larger area (Fekete g2@1.2). Moreover, river discharge is

an accurately measured element of the water and energy ¢ywieh global in situ monitoring in

place (Depetris2021), even if certain gaps ex(savers et al2019; Rodda et 3l11993).

The evaluation of snow scheme changes for hydrological process eepatien, with river
discharge as a diagnostic tool, priz@s to help identifying existing limitations for most parts of
Northern Extratropics. Moreover,ralatively large fraction of these areas is permafrost, where the
ground remains below O °C for tvaw more consecutive years (Romanovsky et2il02; Zhangt

al., 2008). In permafrost, the soil temperature conditions (through the frozen soil) play a key role.
Soil freezing is important not only for hydrology, by preventing vertical water flow, uf@ighe
change in the carbon cycle with a powerful gneeuse gas feedback as a consequence of the
expected climate change and the thawing of these a(&awen et al.2013; Andresen et al2020;
Yokohata et a) 2020).

As snow has a strong control tre surface energy budget, by insulating the soil (Gouttet al,
2012),understanding the hydrological impact of the snow scheme complexity, such amoff,
infiltration and soil temperature, is of crucial importance especially in relation to peosaf

Undertaking this in the global contexising riverdischarge as a powerful diagnostic toabuld
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provide a novel approach, with a broad viewpoint on the hydrological processes of different areas

of the globe.

The hydrological impact of the snow sthe complexityis exploredin Chapter 5for reanalysis
simulations, which allogthe use of larger number of catchments with available river discharge
observations over a longer period in thagt (Lavers et gl2019).This isdone bycompaingthe

new multilayer snow scheme, implemented at ECMWF (Arduini eR@ll9), with the current
operationally used singllayer snow scheme (Dutra et ,a@2010), using the ECLand land surface
modelling patform and ERA5 meteorological fimg. Reanalysis simulations of river discharge,
produced with using either the singlayer or the multilayer snow modelsare compared globally
over the snow impacted areas. Moreover, the hydrological sensitisiglso investigated with
special emphds on permafrost by including some variations in the snow and soil freezing
parametrisations. The comparison of these simulations, after verifying them with river discharge
observationswill highlight areas of the globayhere the land surface processarsd variables in

the Earth system model could benefit most from the introduction of a more complex snow scheme.

2.3 Trends in hydrological reanalysis data sets

Global climate reanalysis data sets, such9as a2 CQa&a "fgenér&ianiERAB reanalysis

(producedby theCopernicus Climate Change Serdice (1 KS 9 dzNR LISFY [/ 2YYAaadAzy
MERRAT YR Wa! Qa O WF LI}y a55asSSyaiBratigantataddets (Kdlled Snd O v Ww !
Wahl 2020), are important products of ffasystem models. These data setanbine observations

from the past with shorrange forecasts using the data assimilation process to generate consistent

time series over several decades at least, for multiple climate variables of thesisigim, such as

air temperature, pressure or siace parameters like precipitation and soil moisture, or other

variables like sea temperature or river discharge (Keller and \2a20;Mahto and Mishra2019).

The main advantage of reanalysis data is thetinuity in space and time, since they are goced

at global scale and do not have geographical gaps or missing periods, and as such arstiddal to

the Earth's hydroclimatic system (Hodges et2011)

Global reanalysis data sets are widely usedfarological and climate applications. Amoinggher

uses, they are the basis for generating model climatologies, which contain reference information
on the local climate characteristics (e.g. Alfieri ef 2020; Harrigan et gl2020b; Arnone et al.
2020). For example, as described in Harrigaal §2020b, the hydrological reanalysis is used for
two main tasks in GIoFAS. Firstly, to produce the flood thresholds, &,2and 20year return
periods, which are used to determine the severity of these@mble river discharge forecasts, by

comparingthem to these predefined flood thresholds. Secondly, it provides the basis to derive
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initial hydrometeorological conditions (i.e. soil moisture, groundwater, snow cover and water in the
rivers) for the systemwhich are also the basis of evaluating thealify of the hydrological

simulations, used as best estimate of historical hydrological conditions.

As the forecasts are compared to the thresholds to derive severity (and warnings), the consistency
between the reanalysis time series, used to derive theetholds, and forecasts is crucially
important. The frequency as they represent different severity of hydrological events (e.g floods or

droughts) should ideally be the same (Alfieri et al. 2019).

(a) Stationary (b) Nonstationary

Step change Shift in variance

Magnitude

Time Time

Figure2-4. What is nonstationary? Examples of (a) a stationary time series with constant mean and variance and (b) three
nonstationary time series in the form of a shift in mean (trend and step change) and a gaifairce. Solid and dashed

black linesepresenthe mean and the variance of the time series, respectively. From Slate(2824).

The forecasts are expected to be essentially from the same climatological period as the end of the
reanalysis. Therefe; inconsistencies between reanalysis and theedasts can arise from
nonstationary behaviour in the long reanalysis time series of usB@fgars or more (WMO, 2017).

As described by Slater et £021), stationary time series would not exhibit anyifsin the mean,
variance or shape, while nonsianary examples are continuous trends, step changes or shifts in

the variance Figure2-4).

For example, in thease of a major negative trend in the river discharge reanalysis time series, the
flood thresholds will represent maly the earlier period, where the magnitude of the floods will be
much larger (due to the negative trend). However, the forecasts wilkbe&ed to behave similarly

to the latter period of the reanalysis, where the flood events have lower magnitude t(dtlee
negative trend), making the threshold noepresentative of the forecast behaviour and ultimately

decrease the reliability of the waings.

There is an extensive literature of trend analysis for different variables of the hydrological cycle in
regional or global settings. Example studies include the use of in situ or gridded satellite estimate
observations (or a combination of those)dor reanalysis data sets for river discharge (Do et al.
2017;Su et al.2018; Dai et aJ.2009;Archfield et al.2016; Winkelbauer et gl2022; Feng et al.
2021) or the contributing landurface variables such as precipitati®@u( et al.2020;Westra et
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al., 2013;Donat et al, 2016; Nguyen et 312018, soil moistureRan et al.2019;Feng and Zhang
2016; Dorigo et al, 2012; Albergel et al2013, evaporation Zhang et al.2016; Anabal6nand
Sharma2017), snow conditionsiunkel ¢ al., 2016; Connolly et 312019 or temperature Hansen
et al, 2006; Hawkins et gl2017).

The abovementioned studies fags on a single variable and examine either global or in some cases
regional trends (i.e. as in Winkelbauer et, 022 and Fengt al, 2021), while other studies
consider different land surface variables at the same time. For example, Foltor{2&18). looked

at trends in both precipitation and river discharge in the Mediterranean afgajreadis and
Lettenmaier(200&) analysed trends in soil moisture, runoff and drought over the US, Spinoni et
al. (2017 andJavadian et a{2020 evaluated trends iprecipitation and evaporation over Europe
and globally, Rosmann et af2016 analysed trends in mean and extreme tempere,
precipitation and river discharge globally aKatiowles(2015 looked at trends in snow depth,

precipitation, snowfall and tempeture data in the US.

However, comprehensive diagnostic studies with global focus, which analyse river discharge trends
(both observed and reanalysed) together with the contributing trends from the different
components of the landurface system, such agegipitation, evaporation, snowmelt or soil

moisture, have not been previously undertaken.

A potential candidate data sdor such study is the river discharge reanalysis data set of GIoFAS
ERAS of CEMS (Harrigan et al., 2020b), which uses the ECLasdrfand modelling platform
forced by the latest ERA5 climate reanalysis of ECMWF. It is one of the most widely used river
discharge reanalysis data sets, and by using ERAS5, it prowidaesiatent representation across all
land-surface variables, includin not just river discharge but precipitation, soil moisture,
evaporation, etc. Moreover, as ERAS5 is also available inreaktime (with usually only about2-

day delay), it allows GloFARAS to be used in the forecast initialisation, which helpshieging

better consistency for extreme event representation between the GleER&®based flood
thresholds and the forecés

Global climate reanalysis data sets, such as ERA5, are not immune from the impaathafrtges

that occur in their observing stgsn over time. Their longerm temporal consistency is potentially
impacted by the increase of observation input, that htignhance the quality of a reanalysis, and
by the evolving observational system (e.g. the introduction ofAdganced Microwave Soding

Unit (AMSUA) in 1998), that could also create potential inhomogenetities if either the observations

or the model is lased Thorne and Vos&010;Ferguson and Villariy2012).
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The trend analysis of ERA5 and the related GIdFR&S river dischargeath set would provide
invaluable information on the nature of inhomogeneities and changes in the time series ef land
surfece variables in a statef-the-art Earth system model, highlighting areas for improvements in
future climate reanalysesMoreover, ths analysis auld also help diagnosing the problematic
geographical areas, where the GIoFASAS river discharge time series is not stationary and
therefore the quality of the glioal hydrological predictions of GIOFAS can potentially be impacted

by the incansistencies inldod event representation between climatology and forecasts.

A possible way to test the nestationarity in the lanesurface system of ERA5 with GIoFSAS,
could be to concentrate on the linear trends in annual maxima time sewnbichis explored in
Chapter 6 Thidirectly correspondto the way as the river discharge return period flood thresholds
are computed (using the annual maxima; Alfieri et2019). he linear trend analysis done using
the globd catchments, after transferring all larslirface variables into catchmengpresenting
values. This allogwa direct comparison of the larsurface trends with the simulated and observed
river discharge trensland provides an ideal ground to disentangle ehdifferent contributions

coming from the various lansurface processes.

2.4 Innovative ways of generating global flood thresholds

Hydrological forecasting systems, on regional or global scales, generallynredarmalysis model
simulations to generate floothresholds and with this to associate a severity information to the
predicted flood events and ultimately to help in delivering flood warning information. Examples
includethe European EFAS (European Flowadiness system; Thielen et,&009) and EHYRE
(Donnelly et a].2016) and the global GIoFAS (Harrigan eR8R0b; sed-igure2-5 as an example

of the river disbarge forecast and thresholds presented in GIoFAS) and Wiidd HYPE (WWH,;
Arheimer et al. 2020), which alfely on reanalysis information to generate climatology for the

whole river network.

The reasons why modsimulationbased thresholds are used are multifold. For exampleelen

et al. (2009) highlight some of the limitations associatéth observationghat make them less
suitable to derive thresholds for operational flood forecasting systems. They mention lakes and
reservoirs, which are not represented in the same way in observations and the model: this can
create inconsistencies whethe observatiorbased thresholds are compared with the model
simulated river discharge and e.g. the model does not have the influence of a reservoir while the
observations have. In addition, there are differences between the behaviour of simulations and
observations, i.e.le existence of model biases, which they showed to be significant even on the

smaller European scale. This again can cause potential inconsistencies in the intended and
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perceived interpretation of flood warnings, as etge thresholds cald be too high ad not-
representative of the model simulation behaviour. And finally, the fact that river discharge
observation time series are only available at selected locations, which will only represent those
river sections, leaving larger gaps o ttiver network epecially on the global scalegvers et a).

2019; Rodda et 3l1993).
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Figure2-5. 30-day GIoFAS ensemble forecast issued on 21 July 2018 for the Ganges river at Hardinge Bridges{Banglade
with the floodwarning thresholds (coloured background areas) for return periods ef 2,5 and 2QGyear (source:
www.globalfloods.eu)Taken from Alfieri etla(2019.

Weeink (2010) argued that the choice of thresholds is an essential elememtyofiydrological
forecasting system. The strengths and limitations of the underlying modelling system has to be
taken into consideration when designing the flood thresholds for the system. Having optimally
behaving thresholds should provide the most rel@afbood warningsith the highest rate of flood
event detection and minimum number of false alerts. Hirpa et al. (2016) have also shown that the
choice of data set to produce the reference climatology and thresholds has a major impact on the

threshold magitudes and the qality of the flood warnings in their evaluated GIoFAS system.

The use of climatological simulations to generate flood thresholds will help in accounting for various
biases in the forecasts, as these errors are expected to feature inesialgrsimilar wayn both the
climatology (i.e. the thresholds) and the actual forecasts. This way, systematic errors (e.g. a generic
positive bias) can largely be removed by transforming the flood signals into the evolution of
information on threshold eseedance (Harrigaet al., 2020b; Alfieri et a).2013). This is especially

important on the global scale, where the availability of quality observations can be very limited and
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thus the biases in global systems candoée substantial, as demonstrated lyg. Harrigan eal.
(2020b) for GIoFAS.

Biases in the forecasts can be nonstationary and will likely change with the increasing forecast lead
time. As shown by Alfieri et al. (2019), this can make the use of the samvarying threshold (i.e.
based on the ERAS reanab)sinore and more suboptimal as it is used for increasing lead times out

to several weeks.

The use of rangdependent thresholds, which vary across forecast lead times, promise to provide
more optimal flood warnings. However, émder to generate them, suffient number of forecasts

are needed over a long enough period. The use of historical forecasts (produced in real time in the
past) is an option, but these are created with many different model versions over a longer period,
therefore will never be optimaReforecasts can offer a solution, which are forecastgereerated

for past dates. They are a better alternative over historical forecasts, as are produced using the

same model version, consistently for the whole period.

In addition, many of the hydrolgical forecasting systems in use today have evolved into
probabilistic systems and are based on ensemble forecast informatiahive their predictions
(Cloke and Pappanberg@009; Demeritt et aJ2010). These ensemble forstsinclude a number

of enemble membershy perturbing the initial conditions for the model runs, to reflect the full
range of possible future outcomes (Palm2019).These probabilistic systems can also include
reforecasts, the sealled emsemble reforeasts, which are the probdlsitic equivalent of the single
member reforecasts, containing a number of ensemble members (Harrigan 2028). They are

based on meteorological reforecasts produced by global NWP centres, most notably by ECMWF,
who generaé them dynamically in reainhe twice a week for the past 20 years (Vit@@14). As an

example Figure2-6 highlights the schematic of the reforecasts taken fromtwle calendar year.

ECMWEF-ENS reforecast for reference year 2019

Thur 3 Jan Mon 7 Jan wes Thur 26 Dec Mon 30 Dec

Figure2-6. ECMWF refrecast schematic for the reference period of January to December 2019, including 104 run dates

(all Monday or Thursday in 2019)aken fom Harrigan et al(2023).
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Despite the recent advancement of the ensembbesed forecast systems, ensemiodormation

has not been yet considered anywhere in flood threshold generation. However, as ensembles can
show different biases to singl®@ember (deterministic) forecasts (e.g. Leutbecher et2f17), this
suggests that using ensemble forecast informaiio generéing rangedependent thresholds could

be beneficial.

The use of reforecasts, and more specifically ensemble reforecasts, in generating the model
climatologies have some examples in the scientific literature. For hydrology, Alfieri et al. (2019)
showed thatrangedependent, reforecasbased flood thresholds were substantially different from
unique reanalysibased thresholds in two thirds of the global rivers. This study, however, only
considered the control member of the ensemble reforecasts {he membe that runs from the

lower resolution analysis without perturbation). Emerton et al. (2018), on the other hand, used
hydrological ensemble reforecasts on the seasonal scale to generate theatavhighflow
thresholds for the seasonal hydrolegl predicions, specific for each weekly lead time. Other
examples exist in meteorology, which use ensemble reforecasts to provide -depgadent
climatologies in identifying extreme events in NWP meteorological forecasts (e.g. Tsonevsky et al.
2018).

The use of msemble reforecast data promises to deliver not only radgpendent flood
thresholds, but also thresholds that benefit from the representation of ensemble behaviour. These
ensemblereforecastbased thresholds will be expected to hetivercomirg the problen of
extreme event representation inconsistencies due to nonstationary forecast biases and will
ultimately be expected to lead to higher forecast reliability and better skill in predicting global flood

events.

The potential benefits of using eemble refoecasts to define flood thresholdsanalysed globally

in the context of the GIOFAS syst@mChapter 7 using the river discharge reforecasts available for

a calendar year period from the Copernicus Climate Data Store (G 3jpact of the data source
choice (ensemble reforecasts vs. ER&analysis) and the sampling strategies to calculate the
annual maximum values (from the reforecasts, i.e. choosing one member randomly) for the return
period threshold computation (as dediged e.g. in Harrigan et 40208 for GloFAS} evaluated.
Theflood threshold magnitudearecompared and the resulting forecast reliability and skill benefits
(after applying the respective thresholds to compute exceedance probabilities) exploezd ov
thousands of global river catchments. This way, the benefit@hng the norvarying reanalysis

based thresholds with ranggependent and ensemblbased thresholdsan directlybe quantified
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Chapter 3Vethodsand data sets

This thesis explores several globgtirological data sets, produced by different modelling

systems. Irthis section the models, the data sets and the methods used are described.

3.1 Hydrological and larsurface models
The hydrological simulations produced and explored in this PhD reliededltowing land

surface and hydrological modelsted below.

3.1.1ECLed

ECLand is the land surface modelling platfoBaussetta et al., 2021hat includes the HTESSEL
(The Hydrologyfiled ECMWF Scheme for Surface Exchange over Batgimo et al., 2009
Balsamo et al. 2011and surface scheme, the offline surface modelling driver, the river discharge
routing scheme of CaMBlood (Yamazaki et al., 2011the urban tile scheme (McNorton et al.,
2021) and the representation of the carbon cycle (Boussettal,e2013) ECLandsiexpected to
become open source in 2023 (Sleigh at al., 20RB&)presents the vertical transfer of energy, water

and carbon, and where appropriate, corresponding-sulface quantities.

Each griebox at the interface between the siace and the atmospére is fractioned into tiles.
There are currently seven tiles over land (high and low vegetation, bare ground, shaded and
exposed snow, intercepted water and lake) and up to two tiles over sea and freshwater bodies
(open and frozen watr). Each tile is chlacterised with its own properties identifying separate
water and heat fluxes and allow solving an energy balance equation for the tiles skin temperatures
and taking into account physical processes that limit evaporation of vegetateds aand

bareground.

In ECLand, the soil is divided into four layers with fixed layer depths, while runoff is generated as
fast (surface) and slow (subsurface) components at each grid point (Balsam@®608). As there
is no horizontaflow component letween grid points ilECLand, it needs to be coupled to a routing

modelwith a river networkto produce river discharge.

The snowpack is characterised by considering snow density, thermal insulation properties
interception of rain and the evolution of tredbedo due to metamgrhism aging processes. Further
description of the land surface parametrizatioraisilable irBousetta et al. (2021). ECLangart

of the Integrated Forecasting System (IFS) at ECMWF and used in coupledmasghere
simulationsat various spatial reglutions, from short to seasonal range, including the production

of the ECMWF reanalysis data sets.

Chapter 3Methods and data sets



24

3.1.20ffline simulation methodology

ECLandan be used in a staralone mode, when the model runsmcoupled from the atmosphere,
forced wth nearsurface meteorological input data t&fmperature, specific humidity, wind speed,
surface pressure, radiative fluxes (downward solar and thermal radiation), and water fluxes (liquid

and solid precipitation)without land data assimilation.

This offine research methodologyrovides an affordable way of testing land surface improvements
and has been used in various applications (e.g. A§astareda et a/12010; Haddeland et aR011;
Zsoter et al. 2019; Arduini et al, 2019). The ERARNd datasetis a prime example of this
methodology, which was produced as an offline ECLand simuldiofiazSabater et a) 2021).

3.1.3Lisflood

Lisflood is an open sourcét{ps://ec-jrc.github.io/lisfloodmodel/) distributed seni-physically
based modelprimarily devdéoped to simulate major hydrological processes in large catchnagnts
the Joint Research Centre (JRC) of the European Commisgsiodei Knijff et al., 20)0Processes
simulated by Lisfloodhclude soil freezing, snowmelt, surface runoff, lakes and xeses, water
abstraction, infiltration, preferential flow, redistribution of soil moisture within the soil profile,

drainage to the groundwater system, groundwater storage, and base flow.

Suface runoff is produced at every grid cell and tHiest routedto the nearest downstream river
channel cell, then the water in the channel is routed through the river network using the kinematic
wave approaclChow et al., 1988 Lisflood also simulatebe groundwater storagegroundwater

flow, and flow routing intoand through river channelssroundwater storage and transport are
represented using two interconnected groundwater zones each consisting of a linear reservoir
(Burek et al., 2013which subsquently transport water to the river channel with a time delahe
current Lisflood version includes 463 lakes and 687 reserdsjad et al., 20)7selected from the
g2NI RQa fFNBSad t1F1Sa IyR NBaAaSNW2ANRO®

3.1.4Lisfloodrouting

The simplified version of & Lisflood hydrological model is used specifically for flow ngiti
simulation of groundwater processes, human water use and lakes and reservoirs only. This version
of Lisflood (called Lisfloauting hereafter) takes surface and subsurface runoff astimpriables.

The subsurface runoff is used as input for the gradwater module, while surface runoff is used as
input for the river channel routing module. It includes the same lakes and reservoirs as Lisflood (463

lakes and 687 reservoirs).
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3.1.5CaMaFlood

CaMaFlood (Yamazaki et al., 2011aiglobal riverrouting mode, which is part of ECLand since IFS
cycle 47r1 (Boussetta et aR021). The model can be used to simulate thgdrodynamics and
produce river discharge from the ECLand runoff outpGaMaFlood routes runoff generated by
land-surface models to oceans amland seas. The model calculates river and floodplain water
storages, discharge, water depth, as well as dldoundation. The CaMalood version (v3)
described and used in this PhD (and also earlier versions), does not include the representation of
damsand permanent lakes and wetlands are only treated as part of the floodplain stoGgkk
Floodis computatiamally cheap to run, even though it includes explicit representation of flood
inundation. It has been used widely in global climatological resestradies, such as Emerton et al.
(2017), Dottori et al. (2018) and Zsoter et al. (2019).

3.2 Meteorological foreig data sets

In order to produce the hydrological simulations that were used to generate the climatologies in
the studies of this PhD, differemeanalysis meteorological forcings were applied. In addition,
meteorological data was also used to force thesfrast simulations for the mediwand seasonal
ranges, which were analysed in different scientific studies, produced during the PhD. These

meteorological data sets are all generated by ECWMF, listed below.

3.2.1ERAInterim climate reanalysis

ERAInterim (ERAI&NBI FGSND A& 9/ a2cwa 3JIft20lrt FdY2aLKSs
produced with an older (2006) version of the ECMWF Integrated Forec&stsigm, cycl@1r2

(Dee et al., 2011) he system includes fowlimensional variational data assimilation (4ar) with

a 12hour analysis window. The spatial resolution of the data set is approximately 80 km (T255
spectral) on 60 levels in the verticabiin the surface up to 0.1 hPa. ERAdvailable from 1 January

1979 to 31 August 2019 and was superseded ByBRAS reanalysis.

3.2.2ERAInterim/Land climate reanalysis

ERAInterim/Land Balsamo et al., 2015; hereafter ERANJ is a global reanalysis of Busurface
parametersat 79 km spatial resolutiorgovering originally the period 1972010 which was later

extended for subsequent years until 201B i 61 & LINRPRdzZOSR 6AGK | &Ay
uncoupled from the atmosphere, not including data askition and forced by atmospheric forcing

from ERAI, using a more recent version of the HTESSEkuldade malel (cycle 37r2 for the

original ERAlLand data set)it also includesadjusted precipitation forcing, based on tit&obal
Precipitation Climatéroject GPCP; Huffman et a2009), where the ERAH®urly precipitation

values are rescaled to match the monthly accumulated precipitation provided by the GPCP v2.1
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product (for more details please consult Balsamo et28110).ERALand preserves ctoire of the
water balance andncludes a number of parameterisations improvements in the land surface
scheme with respect to the original ERAI dataset, which makesore suitable for climate
applications than ERAI, where the land data assimilation cdnoademove water (Zsoter etl.a
2019).

3.2.3ERA20CM climate reanalysis
ERA20CM is an atmospheric model reconstruction of the" 2@ntury, produced by ECMWF
(Herscbach et gl2015). It includes a Xthember ensemble estimate of the climate conditions over

the period of 18982010 on hoizontal resolution of about 125 km, produced by the IFS cycle 37r3.

3.2.4ERAS5 climate reanalysis

ERAS is the lategglobal climate reanalysis of ECMWF (Herschback gP@20). It is a key
contribution to the C3S and is open acseand free to download for allses (in the CDS;
https://cds.climate.copernicus.eu/). ERA5 covers the period 1950 to present, with quality assured
data available vm 1959. ERAS5, similarly to ERAI, is a-Enwbsphereocean coupled application

which incldes the assimilation of convidanal in-situ and satellite observations for the analysis of

soil moisture, soil temperature and snow fields (de Rosnay et al., 2014). ERAS is based on the IFS
cycle 41r2, which was operational at ECMWF in 2016. ERAS theftbénom 10 years of modatig
improvements (physics, dynamics and data assimilation) relative to ERAIL In addition to a
significantly increased horizontal resolution (31 km compared with 79 km for ERAI), ERAS5 has also
include hourly outputs and an undainty estimate based on a #fdember ensemble of data
assimilations with dourly output and 63 km resolution. ERA5 also provides a number of output
parameters, e.g. including a 100 m wind product. The move from ERAI to ERAS represents a step

change in ovall quality and level of deth

3.2.5ERAH.and climate reanalysis

ERAH.and is an enhanced global dataset for the land component of ERA5 withiG38dt
describes the evolution of the water and energy cycles over land in a consistent manner over the
production period, which, among o#rs, could be used to analyse trends and anomak#&A5

Land is a product of an offline ECLand simulation (with IFS cycle 45r1), forced by ERAS5 atmospheric
variables (e.g. air temperature or radiation). ERABd is producedt 9 km spatial resolution usj
downscaled ERA5 atmospheric forcing and a vertical lapse rate corrdeR#¥H_and shares with

ERAS5 most of the parameterizations that guarantees the use of the-states-art land surface
modelling applied to NWP model§here is no direct couplingr land data assimilation in ERAS5

Land (there is only an indirect impact through the ERAS5 forcing), which can have a large impact on
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the hydrological cycle (Zsoter et,&019). The much higher resolution and the temperatiaggse
rate correction in ERABand are major differences to ERA5, which can further contribute to the
impacts on the water budget, especially in mountainous areas, changing the snowpack and

snowmelt through the temperature differences.

3.2.6ENS forecasts

The EGIWF ensembldorecasts (ENS) includes 51 ensemble members operationally out to a lead
GAYS 2F mMp RIFI@8&4X LINRPRddzOSR G6A0S LISNIRF& G nn
which is generated from the most accurate estimate of current conditiand a remaiing 50

members which have their initial conditions perturbed to provide a range of possible future
weather scenarios. The ENS forecasts are extended to 46 days twice per week on Mondays and

Thursdays. These extendeginge forecasts are run abarser hoizontal resolution at ~36 km.

3.2.7SEASS forecasts

SEASS is the"5version of ECMWF's lonignge ensemble forecasting system made operational

(using IFS cycle 43r1) in November 2017 (Johnson et al., 2018). Similarly to ENS, SEASS consists of
51 engmble members and has slightly lower horizontal resoluton Pbc | Y® ¢KS ae
produces forecasts each month with 7 months lead ti®easonal forecasts provide predictions of

how the average atmospheric, ocean and land surface conditions are likdiffetofrom the long

term average. The seasonal predictions have generally lower skill than the maati@xtended

range forecasts, but for some sectors such as agriculture or water management they can be useful

in predicting potentially unusual conditisrmonths in dvance.

3.2.8ENS reforecasts

The ECMWF ENS reforecasts are forecast integrations with 11 ensemble memberslagded@

time, using the same IFS version and startinghe same day and month as the real time forecasts
for each of the past 20 s (Vitart, 2014) The reforecasts are currently produced for Mondays
and Thursdays (so twice weekly). For instance, if the starting date of théimeaforecast is 21
March 2022, then the corresponding reforecasts withmiémber ensemble will be proded
starting an 21 March 2021, 21 March 2020, ..., 21 March 2002. The reforecasts are thus produced

with 20 different starting dates from the past 20 years.

3.2.9SEASS reforecasts
The SEASS reforecasts (also sometimes known as hindcasts or back integratibos)te&alst of
every month for the years 1981016, go out to 7 months and have 25 ensemble members. From

2017 the seasonal reforecasts include the same 51 ensemble merarshe real time forecasts.
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The reforecasts are produced with the same modelfze real time seasonal forecasts. They are

available to users of the retime forecast data to calibrate the forecast products.

3.3 Hydrological modelling systems
During the ourse of this PhD, three different hydrological modelling systems were usedirsthe f
two rely on the ECLand larslirface model as the core hydrological engine to produce rupdffer

as a coupled system with land data assimilation or uncoupled fromathwsphere without

assimilationandthe river routing component agither Lisfl@d-routing or CaMa-lood.

Earth system based hydrology

CaMa-Flood or Lisflood-simplified
/ Earth system model \ Two river routing model op::'nsb e e
input runoft -
Coupled atmosphere-land-ocean Runoff input = § "
model with ECLand land-surface -
platform and assimilation of \L_.‘_‘r/ s H / 5 \
Earth observations lg/w - "/' Rlver ﬂow
"Q“ ﬁlw ﬁ w ) o River discharge output
LR A with either one of the
3‘,\ " o - five modelling systems
VI Earth system based offline hydrology and the five data types
Offline ECLand + CaMa-Flood or Lisflood-simplified
Meteo input: .. =2 yncoupled Two river routing model options
=P | TP T2,Q2P FTFT tand-surface i — -
10U/, RAD gl i1l only Runoff input P sy
_’ simulations, \\4."!:/ » ‘
with no data B &5 - e
Forcing data assimilation — - — :
* Reanalysis
Atmospheric and land-surface * Real time forecasts
output data to force hydrological + Reforecasts
simulations
* S | f t:
Traditional hydrology M e
M R . Seasonal reforecasts
* Reanalysis \. 7 4
[ * Real time forecasts Lisflood = e
——we" + Reforecasts “;' istributed
i S Sal i Meteo input: ii," DISTI"I' utel
* Seasonal reforecasts T, T2, EVGP e | traditional
\ / ‘ hydrological
~ ; model

Figure3-1. Schematic of the hydrological modelling systems used in the PhD with the relatdibwata

In addition, the third system is fully based on Lisflood to produce rivechdirge.Figure 3-1
highlights the main components of the modelling systems withapplied forcing data and the
relationships between them, whileigure3-2 lists the major model versions with some bEtmain

features and the timeline.

3.3.1Global Floodwareness System (GloFAS)

Many data sets used were produced in the Global Flood Awareness System, wiachatthe
Copernicus Emergency Management Service (CEe&loped by JRC and ECMBIBFASs one

of the few global scale operational flood forecasting systems that exist (Harrigan 202(b).
GIloFAS couples global NWP input data with hydrological modelling to produce river discharge on
global river network, currently at 0.1 degree redaun (van der Knijff et a).2010; Alfieri et al,
2013).
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GIoFAS has a afay component with daily updates and a seasonal component with 4 months lead
time and monthly updates. The 3fhy component uses meteorological forcing from the medium
and extendeerange ENS, while the seasonal system u&#AS5, the latest version of ECMWF's
longrange ensemble forecasting systefihe GIOFAS system also includes reforecasts for both the
30-day and seasonal components, which are hydrological forecasts producedsfatgtes to help

with forecast evaluation and pogtrocessing. These reforecasts use the ENS and SEASS reforecasts

as forcing.
2017 2018 2019 2020 2021 2022
- e 1 1 1 1 1 1
ECLand / Lisflood-routing Lisflood model
GIloFAS vO (preoperational) v1.0 v2.0 v2.1 v2.2 v3.1 v3.2
GloFAS GloFAS Adding Implement Lisflood-routing GIoFAS-ERAS All New Global Flood
experimen @ECMWF + 1% GloFAS service calibration reanalysis and GloFAS model Monitoring
tal (@JRC  reforecasts seasonal opera- ERAS use + new- reforecast datain core products added
from2011)  (2015) (Nov 2017) tionally style reforecasts added to CDS _ DS (Lisflood) to GloFAS
~ , 3 =
g == i o _— _ BRI
ECLand / CaMa-Flood
CaMa-Flood v3 : 3 Implementation
) . ) I ]‘ ¥ d into ECLand 2o
CaMa-Flood routes the runoff, instead of the Lisflood-routing model b Uuly2020) | FZ AL !

Figure3-2. Time evolution of the hydrological modelling systems and the rblatesons used in the PhOODThe three

colours represent the three modelling systems used.

As part ofthe current GIoFAS configuration, the réiahe river discharge forecasts (@@ay and
seasonal) are compared to the hydrological thresholds which are atbrftom the model
climatology. In the 3@ay component, the flood thresholds are based on the river discharge
reanalysis, a long simulation usually from 1979 to reconstruct historical river conditions. Whereas
in the seasonal component, the low flow andjhiflowthresholds are based on the climatology
produced from the seasonal reforecasts. All GIoOFAS data, the reanalysis-dlag 8dd seasonal

real time forecasts and reforecasts are freely available for all use from the CDS.

The climatologies play augial ole in GIoFAS. The consistency of the climatelzaged thresholds

and the real time forecasts are particularly important, as without it the hydrological warnings for
floods in the 3@day component or high/low flow conditions in the seasonal wolddubrelable.
GloFAS was operationally implemented in April 2018, while it has been preoperationally providing

forecasts already from 2011.

Two hydrological modelling systems have been part of GIoFAS in the most recent few years. One
with coupling ECLan@ tLisfbod-routing and another with using LisflogskeeFigure3-1 andFigure
3-2. Below, a short description of the operational and major preoperational versions @lieAS

modelling and data service are pided.
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3.3.1.1GloFASarsion0
GloFAS v0 was running preoperationally from 2011 ond6dree resolution. It used Lisflood

routing to route the surface and stgurface runoff outputs of théand component (HTESSEL) of
the Integrated Forecast Systeto produce ddy river discharge simulationkisfloodrouting used
expertdefined parameters which are uniform across the entire geographical domain, regardless of
land surface characteristics (i.e. no calibration was perfodmEdr the 30day GIoFAS version,
meteorological forcing was used only in the first 15 days of th&l&p forecast horizon and the
model climatology was generated based on the BR#Mforced reanalysis data set. GIOFAS vO
was associated with a reforecastt, containing regenerated forecasts forery day from 2008 to
2015 (then gradually extended with real time produced forecasts), using traytENS runoff
forcing routed by Lisfloodouting and initialised by GloFARALandv0. GloFAS v0 was firgtrr

at the JRC, then adaptedtorunin ECRIYE SY PANRYYSY Ul AY HAamp®
3.3.1.2GloFA%ersionl.0

The first operational version of GloFA&s introduced in April 2018. It uses the same modelling
configuration as GIoFAS v0, with the uncalibrated Lisflooting coupled to ECLand surface and
subsurface runofbutputs, ERALandforced reanalysiand ENS meteorological forcing in the first
15-day period of the 3@lay forecasts. The 3fay reforecasts did not change either from GIoFAS
v0. In addition, the first seasonal version of GIoFAS was introduced in Nov26ie(Emerton et

al., 2018). It usedhe same Lisfloogouting model with the surface and subsurface runoff outputs
of ECLand in the SEASS5 forcing. The GIoFAS seasonal forecasts (both real time forecasts and
reforecasts) are initialised from the ERf6ced reanalysis, which was first producied periods
(separate ERAforced simulations) when ERA5S was available (18882, 20002007 and 2010
2016) at the time of setting up the system. The seasonal reforecasts only have 25 ensemble
members. The reforecésare used to compute the low/high flotiresholds used in the seasonal
system, using the available years.

3.3.1.3GloFASersion2.0

This version of GIoFAS v2.0 was implemented in November 2018. It uses the t@itiagimodel,
which was enhanced by the firsalibration of the hydrological routirgcheme (Hirpa et aR018b).

It continues to couple the ECLand surface and subsurface runoff outputs to Lisfladody to
produce river discharge. GIoFAS v2.0 introduced the use of the ERAS reanalysikegseeversion

of ERAS) in the 3B8ay model tmatology and the forecast initialisation for both -8@y and
seasonal, and a different method to generate thedy GIoFAS reforecast data set was based on
the 20year ENS reforecasts of ECMWF with the ensemlvieffuouted by Lisfloodouting. The
30-day reforecasts cover the period 192016 (extended with reaime produced forecasts in

20172018). At the same time, the seasonal reforecasts were extended to include all years-n 1981
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2017, initialised from the EA5reanalysis, and to include 2018 ugithe realtime-produced

seasonal forecasts.

3.3.1.4GloFASarsion2.1
GloFAS v2.1 was implemented in November 2019, using the same calibrated kristithogl

version as in GIoFAS v2.0. It continues to couple the ECLdadesand subsurface runoff outputs

to Lisfloodrouting to produce river discharge. It includes a revised hydrological reanalysis based on
the officially released ERA5 meteorological forcing from 1979 to 2019. Due to the updated
reanalysis, the climatologé with the 36day flood thresholds anthe seasonal flow thresholds
were also recomputed. The reforecasts were also regenerated, using the new reanalysis data as
initialisation, covering the period of 199817 (extended with reaime-produced forecastsn
20182019) for the 36day and 19822019 for the seasonal. The GloFAS v2.1 upgrade introduced
the reanalysis and real time 2y forecasts in the CDS.

3.3.1.5GloFASearsion2.2

The GIloFAS v2.2 upgrade was introduced in December 2020 and included mainly ahdahges
service elements of GIoFAS. Argetothers, it introduced the GIoFAS reforecasts (botld&pand
seasonal) and the real time seasonal forecasts to the CDS. In this upgrade;day i@Jorecasts

were regenerated for the 2019 reference year, cangrthe period 1992018, while the seamal

reforecasts only got further extended into 2020 with the réale-produced forecasts.

3.3.1.6GIoFAS v3.1
GloFAS v3.1 was implemented in May 2021with a major change of the modelling system and related

updates of all te GIoFAS products and datasets; it wamplemented by several new or updated

web products. The GIloFAS v3.1 modelling system is entirely based on the Lisflood model, which
replaces the earlier setup of coupling the runoff output from ECLand to Lisftagihg. Lisflood

was calibrated over 1226ver catchments with a total drainage area of 51 million?kpobally

(Alfieri et al., 2020). Reanalysis and reforecast data sets were produced with the new modelling
system. The reforecasts covered the period 832018, while the seasonal reforecasisvered
1981-2021.

3.3.1.7GloFASearsion3.2

GloFAS v3.®%as implemented in October 2021 as a minor change to provide access to the Global
Flood Monitoring (GFM) beta version through the GIoFAS web interface. All hydabldafia sets

remained the same as in 3.

3.3.2ECLand/CaM&lood system
Many of the hydrological data sets used in this PhD were produced with the Lisflood model, either

as Lisflooerouting with coupling to ECLand or the full hydrological configuration vedfibisflood,
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described earlier. In adiibn, several research studies, carried out at ECMWF either as part of this
PhD or outside of it, used the CaMéod hydrodynamic model, as the river routing component
coupled to ECLand. Two early examples of usalgaFlood, are the flood inundation meding in
Pappenberger et al. 2012 and the flood forecast uncertainty analysis in Zsote(281d), which

both explored ECLand runoff outputs routed with CaMaod.

The representation of rivers and their role thre ocean and the land water cycle exy relevant in

Earth system models, which motivated the integration of Cdhteod into the ECLarulatform.

Since IFS cycle 47rl1, CaMaod has been part of the IFS at ECMWF, introduced in June 2020
(Boussetta et g, 2021).

3.4 Hydrological data sets

In the following, the data sets produced during the PhD, either within GIoFAS or as a research data
set with the ECLand/CaMdood coupled mdelling system, are described. Most of them are
variations of reanalysis simulatis to study the model climatologies. In addition, real time forecasts
and reforecast data sets have also been generated, which are used for forecast studies, many
appearing m the four main papers and the @uthored publications produced during this PhD.
Table 3-1 provides the name, data type, short description and indisain which of the PhD
publications these data sets appeared and finally in which section of the thesis to find them. The
data sets are groupeaiccording to the modelling system versioRsr this PhD, all three modelling
systems (sed-igure3-1 and Figure3-2) were run with 24hour coupling and output frequency.
Therefore, all méeorological forcing data sets (such as ERA5) were usedhn@4chunks for the
simulations, and all hydrological output data setd able3-1, manyof which are analysed in this

PhD, have 2hour (daily) time steps, always following the-00 UTC convention.

Table3-1. List of data sets produced and analysed in the.PhD

PhD
Name Type Description - Chapter
publications
GIloFAS version O
GloFAS Global Hydrological reanalysis with ER&nd | Bischiniotis et| Ch. 8

ERAlLand | reanalysis | runoff forcing (on ~80 km) routed with | al., 2019
vO the uncalibrated Lisfloodouting on 0.1
degree (~11 km) river network. The da
set was first produced for 1982010

and later gradually extended ungD17.
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GloFAS
ERALand
RFG/0

Global
ensemble

reforecasts

Reforecasts produced for every day
from 2008 with 3eday lead time. Real
time, 15day ENS runoff forcing (with 5
ensemble members; 2068009: 50 km;
20102015: 32/@! km; 20162018: 18/36
km) was routed by the Lisfloa@uting
model on 0.1degree (~11 kmijver
network. The data set was produced fq
20082015 in 2015 and regularly
extended until 2018 by adding the real
time forecasts produced pre
operationally. The itialisation was

provided by GloFAERALandvO.

Bischiniotis et
al, 2019

Ch. 8

GIloFAS version 1.0

GloFAS
ERALand
v1.0

Global

reanalysis

Hydrological reanalysis simulation with
ERALand runoff forcing (on ~80 km)
routed through the uncalibrated
Liflood-routing, produced for 1980 to
2017 on 0.1degree (~ 11 km) river
network. Ths version of ERAland did
not include GPCP precipitation

correction anymaore.

Towner et al.
2019 and
Ficchi et al.
2021

Ch. 8

GloFAS
ERAS5/1.0

Global

reanalysis

Hydrologcal reanalysis simulation with
ERADS runoff forcing (on ~32 km) route
through the uncalibrated Lisfloed

routing, produced for 1980 to 2016 on

0.1-degree (11 km) river network.

Towner et al.
2019and
Passerotti et
al., 2020

Ch. 8

GIloFAS
ERALand
RFG/1.0

Global
ensemble

reforecasts

The reforecast data set in v1.0 is
identical to the vO reforecast. The only
difference is the extended period
covered with daily real time forecasts
added in 2018. The initialisation was
provided byGloFASERALandv1.0.
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GbFAS Global Seasonal reforecast simulations with | Emertonet | Ch. 8
ERAS seasonal | SEASS5 runoff forcing (on ~36 km) rout| al., 2018
SRF@1.0 | ensemble | through the uncalibrated Lisfloed
reforecasts | routing, produced for each month in th

years of 199a1992,2000-2007 and

20102016 with25 ensemble members

on 0.%degree (~11 km) river network.

The initialisation was provided by

GloFASERAS/1.0.

GIoFAS version 2.0

GloFAS Global Hydrological reanalysis with ERA&dnd | Towner et al. | Ch. 8
ERALand | reanalysis | runoff forcing n ~80 km) routed 2019
v2.0 through the calibrated Lisfloctbuting

on 0.2degree (~ 11 km) river network.

The data set was produced for 1980

2017.
GloFAS Global Hydrological reanalysis with prelease | Towner et al. | Ch. 8
ERAS5/2.0 | reanalysis | version of ERA&NOff forcing (on ~31 | 2019

km) routed through the calibrated

Lisfloodrouting on 0.2degree (~ 11 km

river network. This data set was

produced from 1979 to 2018.
GbFAS Global Hydrological reanalysis withe early Hersbach et | Ch. 78
ERA5 reanalysis | release part of ERASand surface and | al., 2018
Landv2.0 subsurface runoff forcing (9 km Mufioz

resolution) routed through the Sabater et al.

calibrated Lisfloodouting, on 0.1 2021 and

degree (~11 km) river network. This | Zsoter et al.

data st covers 20022018. 2020a
GloFAS Global Hydrological reanalysis with reforecast Towner et al. | Ch. 8
RECH®2.0 | reanalysis | ensemble control runoff forcing (the | 2019 and

first 3- and 4day periods of the twice | Hirpa et al,

weekly reforecasts on ~18 km) routed | 2018b
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through the calibrated Lisftod-routing
on 0.%degree (~ 11 km) river network.
This data set was produced for 1997
2016.

GloFAS
ERASRFC
v2.0

Global
ensemble

reforecasts

The first version of GloFA&orecasts
with the 20year ENS mebrological
reforecast forcing. It was produced on
0.1-degree river network with 11
ensemble members. All available ENS
reforecasts were used from the calend
year of 2017, which provided twice
weekly coverage of 1992016. The
remaining period until Jun2018 was
covered by reforecasts using forcing o
the 51-member real time ENS. Twice &
week runs until Jun 2018 and daily frof
July 2018. The initialisation was
provided by GloFAERAS/2.0.

Bischiniotis et
al, 2020
Passerotti et
al,, 2020 and

Zsoter etal.,
2020a

Ch. 78

GloFAS
ERAS5
SRF&2.0

Global
seasonal
ensemble

reforecasts

Seasonal reforecasts using SEASS rur,
forcing (on ~36 km) routed through the
calibrated Lisfloodouting for each
month in the years of 180-1992, 2000
2007 and 2012018 on Ol-degree (~11
km) river network. The seasonal
forecasts had 25 ensemble members
until 2016 and 51 members thereafter.
The initialisation was provided by

GloFASERAS/2.0.

GIoFAS version 2.1

GloFAS
ERA5/2.1

Global

reanalysis

A hydrological reanalysisrced with the
officially released ERA5 data covering

19792019 on 0.idegree river network.

Harrigan et
al,, 2020h
Zsoter et al.

20204 Titley

Ch. 6
and 8
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earlier model

version).

et al, 2021
and
Winkelbauer
et al, 2022
GloFAS Global The® reforecasts used the 2fear ENS
ERASRFC | ensemble | reforecasts from the calendar year of
v2.1 reforecasts | 2018, providing twiceveekly coverage
of 19982017 with 51 ensemble
members on 0.4egree river network
(Harrigan etl. 2038). The remaining
period was covered by reforecasts
forcedwith 51-member real time ENS,
twice a week runs until Jun 2019 and
daily from July 2019. The initialisation
was provided by GloFASRAS/2.1.
GloFAS Global Seasonal reforecasts forced with SEA
ERAS seasonal | covering 19842019 with 25 ensemble
SRF@2.1 | ensembé | members until 2016 and 51 members
reforecasts | thereafter on 0.1degree river network.
The initialisation was provided by
GloFASERAS/2.1.
GIoFAS version 3.1
GloFAS Global A hydrological reanalysis forced with | Winkelbauer | Ch. 8
ERAS/3.1 | reanalysis | ERA5 cowing 19792021 on 0.i1degree | et al, 2022
river network Alfieri et al,
2019 and
Alfieri et al,
2020 (with
slightly
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GloFAS
ERASRFC
v3.1

Global
ensemble

reforecasts

In this version of the reforecasts, the
calendar year of 2019 was used (same
as in v2.2), which provides coverage f¢
19992018 with 51 ensemble members
on 0.kdegree river network. The
initialisation wagrovided by GIoFAS
ERAS5/3.1.

Alfieri et al,
2019

Ch. 8

GloFAS
ERA5
SRF&3.1

Global
seasonal
ensemble

reforecasts

Seasonal reforecasts forced with SEAS
covering 19812021 with 25 ensemble
members until 2016 and 51 members
thereafter on0.1-degree river network.
The initialisation was provided by

GloFASERAS/3.1.

CAMA
ERA20M-
R

Global

reanalysis

ECLand/CaM#élood

Hydrological reanalysis forced with ER
20CM runoff (125 km resolution), using
CaMaFlood river routing (0-8legree,

55 km river network) and covering the

period 19012010.

Emerton et

al,, 2017

Ch. 8

CAMA
ERALand

Global

reanalysis

Hydrological reanalysis forced with
ERALand runoff (meteorological
forcing on ~80 km, runoff produced by
offline ECLand simulation on ~32 km),
using CaMdlood river routing and
covering 19722015. CaMdlood run on

a ~25 km river network

Towner et al.

2019

Ch. 8

CAMA
ERAS

Global

reanalysis

Hydrological reanalysis forced with ER
runoff, using CaMdlood river routing
and covering 1972018. The ERA5
runoff has a ~31 km resolution, while
CaMaFlood run on a ~25 km river

network.

Zsoter et al.
2019 and
Zsoter et al.
2022

Ch. 45
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atmosphere coupling and land data
assimilation, using CaMaood river
routing and covering 1972018. These
experiments differ to CAMARAESoff by
having modifications inhe ECLand
snow soil freezing schemes (i.e multi
layer parametrisation and other changs

for the permafrost).

CAMA Global Hydrological reanalysis forced with Zsoteretal. | Ch. 45
ERASoff reanalysis | runoff simulated offline by ECLand 2019 and
forced with ERAS5, without lard Zsoter et al.
atmosphere coupling and land data 2022
assimilation, using CaM&aood river
routing and coverind9792018. The
runoff input was produced on a ~31 kn
resolution grid (the ERAS5 grid), while
CaMaFlood run on a ~25 km river
network.
CAMA Global Hydrological reanalysis experémts Zsoteretal. | Ch.5
ERASoff- | reanalysis | forced with runoff simulated offline by | 2022
snow ECLand forced with ERA5, without lan

3.4.1Data production

To generate the 23 data set types, listed able3-1, during the course ohie PhD, in total hundreds
of experiments were run at ECMWEF. Each of these has produced data from few tens of GB to few

TB, depending on the type of simulation athe list of variables outputtedin total, tens of TB of

simulation data was produced duritige 6 years of the PhD.

3.4.1.1IT infrastructure

The simulations to produce the data sets were run primarily on the ECMMiF Performance

Computer Facility (HPOHgure3-3), which has two identical Cray XC40 clusters, eaclss#ifient

with their own storage to provide resilience to system failures and flexibility in performing

maintenance and upgrades.
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Figure3-3. Picture of the Cray supercomputer at ECMWF.

The two clusters provida total of about 260000 CPU (Central Processing Unit) cores, about 0.9
petabytes of memory an8499 teraflops peak performance. Each of the XC40 systems has about
10 petabytes of storage and offers more than 350 gigabytes per second of I/O bandwielti?CF

processes more than 200,000 jobs per day on each cluster on average.
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Figure3-4. The ecFlow workflow manager software of ECMWF.
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software, ecFlowRigure3-4). ecFlow enables users to run a long list of tasks, with dependencies

on each other and on time, in a controlled environment. It provides tolerance, for hardware and
software failues, comhied with good restart capabilities. It is used at ECMWF to run all the

operational and research suites (and produced the experiments) across a range of platforms. In
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total, ECMWEF run over 750,000 jobs per day on the supercomputer and other systesns

controlled manner.

3.4.1.2Data archival
There is a largscale data handling system (DHS) in place at ECMWF that help users to store and

manage data related to weather and climate simulations, either for any required input data or for
any model outputs. ECWF's dataarchival currently contains hundreds of petabytes of operational
and research data. The data is stored on a hierarchy of disks and tapes to store the files and their
associated metadata. There are two data archival applications through which eesemcess the

data:

1 MARS (Meteorological Archival and Retrieval System) provides access to a powerful
abstraction engine that allows users and applications to access data sets collected or
generated at ECMWF for more than 30 years. MARS stores filERIBian@UFR formats

only.

1 ECFS (ECMWEF's File Storage System provides users with the possibility of archiving any data
that is not suitable for storing in MARS. UNK¢ commands enable users to copy files to
and from any of ECMWF's computing platfortdalike MARS, data on ECFS is not curated

or indexed. It is designed to store unstructured data.

MARS data represents about 75% of the volume of data stored in the DHS, but only about 4% of
the number of files. ECFS data represents almost all of the ramyaigb% ofthe data,
corresponding to 96% of the files. The DHS provided access to over 360 PB of primary and about
350 million files in ECFS and over 13 million in MARS in August®i024ta related to simulations

carried out in this PhD are archived BEFS as primary location.

All data produced during the PhD was archived on ECFS, while the more recent river discharge data

sets were also stored in the MARS archive.

3.4.1.3Data accessibility and the Copernicus Climate Data Store
All the official GIOFAS rivdischage data sets (reanalysis, real time forecasts, reforecast, seasonal

real time forecasts and seasonal reforecasts) are currently archived in MARS for the two latest
versions, 2.1/2.2 and v3.1 (operational). These data sets are accessible eitatlydinrough
MARS (from ECWMF computers or the WEB API), or the Copernicus Climate Data Store. All other

data sets, produced and analysed in this PhD, are archived on ECFS and available upon request.

The Climate Data Store is the cornerstone infrastruetuhich supports the implementation of the
Copernicus Climate Change Service. It enables the provision of various climate reanalyses,

projections and indicators at temporal and spatial scales. Theo8&S seamless webased and
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APtbased search and reave facilities to access climate data and informatibrs an easy way for

users to access climatelated data.In addition, the CDS also provides a generic software toolbox

that allows users to deslop webbased applications that make use of the datizsavailable in the

CDS. All data in the CDS, including the GIoFAS data sets, are free and open, subject to the user
agreeing to the relevant dataset licence(Bihe GIoOFAS data sets areailable vidhe CDS website

at https://cds.climate.copernicus.euftsapp#/search?text=glofas

3.5 Limitations of the modelling systems and data sets used

The models and data sets used in this PhD have all some generic uncertainties and limitations that
need to be consided when interpreting the results of the PhD. The glotaure of the modelling,

with the very high computational cost, means that some meteorological and hydrological processes
are either simplified or neglected (Harrigan et 2020). It has to be ackmvledged, that regardless

of the vast amount of Earthhbservations assimilated in the production of the meteorological
forcing data sets listed in Section3.2 (https://www.ecmwf.int/en/research/data
assimilation/observations there can still be large uncertainties in the accurady the
meteorological data, especially for surface variables such as precipitation. For example,
precipitation is known to be less piietable in the tropical areas, where convection is dominant
and NWP models are known to be struggling to predict conme¢tiavers et 312022). In addition,
surface observations, such as precipitation, are not currently used in these global hydidologica
modelling systems for the initialisation of the river conditions. This means, the initial uncertainty of
river dischargecan be large, especially in areas where the meteorological forcing data is of lower
quality, for example the tropics. This can haviar@e negative impact on the quality of the flood

forecasts even several days into the forecast horizon (Zsoter, @046).
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Chapter 4How Well Do Operational Numerical Weather Prediction
Configurations Represent Hydrology?

The first area that | wanted to explore in the PhD concentrated on the way in which LDAS impacts
hydrology in reanalysis simulations. Data assimilatiomesaf the most important components of
the Earth system models. The extent to which LDAS impacts/@ndischarge was particularly
important to look at, as data assimilation is not always active in hydrological simulations, which can
potentially create mconsistencies in the flood forecasting systems if LDAS is not used in each
component consistentlylhe paperaddressing this research questibas been published in Journal

of Hydrometeorology (JoHM) with the following reference (https://centaur.readin@ld83453/):

Zsoter, E., Cloke, H., Stephens, E., de Rosnhay, P., {fabater, J., Prudhomme, Gnd
Pappenberger, F., 2019: How well do operational Numerical Weather Prediction setups represent

hydrology?,J. Hydrometeoral 14, https://doi.org/10.1178JHM-D-18-0086.1

The contributions of the authors of this paper are as follomsZ. designed thexperiment,
produced the datasets, carried out the river discharge data analysis, and led the writing of the
manuscript. H.C. and E.S. assisted with podiegrésearch question and designing the analysis,
P.deR. and J.8. helped with the scientific analgf data assimilation and coupling issues and
C.P. and F.P. helped design the research methodology. All authors assisted with writing the

manuscript.Overll, 90% of the writing was undertaken by E.Z.
The published article can be found in the Appendix Al

Abstract.Land surface models (LSMs) have traditionally been designed to focus on providing lower
boundary conditions to the atmosphere with less focushgdrological processes. Stabé-the-art
application of LSMs includes a land data assimilatioresy$t. DAS), which incorporates available

land surface observations to provide an improved realism of surface conditions. While improved
representations of tk surface variables (such as soil moisture and snow depth) make LDAS an
essential component of anyumerical weather prediction (NWP) system, the related increments
remove or add water, potentially having a negative impact on the simulated hydrologitalbgyc
opening the water budget. This paper focuses on evaluating how well global NWP configurations
are able to support hydrological applications, in addition to the traditional weather forecasting.
River discharge simulations from two climatological rdagad S& I NB O2 YL} NBRY 2
which includes langatmosphere coupling and LDAS with an ogeh 4 SNJ 6 dZRISG X | YR
set with a closed water budget and no LDAS. It was found that while the online version of the model
largely improves temperate and snow depth conditions, it causes poorer representation of peak

river flow, particularly inisowmelt-dominated areas in the high latitudes. Without addressing such
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issues there will never be confidence in using LSMs for hydrological forecastirogimm across
the globe. This type of analysis should be used to diagnose where improvement®rizethade;
considering the whole Earth system in the data assimilation and coupling developments is critical

for moving toward the goal of holistic Eartiissem approaches.

4.1 Introduction

Land surface models (LSMs) have traditionally been designed todogqusviding lowetboundary
conditions to the atmosphere by describing the vertical fluxes of energy and water between the
land surface and the atmosphernejth less focus on predicting runoff (Mengelkamp et 2001).
LSMs therefore maximize the qualitythe atmospheric forecast, but do not necessarily bring the

same benefits in the representation of the hydrological cycle (Kauffeldt,&xCdl5).

Thereis a wide literature on assessing the hydrological capabilities of LSMs and describing various
improvements in the modelling of the hydrological cycle (e.g., Wang,&QGl6; Blyth et aJ2011;

Wu et al, 2014). However, there are significant limitateim the representation of hydrological
fluxes and storages in LSMs, largely due to the tacgéefocus of LSM applications, which has led

to the neglect of some important processes for runoff generation (Overgaard, @086; Le Vine

et al, 2016), ircluding inadequate snowmelt processes (Dutra et2012; Zaitchik and Rodgll
2009).

Dataassimilation is an essential part of any numerical weather prediction (NWP) system (Rabier
2005). It is designed to provide initial conditions for the Earth systgmpdating the model in all

of the components: atmosphere, land, ocean, and sea ice. Sfatee-art NWP configurations,
such as used at the European Centre for MedRamge Weather Forecasts (ECMWF), include both
an LSM and a land data assimilationteys (LDAS). The objective of the data assimilation in this
context is to combine the land gace model state with the available land surface observations to
initialize the land surface model prognostic variables of the forecasting system (Bélai2@dah).

The current ECMWF LDAS analyses soil moisture, soil temperature, snow mass, dedsity,
temperature (de Rosnay et a2014). Land data assimilation was shown to contribute significantly
to more skilful atmospheric forecasts, with the soil moistdata assimilation also proven essential
in countering a positive precipitation/evapotransgiion feedback which can cause large positive

precipitation biases (e.g., de Rosnay et2013; Drusch and Viterh@007; Beljaars et al1996).

While the improved surface conditions make LDAS an essential component of the ECMWF NWP
system, by designhe related increments remove or add water which can potentially have a
negative impact on the representation of the hydrological cycle by opening the water budget

(Zaitchik and Rodel2009; Arsenault et gl2013; Andreadis and Lettenmaj@006a; De Lanay et
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al., 2012; Pan and Woq@006). On the contrary, in a system without LDAS and coupling, the errors
resulting from atmospheric forcing insufficiencies and infipet land surface process

representations are not corrected by the assimilation of landesig observations.

As an ideal configuration, an Earth system model should always maintain a closed water budget,
where the amount of water in the system remaingthame. By opening the water budget, river
discharge biases could emerge in situations whheeLSM has an energy balance bias that is not
corrected by the assimilation but only by accurate precipitation and snow accumulation forcing. For
example, if thesnow in the LSM is melting too slowly, this forces the LDAS to remove water (through
snow) atificially to correct for the excessive amount of snow on the surface. If the water that is
removed with the snow (and thus could not melt) is not retained withaEarth system that could

lead to soil water deficit downstream, potentially causing acomect rate of river discharge. In

such cases, LDAS could lead to replace incorrect snowmelt timing issue with incorrect snowmelt

runoff amount.

Thus, an open watebudget could cause problems for associated hydrological forecasting
applications, which ws runoff calculated from LSMs with LDAS, such as the Global Flood
Awareness System (GIoFAS; Alfieri et24113). As global hydrological modelling is increasingly
possible with the improved realism that the stavé-the-art LSMs can nowadays offer (Ovaied

et al, 2006), it is important to investigate how an LSM with LDAS can support the combined task of
traditional weather forecasting and hydrology at the sanmeet. This investigation was undertaken
with this dual focus in mind, by analysing the hydgital cycle and the open water budget issues
that can help the Earth system model developments with highlighting areas where the coupled

system with LDAS does ngt work effectively for flood simulations.

To understand how well an NWP configuration wittM and LDAS represents hydrology, and in
particular to interpret the influence of the LDAS on hydrological simulations from LSMs, in this
paper river dischargersiulations from two climatological reanalyses of GIOFAS are compared: one
operational set, with includes langatmosphere coupling and LDAS with an open water budget,
YR faz2 +y WW2FFEAYSQQ aSi 6A0GK || OfshébgRr o 0

of hydrological and atmospheric variables will be analysed globally.

4.2 System desgution, datasets, and methods

Two hydrological experiments, ONLINE (run in operational mode with activeaimnosphere
coupling and LDAS) and OFFLINE (run imeffliode without coupling and LDAS) provide time
series of various surface variables (e.gm Zemperature, snow depth, and runoff), and also

discharge after routing the runoffigure4-1 highlights the schematic of ONLINE andFORE with
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the main charactastics, components and data periods. In this section the two experiments with

the model and data aspects, and the data analysis methods will be described in detail.

4.2.1Land surface model HTESSEL

The hydrological component of thenalysed datasets is based ¢me Hydrology Tiled ECMWF
Scheme of Surface Exchanges over Land (HTESSEL) land surface model (Bals2008 €2@1.1).
HTESSEL is part of the ECMWF NWP system and used in cougjatirasghere mode on time
ranges from shd-range to seasonal forecss It includes a snow parameterization based on a

singlelayer snowpack model (Dutra et,£010).

ONLINE OFFLINE

ERAS Reanalysis .
with coupled HTESSEL HTESSEL offline

Land-atmosphere coupling CaMa-Flood
Land data assimilation
Open water budget
Runoff ——p Discharge
1985-1987 (1985) 1986-1987

No land-atmosphere coupling CaMa-Flood
No land data assimilation
Closed water budget

Runoff ——p Discharge
1985-1987 (1985) 1986-1987

Runoff — Discharge
1989-1995 (1989) 1990-1995

Runoff ——p Discharge
1989-1995 (1989) 1990-1995

ERAS Reanalysis
Atmospheric Forcing

——p  Runoff ——p Discharge ——p  Runoff ——p Discharge
1999-2016 (1999) 2000-2016 1999-2016 (1999) 2000-2016

Figure4-1. Schematic of the ONLINE and OFFLINE experiments that were @atrtiegroduce the ERAB25 dataset.

The years in parentheses for the discharge indicate the first spinup year in each period that was excluded from the analysis.
The soil vertical diffusn solves the Richards equation using a flayer vertical discrezation with

layer depths at 7, 28, 100, and 289cm (Balsamo g2@09). HTESSEL provides boundary conditions

for the atmosphere (heat, moisture, and momentum) by simulating water andggrieudgets on

the surface and through the soil, snowpack, and vatien interception. HTESSEL generates
surface (fast) and subsurface (slow) runoff components at each grid point (Balsama608).
Surface runoff depends on the standard deviation of the orography, soil texture, and soil moisture,

while subsurface moff is determined by the soil water percolation.

4.2.2Land data assimilation

The ECMWF LDAS is part of the ECMWF Integrated Fangcagttem (IFS). It is coupled to the
atmospheric foumdimensional variational data assimilation (4ar) scheme (Rabier et @2000),

both using a 1z assimilation window. The uppair and land surface analyses are running
separately and are used toifialize a coupled larnghtmosphere shorerm forecast, which
provides the background for the next data assimilation windove [Emd data assimilation relies

on advanced methods to optimally combine in situ and satellite observations with model

backgroundnformation. A schematic diagram of the ECMWF LDAS is proviééglia 4-2. Initial
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implementatiors of the ECMWF LDAS relied on simple assimilation methods for ambwsoil
moisture analyses (Drusch et,&004; Mahfouf et aJ.2000), with air temperature and humidity
measurements being the main input for the soil moisture analysis (Mahfouf, 2080; Drusch and
Viterbo, 2007). The system has evolved in the phetade to use a more physically based approach
and to combine satellite and in situ data in the soil analysis (de Rosnay221; de Rosnay et
al., 2013; Albergel et 312012).

18 21 00 03 06 09
Time (UTC) Backgrounds are
3-15h fully coupled Model
______ " S— — > Land-Atmosphere model runs
! i bl »
182; 06z
o __ __4D:VAR_ _ _ _ ]| 4D-VAR

Upper-air analysis

LDAS
T2m, RH2m and Snow (2D Ol)

Ol at fixed SYNOP times
° ° Data

Assimilation

e — — SEKE12hwindow _ _ .| simplified EKF Soil Moisture

Olgt fixed SYNOP tirges Soil and Snow temperature (1D OI)

Figue 4-2. Schematicliagram of the land data assimilation system at ECMWF-.

In the current LDAS, a simplified extended Kalman filter (SEKF) is used to analyse soil moisture. The
approach combines analyseen2 ar temperature and humidity with satellite measurements from

the Advanced Scatterometer (ASCAT) sensor on board of MetOp, as described in de Rosnay et al.
(2013) and Albergel et al. (2012). For snow, a-tivensional optimal interpolation (Ol) is used to
analyse snow mass and snow density following the method describ&tadsnett (1999). In situ

snow depth observations, available on the SYNOP network are used along witkrtheedolution

snow cover product from the NOAA National Environmental Satdllidtg, and Information Service
(NOAA/NESDIS) Interactive MultisenSmow and Ice Mapping System (IMS) product (Helfrich et

al., 2007).

Even though it provides significant improvements to the atmospheric forecasts and independent in
situ snow depth measureeants (de Rosnay et a2015), the current ECMWF snow data assitinih
follows a relatively basic method. Operational NWP configurations generally rely on simple
approaches, compared to research environment, that are based on more sophisticated snow
assinilation methods using in situ and remotely sensed observatiows, (delmert et a].2018; De
Lannoy et a].2012; Pan and Woq&006; Slater and ClarR006).

The ECMWF LDAS and its performance is presented and discussed in de Rosnay et al. (2014) and de
Rosnay et al. (2015). A full description of the technical impfeati®n is provided in the IFS
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documentation (https://lwww.ecmwf.int/en/forecasts/documentaticandsupport/changes
ecmwEmodel/ifs-documentation). The system used for this study is that dsethe production of
ERAS (sectiod.2.95, with IFS cycle 41r2 at a resolution of ~31 km.

4.2.3CaMafFlood river routing

The Catchmenbased Macroscale Floodplain model (CaMaod; Yamazaki et al2011) was
applied in this studya simulate the hydrodynamics and produce river discharge from the HTESSEL
runoff outputs. CaMdrlood is a distributed global riveouting model which uses a river network

map and routes runoff to oceans or inland seae TaMaFlood model was chosen ftre routing
component as it had already been used in several similar climatological research experiments such

as Emerton et al. (2017).

4.2.4GloFAS

GIoFAS is one of the few global scale flood forecasting systems that cueeistifEmerton et al.

2016). It igpart of the Copernicus Emergency Management Service (CEMS), developed by the Joint
Research Centre of the European Commission and ECMWF. The HTESSEL runoff output is coupled
to the Lisflood hydrological model over a glbli@er network to produce riveridcharge with a

forecast horizon of 30 days across a global river network al€gteeresolution (van der Knijff et

al., 2010; Alfieri et a].2013).

As part of the GIoFAS configuration, the riale river discharge facasts are compared with
climatological simulations (called reanalysis) to detect the likelihood of-fiayh situations. These
reaktime and climatological datasets also present a unique opportunity for experimental analysis

(Emerton et al.2017; Stephes et al, 2015).

4.2.50ffline land sugfice modelling

The current GloFAS operational setup uses a climatology based on tHatERA/Land reanalysis

of ECMWEF (Balsamo et,&2015). ERAnterim/Land is an improved version of the ERferim
reanalysis (Dee dl., 2011) produced with an impred version of HTESSEL, run offline, using a
rescaling of monthly precipitation totals with GPCP v2.2 (Huffman,20819; Balsamo et aR010).

Offline HTESSEL simulations, such as the OFFLINE experiment in thexstudgoupled from the
atmosphere,without the LDAS and forced with nesurface meteorological input data such as
temperature, specific humidity, wind speed, surface pressure, radiative fluxes, and water fluxes.
Offline landsurfaceonly simulations are ra affordable way of achieving landurface

improvements, and this offline research methodology has been used in numerous studies with
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HTESSEL in the last few decades (e.g., Agasdreda et al.2010; Dutra et a).2010, 2011;
Haddeland et a)2011).

4.2. 6 ERA\5 reanalysis

The fifthgeneration global climate reanalysis (succeeding HRArim) at ECMWF is ERAS5
(Hersbach and De2016). ERAS is a key contribution to thefidhded Copernicus Climate Change
Service (C3S). ERA5 will cover the period ft860 to pesent and is in production with B8¢17

already officially released. The release of the remaining period is foreseen by end of 2018. ERA5
will then continue running in (noquality-assured mode) negNB | £ GAYS GAGK 2y f

delay. The data are opetcess and free to download fdi ases (https://climate.copernicus.eu/).

ERADS uses the IFS cycle 41r2 and it relies on land surface model and assimilation configuration that
are consistent with those used for operational NWP with coupleddatrdospheresimulations

and the latest soil misture and snow assimilation (see sectidn®.1and4.2.2above). ERA5 has a
highrresolution component at ~31km which is used in this study (hereafter called-HRES). In
ERAEBHRES, variablesn@ysis and shostange forecasts generated at 0600 and 1800 UTC) are
available hourly. Variaé$ that are valid for a period, for example, precipitation or runoff with an

accumulation time, are provided as hourly forecasts.

At the time of writing, approxnately 28 years of ERAIRES data were available in the ECMWF
MARS data archive in three sep@rgeriods: 198687, 198295, and 19962016. The first years
(1985, 1989, and 1999) were used as spinup years, so in total 25 years of daily river discharge and

other surface data could be processed for the analysis (hereafter calledEFAS

4.2.7Experimenthsetup

In the ONLINE experiment, the operational ERIRES reanalysis data were used directly from all

three ERASIRES periods for land surface variables, dicturunoff, produced by coupled laqd
atmosphere model with LDAS and an open water budgigjufe4-1). In the OFFLINE experiment,

on the other hand, three standlone HTESSEL runs were set up, one for each of the periods, to
reproduce the land surface variables in land surface only modeowitthe impact of coupling and

LDAS, but with a closed water budget. As ERA5 has a recent model cycle (41r2), the same HTESSEL

version could be used in the offline experiment as in the openati&RAS.

In the ECMWF NWP system, there is no option curreatiyn the land;atmosphere coupling and

LDAS separately. Either both are active as in ONLINE, or neither of them as in OFFLINE. It would be
interesting to separate the impact of these two cahtiting modelling options, but as they are too
strongly intervoven the separation would require a very large effort, which is outside of the scope

of this study.
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In the OFFLINE experiment, the offine HTESSEL model was forced with houdRE®AS
atmospteric data, wherever it was possible on the lowest model lavigh an hourly model time
step. The model was run on the original horizontal resolution of BRRES (~31 km). For
precipitation, temperature, specific humidity, wind speed, and surface pregberhourly analysis
fields were applied, while for radiatiaand precipitation fluxes the first 22 period of the 0600 and

1800 UTC shomange forecasts were used to cover each2deriods.

The river discharge was generated by routing the runoff uSklglaFlood for both the ONLINE and
OFFLINE datasets over the5~km river network. CaMR&lood was run with a-h time step and a

24-h output frequency to match the 24 reporting frequency of the river discharge observations.

4.2 .8River discharge observations
In this study, daily river discharge observations used in lbEAS system are selected. These are
mostly from the Global Runoff Data Centre (GRDC) archive, an international depository of river

discharge observations and associated metadata.
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Figured-3. Geographical gtribution of river discharge observations with sufficient record length selected for the analysis.
Colarrs indicate the length of the available data in years (from 9 to 25).

The observationsonsist of a network of approximately 900 river gauging statiith upstream

areas over 10 000km2, selected from the catchments used in Zsoter et al. (2016). After visual
inspection those catchments that showed a clear mealistic behaviour and/or inflence of dams

were excludedDuring the visual checks, the facwas on excluding stations that have obvious
observation errors, such as constant values, linearly interpolated periods or unrealistic jumpiness,
and stations with signatures of regularitidsat are unlikely to come from weather and suggests
dam operation impact on the observed river discharge. In total, about 15% of the catchments were
excluded for quality reason8. minimum of 9 years, with at least 330 days in each of those calendar
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years,was selected as criteria for the stations to be included inrther discharge analysis. This is
quite a short period, but due to the limited availability in more recent years, it was accepted as a
compromise. In total 590 stations could be processed @lgheaving large blank areas mostly in
Asia and AfricaHjgure4-3).

4.2.9Annual peak river discharge

For the river discharge verification, the annual peak river discharges from the two-HIRES
simulations were determined in eackalendar year as the highest value in the 8 window
around the observed annual maximum river flow. Theda§ window was defined as a safeguard

to avoid detecting high skill with similar peaks in observation and simulation of completely different

flood waves at very different periods of the year.

4.2.10Water budget increments
This study focuses on the impact of the water budget closure on river discharge. To analyse this,
the daily (000Q0000 UTC) water budget error tertiAwas computed as

Q6 0 O 'Y QY (4-1)
where P is precipitation, E is evapotranspiration, and R is runoff, all taken as the sum of the hourly
forecast values (24 in total) in the ONLINE experiment from the (I®D UTC period, and dS is
the change in the storage terffvater content in the soiincluding all four layers and also in the
snow cover) computed as the difference between the two subsequent 0000 UTC analysis values in
ONLINE (representing the change in the water content during thie Rdriod). Even though ¢
water budget error is zerin OFFLINE (the water budget is closed), the contributing variables can

help identifying the behaviour of the surface processes in both the ONLINE and OFFLINE

simulations.

The imbalance in the amount of water that is not accaahfor in the OLINE watdpudget
effectively comes from the snow depth and soil moisture increments in LDAS which remove or add
water in the system. The daily increments (valid for a @000 UTC 24 period) are computed

as the sum of two increment vads at 0600 and 1800 UTC ¢halay). Both of these increments are
computed as the ERASRES analysis value minus the correspondirgERASHRES forecast value

(initialized 12 h earlier).

4.2.11Daily 2m temperature and snow depth
The in situ surface synoptic sérvations (SYNOP) were dge verify 2m temperature and snow
depth for both the OFFLINE and ONLINE experiments. The observing stations were filtered

according to the station altitude difference to the model orography and only those were used which
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had kss than 156n discrepancyas orography has control on both variables and large differences
would make the comparison unreliable. This maximum orography difference value was chosen in
accordance with the general practice at ECMWF, where 100m is usdtetations in the 2n
temperature verification. For our study, a less stringent compromise value was preferred in order

to increase the sample size and still guarantee good match between model and real orography.

The 2m temperature was verified for atmd localnoon (Table4-1), while for snow depth the first
measuremenbf the calendar day was evaluated in casswfdaily records. In total, observations
from about 400Gstations for 2m temperature and 1500 stations fanow depth were available for
verification. For eachatchment, a representative daily observation was astermined for both

variables.

Table4-1. Criteria for selecting daytie 2m temperature

Longitude band 30°Wc60°E 60°¢150°E 150¢180°E | 120¢180°W | 30%€120°W

Approx. local noon| 1200 UTC 0600 UTC 0000 UTC 0000 UTC 1800 UTC

For catchments withmore than one SYNOP station available, these weieulated as the
arithmetic average of the stationwithin the catchnent. It has to be acknowledged that the
observation network available was not dense enougtefiresent the full spatial variability of these
surfacevariables, especially snow depth, which vary dramética space from one point to
another (Molotch andBales 2005). However, for a global study on the hydrologioglacts it is

expected to be sufficient.

4.2.12Climatologies

Daily climatologies were used for river discharge and other surface variables irotkisow both
observations and the two simulationshdse datasets were produced with all potentially available
25 years of data in ERARS5, always matching the number of available nearly complete calendar
years (with minimum 330 river discharge observasipfor all the catchments. For each day of the
yeara 2l-day window, centred over the day, was used, which provided a minimum of about 180
values in the climate sample (with the 9 years minimum criteria). The only exceptionsnare 2
temperature and snow epth, where a fixed shorter period of 20§07 was ued without the
criteria of nearly complete years. As theRtemperature and snow depth observation availability

is much better in more recent periods and less prone to missing values than river discharge

shorter fixed period (when ERAIRES was availabis sufficient.
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Table4-2. List of verification scores used in the analysis with a short description and the areas where they were applied

Score Description Used for
Dalily river dischargesnow depth,
ME Mean error
and 2m temperature
Daily river discharge, snow depth
MAE Mean absolute error
and 2m temperature
NSE NasltSutcliffe efficiency Dalily river discharge time series
R Pearson correlatin coefficient Dalily river discharge time series
PMnE Per@ntage sample mean error Whole river discharge sample
PMnAe Percentage sample mean absolute error Whole river discharge sample
PStE Percentage sample standard deviation error Whole riverdischarge sample
Percentage sample standard deviation abselu ) .
PStAe Whole river discharge sample
error
PkTiMe Peak timing mean error Annual river discharge peaks
PkTiMae Peak timing mean absolute error Annual river discharge peaks
PPkMgMe Percentage peak magnitude mean error Annual river discharge peaks

PPkMgMae | Percentage peak magnitude mean absolute err Annual river discharge peaks

4.2.13Verification statistics

A number of statistics were applied to evaluate the overall performance ofWectimatological
simulations in ERAB25 {Table 4-2). Several scores were selected in order to give a more
representative description of the general behaviour inghggthe differences between the ONLINE

and OFFLINE experiments. This is recommended, for example, by Legates and McCabe (1999) as
different scoes demonstrate different aspects of the model attributes ultimately providing a more

complete picture.

The clim#ological daily time series were compared to the observed data using mean error (ME),
mean absolute error (MAE), NagButcliffe model efficienc (NSE; Nash and Sutcljfi®70), and
Pearson correlation coefficient R (Pearsb&96) in order to measure thig between model and
observations. In addition, the mean and standard deviation of the observed and modelled values
were analysed with four alitional indices, the percentage sample mean error, the percentage
sample mean absolute error, the percentage gderstandard deviation error, and the percentage

sample standard deviation absolute error.
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Another very important aspect of hydrological modelrification is the ability of the systems to
correctly predict the extremes, as these events can cause the $tigheact. To measure this, the
timing and magnitude errors of the annual peaks were considered. Both the ME and MAE measures
(mean of all year in the sample) were computed for the timing and for the percentage magnitude
errors using the annual peaks owhe 25 analysed years (for details on how the annual peaks were
computed, see section.2.9. For the analysis difie data assimilation impact onra temperature

and snow depth the ME and MAE scores were used. In this study verification was conducted on

homogeneous samples across all compared scores for all the verified surface variables.

4.3 Results

The river dischargbehaviour provides a usefiidication of the hydrological differences between

the ONLINE and OFFLINE simulations. However, in order to understand the underlying processes
better, the coupling and LDAS impact was also analysed globally and regionallpbalsedvater

budget and therelated surface variables.

4.3.1Snow depth and-gh temperature impact

The LDAS is designed to provide adequate initial surface conditions to the NWP forecasts. The
impact on the hydrology could be demonstrated on two important stefavariables: 2n
temperature and snow depth (at least in snow impacted areas) which are relatively well observed
variables and can be used to analyse the impact of thecatmiosphere coupling and LDAS on the
surface globally in the two experiments. Fatalls on how the observatits were used please see

section4.2.11

The picture for 2n temperature is rather mixed geographically with an overall MAE improvement

in ONLINE afround 0.80.4°C as a global avemgp to X 2°C locally (not shown). This corresponds

to about 2@;30% decrease in MAE on average in ONLINE, with the impact of coupling and LDAS,
compared to OFFLINE.

The improvement in the snow depth, which has much ladjesct impact on the hydrology, isore
pronounced, based on the stations used in this study. The errors in ONLINE are significantly reduced
with most stations showing below £2cm of ME (not shown), and decrease of MAE by as much as
10¢20cm in some of th snow dominant locations in the §00° latitude bandKigure4-4). This is a

very large improvement in ONLINE by removing8096 (as global average) of the errorsrfdun

the OFFLINE experiment. Countries of Central America, including Mexico, Venezuela, abthColum

tend to provide snow information in their SYNOP observations.
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Figure4-4. Difference in the snow deptinean absolute errors between ONLINE and OFFLINE for January based on
observations in 206{2007 (cm). Points are shown where observations are available. Blue colours indicate lower errors in
the ONLINE experiment

* An additional similar figure ¢4b) was dded for the impact on 2m temperature in Appendix A8.

Please be aware that this figure does nopagr in the published version of this chapter.

In these regions both the model and the in sgitations mostly indicate snow free conditions,
leading to very low MABsshown inFigure4-4. Althoughthe improvemens are large, this does

not neessarily mean that the simulation is generally better. In situ snow observations are
associated to potential representativeness issues, particularly in mountainous areas. When
assimilating a nonrepresentative dataset at a @easpecial scale, the resultan potentially
degrade, even though the match to the actual observations is better (Molotch and, Ba@s. As

the 2-m temperature and snow depth observations used in this study for verification were also

assimilated in ERAthe result will favour to some extent the ONLINE experiment.

4.3.2Global water budget analysis

The water budget is closed in OFFLINEd®ygn, while in ONLINE the LDAS increments can add or
remove water, which could potentially lead to large errors in theldet over a long period. The
first aspect that was important to check is the amount of water that is lost or gained in a day on

average in the hydrological cycle.

Figure4-5 shows the average daily water budget errofsglire4-5a) and the related snow water
equivalent Figure4-5b) and soil water contenfgure4-5¢) increments (for the definition of these
terms please see sectioh2.10. InFigure4-5, negative values (red) indicate water removal by

LDAS, while positive values (blue) show where water is added to the hydrological cycle.
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The three figures highlight significant biases in@LINE periment as these water budget errors

represent generally X(25% of the total precipitation with locally even higher ratios (not shown).
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Figure4-5. Average daily water budget analysis (httay) ofthe ONINE experiment based on the ER dataset for

(a) the total 24h water budget errors, (b) the Zdsnow water equivalent increments, and (c) thenZbil water content
increments. Negative Waes (red) indicate water removal by LDAS, whilegipesialies (blue) show where water is added

to the hydrological cycle.

In addition, at latitudes higher than 50°N the dominant pattern is a negative water budget error
(Figure4-5a). The major contributing factor to the clearly negatigors in this area is the

correction of snowpack with LDAS removing snow to account for possible inaccuracies in the
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HTESSEL snow scherir@re4-5b). On average snow water increments are negative almost
everywhere where snow igresent. The only notable exception is in Canada, where some central
areas have positive water budget errors which cquidsibly come from a negative precipitation

bias that needs to be compensated by LDAS.

Other areas of the world the central United Stas, most of Amazonia, Africa, South Asia with
India, and large parts of Australishow positive errors ifrigure4-5a, where extra water is added

by LDAS. However, the positive errors are not exclusive, as large parts of @hisaitheastern

United States, and areas in central South America experience negative water budget errors in these
mostly warm climatic conditions. Most of these increments come from the soil moisture
assimilation impactKigure4-5c¢). The soil moisture assimilation can generally compensate for
precipitation or 2m temperature biases. For example, if ther2temperature is too low, the
assimilation will remove water, therefore reduginevaporative cooling which subsequently

increa® the temperature in general.

4.3.3Catchmerdevel process examination

To demonstrate how HTESSEL handles the land surface processes with and without coupling and
LDAS, an idepth case study analysis of the anhweater budget cycle was performed for an
exampek catchment on the Amur River in east Russia Fégered-6, catchment 13). This catchment

is heavily snow impacteduding winter and can demonstrate nicely the important aspects of the
hydrological cycle behaviour with the LDiA%ction.
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Figure4-6. Map of the catchments analgd in sectior.3.3(Figure4-7), where the catchmerevel process is examined
over the Amur Riveblue area, B), and in sectiod.3.4(Figure4-8), where the simplified representatiai the annual
water cycle is shown for some selected regional catchments of the world (red atE®)s, The catement details are
provided inTable4-3.

In the HTESSEL hydrological cycle representation the input precipitation combined with the melted

part of the snowpack (snowmelt) is distributed into evapotranspirationpfiifas sum of surface
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and subsurface runoffs), snow water storage (falling snow gfathe precipitation) and soil water
storage (soil moisture in the four soil layers). The daily water budget error, computed as in Eq. (4
1) (without the snowmelt separatl), is zero in OFFLINE, while ONLINE can show errors due to the
increments addingr removing water Figure4-7 summarizes the annual cycle of all the water
budget contributing variableg he displayed variables are daily climatpcal means calculated as
described in section.2.12 The following variables are showrHigured-7: simulated precipitation

(same for both experiments), evapotranspiration, runoff, soil wated, smow water storage terms

[in Eq. ()] for both ONLINE and OFFLINE; snow and soil ceatent increments for ONLINE;
simulated snowmelt, snow depth, and river discharge for both the ONLINE and OFFLINE

experiments; and finally the corresponding riveratiarge and snow depth observations.

Figured-7 shows that for the Amur the ONLINE simulation significantly improves the representation
of snow depth, but as consequence, by the snow assimilation removing a lot of snow, it disastica
reduces the river did@arge peak seen during the snowmelt season. The explanation of this
conclusion with detailed analysis of the evolution of the different surface variables in the different
seasons is given in the following:

1 Winter: During DecembeFebruary there is relativg little activity. The little amount of
precipitation falls mostly as snow, building the snowpack. Some snow is removed by the
assimilation through the small negative snow increments. Water leaves the bottom of the soil
as subsumace runoff with hardly aysurface runoff. The OFFLINE simulation is generally similar
to ONLINE, but snow depth bias shows increasingly positive values in OFFLINE due to the extra
amount of water going into the snowpack in the OFFLINE experiment frowfah{especially
during frst half of the winter).

1 Spring: From March, there is a pronounced snowmelt period in the model, peaking at the end
of April, lasting until the middle of June (with virtually zero snowpack in catchment average
after middle of May. The increased precipiian in this spring period, with the large amount
of snowmelt, increases the soil water content, and results in larger surface runoff output in
both experiments. However, the snowmelt is much smaller in ONLINE duringMgyribsa
direct consequence of thlarge negative snow increments (peaking early April) removing snow
in the ONLINE experiment. Similarly, due to the smaller amount of available water in ONLINE,
the surface runoff is also significantly smaller mainly in April/Médye snow depth errors p&
in middle of March by about 5 cm in OFFLINE with no errors in ONLINE (as catchment average).
The data assimilation rightly corrects this substantial positive snow bias, however, the removed
snow will be missing from the wateyde, as highlighted by éhunnoticeable spring peak river

flow, which is higher in the OFFLINE simulation mainly due to the extra snowmelt.

Chapter 4How Well Do Operational Numerical Weather Prediction Configurations Represent
Hydrology?




59

(0001« §/s4) uonesdsuenodeny

& = 3 = 3 3 3
-— D © ™ o V T v
T T T T T T T 1
(wo) yidep mousg
a Q P a a 0 )
e T T T T =
= w w W) w E%
=
g g 22,y 2 sESadE
o ST, wziS2e 2 g,,, 82000
o, w 5§6z22£00z& 5« 2 €€ 20055‘5
= H
22,4 EHR0055 ¢ £ g epossely
L= ZzZ29 ¢ ccH Vv E Eo ResCcTTH{ O
ZEZ252E2800Ga82®55 ¢ 5 £55zz2z2|0
C50G6zE23555658E5 8 g 222888
,95800885555""52 2 3“ 88555
SE 558 8CCERE580 S
e EEEtou3SRRESE 1 1
290090 2288 3 E
aaz3v298822 2
g Fo0cL2tEEd338==0= >
- RS EESSSSEET T S | H2
CLULAVDADNANNABNDAD A \ zZ
THEITTLAENY SN
P <
AR EEERER R
-
= o
q O
= Qo
L. L (7
- w
£ ¢“
-
gn.
s
o
5% do
= E£ -42
=
o \
€ o
2 |
%35 - 2
FEEE I =
T E S
Qﬁ" !
o
@
o
50 /
.Dcz
- 235 » % &
@ 9 Sae = =
£ 95 aoc o
w [0 o T WwE
£ EE e 8
5 s c8
S EGEE£2 ¢
e §.°:' 5.4
~>£ >
» g{ ©
/7
J” <
P
- 4 Q
) <
T &3
- O o
~ s c’,mg‘:‘
£ £a5
< @ E® o
s >%E
.55 - E-E] —
= \ as .ﬁwgb 4 ©
{ sz 32 9E =
£ =0 goE
2 \ ©os % o
Qi c
c @
s 1. a
L 55 N E @
uw
s > g
o
o
v \ o
]
1 1 L L 1 5
o o o o o o Q>
< ™m ~N — — N ™

(000Tx) 8/gw

Figure4-7. Average daily water budget cycle for a catchmentlm Amur River in Russial&omsomolsk. It includes the
following parameters: precipitation (red line), snow (green line with markers), and soil (mustard line with markers) water
content increments fothe ONLINE simulation; surface runoff (light greemsarface runoff (grey) vapotranspiration
(magenta), snowmelt (cyan), and soil (mustard) and snow (green) water storage daily changes for both ONLINE (solid
lines) and OFFLINE (dashed lines); snow depth (blue); and river discharge (black) for OMLINESs]sahd OFFLINE
(dashed lines) experiments and observations (lines with markers). The snow depth values are basee26072000 e

all other displayed daily climatological means are based on the-BRBSBataset (for more detail on the computatioh

these values, see s@ms4.2.11and4.2.12).
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1

Snowmelt problem: This behaviour of HTESSEL with LDAS is rather surprising, rahdt at fi
might sound like a contradiction. How can the corraadw conditions lead to such poor river
discharge in the ONLINE experiment? A possible explanation could be the representativeness
issue of some of the snow observations, which can potentiallgetocal degradation in some

of the catchments. ltcanalsdsb SELJX  AYSR o6& GKS 1¢9{{9[ Qa i
slowly (Dutra et 8J2012). In its simple, single layer snow scheme, too much snow accumulates
into the snowpack and then that snow tigetoo slowly. For example, during a 20mm mixed
snow/rain forecast event (10mm liquid and 10mm solid) the snow scheme will accumulate most
of the 10mm solid (snow) part of the precipitation into the snowpack regardless of the
temperature conditions and nieonly a little of this 10mm. However, in reality a lot ofath

rain, sleet, or wet snow would not accumulate on the ground, and instead ofidstvould melt
straightaway. It seems the OFFLINE simulation gets the river discharge right mainly for the
wrong reasons. Although the snowpack is clearly more poorly repted, the better timing

with the delayed snowmelt (through the too slow melting) and the extra water in the snowpack,
the OFFLINE experiment gets the runoff peak more correct.

Summer: The watebudget is balanced between precipitation and evapotransprativith

some soil water increments. During early summer water is taken out of the soil to cover the
higher evapotranspiration. In OFFLINE more water leaves the soil which increases the runoff
and evapotranspiration. By August, however, the excess watem frrecipitation over
evapotranspiration goes again into the soil, which is more pronounced in ONLINE where the
soil is drier. The end of summer river discharge peak is present in both simalatigh the
OFFLINE showing a better peak due to more watdrdrsoil and subsequently higher surface

and subsurface runoff during all summer. The OFFLINE river discharge exceeds the ONLINE
values all summer and the two will level out by September, whenunoffs become similar in

the two experiments.

Autumn: Fron the middle of September there is another smaller snowmelt period starting with
the falling temperatures and bringing some negative snow increments in the ONLINE
simulation. The snow accumulaeénto the snowpack in both experiments, but again with a

higher rate in OFFLINE, and with larger snowmelt amounts in OFFLINE.
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Figure4-8. The annual cycle of water budget variables for a selection of weots worldwide numbered from 1 to 12

(see Fig. 6). The disgkd variables are the snowmelt (cyan), evapotranspiration (magenta), and river discharge (blue) for
both the ONLINEolid Ines) and OFFLINE (dashed lines) experiments; the snow (green) émdstaird) increments for
ONLINE; and the river discharge eystions (black line). All values are daily climatological averages based on the ERA5
D25 dataset (for details on the computation of these values, see sdcfidi). The river names, the gauge coordinates,
and the upstream i@a values are displayed in the subplot titles. The catchment descriptions with the main verification
score values for the ONLINEJOFFLINE simulations are providetiahle4-3. In addition, the catchment area contours

are provded inFigure4-6. The evaporation scale is provided on the secondary vertical axis, while the scale for all other

parameters is shown on the main vertical axis.

4.3.4Regionally representative catchments
In the previous section the LBS response was highlighted for an important weakness of HTESSEL

with significant consequences on river discharge. In the following, the;émebsphere coupling
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and LDAS impact is now demonstrated with a simplified representationecduthual water cycle

AY RAFTFSNBYG 3IS23INILKAOIE FNBFra FyR Ffaz2 @I NR2dza
catchments irFigure4-8. The displayed varidéds are simulated snowmelt, evapotranspiration, and
river discharge in both the OME and OFFLINE experiments, the snow and soil water increments
for ONLINE, and finally the river discharge observations. All values are daily climatological mean
values asn Figure4-7. The location of the catchments is providedrigure4-6. In Figure4-8, 12
catchments are selected to represent all main areas of the world where river discharge observations
are available. Many of them are very large riveraneoof the catchmats are dominated with

mixed snow and soil moisture influence from the Northern Hemisphere, while others, mainly in the
tropics, are only soil moisture impacted. Tiable4-3, the main catchment details are provided
(following thenumbering fromFigure4-6), complemented with the NSE and the percentage peak
magnitude ME and MAE values for the catchments. Bold numbers denote the better score of
ONLINE and OFFLINE.

Table4-3. Details of the 13 catchments anatyl inFigure4-7 (13) andFigure4-8 (1¢12) with the NSE, percentage peak

magnitude ME (PPkMgMe) and percentage peak magniMA&(PPkMgMae) score valués the ONLINE and OFFLINE

experiments. Bld scores denote better performance. For further details on the scozeseséord.2.13

Catchment Area NSE PPkMgMe (%) PPkMgMae (%)
Station River
No. *1000km ONLINE| OFFLINE ONLINE| OFFLINE ONLINE| OFFLINE
1 Salekhard Ob 2541 0.40 0.52 -55.0 -40.7 55.0 40.7
2 Pilot station Yukon 865 0.31 0.64 -64.7 -50.7 64.7 50.7
3 Boogojevo Danube 257 0.47 -0.43 -3.5 29.1 19.8 324
4 Lobith Rhine 163 0.45 0.05 -39.1 -14.8 391 18.5
5 Viicksburg Mississippi 2963 -0.02 -2.69 1.6 314 17.7 43.5
6 Quincy Columbia 663 0.25 0.54 -24.0 -7.6 27.5 20.2
7 Boa Sorte Xingu 207 -1.53 -0.85 159.0 | 1479 | 159.0 | 147.9
8 O_b_idos Amazon 4664 -0.17 -0.21 26.6 26.9 26.6 26.9
Linigrafo

9 Hadejia Hadejia 22 -9.01 | -11.85 | 297.1 | 436.1 | 297.1 | 436.1
10 Bangui Ubangi 496 5.72 | -6.17 | 162.8 | 159.1 | 162.8 | 159.1
11 Katima Mulilo | Zambesi 331 -7.97 -6.70 196.6 | 183.0 | 196.6 | 183.0
12 Walkers bend | Flinders 106 0.66 0.62 | 2245 | 2114 | 46.9 45.9
13 Komsomolsk Amur 1846 0.43 0.68 | 2335 | 218.7 | 335 18.7

Figured-8 suggests that the decreased snowmelt is a general feature in ONLINE across the Northern

Hemisphere as predicted already Bigure4-5b. All displayed catchemts have generally lower
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river discharge in ONLINE, either concentrated over the high river discharge season [e.g., Ob (1) and
Yukon (2)], or elongated ev most of the year [e.g., Danube (3) and Rhine (4)]. The snowmelt is
universally smaller in the ONNE simulation, with the LDAS removing snow at different periods of

the year, which seems to be the driving force behind the river discharge differences.

The decreased amount of water has a mixed river discharge skill impact. For some catchments [Ob
(1), Ykon (2), Columbia (6), and the case study catchment on the Amur (13)] the change during the
high river discharge season is disadvantageous in ONLINEymxhfly mostly negatively impacted
scores, such as the NSE and the percentage peak magnitude MAE& indlable4-3. On the other

hand, for the Mississippi (5), Danube (3), and Rhine (4), it is rather beneficial as the daily
climatological mean river discharge is closer to the corresponding observations during the high
season, acompanied with mainly positive skill changes in the ONLINE experandiath NSE and
percentage peak magnitude MAE improvéalfle4-3), except the Rhine catchment (4), where the

percentage peak magnitude MAE deteriorates.

In the warm climate, however, where soil water dominates the land surface processes [Xingu,
AmazonHadejia, Ubangi, Zambesi, and Flindergl 23], the land¢atmosphere coupling and LDAS
impact on river discharge seems to be smaller than for the simfiwencedcatchnents, and on
evapotranspiration it tends to be larger. There are large biases over five of the six highlighted
tropical catchments (the only exception being the Flinders River in Australia), where both the
ONLINE and OFFLINE experiments show sagmifitsmatch with the observed values for the total
river discharge volume and for the annual peaks. For example, as displayatl@é#-3, on the
Hadejia River in Nigerthe percentage peak magnitude ME is 297% (the simulaiaimost three

time higher than the observation) in ONLINE, which is significantly better than OFFLINE (the
improvement is 139% in the percentage peak magnitude MAE). This points to the fact ¢hat ev
though the river discharge differences are smallerelative terms, it can still lead to noticeable

change in the scores for some of these highlighted catchmdiziisi¢4-3).

Even though there is no clear systematic difference between the exclusively soil moisture and
mixed (snow ad soil moisture) catchments in terms of river discharge skill impact, the snow clearly

looks to carry a more direct influence on theati discharge volume and river discharge skill.

4.3.5Global river discharge analysis

In the previous sections it could be sho that the water budget is out of balance in the ONLINE
simulation over large parts of the world leading to significant impact onitrex discharge for the
analysed list of catchments. As an extreme example, it was demonstrated that the sneaviveitt

spring river discharge peak was almost completely missed in a large catchment in east Russia in
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ONLINE. After the individual catchmentaenples, a systematic analysis of the river discharge

quality in the ONLINE and OFFLINE experiments is provided basdtdawailable catchments

a) 160'W  140W  120'W  100'W  80'W  60'W  40°W  20'W 0E 20'€ 40'E 60°E 80'E  100°E 120 140°E  160°E
M |
80'N |so'n
70'N 70'N
e o .- J o
60'N| 4N 60'N
| yive g
T . - @ » ol 50°N
fos -
40N %o p" 40'N
$i 3
30°N o % 30°N
20'N A .. 20'N
10'N .& ® ° 10°N
< ° ®
N oN
10's 10's
-~
20°s @ 20's
e
30's . 30's
- <
40's | 40's
.
50'S 50'S
160'W  140W  120'W  100'W  80'W  60'W  40°W  20'W 0E 20'€ 40°E 60°E 80'E  100'E 120 140'E  160°E
<75 -50 -25 0 25 50 75 100
b) 160'W  140°'W  120'W  100'W  80'W  60'W  40'W  20'W 0'E 20'E 40°E 60'E 80'E  100°E  120'F  140'E  160°E
80'N 80N
)
70'N - s 70'N
o ® €2 i@ o8 o L
- - » o . e -
o S S -
50'N s o§ - o~ . - @ 50'N
}. 5 © a
40N ‘ 4 |4o°N
° 5
30'N . 30N
20'N 20N
10°N * + + 10°N
’ + ’ -4
oN e ™ oN
%
10's 10'S
ot 3
20's ey b ot o 20°s
# + %
30°s + % ‘fF + 44 30°'s
2o g
40's 40's
50'S |so's
160°'W  140'W  120'W  100'W  80'W  60'W  40'W  20W 0E 20'E 40°E 60'E 80'E  100E  120E  140°E  160°E
-50 -25 -10 -5 5 10 25 50

Figure4-9. River dischargéa) percentage peak magnitude ME (%) of the ONLINE experiment and (b) change in the
percentage peak magnitude MAE (%) between ONLINE andNBFEased on the EREBR5 dataset. Positive error
differences in (b) indicate deteriorationifb) while negative chamg show improvement (red) in the ONLINE simulation
compared with OFFILE. The catchments are displayed with different marker sizes tewré¢isersize of the catchment

area. Neaszero differences are shown by black crosses, while all other categorigisglegred by circles.

Although a large number of scores was computed in this study, this section will focus only on the
annual peak flow cres. The timing and magnitude of the high river discharges are both crucial
aspects of river discharge simulationsainy flood prediction system such as GloFAS. The accurate
simulation of the river discharge peaks is essential to get the best possillange for the
potentially most damaging floods. The analysed performance of the annual peak river flows should

givea good indication on the general ability of the two experiments to predict peaks.
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Figure4-9a highlights a largeystematic percentage peak magnitude ME in the ON&iN&ation.

Many catchments show over 50% error (either positive or negative) of the annual river discharge
peaks on average. The majority of the Northern Hemispheric higher latitudes is overwhelmingly
underpredicted, while Amazonia, the western Unite@t8s, and many catchments in Africa are
overpredicted in the ONLINE experiment. The geographical pattdfigiure4-9a is rather similar

to the one seen irFigure4-5a. Most of the catchments with significant negative values over the
Northern Hemisphere and positive ones mainly in lower latitudes do resemble well the water

budgeterror pattern seen ifFigure4-5a.

The water bdget imbalance, caused by the increments in LDAS, is only one of the many potential
contributing factors to peak riveflow errors (and in fact to general river discharge errors);
atmospheric forcing biases, imperfect river routing, and observation ecausl also lead to large

inaccuracies (Zhao et g2017).

The impact of the langhtmosphere coupling and LDA8ems to decrease the amount of water
overwhelmingly in the rivers (decreased sample mean river discharge, not shown). The sample
average river scharge increased only in the southern half of Brazil, in the central part of Canada,
and one or two catchmestin Africa, East Asia, and South Australia (not shown). It is expected that
the decreased average river discharge in ONLINE should generaligsal#t in lower annual peak

river flows over most of the glob&igure4-9b shows that this decreasing tendency of the annual
peaks in the ONLINE experiment coincides with widespread, quite large deterioration in the
percentagepeak magnitude MAE score (increase of the anpeak magnitude errors) especially

in Asia and Europe and the northwestern part of North America, where the majority of the
catchments show significant negative bias Rigure 4-9a. On the other hand, quite a few
catchments seem to benefit from the coupling and LDAS as the annual peak errors decrease,
especially in the western parts in North America, where there is a large cluster of catchments with

noticeably smaller prcentage peaknagnitude MAE.

The river discharge peak timing bias in the ONLINE simulation is dominantly positive (peaks are too
late) in the Northern Hemisphere and mainly negative (peaks too early) in the tropics (not shown).
However, the coupling andJAS do not seero have any systematic impact on this aspect of the
peak river flows. There are noticeable differences, but they have no distinguishable geographical
pattern (not shown). It seems the short time seriegd® annual values only) were not &afent to

extract any representative timing differences between the two experiments.
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Table4-4. List of global average scores for the ONLINE and OFFLINE experiments based on[i#5 ER&Set. Each

valueis a mean ofeores from 590 catchments (where a minimum of 9 years of river discharge observations was available)
weighted by the square roof the catchment area sizes. For further details on the scores, see ge2titti Bold numbers

denote the better score of ONLINE and OFFLINE. the following scores are displayed: ME, MAE, NSE, R, percentage sample
mean error (PMnE), percentage sample mearohlts error (PMnAe), percentage sample standard deviation error (PStE),
perceriage sample standard deviation absolute error (PStAe), peak timing ME (PkTiMe), peak timing MAE (PkTiMae),
percentage peak magnitude ME (PPkMgMe), and percentage peak magnithBgRPkMgMae).

s ME | MAE NSE| R PMnE|PMnAe| PStE| PStAe| PkTiMe| PkTiMae PPkMgMe PPkMgMas
core

(m3s?) |(m3s?) %) | () | (9 | (%) | (day) | (day) (%) (%)
ONLINH -264 | 3017 | -0.29 | 0.67 | -2.6 29.0 96 | 483 | -0.95 11.8 6.3 61.3
OFFLINE 236 2954 | -0.53 | 0.70 | 16.9 27.2 34.2 52.1 -0.81 11.8 27.3 59.2

In addition to the analysis of the annual river diagie peak performance, the general fit between
modelled and observed daily river discharge time series is also extensively measured by several
scores.Table4-4 shows a global summary giving an indication on the overall perforenahthe

two experiments. The scores are calculated as global averages weighted by the square root of the
catchment size. This way a morgresentative picture can be provided by giving more emphasis

on the larger catchments.

The generally decreasing amuuof water leads to larger differences for most of the volume
related bias scores. The percentage sample ME, the percentage sample stdadetibn error,

and the percentage peak magnitude ME scores all decrease significantly in the ONLINE simulation,
bringing the global biases closer to zero. The only exception is the discharge ME score, which
changes from a positive value to a negative anith similar magnitude. The better biases, however,

do not necessarily help improve the river discharge skillajlppthe scores presented in Tablel4
provide a mixed picture, with some favouring the ONLINE while others favouring the OFFLINE
simulation. This agrees with the mixed scores shownTable 4-3 for the regional example
catchmens. In general, the MAE, R, the percentage sample MAE, and the percentage peak
magnitude MAE values are all slightly better for OFFLINE, while the NSE and percentage sample
standard deviation absolute error show improvement for ONLINE. And finally, thetipgag ME

is slightly better for the OFFLINE experiment, while there igffereihce in the global average peak
timing MAE.

4.4 Discussion
In section4.3, the land;atmosphere coupling and LDAS impact on hydrology, including river
discharge and the related water budget variables, was analysed. The river discharge scores showed

a mixed picture between the ONLINE and OFFLINE simulations with relatively giobkal

Chapter 4How Well Do Operational Numerical Weather Prediction Configurations Represent
Hydrology?




67

performance. Larger differences could be highlighted in certailonsg such as many of the snew
dominant catchments in the Northern Hemisphere, where over many areas a large amount of water
is missing from the hydrological cycle and causing dws@am issues in river discharge especially

during the snowmelt season in QNNE.

The general decrease in the volume of water in the ONLINE experiment, mainly coming from the
snowdominated areas where the assimilation removes snow, seems to be the primpagt on
the hydrology. In soil moisturdominated areas the river dischgg seems to be less impacted by

the increments and the evapotranspiration rate holds a more important role.

Data assimilation is a very important component of any NWP system wlith @ effort and
research concentrated on the use of observations to adrfer random (dayto-day) errors. Data
assimilation systems are not there to correct for systematic biases. The fact that LDAS produces
consistent negative increments in snow coee areas in this study is pointing toward an apparent
snow model bias. Inontrast, a model affected by random errors only, would lead to data

assimilation increments of both signs with close to zero annual mean values.

Other studies have also highlightednificant snow assimilation impacts on the water balance. For
example, Dé.annoy et al. (2012) showed that on a small catchment in Colorado (United States) the
season averaged snowpack water content is largely decreased by the snow water equivalent
assimilation in the Noah land surface model, and could only be overcome bygaeaplied (to
anomalies) to the observations prior to assimilation. Similarly, Arsenault et al. (2013) found that
assimilating MODIS snow cover fraction observations into the I@hdisurface model by a simple
rule-based direct insertion and the ordimensional ensemble Kalman filter methods, lead to
substantial snowpack removal (without melting, thus causing negative bias in runoff), by both

methods in Colorado and Washington.

Inthe ECMWEF system, the snow increments are correcting for the systematstivesition of the

current HTESSEL snow scheme that melts the snow too slowly. Dutra et al. (2012) highlighted that
although the current snow scheme provides a significant improveroger the previous one, it

does not yet improve on the sheduration meling events during late winter and spring. They
argued that the experimental multilayer snow scheme was able to reproduce, at least partially,

those snowmelt episodes thanks to thap snow layer having a reduced thermal inertia.

The findings in this workre specific to the NWP configuration at ECMWF with the HTESSEL land
AdNF I OS Y2RSt FyYyR GKS LINRPOSaasSa sAGKAY® | 268
simulations can be limited by inadequate handling of the processdenpally causing a similar
LINE6fSY R26yaidNBlIY Ay GKS KeRNRfz23I&d ¢KS | NF
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supporting the flood forecasting activities can be improved by some potential developments in the

future. Some of the areas where substantiaprovements could be adkwed are described:

A new multilayer snow scheme is currently being tested at ECMWEF, which is similar to the one
evaluated in Dutra et al. (2012). This improved snow scheme is expected to represent better the
snhowmelt processesm therefore reduce the s increments that currently remove a significant
amount of water from the hydrological cycle. The hydrological context developed in this study will

be used to aid this development of the new scheme.

Another potential way of imprang HTESSEL performancetgdrological applications would be

to modify the LDAS by special handling of the snow increments in order to retain the water in the
hydrological cycle during the data assimilation. For example, Zaitchik and Rodell (200%egropo
an interesting approachusing neaifuture, snowcovered area observations to adjust the air
temperature and precipitation forcing data in order to preserve the local hydrological balance. In
another study, Pan and Wood (2006) developed a constrainedrahle Kalman filter methotb
assure closure of the water balance when assimilating hydrological observations. These types of
studies rely on uncoupled systems, and they would be difficult to implement in an operational, real
time environment. However, #y provide some insight onmvater budget closure in data
assimilation, and they should be further investigated and adapted to coupleddamdsphere

NWP systems. In the longer term, further coupling between NWP and hydrological forecasting
systems will beconsidered, thereby openinthe possibility for coupled lamghydrology data
assimilation. In this context, joint assimilation of land surface and river discharge observations will

consistently correct the different components of the Earth system.

In additon, the land surface devgbment methodology including data assimilation techniques and
process representation is continuously improved at ECMWEF. The future inclusion of the LDAS
scheme in the offline HTESSEL is in development. It will create an envitowheze the offline
researt work, including the reanalysis improvements (e.g., ERA5), could be done in a consistent
way with the reatime forecast generation. In parallel to these developments, addressing the water
budget closure in lanthtmosphere dataassimilation systems shoulik a priority in the future to

ensure consistent highuality coupled NWP and hydrological forecasts.

GloFAS is one of the few existing flood forecasting systems that utilizes an LSM (HTESSEL) for
representing the hydrology (Emten et al. 2016). Althouglwve acknowledge that in some cases a
simple routing model, initialized from observed upstream river levels (either from river gauges or
satellite measurements), could be a simpler alternative to simulate downstream dischargeen |

rivers a few days indwvance, for example, in Hossain et al. (2014); in other cases where forecasts
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are required further in advance or where observations are unavailable or of too low quality, a more
complex modelling configuration, which representydiological fluxes, becomesssential.
Regardless of some limitations (e.g., the one highlighted in the ECMWF NWP configuration), these
complex models play crucial roles in harnessing the available predictability in th@atemasphere

system.

4.5 Conclusions

Understanding the impactsfdoth the data assimilation and land surface process representation

in land surface models on simulated hydrological variables is very important, not only for improving
the weather and climate forecasts, but specifically for ganing flood forecasting r@d other
hydrological applications such as drought forecasting, and for giving feedback about the Earth
system. In this paper, the influence of lagadmosphere coupling and land data assimilation on
global hydrological simulatiefrom LSMs was evaluateluyo river discharge simulations from two
climatological reanalyses (based on ERA5) were compared: one operational set which includes
landcatmosphere coupling and LDAS with an open water budget, and an offline HTESSEL set with a
closed water budget and ndAS.

It was found that while the ONLINE version of the model largely improvesrh&emhperature and

snow depth conditions, it is causing poor representation of peak river flow in snovadoelinated

areas, particularly in the gh latitudes. However, therare also localized improvements to peak
river flow, such as in the western United States. The LDAS increments remove or add water even
on an annual average scale which inevitably leads to systematic water budget errors and
subsquently contribute to sigificant errors in river discharge during times of peak flow

downstream, something that is critical during times of flooding.

4.5.1Implications for hydrological forecasting

This study has highlighted the impact of using land data dlssiom in reanalysis prodits. Where

data assimilation is adjusting snowpack in forecasting mode then there will also be important
implications for hydrological predictions. Future studies should address how far ahead the impact
of data assimilation propgates in hydrological forasts. In addition, hydrological forecasting
systems often use initial river conditions derived from climatology. In these circumstances using
climatological products derived using data assimilation methodologies could leadé¢s isgh the
hydrological drecasts. There are also related issues for forecasting systems such as GIoFAS that
compare model output to climatology to provide early awareness of extreme evargssistency

between operational and climatological configuratiogoes some way to bypasss problem, and
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this conclusion has directly influenced the design of the new GlsEasbnal system (Emerton et

al, 2018).

4.5.2Implications for land surface modelling and data assimilation

Data assimilation is designed to competesir noise errors and natystematic bias. In the case of

the current HTESSEL snow assimilation scheme it is doing tha lettenpensating for system
deficiencies such as the slow snowmelt process. This paper has discussed potential ways of
addressing wier budget deficiencies ifand surface approaches, for example, including multiple
layers within the HTESSEL snow scheme or moving toward data assimilation that conserves the

water budget.

Without addressing such issues there will never be confidencesimguLSMs for hydrological
forecasting applications across the globe. This type of analysis should be used to diagnose where
improvements need to be made; considering the whole Earth system in data assimilation and

coupling developments is critical for mog toward the goal of hddtic Earth system approaches.
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can have a large impact on river discharge, especially in snow dominated areas, which potentially

Chapter 4How Well Do Operational Numerical Weather Prediction Configurations Represent
Hydrology?




71

can create problems in the forecasting system if data assimilation is not used in all components of
the modelling chain. This apter also highlighted sompotential limitations of the handling of
snow in the lanesurface modelling as potential contributing factors to the documented impacts.
The next chapter will follow up on this and analyse the hydrological impact of the snowl mod

complexity.
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Chapter SHydrological Impact of the New ECMWF Mualyer
Snow Scheme

Chapter 4demonstrated, using Earth system reanalysis simulations, that the inclusion of &bDAS ¢
create large differences in river discharge, especially in the snow dominated areas. One of the
highlighted potential causes was a limitation of the evaluated {sunthce modelling system that

the simple single layer snow scheme melts snow too sloiWlis chapter addresses this area and
evaluates how the snow model complexity, through using a new #aylér snow scheme, can
improve the river discharge simulationBhis chapter has been published in Atmosphere (MDPI)

with the following reference (http#centaur.reading.ac.uk/105034/):

Zsoter, E., G. Arduini, C. Prudhomme, E Stephens and H. Cloke, 2022: Hydrological Impact of the
New ECMWE MuHiayer Snow Scheme. Atmaosphere 13 7217.
https://doi.org/10.3390/atmos13050727.

The contributions of the auths of this paper are as follows: E.Z. designed the research
methodology with the help of H.C., E.S. and C.P. G.A. has designed and produced-shiefened
simulations vhile E.Z. run the CaMR@Elood simulations. E.Z. carried out the data analysis and lead
the writing of the manuscriptAll authors assisted with writing the manuscri@verall, 90% of the

writing was undertaken by E.Zs.
The published article can be foundtire Appendix A2.

Abstract. The representation of snow is a crucial aspect of {amface modelling, as it has a strong
influence on energy and water balances. Snow schemes with multiple layers have been shown to
better describe the snowpack evolution arming improvements to soil freezing and some
hydrological processes. In this papdre tvider hydrological impact of the mulflyer snow scheme,
implemented in the ECLand model, was analyzed globally on hundreds of catchmentfoieBA5
reanalysis simiations of ECLand were coupled to CaMaod, as the hydrodynamic model to
produce rier discharge. Different sensitivity experiments were conducted to evaluate the impact
of the ECLand snow and soil freezing scheme changes on the terrestrial hydrplageases, with
particular focus on permafrost. It was found that the default mlayier snow scheme can generally
improve the river discharge simulation, with the exception of permafrost catchments, where
snowmeltdriven floods are largely underestimatedue to the lack of surface runoff. It was also
found that appropriate changes in thenow vertical discretization, destructive metamorphism,
snowsoil thermal conductivity and soil freeze temperature could lead to large river discharge
improvements in pemafrost by adjusting the evolution of soil temperature, infiltration and the

partitioning between surface and subsurface runoff.
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5.1 Introduction

Landsurface models (LSMs) are vital tools for simulating water and energy fluxes at tlge land
atmosphere interfae of the Earth (Fisher and Koven, 2020). Although LSMs were originally
designed to preide lowerboundary conditions to the atmosphere (Mengelkamp et al., 2001), with
the improving realism of these models they are increasingly used for simulating theldgided
cycle (Prentice et al2015) and supporting hydrological applications (eauiBud et al., 2010; Le
Vine et al., 2016; Harrigan et al., 2020b).

However, there are still significant limitations in the representation of the hydrological cycle in
LSMs, as important processes can still be inadequately modelled or even neglecteahdtir
generation, for instance groundwater simulation, speegetation interactions, representation of
frozen soil and lateral flow between adjacent grid cells amongrmstiiFisher and Koven, 2020; Le
Vine et al., 2016; Overgaard et al., 2006; Dutra e28l12; Kauffeldt et al., 2015; Koren et al., 2014;
Krogh et al., 2017).

Simulating the extent and variability of the snow cover is a crucial aspect of land surfackimgpde

as it strongly influences the energy and water balances (l:-Mmeno and GareiRuiz, 2004;
Griessinger et al., 2016). Snow schemes have various complexities in the representation of the snow
physics (Boone et al., 2001; Best et al., 2011; Dechatrak, 2016; Dutra et al., 2010; Wang et al.,
2013), differing largely in their hatidg of the snowpack and the creation of snowmelt, which in

turn impacts runoff generation and river flow in snow dominated areas (Dutra et al., 2012; Slater

et al., 201).

The snow scheme currently used operationally in the ECLaneslaface model at th European
Centre for MediurARange Weather Forecasts (ECMWF) (Balsamo et al., 2009; Boussetta et al.,
2021) and which is used in the production of the ERA5 (Hersbach, &020) and ERASaNd
(MufiozSabater et al., 2021) reanalysis datasets, is a slagér snow scheme (SLS hereafter) with

an additional snow layer on top of the soil (Dutra et al., 2010). The use of only one layer limits the
handling of the temporal evation of the snow, as changes on multiple time scales (i.e., diurnal to
seasonal) camot be accurately represented. This has a significant impact on the quality of the snow
depth, mainly during periods of accumulation and ablation, which then impactsdhdreezing,

the snowmelt and ultimately the hydrological cycle (Dutra et al., 288Pa et al., 2017).

Snow schemes using multiple layers to represent the snowpack offer significant improvement on
the singlelayer schemes with better handling of theam processes. For hydrological and climate
applications, s ft f SR GAY(IiSHEXEBEI 4202 ¥ 0OKSYSa I NB ISy SNIf

terminology introduced by Boone and Etchevers (2001). Such schemes include a description of
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snowpack properties, sticas density and temperature, using a limited number of vertical layers,

as opposed taetailed snow physics models, which aim at simulating the microstructure properties

of the snowpack as well (see for instance Vionnet et al. (2012)). Such intermedmfdegity
schemes have been implemented in various LSMs used in Earth system matieiliggthe last

decade. Examples are ECLand (Dutra et al., 2012; Arduini et al., 2019), Noah (Saha et al., 2017),
JULES (Walters et al., 2019), ISBA (Boone and Etch206ds Decharme et al., 2016) and the
ORCHIDEE (Wang et al., 2013)sundlace moded.

The multilayer snow scheme (MLS hereafter), introduced experimentally in ECLand, is an
intermediate complexity scheme representing the vertical structure and evaolutb snow
temperature, density, liquid water content and surface snow albedo with gimam of five layers
(Arduini et al., 2019). It has been shown to increase the realism of snow representation, including
decreasing snow depth and snowmelt timing erraasd has been shown to largely improve 2

metre temperature in coupled forecasts, espaly in clear sky conditions (Arduini et al., 2019).

The more realistic snowpack representation, with better snow water equivalent, snow depth and
snowmelt, is expectetb improve the hydrological cycle and thus have a positive impact on river
flow simuldions (Magnusson et al., 2015). Preliminary studies have demonstrated improvements
in localized settings (Dutra et al., 2012; Wang et al., 2013) or combined with otitesuaface
improvements (Decharme et al., 2019). However, the hydrological impagtsasmaf MLSs, focusing

on river flow, has not been done at regional or global scales.

Areas in which snow plays an important role are predominantly found in the Northemisphere

over higher latitudes. A large fraction of these areas is permafrost (Rovsky et al., 2002), where

soil freezing/thawing conditions play a major role in controlling the hydrological processes (Koven
et al., 2013; Andresen et al., 2020). Regmnating permafrost in LSMs is important for better
understanding of the hydrologicabkiability and the impacts of climate change (Andresen et al.,
2020; Yokohata et al., 2020; Gouttevin et al., 2012).

In this study, the hydrological impact of the MLS lempented in ECLand is analysed on more than
400 catchments globally, with over a thitocated partially or entirely in permafrost areas. To
achieve this, ECLand experiments forced with ERAS over the periog2ld®are coupled to the
Catchmemntbased Maap-scale Floodplain model (CaNfdood; Yamazaki et al., 2011) to generate
river dischage, allowing direct comparison with gauged observations. Different sensitivity
experiments are conducted to evaluate the impact of the more physically complex snow scheme
on the terrestrial hydrological processes, with particular focus on permafrost, wédwrgplicated

error dynamics arise from different larglirface processes. Two main questions are posed:
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1 How does the MLS impact the simulated hydrological processes ged discharge,
especially in the snowmettriven flood season?
1 How sensitive is the layological representation of permafrost to the snow and soil

parametrization?

5.2 Materials and methods

In this section, the data set, models and methods used will be destrib

5.2.1ECLand landurface model and offline methodology

The hydrological core of the alyaed data sets was provided by the ECLand surface model,
formerly known as HTESSEL (The Hydreldggd ECMWF Scheme for Surface Exchange over Land
(Balsamo et al., 2009; Boussetta et al., 2021; Balsamo et al., 2011). ECLand is part of the Integrated
Forecasting System (IFS) at ECMWF andl uisecoupled lanéaitmosphere simulations for
describing the evolution of soil, vegetation and snow conditions over land, at various spatial

resolutions, from shortto seasonatange.

In ECLand, up to six tiles gmeesent over land (bare ground, low anijh vegetation, intercepted
water, shaded and exposed snow) and three over water (inland, open and frozen water) that
provide the interface between the atmosphere and the afimensional soil column, with all tiles

having their separate energy and waterldaces.

The snowfall (the solid fraction of precipitation) is collected in the snowpack, which overlays the
soil (Balsamo et al., 2009). The fraction of the soil that is covered by snow (snow cover fraction) is
parametrized as a linear function of snow degDutra et al., 2010). This assumes that a model
grid-box is fully covered for snow depth greater than 10 cm. The same parametrization is used for
exposed and shaded snow (i.e., snow under high vegetationjriE€Land. The soil is divided into

four layers with fixed layer depthsq®, 7¢28, 2&100 and 109289 cm). Runoff is generated as fast
(surface) and slow (subsurface) components at each grid point (Balsamo et al., 2009; Boussetta et
al., 2021).

Snowmelt @curs when the temperature of the snowhigh enough, contributing to surface runoff,
soil infiltration and evaporation. Some part of rain and snowmelt will be removed as surface runoff.
This surface runoff fraction depends on the standard deviation efstibgrid scale orography (a
measure of aresolved orographic features), the soil texture and the soil water content. Subsurface
runoff is the water leaving the soil column at the bottom. It depends on the infiltration and surface
evaporation as top bouraty conditions, while water can be extradt by roots in each soil layer

where vegetation is present (Balsamo et al., 2009; Boussetta et al., 2021).
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ECLand can be used in a stahoine mode, when the model runs uncoupled from the atmosphere,
usually with lourly time step, forced with neasurfacemeteorological input data of temperature,
specific humidity, wind speed, surface pressure, radiative fluxes (downward solar and thermal
radiation) and water fluxes (liquid and solid precipitation), without landadassimilation. This
offline research methdology provides an affordable way of testing lesudface improvements and

has been used in various applications (e.g. Arduini et al., 2019; ARamdfreda et al., 2010;
Haddeland et al., 2011; Zsoter et al., 9QD1The ERABand dataset is a prime exabepof this
methodology, which was produced as an offline ECLand simulation with downscaled ERAS5
meteorological forcing on higher resolution, including an elevation correction for the

thermodynamic neasurface sta¢ (MufiozSabater et al., 2021).

5.2.2ERAS rearigsis

The meteorological forcing for the offline ECLand simulations was taken from ERADS, the latest global
climate reanalysis of ECMWF (Hersbach et al., 2020). ERAS is a key contribution to the EU funded
CopernicuLlimate Change Service (C3S) and is @peess and free to download for all users
(https://cds.climate.copernicus.eu/ (accessed on 24 October 2021)). It covers the period 1979 to
present, with a preliminary version also available from 1950. It includdsghresolution
component (~31 km) andlawer resolution (~62 km) ensemble component with 10 members. In

this study, the higlresolution component (hereafter referred to as ERA5) was used from 1979 with

~31km horizontal resolution and hourly output frezncy.

5.2.3CaMakFlood riverouting

The hydrodpamics to produce river discharge from the ECLand runoff output were simulated by
CaMaFlood (Yamazaki et al., 2011), a global rreeiting model, which is part of ECLand since IFS
cycle 47rl1 (Boussetta et al., 20). CaMa-lood routes runoff generated bgnd-surface models to
oceans or inland seas. The model calculates river and floodplain water storages, discharge, water
depth, as well as flood inundation. CaMood does not currently include the representatioh

dams and permanent lakes and wetlarade only treated as part of the floodplain storages. CaMa
Flood is computationally cheap to run and has been used widely in global climatological research

studies, such as Emerton et al. (2017), Dottori et al. §2@hd Zsoter et al. (2019).

5.2.4ECLand snownd soil freezing schemes

The current SLS, used operationally in ECLEnd basic energy balance model describing the
temporal evolution of the heat and mass contents of the snowpack (Dutra et al., 2010). The MLS,
used experimentally in ECLand, is an intermediate complexity snow scheme (Boone and Etchevers,

2001), which repesents the vertical structure and time evolution of snow temperature, density,
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liquid water content and surface snow albedo with up to fivexacsnow layers. In this section, the
important model features are described that are necessary to understaadstheme variations
tested in this paper (described later in Sectm2.8). Further details of MLS, including ataiéed

comparison of snowpack properties to Shi®, given in Arduini et al. (2019).

5.2.4.1Snow vertical discretization
The number of active snow layers and their associated thicknesses are defined diagnostically at

each time step before the updating of the othenow variables. The number of active layér} ié
dependent on the snow dept® and varies from one layer to a maximum of five ( ). The
topmost snow layer, in contact with the atmosphere, is assumed to be the first one, whereas layer
0 is the one in contact with the soili is determinal as the lowest number that satisfies the

following inequality fod  ph8 Aj p:

. 1
O i ©Onh 1)
where’ O is the minimum snow depth allowed for lay@lt is by default set to 0.05 m for all

layers (denoted hereafter &  for all layers). The depth of the first layer is defined as:

o~ 0 hQQ ¢O
OF o ko O 8

(52)

Note that with this choice, MLBas only one active snow layer for 1@ m. For the remaining

layers, the vertical discretization is defined as:

-t Q0 0 i

O/ ®h o 0 0. ) h  (53)
i QE——"HO  j h QW@ 0
w v p

where’O  j is the maximum snow depth allowed for thi¢h active snow layer. This effectively

means, the snowsievenly divided into the remaining layers, as long as the maximum layer depths

Fftt2¢ Add . & RSTFlLdzZ G GKSaAaS YIEAYdzy p@Bf dz8&a | NB nc
respectively. This defition of the maximum layer depths means that whaih( snow layers

are active, thd) p layer is used as the accumulation layer for thick snowpacks. This layering

allows a relatively high vertical resolution both at the interfaces to thecsjphnere above and to

the soil underneath thenowpack. Tak® p& un as an example, for this depth the snowpack

is discretized into 5 layers with thicknesses of 0.05, 0.1, 0.20, 0.75 and 0.15 m from top to bottom.
5.2.4.2Destructive metamaorphism of the snow

The density of freshly fallen snow can yaapidly with time due to metamorphic processes, that

is, the change in shape and size of snow grains once they settle in the snowpack. The rate of change
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of snow density due to destructive metamorphic procesdethe snow () is parametrized in both

SIS and MLS using the formulation introduced by Anderson (1976):

#Trc‘? HADBO Y Y Gl Aaft p " R (54)
h

where”Y j and” j are the snow temperare and siow density for each snow layer (for SIC5,
p)and®d cAZpmi ,0 T&ZPpML ,® TEmMQQ,Y cxPp@ and”
puLRA

5.2.4.3Snowsoil thermal conductivity

In SLS and MLS, the thermalipbing between the snowpack and the saiiderneath is described
using a thermal conductance between the two media)( thus the heat flux'Q) can be written
as:

"0 Yer Y R (5-5)

where"Y  is the snowtemperature of the bottom active snow layai ( p for SLS) anty is the
temperature of the topmost soil layer. Given that the heat resistances are in series, the sum of the
inverse of the conductance of each medium yields the total coteshoe ofthe snowsoil system,

that is:

R (5-6)

whereYa  and_ j are the thickness and conductivity, respectively, of the bottom active snow
layer, andY& and_ are the thickness and conductivity of the topmost soil layer. The parameter
a is set as 0.5 in SLS, whereas it was changed to 1 in MLS, as deiscAbguini et al. (2019), to
account for the additional insulation effect due to orgamaterial or vegetation between the snow

layer and the soil.

5.2.4.4S0il freezing scheme and relationship to runoff generation
Frozen soil is characterized by very differémermal and hydrological properties compared to

unfrozen (wet) soil. For instance, preitgtion infiltrates less into a frozen soil, thus more water
goes into runoff than into the soil. In ECLand, a simplified representation of unfrozen soil was
introduced by Viterbo et al. (1999) to account for the latent heat release/absorption of soilrwate
around 0 °C, reducing a pronounced cold biasiine2re temperature in the ECMWF forecasts. In
this simplified approach, the frozen water fraction in each soildéye ;iQ pi8 ) is given as a

function of the soil temperature’Y ) as:
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I QEYR Y
el YR Y Y
— ; T p i Qe - = Qe Y Yrn Y h (57)
o Yoy
w p "QE Y j Y
where Y p °C (thaw temperature) andY o0 °C (freeze temperature) are the soll

temperature thresholds for whichodl water is totally unfozen or frozen, respectively, andy[ ,
“Y ]is the temperature interval for which phase change can occur. Both SLS and MLS use this soil

freezing scheme.

The runoff generation in EGand follows the formulation described ialBamo et al. (20®), which
includes a dependency of surface runoff on soil textures as well as subgrid scale orography features
not resolved at the resolution used in the simulation. The surface runoff can be as large as 50% of
the available precipitatiorand snowmelt, forlarge standard deviation of the swdrid scale

orography and finer soil textures.

When the soil is partially frozen, the surface runoff is enhanced, as less water infiltrates and
percolates within the soil column. This soil freezing naeism is represemd by reducing the soil

hydraulic conductivity and diffusivity. This is done by computing the soil hydraulic conductivity and
diffusivity as a weighted average of the values for the unfrozen soil water fraction and for the frozen

water fraction (Balsamo eil., 2009).

As previously stated, the frozen water fraction parametrization described in Equatirhés been
developed to address temperature errors in weather forecasting applications. Such simplified
approach can have limitationsif hydrological aplications in cold regions, where the interaction

between frozen soil and runoff is key in modulating river streamflow (see e.g. Niu and Yang 2006).

5.2.5River catchment selection

The river catchments were selected for this study ontlgefy experience regulanowfall and they

have adequate river discharge observations available. Observations are selected from the Global
Runoff Data Centre (GRDC; https://www.bafg.de/GRDC/ (accessed on 20 November 2019))
supplemented by additional data bected by the Copernics Emergency Management Service for
floods in the Global flood Awareness System (GIoFAS), as described in Harrigan et al. (2020b). The
catchments and associated river discharge observations are selected with the following set of

criteria:

1 Minimum 8 years briver discharge observations in 19@018. Gaps are not considered a
problem, as long as the climatological mean can be computed for each day of the year (see

Sections.2.7);
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9 Stations in snow impacted climate, defined by fhercentage ratio of ERA5 snowfall and
total precipitation being at least 10%, based on the k@88 mean for each catchment;

1 Catchment area of at least 5000 k(e.g.,minimum of 8 river pixels);

1 Good general quality. After visual inspection of the rigiéscharge time series, the
catchments that showed observation errors, problems with station metadata (wrong or
uncertain location, etc.) or visible influence of dams &ales were excluded. To help with
identifying reservoir and lake influence, the GloBaservoir and Dam Database (GRAND;
Lehner et al., 2011) and the Global Lakes and Wetlands Database (GLWD; Lehner and Dall,
2004)) were used as visual tools.

Out of the 2119 stations in the Copernicus Emergency Management Service GIoFAS station
database wth at least 1 year of observations, 1913 met the criteria of at least 8 years of data, 889

catchments had also at least 10% snowfall ratio and 849 were additionallp00erkn? area.

=
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Figure5-1. Stationsused in this study with the number of river discharge observation years available (8 years is the
minimum). In total, 453 catchments worldwide. The darker grey shading indicates the permafrost areas (defined as the
area where the lowest soil ISyND &  afu& ¥6 bé$oDC in the ERAS climate mean ¢hof June, based on 19€018),

while the blue rectangle shows the sensitivity area defined in the permafrost. The distribution of the catchment upstream
area values is provided in the inset ®lfplease ate the area values are divided by 1000).

In total, 453 catchments were selected after the quality checks, almost entirely in the Northern
Hemisphere Kigure5-1). For the sensitivity analysis in the permafrosspacific area was defined

in the 6G;80N belt containing parts of northern Siberia, Alaska and western Canada. It focuses on
the coldest parts of the permafrost. The eastern area of Canada was omittedodie large
number of lakes in the area to avoidduly influencing of the overall resultSigure5-1 shows the
bounding box, together with the parafrost, as defined by areas of below 0 °C climatological mean
temperature in the lowest soil layer of ECLand in EieAbst of June. Within ECLand, the land use

of the catchments in the permafrost sensitivity area are mainly a mixture of tundra andIborea

forest vegetation, whereas the soil textures are mediaoarse and coarse soil types, which are
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characterized by eelatively low field capacity and higher hydraulic conductivity (for details on land

use and soil hydraulic properties see Balsamo eR@09 and Boussetta et al., 2021).

5.2.6 Verification statistics

Hydrological performance is assessed with the modifiedykBupta efficiencykge Gupta et al.,

2009; Kling et al., 2012). Tkgeis increasingly considered as the standard performance metric in
hydrology (Knoben et al., 2019; Lin et al., 2019). It can be decomposed into three components,
measuring the correl@n, bias and variability errors, which makes it an easy to interpret metric,

ideal for assessing hydrological dynamics:

0QQp NoElp — p —— p 8 (5-8)

In the kgedecompositia, pcorris the Pearson correlation coefficient between daily simulatg)n (

and observationd) time series, measuring the temporal errords the mean and is the standard
deviation of the time series. In Eq-83,— is the bias ratiowhile —— is the variability ratio, which

highlight how close the mean and the variability (normalized by the means) are in the simulated
and observed timeseries. Th&geand its three components are all dimensionledse €orrelation
ranges from-1 to +1, with +1 showing perfectly strong linear relationship and O no linear
relationship {1 being perfect inverse relationship). In thge definition, the biasand variability
ratios both range from 0 to infinity, with 1 b® the optimal value. The bias and variability errors,

used in this study, were defined by the bias and variability ratio components &ieaas follows:
©'QHi— pandd @i — ph (5-9)

This way, the optimal score value transforms to 0, highlighting the direction of the biases more
intuitively, with negative values showing underprediction, while pesibnes overprediction. To

aid comparison between different egdments, the absolute version of tHaas (abiag andvar

(avar) errors are also used. Change in these metrics can directly highlight improvement or

deterioration, while they also share thetimal value of zero.

5.2.7Daily climatology computation

The landsurface contribution to the water budget is diagnosed qualitatively at specific catchments
by using daily climatological mean time series of simulated and observed river discharge, runoff
(surfae and subsurface components), snowpack water content and snawmeporation, soil

temperature and water content (at different layers) and precipitation, computed from daily values
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in the 19862018 period. All water related variables are converted irstttbment totals as the sum
of all the grid point values in theatchment, in order to compare them directly to river discharge.

For temperature variables, the catchment averages are used.

These climatological means are computed for every day of the yelm{dary 31 December), by
applying a 24day window, centred aar the day of the year. To aid direct comparison with observed
river discharge, only those days of 198018 are considered for the climatological mean
computation, which have river dischargbservations available. For the climatological mean, the
minimumdata length was lowered to 4 years, in order to maximize the likelihood of being able to
compute the mean for every day of the year. With this choice, the climate sample size could range
from 84 values (4 years, 21 values each) to over 800 (most yeE98@2018) to compute the daily

climate mean.

5.2.8Experimental setup

In this study, the hydrological impact of the MLS is analysed on ECLandFlIaddacoupled
experiments. The runoff is producdyy ECLand, while the CaNéood model is used to produce
river dscharge by routing the runoff over the 15 arcmin (~25 km on the Equator) river network,

which is an appropriate horizontal resolution for the related meteorological forcing of ERAS5.

CaMaFload uses a 4 time step and a 24 output frequency to matchthe 24-h reporting
frequency of the river discharge observations. All experiments are generated for the ERA5 period
of 19792018, while for the hydrological analysis 198018 is used with 1979 atted to account

for the spirup in the simulations. Prelimary analysis showed that aykar spin up period is
appropriate, as a longer spin up period did not have a large influence on results but considerably

reduced the sample size.

In total, 13 experments are produced and compareligure5-2). Two experiments use SLS, while

the other 11 are produced with variations of MLS and the soil freezing parametrization in ECLand,
for analysing the hydrological setigity, focusing on permafrost areas. The very high
computational cost of running these experiments meant that it was not possible to run all
permutations of the schemes and parameters tested, instead possible modifications build on each

other incrementaly.
Singlelayer, online, fully coupled with land data assimilatiorC81LS

The first experiment involves a single CaMaod run, using the original ERAS runoff data
(downloaded from the Copernicus Climate Data Store), which is produced online with land

atmosphere coupling, including atmospheric and land data assimilation and SCOEPL
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Figure5-2. Experiments analysed in this study, describing the main simulation features including the snowsahé il
modifications for sensitivity analysis in permafrost. The experiments are displayed with the star shapes, using a short

name and a colour to help identifying them throughout the paper.

Offline experiments

All other experiments that follow includesarfaceonly (offline) ECLand simulation, without land
atmosphere coupling and land data assimilation, to produce runoff, which is then routed with
CaMaFlood. This is because online experiments with coupling and data assimilation would be
infeasible to rmn due b the very high computational cost. The offline experiments are initialized
from the ERAGS state on 1 January 1979 and forced with ERASmdace meteorological data on

~31 km horizontal resolution and hourly output frequency (see Seétdrifor further details).

Singlelayer snow scheme: SL

In order to compare the online and offline modelling approaches directly, one of the offline
experiments is run wh the SLS (SL), to be compared wittCBIS (see Zsoter et al. (20X®)ffurther

details on online/offline comparison).

Multi-layer snow scheme: ML

The first MLS experiment uses the default snow parametrization, introduced by Arduini et al. (2019)
and defwlt ECLand soil freezing parametrizations (see Sebtid) and can be considered the
default multtlayer experiment (ML).

ECLandensitivity experiments

The following 10 experiments are variations of the ECLand snow and soil freezing schemes,

designed to evaluate the river discharge sensitivit permafrost.
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Vertical snow discretization: Mert

The first change is for the verticenow discretization in MLS (Miert). It introduces thicker snow
layers over complex terrains with deep snowpack and reduces issues related with excessive melting
over mountainous regions (Boussetta et al., 2021). Complex terrain is defined as areas with
standard deviation of the sufrid scale orography over 50 m. For flat terrain anddor 1@ um
over complex terrain, the same vertical discretisation is used as in ML (described previously in
Sectionb.2.4). ForO & un over complex terrail® andO j can vary with snow deth
in Eq (51)-(5-3) as follows:

O  TEMRRbE®r| O muv A'Dp (5-10)

Emo®n| O mouv Al®p

(o B T , R (511)
[ Efwfidu | O mu A'®D e

where| T is a predefined parameter. For the examplé®f p& un (as in Sectiob.2.4),

the thickness of the 5 layers changes to 0.20, 0.25, 0.25, 0.30 and 0.25 m, which means the

snowpack is more evenly diditited for this large depth.

Destructive metamorphism of the snowLiletal and MEMeta2

The second group of changes is for the snow metamorphism. The parametrization for the
destructive metamorphism of the snow (Eg4B, as used in SL,-6DS and ML witthe default

value of® T @ dt Q'Q, implies that the rate osnow density changes due to thé? 2lensity-
dependent term in the exponential, and is active only’for p v R'Q@ , that is for relatively
fresh snowpack. Cao et al. (2020) pointed out, whlaluating soil temperature and snow
characteristics of E&5-Land in permafrost regions, that this can partly explain the underestimation
of the snow density of ERAfnd. They have argued that the underestimation of the snow density
could lead to an oveastimation of the thermal decoupling between the atmosphearal the soll
underneath. This could contribute to the warm bias of soil temperature over permafrost regions as

less heat is diffused from the soil towards the colder atmosphere above.

To addresshis, the impact of the representation of the snow density on river discharge is explored
in two experiments, by changing the value of the paraméietn the first experiment (MiMeta1),

the parameterc is varied for the five snow layerasingvalues closer to the®@mw @ Q'Q,
reported in Anderson (1976), as follows:

O T phmd vitd iR Y Y g Q0. (512)

These values are chosen as they were the best compromise in terms cbudade and
atmosphericmpact (i.e., in particular-thetre temperature) in coupled lardtmosphere forecast

experiments, which were conducted for the foreseen implementation of NHeS in operational
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weather forecasts at ECMWEF. The decreasing values towards the first (top)ssmaviniply that
the destructive metamorphic process is more active for thelsyer,whereas for the settled snow

at the bottom of the snowpack it is lesstave, whichmakesthe snowcompactionprocess slower.

Another experiment (MiMeta2) uses the origal value oo T @ dt "‘Q"Q for all snow layers,

as reported by Anderson (1976), which is a commonly used approximation isugiade models.

This later unified and low value option ab gives the opportunity to explore the maximum
sensitivity to the destructive metamorphic process of the snow in the snow density representation,
without considering the implication for the sneatmosphere coupling (g., atmospheric scores),
given that the feedback to the atmosphere is not considereithénoffline experiments presented

in this work. In coupled experiments, the impact of this change would be expected to be substantial
on the near surface variables,diR m temperature, possibly requiring an additional tuning of other
land-atmosphere copling parameters. Both experiments build on Mert by adding the snow

metamorphism corrections to the vertical snow depth discretization adjustment.

Snowsoil thermal onductivity: MECond1 and MiCond2

The next two experiments use the parameter 1@ in the snowsoil thermal conductivity
computation (Eq (%)), the same value as in SLS and reduced by half compared with MLS. Organic
material distribution is highly variable both in horizontal and vertical (within the soil) scales and its

handling reqires more sophisticated parametrizations (Decharme et al., 2016).

For this reason, in these two experiments we relax the hypothedis ofp in MLS, removing the
additional thermal insulation effects caused by organic material, effectively consideriraf tadf
topmost soil layer in the computation of the conductance between the two media (see-&Y, (5
consistently with what is danfor the other snowfree landsurface tiles of ECLand. Effectively, this
increases the thermal coupling between the snow @il and thus also increases the heat flux
between the two media in these experiments. Both experiments include the verticagtiistion
change (M/ert), while MECond1 is run together with the first snow metamorphism change in

ML-Metal and MECond2 vith the change in MiMeta2.

Soil freeze and thaw temperatures: NH1, ML-T-1/0, ML-T10 and MLT-10

The next step in the experimedesign is to test the sensitivity of river discharge simulations to the
fraction of frozen water in the soil. Soil freeziagd thawing is particularly important during the
snowmelt season, when the thermal coupling of the topmost soil layers to the aineos
increases quickly as the snow melts and phase changes of the soil water can occur. Out of the two
temperature parametes, the freeze temperature has a more direct impact on runoff generation

during the spring period, whereas the thaw temperature cogé more important for energy fluxes
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and the coupling to the atmosphere in the fall/winter season. Gouttevin et al. (20f2ested that

a shorter temperature interval for phase change works better for permafrost.

These soil temperature experiments awsrincluding the changes in Mlert and MEMetal. First,
while keeping théY at the default value of +1 °C in EqAp the”Y parameter is increased from
the default-3 to -1 °C (ME-1). Similarly, in another experiment, while keeping at the higher
level of-1 °C;Y is decreased from the default +4 0 °C (MT-1/0).

In addition, the extreme boundaries ofi¢ soil freezing contribution to river discharge are also
tested, by setting the") ,“Y ] phase change interval unreasonably high at [+10, +10.5]T(M)

and unreasonably low atJ0.5,-10] (ML:T-10). These extreme temperature thresholds allow the

soil to remain almost always or never frozen, which consequently should increase or decrease the

amount of infiltration to the soil and thus the amount of surface runoff to an extremd.leve

Optimal combination: MHOpt

Finally, a prospective experimentdefined with combinations of some evaluated changes that are
expected to work best for permafrost. MRpt combines incremental changes in Mért, ML
Meta2, MLCond2 and M{J-1 into one eperiment. This experiment aims at exploring the
interactions amonghe proposed changes, as feedbacks between different processes can be highly
non-linear. For instance, testing the proposed changes in combination can indicate if singular
madifications th& improve the river discharge simulation, actually (oyeompenste for other

sources of errors.

5.3 Resllts

5.3.1Default multilayer vs. singlayer snow schemes
The default MLS generally improves on the SLS, mainly through better bias and variability, with the

exception of some parts of the permafrost, where the midgier smulation is suboptimal.

The impact of the MLS is analysed first in this section by comparing the default parametrization
option ML with the singldayer SLKigure5-3). The ML improves the river flow predictions for the
majority of stations over the midlatitudes (about two thirds of them), with a larger cluster of
improved catchments (with highéwge) present in western/central North Americ&igure5-3a).
Thekge mean, computed across 453 catchments, is 0.43 for ML while 0.40 for SL, highlighting a
small overall improvement. However, in some higher latitude areas, especially in the northern half
of Siberiain Asia and also nearaska in North America (coinciding with the blue box permafrost
sensitivity area irFigure5-3), the river discharge performance is deteriorated in, Miith many

catchments showing a drop af least 0.0580.1 (some even above 0.3)kge
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a) kge difference (ML-SL)

River Olenek
at station of
Sukhana

0.15

0.05

-0.30 -0.15 -0.05 -0.01

d) avar difference (ML-SL)

-0.30 -0.15 -0.05

Figure5-3. Difference of performance metrics between the default riayter (ML) and the single layer (SL) sischveme
experiments, across all 453 statiorealculated on daily river discharge over 183018. (a) Modified Klingsupta
efficiency (kge) and (b) Pearson correlation (pcorr), (c) absolute bias ratio (abias) and (d) absolute variability matio (ava
Improvements in ML are indicated by blue dot¢arb), while by red dots in (c,d). Size of the dots represent the catchment
area. The sensitivity area in the permafrost is shown by blue rectangles, while the test catchment on the river Olenek at

station Sukhaa is indicated by black arrow in (a).
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Figue 5-4. Daily climatological mean time series of (a) river discharge, (b) snowmelt, (c) surface runoff, (d) subsurface
runoff, (e) water content and (f) temperatuirethe top 7 cm of the soil from-&IDS, Sdind ML experiments for the Olenek

river at the station of Sukhana in eastern Siberia (with area of 127.080 Athwater related variables are displayed as
catchment totals in order to compare them directlyriteer discharge, while for soil temperaturatchment averages are

shown (please note the values are divided by 1000 for river discharge, snowmelt and subsurface runoff and by 1.000.000
for soil water volume). The kge and its bias, var and pcorr compauenés are provided in an inset table forer

discharge.
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The improvements in midlatitudes seem to come mainly from the smaller bias embras(
decreasing), especially pronounced in central North Amefagu(e5-3c) and to a lesser extent
from the smadler variability errors gvar decreasingfigure5-3d) and higher correlationFigure
5-3b).

On the other hand, the deterioration in thedher latitudes over the permafsh seems to relate

to much higher variability errors (many catchments with an increase of at least 0.3) and to

somewhat higher bias errors and lower correlation in ML.

5.3.2ML struggles in permafrost

Analysis in Siberidemonstrates that the deterioration of thdaily river discharge representation
and the largely missed snowmaltiven flood wave is caused by too low surface runoff, which
primarily comes from warmer soil in ML, allowing more water infiltrating into thié and thus

reducing surface runoff.

A test catchment on the Olenek river in Siberia (Sukhana station from within the permafrost
sensitivity area; indicated iRigureb-3) is used to demonstrate this large negative impact through
analysing the daily cliate time series of some key water budget related sudface variables
(snowmelt, surface and subsurface runoff, soil water content andesoiperature) for SICDS, SL
and ML Figue 5-4).

The MLkproduced river éscharge is clearly inferior compared with both SL an@3E, as it shows

a much larger underestimation of the observed flood peak in Mage Figue 5-4a). Even though

the secondary flood period is better repergted by ML irAugustSeptember, due to the generally
higher river discharge with the exception of Mdyne. The deterioration of the flow is reflected in

the ML scores being the lowest across all three experiments (inset tabigue 5-4a). The only
exception is the bias ratio which is lowest for@DS. This very low negative bias is a consequence
of the snow data assimilation that removes water from the rivarkigh latitudes. It is related to
thecurrentsy 3t S I 8SNJ ay2¢ Y2RStQa GSyRSyOe G2 YStd GKS
by the assimilation system during snowmelt periods, as documented in Zsoter et al. (2019).

The snowmelt peak in Majune isslightly higher and delayed in ML, compared w#th and even

more so with SICDSKigue 5-4b). At the same time, the soil is bett@rsulated by the multlayer

snow in ML during MarcMay, as the temperature is higher by up to 2 °C than irFgjré 5-4f).

As the snow is better sulated in ML, the melting will start later during spring, which then delays
the faster soil temperature increase in ML, occurring in end of May. The surface runoff is highest in
SL and lowesh ML during Aprilune, also highlighting a similar delay searthe snowmelt peaks

(Figue 5-4c).
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The higher soil temperature in ML implies that a smaller fraction of the water is frozen in the soil,
compared b SL, during the crucial snowmelt period and more water can infiltrate into the soil,
which then reduces the amount of water that can runoff directly. The higher infiltration will
increase the water content in the soil during Maly Figure 5-4e), which will result in increased
subsurface runofffigue 5-4d). This happens with a delay, as the water needs to reach the bottom
of the soil to leave as subsurface runoff, proishgca delayed peak to around end of 38kgptember
(Figue 5-4d).

The missing river discharge in ML is clearly related to the too low surface runoff during the April
June showmelt, which period is clearly bettepresented in both SL and -8IDS. The small
differences in snowmle cannot explain the lower surface runoff amounts. If anything, it should
likely contribute to an increase in ML. In addition, the deficit in surface runoff is offset by the higher
subsurfaceunoff in ML. However, the excess water from subsurface rusmi#ads out over most
parts of the year and thus cannot compensate for the missing surface runoff during the snowmelt
flood period. Instead, the crucial aspect of the changes in ML is thersggtil temperature. This

soil temperature difference is mostitcal in the middle of May, when the snowmelt is rapidly

increasing in the catchment.

5.3.3Improving the mulifayer snow scheme performance in permafrost
In this section, the ECLand sensitivikperiments Figure5-2 and Sectiorb.2.8 are evaluated for

their ability to improve the river discharggmulation, focusing on permafrost.

5.3.3.1Impact of the ECLand experiments on a tagtloment in Siberia
The ECLand permafrost sensitivity experiments are demonstrated to increase the surface runoff in

a test catchment in permafrost, by primarily making thd solder through a series of incremental
changes in the snow and soil freezireggmetrizations, including modifications of the snow vertical
discretization, snow density metamorphism, snewil thermal conductivity and soil freeze
temperature.

In the Sukhna test catchment, the modifications are clearly effective in altering the amof
water distributed amongst different parts of the water budg€igure5-5). Generally, the impact
on snowmelt Figure5-5b) is the smallest (maximum of a few daysayeand a slight change in
maghnitude), while alliner variables show much larger variability between the experimefitgute
5-5a,af).
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Figure5-5. Daily climatologal mean time series of (a) river discharge, (b) snowmelt, (c) surface runoff, (d) subsurface
runoff, (e) water content temperature in the top 7 cm of the soil from MLYBIt, Ml-Metal, ML:Meta2, ML-=Cond1 ML-

Cond2, MiT-1, ML-T-1/0, ML-T-10, ML:T10 andML-Opt experiments for the Olenek river at the station of Sukhana in
eastern Siberia (with area of 127,000 ImAll water related variables are displayed as catchment totals in order to
compare them direty to river discharge, while for soil temperatuatchment averages are shown (please note the
values are divided by 1000 for river discharge, snowmelt and subsurface runoff and by 1,000,000 for soil water volume).

Thekgeand itshias varand pcorrcomponent scores are provided in an inset table feerdischarge.

Chapter 5Hydrological Impact of the New ECMWF Muliyer Snow Scheme




93

The surface runoff shows very large sensitivity to the ECLand changes-ltuiMgycoinciding with

the main snowmelt periodHigure5-5c). The river discharge behaviodigure5-5a) is directly
determined by the variabtly in surface runoff in this period. The vertical discretization adjustment
(ML-Vert), which is active for about 25% of the test catchment area, usually during Odtztyer

and the combinatin with the first snow metamorphism change (Metal) both add smia
increase. However, Ml/ert combined with the second snow metamorphism setting {(idta2)
produces a much larger impact on surface runoff. On the other hand, the change in surface
conductiity does not appear to be effective as bothMiletal with M-Cond. and MEMeta2 with
ML-Cond2 (both pairs sharing the same snow metamorphism change respectively) show similar

levels of surface runoff.

The experiments with the largest impact on surfaceafii{and thus river discharge) are those
including changes of theoil freezing. The experiments of Ml and MET-1/0 help reaching the
surface runoff level of SL by resetting the freeze temperaturd ®C and the thaw temperature to

0 °C. MEOpt showseven further improvement with a surface runoff peak that closagtches the

shape and magnitude of the observed river discharge until middle of June. This is achieved by the
combined impact of the vertical discretization, second snow metamorphism, sucfamductivity

and freeze temperature changes. On the extreme ehdhe spectrum, the MIT10 experiment
shows too high surface runoff, by setting the freeze and thaw temperatures to an unrealistically

high level (at around +10 °C), consequently partitigninuch of the runoff into surface runoff.

The soil temperature @nges are in agreement with the surface runoff behaviour described above.
The soil is warmest in ML, while it gradually gets colder by the ECLand modifichiognneg-5f).

The soil is coldest for MDpt and the two extreme temperature experiments, NH10 and ML

T10, during the main snowmelt season in Maktay. The cooling soil means, the temperature will
be more and more likely closer or belovetfieeze temperature threshold;), which progressively
decreases the infiltration into the soil. This leads to generally reduced soil water coRigote
5-5e) and decreased subsurface rund¥igure5-5d), although with large variability depending on

the actual parametrization changes and the tiofeyear.

The kge and the three component scores (inset tablesFigure5-5a,b) @nfirm the gradually
improving behaviour of these experiments fromLMo ML-Opt, through the introduction of the
incremental ECLand parametrization changes.biéa&®mproves from0.17 t0-0.06,varfrom -0.66

to -0.17,pcorrfrom 0.51 to 0.71 and finallthe kgefrom 0.16 to 0.75, representing a very large

jump in skill.
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5.3.3.2Impact of the ECLand experiments in permafrost
The series of ECLand experiments are shown to provide widespread improvement for river

discharge in the permafrost sensitivity area, basedadh anailable catchments. They result mainly
in reduced bias and variability errors, with optimal performance achieved by theOpiL
experiment, including the combined changes of vertical discretization, second snow

metamorphism, surface conductivity afitezetemperature.

The 69 catchments, found in the sensitivity area defined in thé8@9 latitude belt over the
permafrost Figureb-1), were collectively analysed to see if the conclusions obtained from the tes
catchment in Siberia can be generalized to the permafiigure5-6 provides a visual summary of

the overall performance in simulating river discharge, averaged over the sensitivity area, where the
default confguration ML performs unfavourably. Each experimsntepresented by a dot in & 3

dimensional graph showingas (x-axis),var (y-axis) andocorr(symbol size).
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Figure5-6. Scatter plot of area average ses for the 13 analysed experiments. The scores are computed from 69
catchments in the 6§80 N belt of the permafrost (séegure5-1 for the area). The size of the dots represents pcorr. The
outlier ML:T10 is displayed in an irisgraph for better readability. The area average score values are provided for all
analysed experiments in the inset table.

The ECLand parametrization changes effective to improve the simulation of river flow in the
permafrost area, in particular theids and variability errors, which improve from NH10 to ML-

Opt (see also the average scores of 69 catchments in an inset tdbtguiie5-6). The correlation is
less impacted by the modifications, the differermetween all experiments is mostly within a few

percent (the two extremes have averagerrelation of 0.59 (SCDS) and 0.71 (ML10)).
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The furthest from the optimum [O; Obiagvar point are the MET-10 and MET10 extreme
temperature experiments. Nevertless, the highest average correlation is achieved with the
positive extreme, when theasl remains mostly frozen. The fact that an unrealistically extreme
setup simulation, with excess surface runoff, produces the highest correlation shows that the
current land-surface process representation in ECLand is still suboptimal in the permafrenst, e
after the parametrization changes. Another outlier is the online produce@[3%&, which has lower
scores, especially the very low negative bias, due to the snowatsiailation removing water
from the rivers in the northern latitudes, as a compengatfor the slow snowmelt in SLS (Zsoter

et al., 2019).

Overall, there is a notable improvement achieved by the ECLand experiments, shown by the
increase irkgefrom 0.42(ML) to 0.54 (MiOpt), while the singkdayer experiments highlight lower
kgeof 0.48(SL) and 0.39 ($1DS).

5.3.4Global impact of the ECLand experiments

The changes in the snow and soil parametrization schemes in ECLand could improve the river
discharge inlte permafrost sensitivity area in eastern Siberia and Alaska. However, in other areas
these changes are dominantly suboptimal, as the difference betweerOML the highest

performing ECLand experiment, and ML highlightgure5-7).

Theworst ML-Opt performance is found in the western part of USA, Canada and catchments in
central Asia, directly in those areas where ML could improve the most on Sigee5-2).
Interestingly, the Canadian Arctic regions (Nunavut) do not show similarly improving results to
other permafrost regions. One source of error, which can contribute to this, is the underlaying
physiographic data used to drive the simulations, e.g., lake coversBia<®t al. (2021) showed

that recent lake cover datasets are substantially differeonf those used in this work for the
Nunavut region. The use of more realistic physiographic data will be explored in future work.
Furthermore, unrepresented physical quesses in the langurface model can affect the
hydrological cycle of these regionsge winddriven sublimation of the snowpack which can change
the amount of snow mass available for melting at the end of the season. Similarly, the handling of
frozen Bkes with, e.g., snow not accumulating on top of lake ice in ECLand, may introduce

compensating errors with the changes tested in 1@pt.

Nevertheless, even though only about one third of the stations show improvement Eyp¥lthe
globally averaged scaseshow that ML is only slightly better (inset tablé=igure5-7). Moreover,
the score variability amongst all the experiments, in general, is quite small as well. The only real

exception is MT10 that has veryolv scores throughout. Thgeographical maps of the kge
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differences between the experiments (from Mert to MLT10) and ML is provided in the

Supplementary Materials (Figuress3- 5-S9).

The deterioration of MIOpt and the other ECLand experiments indexilclimate areas is reted

to the surface runoff increase during the snowmelt period, demonstrated earlier. Especially in
catchments where the bias in ML (and similarly in SL) was originally positive, e.g., around the
Rockies (as suggested by Zsoter let(2019)), any furthemicrease in snowmeltelated surface

runoff will dominantly be detrimental and contribute to further increased bias and thus lager

River Olenek
at station of
Sukhana

bias
SL-CDS -0.02
SL 0.23
0.18

0.19

etal 0.19
0.20
ML-Condl 0.20
0.21

ML-T-1 0.21
ML-T-1/0 0.23
0.15
1.39
0.23

Figure5-7. Difference of the modified KligGupta efficiency (kgepetween MEOpt and ML. Blue areas show better
performance in MiOpt, while red indicates better performance in ML. The sensitivity area in the permafrost is shown by
blue rectangles, while the test catchment on river Olenek at st&tidinana is indicatdaly black arrow. The area average

scores are provided for all analysed experiments in the inset table

5.4 Discussion

It was shown in this study that the MLS has an improved representation of the hydrology, with the
notable exception of th coldest areas in parafrost, where the SLS is superior. To improve the
MLS hydrological representation in permafrost, modifications of the ECLand snow and soil freezing
schemes were tested. It was shown that a series of incremental changes could nigticeatove

the quality of the river discharge simulation over a large area in permafrost, primarily through
decreasing the soil temperature and thus increasing the amount of surface runoff in the critical

spring snowmelt period.
Improving the hydrologicadrocess representation

The results have demonstrated that the use of uniform parameters in ECLand in the snow and soil
freezing schemes, currently applied in ECLand, are too simplistic and will not work for both the
permafrost and norpermafrost areas in e snowimpacted climé&. Spatially variable

parametrization for variables, such asin the destructive metamorphism of the snow,in the
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snowsoil thermal conductivity ands freeze temperature in the soil freezing scheme, explored in
this work, promise to bring a more lzanced approach for delivering improved hydrological process

representation.

However, this could technically be complex to implement in ECLand and needs a substantial amount
of further research. As a first step, the parametrization part of ECLand haglydoeen refactored

(by removing hare&coded parameter valuesnd the Multiscale Parameter Regionalization (MPR;
Schweppe et al., 2021) has been implemented for estimation of spatially varying parameters. This
change will make it easier in the future to won aspects of ECLand, such as the one explored in

this studyfor the snow and soil parametrization impact on hydrology.

This study has also contributed to the understanding of the hydrological importance of each tested
change in the ECLand parametrigatiwhich could be based on the average verification metrics in
the permafrost (distance between dots Figure5-6), supported by the landurface processes

representation at the example catchmenrigure5-5).

The thaw temperature gdstment from +1 to O brought deterioration, while all other changes
could improve river discharge. The smallest improvement seems to come from thessilow
thermal conductivity adjustment (updated Ib), closely followedthe first snow metamorphism
charge (variablec)). The snow vertical discretization change looks to bring larger improvements
(adjustment over complex terrain), while the second snow metamorphism change (urifpisn
even more beneficial in the permafb Finally, the biggest contribution appearsctume from the
adjustment of the lower temperature threshold in the soil freezing scheme (freeze temperature)
from-3 to-1 °C.

Landsurface modelling challenges

Due to the presence of a unique soil column within a grid cell ibd®@, the soil temperatermay

be largely affected by the repartitioning of the sghd tiled surfaces, as these can be characterized

by different surface energy fluxes. In high latitudiiring transition seasons (e.g., snow
accumulation and ablation), the tile fraction subdigisidepends on the snow cover fraction,
exerting a large control on the heat flux conducted through the soil (Slater et al., 2001; Yang et al.,
1997; Bélair et al.2003b). When the snow cover fraction is less than one, part of the soil directly
interacts wth the atmosphere above, without the thermal insulation effect of the snowpack. This
in turn, may affect the soil temperature and therefore the fraction of firozeater within the soil.
Future modelling work should evaluate the hydrological sensitivityshow cover fraction
parametrization in global landurface simulations (see for example Niu and Yang, 2007),

considering the combined effect that this can havetbe soil below and the atmosphere above.
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In addition, future modelling work should also avale the effect of unrepresented or poorly
represented hydrological processes in ECLand. These include, for exampidriwémd snow
sublimation, snow interceptio by forests, as well as of a more physically complex representation
of frozen/unfrozen watemphases in the soil column, which all promise to bring benefits to the
hydrological cycle, especially in permafrost regions (see for instance Koren et al., 2@idetal.,
2017; Niu and Yang, 2006). Moreover, the impact of a deeper soil column, witioadtivertical
layers, has also been shown to work better for permafrost simulation in-damce models
(Melton et al., 2019). More complex models for hyagital applications in higlatitude regions
have been proposed in the literature (e.g., NindaYang, 2007; Melton et al., 2019; Clark et al.,

2021). Their implementation in ECLand could be considered in the future.
Relevance for ECMWF

The next operationdFS cycle (48r1) of ECMWEF will include nteyeer snow representation. Based
on this studythe slightly modified version of MMetal was selected for operationalization, which
includes the snow vertical discretization and first snow metamorphism clsangetop of the
default ML configuration. The results of this study highlighted that this sisow model did show
moderate hydrological improvements in permafrost and could still retain most of the good

performance of the default MLS in other areas.
Earthsystem modelling implications

Modelling improvements in the Earth system process represematimch as the use of any
prospective MLS version explored in this study, require thorough testing in coupled forecast mode
with data assimilation, similarly a® iArduini et al. (2019). This is necessary to check the
transferability of the offlinedemonstated hydrological improvements, and make sure other
variables, such as-etre temperature and surface fluxes of sensible and latent heat, will not

deteriorate.

This study has proven that further development of the snow and soil parametrizations in E€Land
crucial to achieve better hydrological performance everywhere globally; however, it could not be

part of this study and will only be explored in the futureamsimportant research area.

The success of helping the operational development of the ECtgh&® St Q& ay2¢ O2YLR Yy Sy
shown that hydrological studies, such as the work presented in this paper, have great potential to

help improve the langurface realis in Earth system models and can contribute to improvements

in not just the hydrological vaiides, such as river discharge, but potentially other components of

the Earth system as well.
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Limitations of the study

The authors acknowledge that even with the best care taken in the experimental setup of this study,
some limitations remain. The netwodf analysed catchments is still undepresentative in some
areas, also with the relatively short minimum observatiength of eight years as a compromise.
Similarly, this study was not designed to be a full sensitivity experiment for theslatface
processes in the permafrost, which would have required a much higher computational cost. In
addition, the choice of testig ECLand changes in MLS was because of practical reasons, but most
of the modifications would be expected to show improvements in alaimianner even if tested
within the SLS.

5.5 Conclusions

The representation of snow is a crucial aspect of {amdace malelling, as it has a strong influence

on the energy and water balances. Snow schemes with multiple layers can better represent the
snowpak evolution and bring improvements on singgger schemes in simulating the snow

processes and contribute to betteoi$ freezing and hydrological cycle.

In this paper, the hydrological impact of the MLS, implemented in ECLand, was analyzed globally
with ERASorced experiments over the period of 1972018. The CaM&lood model was used to
generate river discharge fronmé ECLand runoff output, allowing direct comparison with gauged
observations over more than 400 snempacted catchments. Different setigity experiments

were conducted to evaluate the impact of changes in the ECLand snow and soil freezing schemes

on theterrestrial hydrological processes, with particular focus on permafrost.

It was found that while the default MLS generally improvesrher discharge simulation, mainly
through better bias and variability errors, the performance is suboptimal in laages pf the high
latitude permafrost regions. The analysis of the climatological mean time series, in a test catchment
in Siberia, demorigated that the largely underestimated snowmadtiven floods in late spring to

early summer are caused by too low sué runoff. The MLS better insulates the soil, which allows

more water to infiltrate into the soil and thus surface runoff is reduced.

It was also found that the ECLand experiments provide widespread improvement for river discharge
in the sensitivity areagefined in permafrost. The incremental changes of the snow vertical
discretization, destructive metamorphism, sneweil thermal conductity and soil freeze
temperature lead to gradually colder soil, which resulted in increased surface runoff and thess bet
river discharge simulation during the critical snowrmdiiven flood period. The MOpt
experiment, as the combination of the bestrpaming ECLand changes, has shown higher overall

kge, mainly through reduced bias and variability errors.
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The resultspresented here, have directly influenced the MLS version that will be introduced in the
next Integrated Forecasting System cycle of EGM@8rl). This has demonstrated that
hydrological analyses, such as the work presented in this paper, can providéubplagorm to
diagnose areas where improvements are needed in the land surface representation of the Earth

system models.
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Contribution of this chapter tothe thesis.¢ KA & OKIF LJG SNJ I RR E®liaieShe (1KS 2062
hydrological impact of the complexity of the snow scleeim the landsurface models in reanalysis

AAYdzZ  GA2yas gA0K aLISOALFE F20dza 2y O2f RatOf AYFGS |
by replacing the singlayer snow scheme with a physically more complex riajter scheme can

improve the river ibcharge reanalysis simulations. The chapter also highlighted that in the coldest

areas of permafrost, river discharge could only be iomed by further adjustments of the snow

and soil freezing parametrisations.
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5.6 Supplementary figures

kge difference (ML-Vert - ML)
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Figure5-S1. Difference of the Klirgupta efficiency (kge) between Mlert, the experiment with modified snow vertical
discretisation ovecomplex terrain with at least 25 cm snow depth, and ML, the default-shaykr experiment, across all
453 stations, calculated on daily river discharge over 12808. Improvements in Mert are indicated by blue dots. Size

of the dots represent the tehment area.
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Figure5-S2. As Figure-S1, but kgelifference between MMetal (the ® modification of the destructive metamorphism

of the snow with variablevparameter values across the snow layers, together witividit) and ML.
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kge difference (ML-Meta2 - ML)
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Figure5-S3. As Figure-51, but kge difference beaen ML:Meta2 (the 2d modification of the destructive metamorphism

of the snow with onevwparameter value as in Anderson et@976), together with MEVert) and ML

kge difference (ML-Cond1 - ML)
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Figure5-S4. As Figure-S1, but kgedifference between MLCondl (MiMetal together with the snowsoil thermal

conductivity computation with the revised parametgr(d.5) and ML.

Figure5-S5. As Figure-S1, but kge difference betweenl¥ond2 (MiMeta2 together with the sowsoil thermal

conductivity computation with the revised parametgrd.5) and ML.
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