
Article

ECLand: The ECMWF Land surface modelling system

Souhail Boussetta 1, Gianpaolo Balsamo 1, Gabriele Arduini1, Emanuel Dutra2,3, Joe
McNorton1, Margarita Choulga1, Anna Agustí-Panareda1, Anton Beljaars1, Nils Wedi1,

Joaquín Munõz-Sabater1, Patricia De Rosnay1, Irina Sandu1, Ioan Hadade1, Glenn
Carver1, Cinzia Mazzetti1, Christel Prudhomme1, Dai Yamazaki4, Ervin Zsoter 1

1 European Centre for Medium-Range Weather Forecasts, Shinfield Park, Reading RG2 9AX, UK 1;
Souhail.Boussetta@ecmwf.int (S.B.)

2 Instituto Português do Mar e da Atmosfera, 1749-077 Lisbon, Portugal emanuel.dutra@ipma.pt (E.D.)
3 Instituto Dom Luiz, IDL, Faculty of Sciences, University of Lisbon, 1749-016 Lisbon, Portugal;
4 Institute of Industrial Science, The University of Tokyo, Tokyo, Japan; yamadai@rainbow.iis.u-tokyo.ac.jp

(D.Y.)
* Correspondence: souhail.boussetta@ecmwf.int (S.B.); gianpaolo.balsamo@ecmwf.int (G.B.)

Version April 19, 2021 submitted to Atmosphere

Abstract: The land-surface developments of the European Centre for Medium-range Weather1

Forecasts (ECMWF) are based on the Carbon-Hydrology Tiled Scheme for Surface Exchanges over2

Land (CHTESSEL) and form an integral part of the Integrated Forecasting System (IFS), supporting3

a wide range of global weather, climate and environmental applications. In order to structure,4

coordinate and focus future developments and benefit from international collaboration in new areas,5

a flexible system named ECLand which would facilitates modular extensions to support numerical6

weather prediction (NWP) and society-relevant operational services, e.g. Copernicus, is presented .7

This paper introduces recent examples of novel ECLand developments on (i) vegetation, (ii) snow,8

(iii) soil, (iv) open water/lake (v) river/inundation, and (vi) urban areas. The developments are9

evaluated separately with long-range, atmosphere-forced surface offline simulations, and coupled10

land-atmosphere-ocean experiments. This illustrates the benchmark criteria for assessing both,11

process fidelity with regards to land surface fluxes and reservoirs of the water-energy-carbon exchange12

on the one hand, and on the other hand the requirements of ECMWF’s NWP, climate and atmospheric13

composition monitoring services using an Earth system assimilation prediction framework.14

Keywords: Land-surface modelling system; hydrology; carbon; surface energy balance; open water;15

snow16

1. Introduction17

Land surface models (LSMs) describe the exchanges of the global energy, water, and carbon18

fluxes with the land surface and improve our monitoring capacity to predict natural resources and19

their evolution in time. Besides providing boundary and initial conditions to Numerical Weather20

Prediction (NWP) systems and Earth System Models in general, land surface models also provide the21

terrestrial component for several research and operational applications depending on the represented22

processes and their degree of complexity. LSMs are nowadays used in scales ranging from local to23

global and sub-hourly to centennial scales through multiple applications going from climate change to24

hydrological and biogeophysical cycles such us floods and droughts or agriculture and CO2 monitoring25

[1–4].26

The ECMWF land surface schemes [5–7] are an essential component of the Integrated Forecasting27

System (IFS) but form also a self-standing model that can be integrated with specified meteorological28

forcing. In recent years, owing also to modularity of testing in offline and coupled applications,29
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the land-surface modelling activity at ECMWF has been substantially and continuously expanded.30

An improved soil hydrology [8], a new snow scheme [9] and a multi-year satellite-based vegetation31

climatology [10] have been included in the operational IFS. These have had a positive impact on both32

the global hydrological water cycle and near-surface atmospheric variables compared to the original33

TESSEL (Tiled ECMWF Scheme for Surface Exchanges over Land) scheme used in ECMWF ERA-4034

reanalysis [11] and in the ERA-Interim reanalysis [12], compared to HTESSEL used in ERA5 [13]35

and ERA5Land [14]. In particular the soil hydrology enhanced the quality of seasonal predictions36

during extreme events associated with soil moisture-precipitation feedback as in the European summer37

heat-wave in 2003 [15]. The new snow scheme improved the thermal energy exchange at the surface38

with a substantial reduction of near-surface temperature errors in snow-dominated areas (i.e. northern39

territories of Eurasia and Canada) [16]. More recently, the introduction of a monthly climatology40

for vegetation Leaf Area Index (LAI) to replace the fixed maximum LAI has shown a reduction of41

near-surface temperature errors in the tropical and mid-latitude areas, particularly evident in Boreal42

spring and summer. At the same time the bare ground evaporation has been enhanced over deserts by43

adopting a lower stress threshold than for vegetation. This is in agreement with experimental findings44

(e.g. [17]) and results in a more realistic soil moisture for dry-lands. Beyond the important day-to-day45

experience of running the land-surface scheme in an operational NWP environment, the participation46

in international projects such as GLACE2 (Global Land-Atmosphere Coupling Experiment-2) and47

AMMA (African Monsoon Multidisciplinary Analysis, [18]), in which the ECMWF IFS model was48

coupled with a realistic set of soil moisture fields, have improved the understanding of the mechanisms49

and areas of strong coupling between the land surface and the atmosphere.50

With a continuous increase in spatial resolution and more broad applications of LSMs, as well51

as the growing availability of a range of diverse observations, a clear need for a more complex and52

accurate process representation is emerging. This continuous research effort aims at improving the53

land surface model parametrization for better surface prediction and ultimately better NWP and54

atmospheric composition forecasts. The current improvements are targeting different components55

of the land surface model, namely, the vegetation parametrization, the snow component, the soil56

hydrology, the open water/lake parametrization and also the representation of urban areas.57

Figure 1. ECLand system components and its prospective evolution and interactions with external
projects and services elements as part of the full Integrated Forecasting System.
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An efficient and scalable land surface system is essential for a routine NWP and service58

environment and can facilitate a paradigm shift for an Earth-Observation driven model development59

(Balsamo et al. [19]) under an Earth System framework, while linking with new possibilities brought by60

machine learning and Artificial Intelligence (AI) tools (Reichstein et al. [20]). The ECMWF land surface61

model has evolved as a modelling system (ECLand) that would facilitates such modular extensions62

for the benefit of efficient developments and external collaborations. Figure 1 illustrates the ECLand63

system components and its prospective evolution elements as it would interact with external projects64

and modular added services, being part of the full Integrated forecasting system. Important criteria65

for incorporating land-surface developments into ECLand are: Observability, e.g. EO-data driven66

Calibration/Validation and Initialization, and added complexity if there is a route to successfully67

initialise and verify; Relevance for NWP and Copernicus applications, e.g. leading to a substantial68

product enhancement; Impact on coupled Earth System forecast performance and key products, e.g.69

improving NWP, extended range or seasonal atmospheric forecast skill, or providing skilful products70

for Copernicus services.71

There is a long track record of participation in model intercomparison projects facilitated by WMO72

(e.g. GEWEX, WGNE), which above all verifies and validates different approaches, and sets standards73

for model development while identifying and publicising systematic model errors, model uncertainty74

and shortcomings. It also illustrates needs for added complexity and thus makes the case for any of the75

above criteria, namely observability, relevance, or impact. Meaningful examples are PLUMBER [21,22]76

dedicated to benchmarking, or the EartH2Observe FP7 project [23] where ECMWF provided high77

quality standardly formatted global meteorological forcing and coordinated a first multi-model Water78

Resources Reanalysis based on ERA-Interim/Land experience [24]. For hydrology, C3S assets such as79

ERA5L [14] motivated the ULYSSES project within the C3S sectoral hydrological applications with80

an offline multi-model stream. For Carbon, the CHE Horizon 2020 project [25] within the ECMWF81

CO2 activities, have established ECMWF as a European CO2 monitoring integrator and will within82

CoCO2 project coordinate a land multi-model benchmarking activity. This will be supported by83

experience gained within the Numerical Weather Prediction, for which a set of land-atmosphere84

coupling development priorities have been defined [26].85

This paper describes the ECMWF land surface modelling system ECLand and a snapshot of its86

new developments. ECLand is based on the previous CHTESSEL parametrization with recent new87

developments focusing on the improvement of NWP within an earth system modeling concept. The88

recent developments aim at supporting new research questions in weather, hydrology, climate and89

environmental applications, ultimately at global kilometric-scale spatial resolution.90

The configuration used in ECMWF’s operational NWP is described in the next section (model91

description), followed by ongoing developments aimed at improving the model and its application in92

the model developments section. An evaluation of the different new components is then performed,93

depending on the nature of the change with offline and/or coupled simulations, in section 4 (evaluation94

of model developments) and a final section presents a summary and future perspectives.95

2. Model description96

This section introduces the current land surface parameterisation operationally used at ECMWF.97

It describes the representation of the land surface fluxes of energy, water and carbon, and where98

appropriate, corresponding sub-surface quantities. The main surface scheme parameterisation99

structures were set with the Tiled ECMWF Scheme for Surface Exchanges over Land [5–7]. At100

the interface between the surface and the atmosphere, each grid-box is divided into fractions (tiles),101

with currently seven fractions over land (bare ground, low and high vegetation, intercepted water,102

shaded and exposed snow and lake) and up to two fractions over sea and freshwater bodies (open103

and frozen water). Each fraction has its own properties defining separate heat and water fluxes used104

in an energy balance equation solved for the tile skin temperature (see the supplementary material105
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for detailed formulation). Special attention is devoted to the different physical mechanisms limiting106

evaporation of bare ground and vegetated surfaces.107

One of the important characteristics of the ECMWF land surface scheme is the short time scale108

associated with the skin layer, that allows the skin temperature equation to be solved implicitly together109

with the vertical turbulent transport in the boundary layer, as a natural integrated way within the IFS.110

In a fully implicit approach, the tiles’ skin temperatures depend on each other and can not be solved111

independently. Therefore the coupling approach suggested by Best et al. [27], which allows for such a112

solution, is used.113

A revised land surface hydrology [8] was introduced to address shortcomings of the previous114

version, specifically the lack of surface runoff and the choice of a global uniform soil texture. New115

infiltration and runoff schemes were introduced with a dependency on the soil texture and standard116

deviation of orography. The snowpack is treated taking into account thermal insulation properties,117

snow density, interception of rain and the evolution of the albedo due to metamorphism aging118

processes [9,28].119

Over land, the skin temperature is in thermal contact with a multi-layer soil (currently 4 layers, cf120

section 3.3) or with a snow layer mantle overlying the soil, if snow is present (section 3.2.1). The snow121

temperature varies due to the combined effect of top energy fluxes, basal heat flux and the melt energy.122

The soil heat budget follows a Fourier diffusion law, modified to take into account the thermal effects123

of soil water phase changes. The energy equation is solved with a net ground heat flux as the top124

boundary condition and a zero-flux at the bottom. Further details are described in the supplementary125

material.126

Snowfall is collected in the snow mantle, which is in turn depleted by snowmelt, contributing to127

surface runoff and infiltration. A fraction of the rainfall is collected both by the snow mantle and by an128

interception layer, where the remaining fraction (throughfall) is partitioned between surface runoff129

and infiltration. Subsurface water fluxes are determined by Darcy’s law, used in a soil water equation130

solved with a multi-layer discretization shared with the heat budget equation. The top boundary131

condition is infiltration plus surface evaporation, free drainage is assumed at the bottom; each layer has132

an additional sink of water in the form of root extraction over vegetated areas. The seasonal evolution133

of the vegetation growth modulates the evapotranspiration [29], and a revised formulation of the bare134

soil evaporation improves the realism of soil-atmosphere water transfer over sparsely vegetated areas135

and deserts [30].136

The land surface exchange of carbon dioxide (CO2), which represents an essential component of137

the green-house-gases global budget, has been added [10] to enable the interaction with atmospheric138

CO2 concentration in environmental forecasting applications. Land CO2 responds to meteorological139

and climate disturbances and is modulated by the natural biomes diversity and their stress conditions.140

The main photosynthesis processes fixing carbon dioxide into biomass and releasing carbon dioxide via141

land biogenic processes are parametrized, while land carbon stocks are made dependent on land-use.142

The carbon parametrization is modular to the land surface scheme water cycle parametrization and it143

introduces the capability of interacting with the atmospheric CO2 concentrations for global monitoring144

and prediction purposes.145

Finally, open water tiles classified as lakes and any subgrid water area are treated by a dedicated146

mixed layer model (31, 32, 33). Open ocean points have a specified surface temperature driven by147

initial and boundary conditions that in ocean coupled simulations are driven by the ocean model148

tendency. Sea-ice occupies a fraction of the grid box specified by a sea-ice cover, while lakes and coastal149

ice are treated by dedicated prognostic variables in the lake model. The sea ice prognostic temperatures150

are evolving in the forecast following the heat budget of a four-layer ice model in thermal contact with151

underlying ocean at freezing temperature. The lakes and coastal ice temperatures evolve following a152

single layer ice scheme with an underlying water at freezing temperature.153

The CO2-enabled land surface scheme, which includes the lake and subgrid water treatment, is154

the version currently used in the operational IFS system (CY47R1) and is also the base of the ERA5Land155
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land reanalysis [14]. For the sake of completeness, a detailed mathematical description of its different156

components is provided in the supplementary materials and the related cited papers. In this paper, the157

model configuration based on operational IFS cycle (CY47R1) supporting daily forecasting from June158

2020 will be referred to as the "current" model version.159

ECLand encompasses the current model version, operational in 2021 and results from research160

developments that are foreseen entering in upcoming model upgrades and detailed in the next section.161

3. Model development162

A continuous effort is made to improve the realism of surface-atmosphere interactions and to keep163

the model up-to-date with regard to state-of-the-art developments. The efforts described below are164

motivated by (i) the need to reduce biases and deal with compensating errors within the coupled NWP165

framework [26], (ii) the need to improve process-based parametrizations given the continuous increase166

in spatial resolution and the broader application spectrum, and (iii) the need to use more accurate and167

up-to-date ancillary data to deal with very high spatial resolution and reduce representativity errors.168

Hereafter we introduce ongoing research work with different levels of maturity which are available in169

ECLand as configurations that can be activated independently or jointly. These developments are also170

categorised as ready for operational implementation or operationally viable for upcoming cycles.171

3.1. Land biosphere representation172

The vegetation developments that compose the land biosphere model are twofold, one focuses on173

the upgrade of the vegetation related maps, the other focuses on the improvement of the vegetation174

dynamics in time.175

3.1.1. Land use/Land cover and Leaf Area Index176

Current Land Use/Land Cover (LU/LC) are from the dated GLCCv1.2 data ([34] which is based177

on observations from the Advanced Very High Resolution Radiometer(AVHRR) covering 1992-1993.178

An upgrade to more accurate and up-to-date vegetation LU/LC maps is introduced with a new179

automated framework that enables an easy use of the latest maps. These new maps are based on the180

ESA-CCI LU/LC brokered through the Copernicus Climate Change Services (C3S) which provides181

consistent maps at 300 m spatial resolution on an annual basis from 1992 to present (currently 2019).182

The maps have a total of 22 land cover classes based on the land cover classification system (LCCS)183

developed by the United Nations Food and Agriculture Organization (UN FAO). To be used in the184

model, the 22 LCCS classes are converted to the Biosphere-Atmosphere Transfer Scheme (BATS) classes185

through a new cross-walking table which allows removing “residual” (non pure) vegetation types such186

as the interrupted forest (which covers about 25% of the land points in the current ECMWF maps. It is187

important to note that having actual/pure plant types allows a better characterization of the model188

parameters, especially for parameters based on observed quantities.189

The difference in high and low vegetation covers between ESA-CCI and GLCCv1.2 based maps190

(Figure 2 ) shows an increase of low vegetation cover at the expense of the high vegetation cover in191

forest areas and a decrease of low vegetation cover favouring more bareground, especially over the192

Siberian and Australian deserts. The vegetation types show a split of the mixed and interrupted forest193

types between pure forest and low vegetation types. These differences suggest a substantial impact on194

the energy fluxes which will be explored in the evaluation section.195

Additional developments are focused on improving the model phenology and its seasonality196

which is represented in the model by the Leaf Area Index (LAI). To be used in the model with the tiles197

concept, the LAI needs to be split into low and high vegetation components. An update of this LAI198

disaggregation operator is developed. The current operator tends to overestimate the LAI during the199

transition periods (spring and autumn), while the new operator is more conservative of the observed200

LAI. The currently used operator relies on a LAI lookup table that represents the yearly maximum LAI201

per vegetation type and applies a seasonal cycle based on a MODIS LAI climatology [10]. The new202
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a) High vegetation cover difference

b) Low vegetation cover difference

Figure 2. Vegetation cover difference: ESA-CCI - GLCCv1.2 based maps

operator extracts a seasonally varying LAI lookup table per vegetation type. In combination with the203

vegetation types map it defines the ratio of low and high LAI components which is then applied to204

disaggregate the satellite based climatological LAI. The revised operator allows thus to derive low205

and high LAI climatology components which when combined tend to conserve the observed total LAI206

climatology, in particular for the transition seasons. It also prepares for an operational assimilation of207

the LAI to allow better monitoring of the surface conditions inter-annual variability and representation208

of extremes as found in Boussetta et al. [35]. Following the changes in the high and low vegetation209

coverages, figure 3 shows that for July the new LAI components tend to increase for high vegetation210

by up to 80%, while for low vegetation it mostly decreases by up to 60% in low vegetation dominated211

areas. In January (not shown) both low and high vegetation LAI tend to decrease by up to 80%212

compared to the current values.213

3.1.2. Dynamic vegetation214

Taking into account vegetation dynamics in ECLand involves two different steps: in the first,215

dynamical vegetation cover is considered, and for the second, a prognostic phenology is developed.216

Seasonal vegetation cover217
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a) High vegetation LAI difference

b) Low vegetation LAI difference

Figure 3. LAI differences for the month of July: Conservative disaggregation - Current

Unlike albedo and LAI, for which seasonality is taken into account, the current vegetation cover218

is implemented as a fixed map with no seasonal or inter annual variability. In the new development,219

the seasonality of the vegetation cover is introduced by linking it to the LAI seasonality through the220

Lambert-Beer formulation and considering the vegetation clumping ([36]). The vegetation density221

Cveg is expressed as:222

Cveg = 1 − e−k·LAI (1)

where k is a coefficient dependant on the vegetation clumping for low or high vegetation. Typical223

values of k range between 0.4 and 0.8, here we consider a value of 0.6 which was also adopted by224

Nogueira et al. [37]. In the latter study, when the clumping was also applied to the high vegetation,225

coupled simulations indicated a strong impact over the Northern Hemisphere circulation which require226

further investigations, therefore the implementation in this study is so far limited to low vegetation.227
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a) Bareground fraction difference between seasonal varying and static vegetation (July).

b) Low vegetation cover difference between July and January

Figure 4. The effect of seasonal varying vegetation cover. a) Bareground fraction difference between the
seasonally varying and the static vegetation map for July. b) The seasonal amplitude of low vegetation
cover as difference between July and January

Prognostic vegetation phenology228

The Leaf Area Index is simulated with a simple growth model based on the daily carbon balance229

at the leaves level following Gibelin et al. [38] and Calvet and Soussana [39]. The LAI is computed230

from the leaf biomass B derived from the net canopy assimilation AnI. Growth is the result of231

carbon accumulation obtained from assimilation of atmospheric CO2 and senescence related to the232

photosynthesis deficit due to environmental factors. LAI is obtained from the product of the green233

leaf biomass B with the Specific Leaf Area (SLA) which is a function of leaf nitrogen concentration234

dependent on vegetation types following:235

LAI = B · SLA = B · e · Nl + f , (2)

where Nl is the leaf Nitrogen concentration, and e, f are respectively the slope and intercept nitrogen236

plasticity parameters which vary by vegetation types. For global scale applications and to reduce237

drifts caused by forcing errors, the computed biomass is updated by a relaxation formulation toward238

climatological biomass values BC (based on climatological LAI), the final biomass value B f follows:239

B f = rB · B + (1 − rB) · BC, (3)



Version April 19, 2021 submitted to Atmosphere 9 of 40

where rB is the relaxation coefficient. For the sake of completeness, the growth model is further detailed240

in the supplementary materials.241

3.2. Updated snow parametrization242

3.2.1. Structure of the multi-layer snow scheme243

The multi-layer snow scheme (ML hereafter) introduced in ECLand is an intermediate complexity244

snow scheme following the definition by Boone and Etchevers [40]. It represents the vertical structure245

and evolution of snow temperature, density, liquid water content and snow albedo. A comparison of246

the structures of the single layer (SL) and ML and the coupling to the atmosphere and soil is shown in247

Fig. 5. ML uses the same parametrizations of snow cover fraction and albedo (both for exposed and248

forest snow) as in SL. A preliminary version of ML implemented in the EC-EARTH climate model was249

reported by Dutra et al. [16] and tested in long climate simulations. In the following, only the main250

characteristics of ML are described and a detailed description of the scheme is reported in Arduini251

et al. [41].252

The heat budget of the snowpack is solved implicitly for the active snow layers, and using an253

explicit flux coupling at the snow-atmosphere interface [42]. To ensure numerical stability over forested254

areas, the skin heat conductance (inverse of skin resistance rsk,7, see Fig. 5) in the surface energy balance255

calculation is modified following Beljaars et al. [42]. The bottom boundary condition is formed by the256

residual of the heat fluxes at the bottom of the snowpack and the conductive heat flux (GB) between257

the snow and soil interface.258

Melting and freezing processes are diagnosed in ML by computing the heat content of each259

snow layer sequentially from top to bottom, after that the heat budget is solved in absence of melting260

(first-guess of the snow temperature). Movement of liquid water between layers (meltwater or rainfall)261

is taken into account using a bucket-type formulation as in [16]. The latent heat released or absorbed262

during phase changes in a snow layer is used to vary the temperature of the respective snow layer.263

The number of active snow layers and their thicknesses is computed diagnostically at the264

beginning of each time-step before the prognostic snow fields are updated. The number of active265

layers (N) varies depending on snow depth Dsn, from a minimum number of 1 layer to a maximum266

of Nmax = 5. Multiple layers are used when the grid box is completely snow-covered, that is for267

Dsn ≥ 0.1 m. As opposed to Arduini et al. [41], a different discretization algorithm is applied over268

flat terrain and complex terrain regions, the latter defined as regions with the standard deviation of269

the sub-grid-scale orography greater than 50 m. Over flat terrain, for Dsn > 0.1 m the thickness of270

the topmost layer in contact with the atmosphere is fixed to 0.05 m. The thickness of the other active271

snow layers can increase up to a certain maximum Dmax
i , as described in Arduini et al. [41]. For a thick272

snowpack, the layer Nmax − 1 is used as an accumulation layer, enabling a relatively high vertical273

resolution at the interfaces to be maintained with the atmosphere above and the soil underneath. An274

example of the vertical discretization of a 1.0 m-thick snowpack is shown in Fig. 5c.275

Over complex terrains, for Dsn < 0.25 m the same vertical discretization as described for a flat
terrain is used. For a snowpack with Dsn ≥ 0.25 m, the minimum (Dmin,i) and maximum (Dmax,i)
thicknesses of each layer (i.e. the minimum and maximum allowed thickness for an active snow layer)
varies with snow depth as follows:

Dmin,i = min( 0.25, 0.10 + αo (Dsn − 0.25)) if i = 1...Nmax

Dmax,i =

{
min( 0.25, 0.10 + αo (Dsn − 0.25)) if i = 1

min( 0.30, 0.15 + αo (Dsn − 0.25)) if i = 2...Nmax
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Figure 5. Schematics of the (a) single-layer and (b) multi-layer snow schemes, for a 1-metre thick
snowpack. In (b), the vertical discretization of such a snowpack (d1, ..., d5, in m) for flat terrains is also
shown. (c) Idealized time-series of snow depth accumulation and ablation (continuous line) with the
vertical discretization used in the multi-layer scheme. The list of symbols used in (a) and (b) is also
reported

with αo set to 0.10. This implies that for a thick snowpack over complex terrain the snow layers276

are thicker than a snowpack with same depth over a flat region. A full description of the vertical277

discretization algorithm is detailed in Arduini et al. [41].278

3.2.2. Changes in the snow physics parametrizations279

In addition to the structural aspects described above, ML differs from SL also in the280

parametrization of the following physical processes:281

(I) The heat conductivity is parametrized using the formulation of Calonne et al. [43] and taking282

into account the water vapor diffusion effects following Sun et al. [44];283

(II) Transmission of solar radiation decreases exponentially with depth and it is parametrized using284

a formulation adapted from Jordan [45];285

(III) Density variations due to wind transport (snowdrift) are taken into account, in addition to the286

other compaction processes. This can be particularly effective for polar snow, for which snow287
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Figure 6. Updated soil depth and vertical discretization

temperature is extremely low throughout the winter, and compaction due to other processes is288

limited [46,47]. Wind-driven compaction is parametrized using a mobility index combined with289

a wind-driven compaction index, following Decharme et al. [47];290

(IV) The basal heat conductivity (rso) is computed using a new physical formulation using the snow291

and soil thermal conductivities as described in Arduini et al. [41].292

3.3. Updated soil parametrization293

With higher spatial resolution and more accurate grid parameters characterisation, in addition to294

broader applications and the need to improve the water budget in the model and coupled hydrological295

components, the importance of the soil depth and vertical discretisation within land surface models has296

increased. It affects the way land surfaces store and regulate water, energy and also carbon fluxes. The297

amount of water in the soil and its vertical distribution in the column are important for the regulation298

of heat and water vapour fluxes towards the atmosphere spanning a range of time scales from minutes299

to months in the coupled land-atmosphere system. This is further modulated by the vertical roots300

distribution, and soil moisture stress function, which control evapotranspiration under soil moisture301

stress conditions (next section). Currently in the ECMWF land Surface Scheme the soil column is302

represented by a fixed 4-layer configuration with a total of 2.89m depth. In the ECLand system we303

introduce new configurations with increased soil depth (up to 8m) and higher vertical discretisation304

(up to 10-layers), including a dissociation between the treatment of water and heat fluxes (Figure 6)305

following [48]. In these configurations, the upper layers also have thinner depth allowing a better306

match with satellite soil moisture observations.307

An optional formulation for the distribution of roots density has been also developed in ECLand.308

It is based on a uniform distribution, which is appealing due to its simplicity and straightforward309

first-order assumption. This uniform distribution replaces the current exponential formulation and310

depends only on the maximum rooting depth (RDMAX). This root distribution formulation was311

investigated by Stevens et al. [49] and showed potential for improvement of the water and energy312

fluxes. The transformation of root zone soil moisture to water stress is also an open question, and there313

are different approaches to relate root zone soil moisture and the water stress factor [50,51]. In ECLand314

it is also possible to change the linear transformation between root zone soil moisture and water stress315

by a non-linear relation, which showed a large sensitivity in offline and coupled forecasts [52]. Such316

approaches, combined with the rooting depth distribution, are likely to further enhance the model317

capability to represent root water uptake, but require further evaluation and calibration.318
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3.4. Surface water representation319

An upgraded versions of the physiographic datasets used in ECLand to generate the land sea320

mask and the lake parameters is described. In addition to the ecosystem data, the new land-water321

mask uses a newly generated glacier data and a new land-water and lake fraction mask. The lakes are322

also benefiting from updated lake depth data. The main data sources for land-water mask are from the323

Joint Research Centre (JRC) with nominal resolution 30 m (1”). The high resolution information at 30m324

is used in the data merge then aggregated to 1 km.325

The upgraded inland water mask is based on the upgraded fractional land-water mask at 1 km326

resolution. First, fractional land-water mask is translated into “land” and “water” binary mask, then by327

using an innovative "waterbody" separation algorithm [53] “water” is separated into ocean and inland328

water bodies. The algorithm is pixel-by-pixel and iterative based on the spatial window width, and329

the number of iterations which depends on the resolution and complexity of the coastline. At the end330

of all iterations a visual check is needed to correct freshwater coastal lagoons where needed. The Azov331

sea and Maracaibo lake are also processed as inland water given that they are better represented in the332

model by the lake parametrization which illustrates some of the assumptions required in this process.333

Figure 7 illustrates the main differences from the new land water mask and the current operational334

one (CY47R1). It shows that several inland water (lake) appear in the new map especially in north335

Canada and Russia while some lakes are removed from central Australia. Detailed description of the336

data sources and the processing chain for the updated surface water is provided in the supplementary337

material.338

Figure 7. Lake cover difference: new GSWE based - operational map

3.5. Coupling with a hydrodynamic model339

River discharge is a key component of the global water cycle, integrating meteorological and340

hydrological conditions on multiple temporal and spatial scales. The increased skill of numerical341

weather prediction has led to the uptake of weather forecasts products by hydrological models, for342

example in flood forecasting [54]. At the same time, the developments of Earth System Models, mainly343

driven by the climate community, resulted in a tight integration of atmospheric models and the surface344

water balance [55]. River discharge is a key quality indicator of the integrated water budget, and345

therefore its use as a forecast skill metric has significant potential [56]. Furthermore, freshwater input346

to the ocean is also important for the ocean circulation, which becomes increasingly relevant with the347

current atmosphere-ocean coupling in numerical weather prediction as in Zuo et al. [57]. Considering348

all these points, the representation of rivers and their associated role on the land and ocean water is349

of interest for a wide range of applications. This motivated the integration of the Catchment-based350

Macro-scale Floodplain model (CaMa-Flood) into the ECLand system.351
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CaMa-Flood is designed to simulate the hydrodynamics in continental-scale rivers. The entire352

river networks of the world (excluding Antarctica) are discretized to hydrological units named353

unit-catchments for achieving efficient flow computation at the global scale. The water level and354

flooded area are diagnosed from the water storage at each unit-catchment using the sub-grid355

topographic parameters of the river channel and floodplains. By adapting a “grid-vector hybrid356

river network map” which connects one irregular-shaped unit-catchment to one rectangular grid-box,357

both a realistic parametrization of sub-grid topography and an easy data handling are achieved. The358

river discharge and flow velocity are calculated with the local inertial equation [58] along the river359

network map which prescribes the upstream-downstream relationship of unit-catchments. There is360

also an option to compute flow velocity using a kinematic wave approximation. The time evolution361

of the water storage, the only prognostic variable, is solved by the water balance equation which362

considers inflow from the upstream cells, outflow to the downstream cell and input from runoff forcing363

at each unit-catchment. The detailed description of the CaMa-Flood model is found in the description364

papers [59–61].365

The key characteristic of CaMa-Flood is the explicit representation of flood stage, representing366

water level and inundation extent, which complements the conventional use of river discharge [62].367

This also allows exploring two-way coupling with the land surface model [63]. The baseline topography368

is based on MERIT DEM/MERIT Hydro [64,65]. River channel width is objectively parametrized369

using satellite measurement [66,67].370

CaMa-Flood source code is integrated in the ECLand system allowing stand-alone CaMa-Flood371

simulations or simulations with 1-way and 2-way coupling between ECLand and CaMa-Flood.372

The coupling is performed sequentially and the code is integrated as a single executable (without373

external couplers) following a similar approach as the coupling with the ocean model to IFS [68]. In374

1-way coupling, the default configuration, surface and sub-surface runoff are sent to CaMa-Flood.375

In stand-alone mode CaMa-Flood reads from input files the runoff data, reproducing the 1-way376

coupling results. This configuration has a lower computational cost, allowing for testing of the377

hydrodynamic model as well as driving the model with other runoff data sources like reanalysis.378

The 2-way coupling between ECLand and CaMa-Flood was also experimentally developed allowing379

initial testing of the interaction between inland water in ECLand and flooded areas in CaMa-Flood.380

Inland water evaporation (in ECLand) can be extracted from flooded areas in CaMa-Flood, and the381

flooded area extent can update the inland water fraction in ECLand. CaMa-Flood integration in the382

ECLand system is only available in offline mode supporting shared memory parallelism via OpenMP.383

A full integration of CaMa-Flood in the IFS is envisaged in upcoming cycles to support coupled384

atmosphere-ocean-land-rivers simulations aiming at a full representation of the water cycle. This will385

still require developments both at the level of distributed memory parallelism in CaMa-Flood and in386

the coupling of river discharge with the ocean model.387

The river network description used in CaMa-Flood is currently available in several global regular388

latitude/longitude resolutions: 1/4◦, 1/10◦, 1/12◦, 1/20◦, and 1/60◦. However, each unit-catchment389

in CaMa-Flood has an irregular shape and ECLand can be setup on any regular or the IFS model’s390

Gaussian reduced grid. To accommodate the different spatial grids between these two components,391

the fluxes are interpolated using pre-computed weights that account for the area of interception of392

each grid element. For the 2-way coupling, the inverse of the weights is used to guarantee mass393

conservation. These weights are computed as part of the pre-processing of the system, which also394

allows the definition of regional domains, which are relevant for testing and for applications that do395

not require the global setup.396

3.6. Urban parametrization397

A single-layer-type urban model (Figure 8) is implemented within ECLand. The Urban scheme398

is applied as a new sub-grid surface tile and uses mapped parameters and derived variables to399

compute surface energy and hydrology fluxes. The urban environment is represented as both a canyon,400
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consisting of walls and road, and a roof fraction. An infinite length canyon assumption is made to401

factor shadowing from buildings and is dependent on both urban parameters and the solar zenith402

angle. Building height and canyon characteristics are used to estimate surface roughness and any403

concept of canyon orientation is removed. Energy and moisture exchange between the surface and both404

the atmosphere and sub-surface is defined by urban parameters, including a simple representation of405

urban drainage. The scheme consists of both time varying (e.g. albedo based on solar zenith angle) and406

fixed variables (e.g thermal heat capacity of a building). The variables required for the urban scheme407

are based on previous similar schemes ([69], [70], [71]) and listed in the supplementary material.408

Figure 8. Schematic of the single-layer urban model type used in NWP models, including representation
of heat and moisture content of the atmosphere and surface as well as fluxes. (Adapted from [72])

Currently ECLand, consists of 8 sub-grid surface tiles and a lake tile. To represent the urban409

environment we have introduced a tenth tile and updated the high vegetation snow to include an410

urban representation. When considering tile fractions over land, the value summed across all tiles411

is equal to 1. For the land surface this was previously a combination of wet land, low vegetation,412

high vegetation and bare soil and, for the latter 3 with and without snow cover. Over urban areas the413

addition of an urban land cover map would increase the sum above 1. To prevent this, existing tile414

fractions are re-weighted to account for the urban tile following an update of the ECLand tiles equation415

4 where high vegetation (CH), low vegetation (CL), bare soil (CB) and snow under high-vegetation (416

CHsnow ) covered fractions are updated from the original values (CHorig, CLorig) accounting for the urban417

fraction (CU).418

CH = CHorig × (1 − CU),

CL = CLorig × (1 − CU),

CB = (1 − CH − CL − CU),

CHsnow = Csn × (CH + CU),

CUdry = (1 − Cwet)× (1 − Csn)× CU ,

(4)

where Csn, CUdry and Cwet represent the snow covered, dry urban and wet fraction, respectively.419

For land surface skin, future developments will merge the urban cover product with the remaining420

land cover so this re-weighting process is no longer required. For certain elements, e.g. hydrology, this421

prevents a weighted average that neither fits an urban or non-urban regime. Currently, for sub-surface422

thermodynamic and hydrological properties, the urban tile re-weights the uppermost soil layer. The423

urban land cover used here is based on grid cell specific information provided by ECOCLIMAP-SG, at424

an initial 300 m horizontal resolution [73].425
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3.7. Model efficiency426

The surface model inherits the same "array-block" data structures as all other IFS physics427

parameterisation packages and is therefore capable of benefiting from modern processors and GPUs.428

These data structures allow for the exploitation of shared memory parallelism via OpenMP as multiple429

threads can work independently on distinct array-blocks, therefore leading to a reduction in memory430

consumption and improved load balancing, with the scaling of these blocks tailored depending on431

the target architecture. This makes ECLand a very well adapted and efficiently integrated component432

of the IFS. The offline ECLand model version equally supports distributed memory parallelism via433

the Message Passing Interface (MPI). The new implementation allows to significantly accelerate434

the computational performance of ECLand in offline mode at all resolutions and enables efficient435

simulation at very high resolutions such as 1km (with a throughput of one year of global simulation436

per day). This throughput is important for a range of new developments including accounting for437

urban areas (see section 3.6, Figure 26) and their carbon emissions within the future Copernicus CO2438

service as well as the foreseen developments under the Destination Earth initiative (DestinE), which439

aims at creating a high-precision digital twins of the Earth [74].440

One of the largest scalability bottlenecks when running ECLand in offline mode at very high441

resolutions (e.g., 1km) is input/output (I/O). Ongoing development would attempt to mitigate this by442

exploiting the capabilities of modern parallel file systems and higher level libraries such as NetCDF4.443

Parallel efforts focus to consistently adapt ECLand to ECMWF’s multi-IO development including444

optional output in different formats such as NETCDF or GRIB2.445

Additional development towards increased model efficiency is the ability to run on accelerated446

hardware such as Graphics Processing Units (GPUs). An effort towards porting the surface model to447

run efficiently on GPUs has already started at ECMWF under the umbrella of the Scalability programme448

[75].449

4. Evaluation of model developments450

4.1. Data and methods451

New developments are usually evaluated with either offline or both offline and coupled forecasts452

depending on their target applicability and level of testing. For specific applications, only offline453

land surface modeling is needed while for others, coupled simulations are necessary, e.g if the454

land-atmosphere interactions affect the simulation results. For implementation within the ECMWF455

operational IFS, a more strict assessment is adopted: new developments are evaluated offline, in456

coupled forecasts and data assimilation configurations. More recently, under the concept of earth457

system modelling, hydrology related scores, which introduce additional constraints for uncertain458

parameters, started to be also considered aiming at improving the core objective of NWP as well as459

other earth system applications. To characterize the impact of the new developments mentioned in460

this paper, the model performance is evaluated independently according to each developments’ level461

of maturity following the configurations described in table 1. In this paper, hydrological verification is462

only performed for the coupling with the river discharge development. All 2D and 3D simulations are463

run at the Tco399 Gaussian octahedral grid ( 25km), the offline simulations are driven by the ERA5464

atmospheric forcing while the coupled forecast simulations are initialized with corresponding offline465

simulations to avoid unstable surface conditions related to spinup problems.466
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Table 1. Experimental configurations for the evaluation of model developments

Model development Experiment type Name Comment

Surface water
representation

Offline Surface simulation OSW Updated lake paprmeters

Coupled Forecast + Data
assimilation

DASW Updated Glacier, Land
water mask and lake

Updated LU/LC and
LAI

Offline Surface simulation CLAI ESA-CCI land cover
and LAI conservative
disaggregation

Coupled Forecast
simulation

FCLAI

Seasonal vegetation
cover

Offline Surface simulation OSCV LAI based Seasonal
vegetation cover

Coupled Forecast
simulation

FSCV

Prognostic LAI Offline Surface simulation OPLAI Prognostic LAI based on
daily CO2 balance

New snow multilayers Offline Surface simulation OSnML5 5 Layers snow scheme
Coupled Forecast FSnML5 5 layers scheme

Increased soil depth
and discretization

Offline Surface simulation OSML10_TW 10 Layers soil 8m for
temperature and water

OSML10_T 10 Layers soil 8m for
temperature and 3mfor
water

Coupling with
hydrodynamic

Offline Surface simulation
coupled with routing model

- details in section 4.7

Urban
parametrization

Offline Surface simulation OSMU offline 1D and 2D urban
parametrization

Single Column simulation SCMU coupled 1D forecast with
urban parametrization

4.2. Observational data to evaluate model developments467

The new developments described above are evaluated against the following observations or468

observation-based products.469

FluxCom470

The FluxCom dataset (www.fluxcom.org/) is used to evaluate the impact of the new developments471

on the energy and carbon fluxes. This dataset uses machine learning techniques, namely Random472

forests (RF), Artificial Neural Networks (ANN) and Multivariate Adaptive Regression Splines473

(MARS), to upscale FLUXNET in-situ flux observations in space and time and integrate them474

with remote-sensing and meterological forcing data. It uses the Moderate Resolution Imaging475

Spectroradiometer (MODIS) satellite data for the FluxCom-RS version and additionaly uses reanalysis476

meteorological forcing in the FluxCom-RS+METEO version. FluxCom provides fluxes for the477

RS+METEO version at 0.5° spatial resolution and daily temporal resolution for the 1979-2013 period478

and the RS version is available at 8-day temporal resolution with 0.0833° spatial resolution for the479

2001-2015 period. Further details of the FluxCom data is available in Jung et al. [76].480

GLEAM481

The Global Land Evaporation Amsterdam Model version 3 (GLEAM v3b; Miralles et al. [77],482

Martens et al. [78]) ) is used to evaluate the impact of the vegetation updates on evapotranspiration.483

GLEAM is a semi-empirical-process-based model that computes evapotranspiration and its484

components globally over land at daily scale using a set of algorithms driven by satellite-based485

observations. Potential evaporation is derived over four land cover tiles (low vegetation, tall vegetation,486

bare soil and open water) using the Priestley-Taylor formulation. Then actual transpiration is calculated487

by multiplying the potential evaporation by a stress function based on root-zone soil moisture and488
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vegetation optical depth. Soil moisture is the result of a soil-water balance model that computes the489

evaporative flux and is driven by observation-based precipitation. The last component of GLEAM is490

the interception loss which follows the Gash analytical model driven by precipitation and vegetation491

properties. Further details of GLEAM are documented in Martens et al. [78] and Miralles et al. [77].492

FLUXNET493

The FLUXNET data (Baldocchi et al. [79]) used are LaThuile in-situ observations494

(http://www.fluxdata.org), a dataset including 253 research sites belonging to the FLUXNET eddy495

covariance network. This dataset provides latent heat flux (LE), sensible heat flux (H) and net ecosystem496

exchange (NEE) at high temporal resolution (30 to 60 min) and values for GPP and Reco derived from497

half-hourly observed NEE following the partitioning method proposed in Reichstein et al. [80]. We498

only used observations flagged as high-quality data, without gap filling.499

WOFOST500

WOFOST is a crop growth model to estimate yields quantitatively. It is developed by the501

Department of Theoretical Production Ecology (Wageningen Agricultural University, The Netherlands)502

and the Center for Agrobiological Research and Soil Fertility (Wageningen, The Netherlands). This503

model is implemented currently within the MARS Crop Growth Monitoring System (CGMS), allowing504

the estimation of biophysical variables related with crop yields such as potential biomass production,505

crop development stage, etc. WOFOST raw simulations are done at soil unit level i.e. for each of the506

soil types within a soil polygon. These data were provided by JRC under the EU FP7 ImagineS project507

framework.508

LSA SAF LST509

Land Surface Temperature (LST) is taken from the Satellite Application Facility on Land Surface510

Analysis (LSA-SAF). LST is derived from measurements by the Spinning Enhanced Visible and511

InfraRed Imager (SEVIRI) on board the Meteosat Second Generation (MSG). The LST retrievals are512

based on the generalized split-window technique [81] and are available every 15 minutes for all513

clear-sky pixels within the MSG disk with a resolution of 3 km at the nadir. Following previous514

work on model evaluation with satellite retrievals [37,82], the data is aggregated to a coarser grid515

(0.25◦x0.25◦) only keeping the valid pixels (fraction of clear sky). For the comparison with model516

simulations, clear sky conditions, synchronous in time are considered: (i) at least 70% of the fraction of517

valid pixels and (ii) total cloud cover lower than 30% [82]. For each day and pixel, when at least 75% of518

the 3-hourly data was available (6 out of 8), the daily maximum and minimum LST are extracted to519

compute the diurnal range.520

ESA-CCI Soil Moisture521

The ESA-CCI soil moisture product (https://www.esa-soilmoisture-cci.org/) is also used to522

evaluate the impact of the new developments on soil moisture. The ESA CCI soil moisture product523

is provided by the European Space Agency for the 1981-2019 period at 0.25o spatial resolution and524

daily temporal resolution. It is generated with soil moisture observations from active (ERS1-2 SCAT525

and MetOp ASCAT A-B) and passive (SMMR, SSM/I, TMI, AMSR-E, WindSat, AMSR2 and SMOS)526

microwave satellite sensors. The combined product is obtained through the assimilation process527

of both C-band scatterometers active observations that use the change detection algorithm and the528

passive microwave observed land surface brightness temperature. Further details on ESA-CCI SM529

data and its generation procedure are found in Gruber et al. [83], Dorigo et al. [84] and Gruber et al.530

[85].531

ESM-SnowMIP532

Observations of snow depth, mass and density collected in the Earth System Modelling Snow533

Intercomparison Project ([ESM-SnowMIP 86]) are important for the evaluation of performance of the534

new snow scheme at selected sites. ESM-SnowMIP consists of 10 sites at which detailed snow-related535

observations are available for more than 7 years (some sites more than 15 years) continuously.536

SYNOP observations537
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SYNOP observations of 2-metre temperature and snow depth play an important role in the538

assessment of the impact of the new snow scheme as well as the urban model. SYNOP observations539

are exchanged through the WMO Global Telecommunication Service (GTS) and are used everyday for540

initialisation and monitoring of NWP models. The usage of in-situ SYNOP observations within the541

ECMWF IFS model is described in Haiden et al. [87].542

4.3. Evaluation of updated land cover and vegetation543

4.3.1. Land use/Land cover and Leaf Area Index Evaluation544

a) CTR LST drange bias JJA (K)

b) CTR LST drange bias SON (K)
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Figure 9. Mean diurnal range (drange) bias of Land Surface Temperature (LST) in the control simulation
(CTR) during June-August (JJA, panel a) and September-November (SON, panel b). Difference of the
mean absolute bias in the simulation with new ESA-CCI LU/LA map and LAI disagragation (CLAI)
in respect to the control simulation for JJA (c) and SON (d). Note that the color bar for differences in
panels c,d has a range that is only half of the range in panels a,b. The statistics were computed for the
period 2004 to 2015 considering only clear-sky conditions.

Evaluation of the new ESA-CCI LU/LC map and LAI disaggregation operator is performed545

through global offline and forecast coupled simulations. The offline simulations are driven by ERA5546

meteorological data. A control simulation (CTR) with the current operational maps is compared with547

a simulation that includes the new ESA-CCI LU/LC map and the new LAI disaggregation operator548

(CLAI). The impact of the changes in LU/LC and LAI are assessed by evaluating the mean diurnal549

range of Land Surface Temperature (LST). The simulations are compared with the (LSA-SAF) LST.550

For each day and pixel, when at least 75% of the 3-hourly data was available the daily maximum551

and minimum LST are extracted to compute the diurnal range (representing the amplitude of the552

diurnal cycle) and the evaluation is performed for different seasons for the period 2004-2015. The mean553

LST diurnal range bias of the control simulation during June-August (JJA) and September-November554

(SON) for the 2004-2015 period is shown in Figure 9a,b. These two seasons were selected due to the555

high coverage of clear-sky conditions in the MSG disk, but the main features of the biases are similar556

in the remaining seasons. In both seasons there is wide-spread and substantial under-estimation of the557

diurnal range, which can reach values larger than 6 K in several regions such as the Iberian Peninsula,558

Southern Africa and East South America. During JJA there are indications of an over-estimation of the559

diurnal range in West Sahara and the Arabian Península (Figure 9a). However, in these two regions560

there are some concerns on the quality of the LST satellite retrieval due to contamination by aerosols561
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(West Sahara) and emissivity directional effects (Arabian Península). The change in mean absolute562

error of the mean LST diurnal range between the simulation with the new ESA-CCI LU/LC and LAI563

(CLAI) and the control simulation for JJA and SON are shown in panels c,d of Figure 9. The results564

show a general reduction of the under-estimation of the diurnal range in the CLAI simulation. The565

increased diurnal range in CLAI is mostly driven by higher daytime maximum LST (not shown) and566

are consistent with previous results that indicated the added value of the updated LC and LAI in CLAI567

in terms of the LST diurnal cycle. Previous studies have also explored the role of vegetation seasonality568

[37,88], suggesting that further improvements of the LST diurnal cycle can be achieved.569

In addition to the evaluation of the LST diurnal range, the mean evaporation of the CTR and570

CLAI simulations are compared with two independent estimates of evapotranspiration (ET) mostly571

constrained by remote sensing data: (i) the GLEAM version 3b (Martens et al. [78] ) and (ii) FluxCom572

Remote sensing ensemble flux products [76]. Figure 10 shows the comparison of evaporation (ET)573

2003-2015 annual mean between the control run (CTR) and the CLAI run. Left panels show the CTR574

percentage bias (pbias = 100(exp − obs)/obs ) with regards to GLEAM (GL3b) and FluxCom (FCRS)575

ET products as observation proxies (a and c panels respectively). The right panels show the absolute576

pbias difference between the CLAI experiment and the CTR experiment, where GLEAM has been used577

for verification in panel (b) and FluxCom in panel (d). These differences show an overall reduction of578

the bias compared to both products (green colour). However, the results also show that on an annual579

time-scale, the improvements in pbias with CLAI with respect to CTR are fairly small compared to the580

differences of the observational-based products. The latter is illustrated by comparing GLEAM and581

FluxCom in panels (a) and (c). It highlights the uncertainty in estimating ET as also confirmed in Jung582

et al. [76].583
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Figure 10. Annual mean evapotranspiration relative bias (%) with respect to GLEAM (a) and FluxCom
(c); and the absolute relative bias difference (%) between the ESA-CCI+LAI (CLAI) experiment and the
control experiment (CTR), where GLEAM is used for verification in (b) and FluxCom in (d). Note the
different range of the color-bars between panels a,c (-100 to 100) and panels b,d (-50 to 50)

Evaluation of coupled forecast simulations is performed against the operational analysis. Given585

the different time scales between land surface processes and atmosphere, and to avoid spin-up586

problems related to unstable surface state, the surface initial conditions of each forecast experiments587

are obtained from the corresponding surface offline simulations. The focus is on short-range forecasts588

which have the advantage that the synoptic situation is in the predictable range. Still, changes in land589

cover and LAI will have an impact on near-surface atmosphere through radiative forcing and sensible590

and latent heat flux.591
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Figure 11. 2m temperature normalised RMSE difference between 36-hour forecasts using ESA-CCI
LU/LC with the new LAI disaggregation operator (CLAI) and a control simulation using the
operational configuration (CTR) for JF (a), MAM (b), JJA (c) and SON (d)

Screen-level temperature and dewpoint can be verified using the analysis, which draws closely to592

the surface synoptic observations. Figure 11 shows the 2m temperature normalised RMSE difference593

between forecasts based on the new ESA-CCI LU/LC map with LAI disaggregation operator and594

forecasts based on the current operational maps with regards to the operational analysis for the 4595

seasons.596

A mixed signal is seen for different areas with a marked reduction of the 2m temperature rmse597

(bluish colour) when using the updated vegetation especially in the northern hemisphere during MAM598

and JJA (panels b and c respectively), while JF and SON (panels a and d respectively) are marked599

with a mainly neutral impact. Although the overall results of introducing these updated vegetation600

maps are neutral to positive, a few areas still show a degradation in some atmospheric parameters601

pointing to the need for additional investigations and a parameter optimization with respect to the602

complex boundary layer turbulence interactions. This development is crucial for an accurate land603

surface representation and is therefore part of the operationally viable research for upcoming cycles.604

4.3.2. Evaluation of dynamic vegetation605

Seasonal vegetation cover evaluation606
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Figure 12. 2m temperature normalised RMSE difference between forecasts using the seasonal
vegetation cover (FSCV) and the control simulations with static vegetation cover (CTR) for (a) DJF, (b)
MAM , (c) JJA and (d) SON

The vegetation cover seasonality is also evaluated with global offline and forecast coupled607

simulations. Figure 4 (b) shows low vegetation cover difference between January and July when608

using a clumping based seasonality. This is in contrast with the current static vegetation cover field,609

which has the same vegetation cover all year round. Figure 4 (a) shows the difference of the seasonal610

bareground cover for July as compared with the current static map. This variability in cover impacts611

the global circulation as it is directly linked with the surface roughness. Moreover it affects surface612

albedo especially in winter and spring during the snow season e.g. through the shading of snow613

under high vegetation with a strong impact on energy fluxes. This configuration is also assessed in614

Nogueira et al. [88] and showed an overall bias reduction of the maximum LSA-SAF LST with some615

scattered deterioration, especially in south America which was attributed to a misrepresentation of616

land use related parameters. In the forecast experiments, this change is tested on top of the previous617

ESA-CCI+LAI (CLAI) configuration. The impact on the near surface parameters in this case also618

showed mixed patterns which tend to amplify both positive and negative signals found when using619

the CLAI configuration only. Figure 12 illustrates the 2m temperature normalised RMSE difference620

between the coupled forecast simulations based on the seasonal vegetation cover (FSCV) and the621

simulation based on the current operational static cover map (CTR). The operational analysis for622

the 4 seasons is used as a proxy for observations. The mixed signals in the verification emphasize623

that vegetation changes are not independent of other model settings which often require further624

optimisation of vegetation related parameters such us roughness length, vegetation minimum stomatal625

resistance and the surface skin conductivity. They all modulate the exchanges between the surface and626

the atmosphere and point to the need to further adjust this development as operationally viable for627

future cycles.628

629

Prognostic vegetation phenology evaluation630

The prognostic phenology evaluation is performed with offline in-situ and offline global631

simulations driven by ERA-Interim forcing. A relaxation coefficient rB (eq. 3 ) of 0.05 day−1 was632
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used in this case. The results show that this simple growth model is able to detect growth anomalies633

with regards to a multi-year climatology. Figure 13 illustrates the above ground anomaly index (AIAGB)634

for November 2010 with regards to the 1999-2013 climatology defined as635

AIAGB =
AGBNov2010 − AGBCLIM1999−2013

AGBCLIM1999−2013

(5)

November 2010 is chosen because it is characterized by a drought in the Horn of Africa and a636

wet event corresponding to drought recovery in central and eastern Australia. Given the tight link637

assumed in this parametrization between the above ground biomass and LAI, this map correlates well638

with both Copernicus global land (CGLS) observation-based and simulated LAI anomaly maps of the639

same period (not shown). In the Horn of Africa, the above-ground biomass can be less than 20% of the640

15 year mean (AIAGB < -80%), while for the Australia wet case, the anomaly is positive and in some641

areas it exceeds the 15 year mean by 60%.642

Figure 13. Above ground biomass-based Anomaly Index (AIAGB) for November 2010 in % of the
1999-2013 mean.

The in-situ evaluation is performed with the Flux tower network (FLUXNET) data (Baldocchi643

et al. [79]) and the WOrld FOod Studies (WOFOST) products which are currently developed by the644

Crop Growth Monitoring System (CGMS) within the Monitoring Agricultural Resources unit (MARS)645

of the European Joint Research Centre (JRC).646

Figure 14 is an illustrative example of this evaluation, where Figure 14a shows that the growth647

model reasonably simulates the LAI (black line) as compared to both the observed LAI (near real time648

Copernicus Global land LAI product GEOV1) and its corresponding 1999-2013 climatology (purple649

line). Although it slightly underestimates its maximum value for the considered Hungarian site650

(hu-mat), the correlation with the near real time LAI is slightly improved.651

In this case, for 2004 at hu-mat site, the gross primary production (GPP) based on prognostic LAI652

correlates better (r = 0.925) with smaller RMSE (RMSE = 1.105) than when using the GEOV1 LAI653

(r = 0.894, RMSE = 1.260). The time series of the above-ground biomass (AgB) from 1999 to 2013654

for the Hu-mat site is illustrated in 14b. It shows that using the growth model (black line), the AgB655

correlates much better with the WOFOST products than when using the prescribed LAI climatology.656

These results are indicative of the overall impact of the growth model at the site level, although for657

other sites (not shown) the impacts may fluctuate. It should be noted here that this development is not658

implemented in coupled forecast mode and therefore still requires further testing to be included in the659

operational system.660
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(a) Observed LAI in m2/m2 for 2004 at Fluxnet Hu-mat station (green with red dots), LAI
climatology (purple), and prognostic LAI (black)

(b) Above-ground biomass in kg/m2 from WOFOST (red), ECLand with climatological LAI (green)
and ECLand with prognostic LAI (black)

Figure 14. In-Situ evaluation of the vegetation related variables when using the growth model.

4.4. Evaluation of updated snow661

The new multi-layer snow scheme has been evaluated in offline simulations forced with observed662

meteorological data from the ESM-SnowMIP network [89], as well as in global offline simulations663

driven with ERA5 forcing data and in coupled ocean-land-atmosphere forecasts.664

Site evaluation at ESM-SnowMIP665

666

Figure 15 shows summary statistics for Snow Water equivalent (SWE) and snow depth (SD)667

using the SL and ML5 snow schemes, evaluated at the ESM-SnowMIP sites. ML5 improves the668

bias, correlation and standard deviation of the errors at most of the sites considered. The largest669

improvements are found at Col de Porte (cdp), as reported already in Arduini et al. [41]. Senator Beck670

(snb) is the only site showing a consistent degradation in both SWE and SD, for which both correlations671

and errors increase for ML5 [see 41, and discussion therein]. SL has an overall positive bias in SWE672

and SD at most of the ESM-SnowMIP sites, at some sites exceeding 20%. ML5 generally reduces the673

biases, changing sign (negative) at some sites.674

The impact of the new vertical discretisation on mountain sites is shown in Fig. 16, by comparing a675

simulation at the Swamp Angel site with and without the snow depth-dependent vertical discretisation676

over complex terrains. The latter configuration, called ML5-noOro, corresponds to a simulation with677

the same vertical discretization of the snowpack as used by Arduini et al. [41]. ML5-noOro shows an678

overestimation of melting during the end of the snow season in particular years, which is alleviated in679

ML5. Considering the entire time period, the impact over mountain sites of the new parametrization is680
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generally positive (not shown).681

682

CTL SL
ML5

SWE SD

Figure 15. Taylor diagram of Snow Water Equivalent (SWE, left) and snow depth (SD, right) for offline
simulations using the single-layer (CTL SL, red) and multi-layer (ML5, blue) snow schemes over the
ESM-SnowMIP sites; see Sect.4.2 for details on the ESM-SnowMIP sites.

Obs
SL

ML5-noOro
ML5

Swamp Angel (swa) 2007-2011

Figure 16. Time series of snow water equivalent (SWE), snow Depth, and snow Density for Swamp
Angel (swa) from observations (Obs, black dots) and the offline experiments using the single-layer (SL,
red lines), multilayer (ML5, blue lines), and multilayer without the snow depth-dependent snow layer
thickness described in Sect. 3.3.1 (ML-noOro, green lines). The latter configuration corresponds to a
simulation with the same vertical discretization of the snowpack as used by Arduini et al. [41].

Global offline evaluation of the snow depth683

The synoptic observations of snow depth on the Global Telecommunication System (GTS), which are684

routinely assimilated in the ECMWF snow analysis [90], are used to evaluate global offline simulations685

with the multi-layer (ML5) and single-layer (SL) snow schemes. The evaluation period covers the686

months between fall to spring (September to May) from 2014 to 2018. Figure 17 shows a general687

reduction of the root-mean-square error (RMSE) of snow depth when using the multi-layer snow688

scheme, with the largest improvements over North America and complex terrain regions. Analysis of689

the error distribution shows a reduction of the median value of the bias and RMSE, and generally an690

improvement at stations characterized by the largest errors (see Fig. 17b).691

692
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Figure 17. Left: RMSE difference of snow depth between global offline simulation using the multi-layer
(ML5) and single-layer (SL) snow schemes for December to May period from 2014 to 2018. Blue colours
indicate reduced RMSE in ML5. Right: boxplot of snow depth statistics (bias and RMSE) using stations
considered in Left panel.

Global coupled evaluation693

Evaluation of the multi-layer snow scheme in coupled forecasts has been performed over multiple694

winter periods looking at the impact on weather parameters and surface fluxes using a wide range of695

diagnostics [41,91]. Using a thinner snow layer with a low thermal inertia enables better representation696

of strong cooling events occurring in snow-covered conditions, because the snow surface responds on697

quicker time-scales to changes in the atmospheric forcing. This leads to an increase of the amplitude698

of the diurnal cycle of 2m temperature over snow-covered surfaces, as well as to an increase of its699

variability.700

Figure 18 shows the absolute mean bias and root-mean-square error differences over a winter701

period (DJF) between coupled forecasts at a lead time of 2 days using the multi-layer snow scheme702

and the current single-layer snow scheme. 2-metre temperature observations from the synoptic station703

network, used routinely in the ECMWF assimilation system for monitoring and diagnostics, are used704

as a benchmark.705

T2m 00utc t+48 amef [K] (snowML - snowSL)

-1--0.5 -0.5--0.3 -0.3--0.1 -0.1-0.1 0.1-0.3 0.3-0.5 0.5-1

T2m 00utc t+48 rmsef [K] (snowML - snowSL)

(a) (b)

Figure 18. Temperature verification at screen level (T2m). (a): Absolute mean error difference (amef)
at a lead time of 2 days between coupled forecasts with the multi-layer (snowML) and single-layer
(snowSL) snow schemes; (b) Same as (a), but showing root-mean-square-error difference (rmsef).

Results indicate a reduction of the mean error in particular in the high-latitude regions, which706

can be associated to an improved prediction of very cold temperatures over snow-covered regions.707

The RMSE of T2m is reduced in the snow multi-layer forecasts over most of Eurasia regions, however708

it increases over certain regions, for instance in Alaska and West Scandinavia. This can be partly709
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associated to errors in other variables and processes, like cloud cover and/or cloud microphysics, for710

which the new scheme is more exposed [more “responsive”, as described in 41]. However, the increase711

of RMSE over complex terrain can be also related to an increase of the preexisting biases in the control712

forecasts, which can be partly due to the relatively low horizontal resolution used in these experiments713

( 25 km). The increase in variability can be advantageous in a probabilistic framework, through the714

increase in forecast spread [92]. The overall results of the updated snow scheme indicate its readiness715

for implementation in the next operational cycle.716

4.5. Evaluation of updated soil parametrization717

Figure 19. Difference in correlation with FluxCom energy fluxes between the 10-layers soil experiment
(OSML10_TW) and the standard 4-layers experiment (a) Sensible heat flux (b) Latent heat flux

The updated soil depth and vertical discretization is assessed with surface offline simulations718

forced with ERA5. A control simulation with the default 4 layers and 2.89m depth is compared719

with 2 additional configurations; one using a 10-layer/8m depth configuration for both water and720

temperature (OSML10_TW) and in the other, the depth is only extended for temperature while keeping721

the default 2.89m depth for water (OSML10_T). Evaluated against the FluxCOM energy flux products,722

both 10-layer configurations show different signals for the latent and sensible heat fluxes compared723

to the control standard 4-layers configuration. As an illustrative example, Figure 19 shows that724

using the 10-layer configuration results in an increase of the sensible heat flux correlation with the725

FluxCOM product compared to the standard 4-layer configuration, while the latent heat flux shows a726

general decrease of the correlation with increase over arid areas. Note that in this case, the 10-layer727

configurations (OSML10_TW) and (OSML10_T) have very similar correlations for flux scores, although728

the configurations with 8m for temperature and 2.89m depth for water has different patterns in729

subsurface runoff (figures not shown).730

Following the evaluation of the Land Cover and LAI impact on the diurnal range of LST (see731

Figure 9, the impact of the increased vertical resolution in the soil is also assessed by evaluating the LST732

diurnal range. Figure 20 shows the absolute bias difference of the mean diurnal range of LST between733

the OSML10_TW simulation and the control simulation for JJA (top panel) and SON (bottom panel).734

Similarly to the reduction of the diurnal range underestimation seen in CLAI (Figure 9), the increased735

vertical resolution of the soil near the surface also reduces the diurnal range under-estimation over736

the Iberian Peninsula, South Africa and Eastern South America. In general, the increased vertical737

resolution drives an increase of the LST diurnal range, due to a reduction of the thermal inertia of the738

top soil layer. While this compares favourably in most of the MSG disk, in the Western Sahara and739

Arabian peninsula there is an increase of the bias during June-August (Figure 20a) and in SON over740

the Arabian peninsula (Figure 20b). This is consistent with the already existing over-estimation of the741

diurnal range in the control simulation, which is likely associated with limitations of the LSA-SAF742

product in those regions due to Aerosols (West Sahara) and directional effects (Arabian Península).743
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Both changes in land cover, LAI and vertical resolution in the soil show a positive impact on the LST744

diurnal range. Further research is needed to understand if these two are additive and to assess the745

benefits (and limitations) of these two changes in the representation of the LST diurnal cycle.746

a) |10L|-|CTR| LST drange bias JJA (K)

b) |10L|-|CTR| LST drange bias SON (K)

5.0
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0.5

2.0
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Figure 20. Difference in absolute mean diurnal range (drange) bias of Land Surface Temperature (LST)
between the simulation with OSML10_TW (10L) and the control (CTR) simulation for JJA (a) and SON
(b). The statistics were computed for the period 2004 to 2015 considering only clear-sky conditions.
The biases of the control simulation are shown Figure 9

The impact on soil moisture is evaluated with the ESA-CCI soil moisture product ( Gruber et al.747

[83], Dorigo et al. [84] and Gruber et al. [85] ). Figure 21 shows the difference of the surface soil moisture748

correlation with regards to the ESA-CCI surface soil moisture product between simulations using749

the 10-layer configuration and the current 4-layer configuration for JJA 2018. It is shown that during750

dry season, the surface soil moisture of the 10-layer configuration correlates better with the ESA-CCI751

soil moisture as the satellite observation depth matches better the surface layer depth of the 10-layer752

configuration.753

Figure 21. Difference of the surface soil moisture correlation with regards to the ESA-CCI surface
soil moisture product between simulations using the 10-layer configuration and the current 4-layer
configuration for JJA.
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With the coupling with the river discharge model (section 4.7), and the possibility brought with754

the hydrological verification, this development would benefit from additional constraints for uncertain755

or non-observable model parameters related to soil hydrology which would facilitate its operational756

implementation. The estimation of these uncertain model parameters would even be facilitated and757

automated once the multiscale parameter regionalization system (MPR, [93]) is fully coupled with758

ECLand. This development would be then viable for operational implementation in the upcoming759

cycles.760

4.6. Evaluation of the updated surface water761

Figure 22. Lake temperature mean absolute error for 27 in-situ Finnish lakes over the 2010–2014 period.
Results for the current operational system are in red and results with the updated lake depths are in
green.

Modelled lake surface temperatures were verified against in situ measurements recorded by the762

Data and Information Centre of the Finnish Environment Institute (SYKE) over 27 lakes for 2010–2014.763

In situ lake water surface temperatures are measured every morning during the ice-free season at 8764

am local time, close to the shore, at 20cm below the water surface [53]. The model values from offline765

surface experiments forced with ERA5 were sampled to correspond to the measured values (i.e. during766

ice-free season at 5:00 or 6:00 UTC depending on daylight saving time).767

An overall error reduction is seen in Figure 22. With a more realistic lake depth, the mean768

absolute error from 2010 to 2014 becomes smaller for nearly all lakes. Averaged over all 27 lakes a769

13.4% error reduction is achieved. For some lakes, the water temperature modelling errors remained770

the same as their depth values are the same or nearly the same. These lakes are Paijanne, Pyhajarvi,771

Paajarvi2, Kuivajarvi, Pesiojarvi, Rehja-Nuas, Kilpisjarvi and Inarijarvi. The only statistically significant772

deterioration in the temperature scores was for Lappajarvi, whose depth is overestimated 2.5 times in773

the updated depth file (18.0m instead of 6.9m) due to the depth mapping algorithm and/or horizontal774

resolution of the depth field.775

The updated land/water water maps are planned for implementation in the ECMWF IFS776

operational system, as it will reduce uncertainties related to such ancillaries. In this case the evaluation777

is performed based on data assimilation experiments with subsequent daily forecasts. The near surface778

temperatures are shown in figure 23. The simulations were performed for 2020 winter and 2019 summer779

seasons. RMS errors of daily 24 and 36 hour forecasts are computed with respect to the own analysis at780

the corresponding verification time. Figure 23 shows the 2m temperature RMSE difference, normalised781

by rmse, between the forecast simulations based on the new land/water maps and simulations based782

on the current operational maps. An overall neutral signal is seen globally for both day and night783

ranges (t+36 and t+48) during the northern hemisphere Winter season (Figure not shown). Summer is784

characterised with a neutral to positive impact (Figure 23). Locally, a slightly negative impact is seen785

over the Canadian Northern coast and a positive signal marked with a reduction of the 2m temperature786
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RMSE when using the updated land/water maps over Greenland. These impacts correspond to the787

differences of land/water points seen in figure 7. The overall evaluation shows that the IFS would788

benefit from a more accurate surface water representation and it is therefore considered for operational789

implementation in the next cycle.790

Figure 23. 2m temperature normalised root mean square error (RMSE) difference for northern
hemisphere Summer between 4dvar simulations with the updated surface water map and the current
operational version. The error differences refer to 36-hour (a) and 48-hour (b) forecasts initialized at
0UTC.

4.7. Evaluation of coupled river discharge791

The evaluation of river discharge in different configurations is presented in Figure 24. The main792

goal of these results is to illustrate the different capabilities of the system for various applications.793

The evaluation displays the distribution of the temporal correlation and percent bias of daily river794

discharge for several stations on the Mackenzie (panels a,b) and Danube (panel c,d) basins, with795

the number of stations listed on the top of each panel. The observations are taken from the Global796

Runoff Data Centre (GRDC). All simulations were carried out at the 1/4◦ resolution for CaMa-Flood797

and TL639 for ECLand (same resolution as ERA5, about 32km) extending since 1979 to 2018, and798

the evaluation is performed between 1982 and 2018 considering the available station data with at799

least 5 years of daily data. The boxplots in each panel show the distribution of the correlation and800

percent bias for 6 configurations. “coup1” is the default 1-way coupling with ECLand driven by801

ERA5 near-surface meteorology. “coup2” is a 2-way coupling simulation allowing water extraction802

from floodplains and update of inland water fraction in ECLand following CaMa-Flood flooded area803

extent. “iner” and “kine” are two stand-alone CaMa-Flood simulations driven by the runoff of “coup1”,804

differing in the flow velocity calculations in CaMa-Flood, using the local inertia in “iner” (the default805

configuration) and the kinematic wave in “kine”. Finally, “era5” and “era5l” are also stand-alone806

CaMa-Flood simulations driven by the runoff of the reanalysis ERA5 and ERA5-Land, respectively.807

The results in Figure 24 show a neutral impact on river discharge simulation of the 2-way coupling,808

when compared with 1-way coupling on the selected basins. This is expected as both basins do not809

have large flooded areas. Results on some stations in the Amazon basin show some impact but810

reduced (not shown). However, the 2-way coupling configuration is still experimental and further811

developments are necessary for a consistent 2-way coupling, in particular on the handling of grid-scale812

versus sub-grid scale inland water in ECLand. The CaMa-Flood stand-alone configuration iner, shows813

identical results to coup1, as expected. The kinematic solution for flow velocities (kine) has some814

impact on the temporal correlations, with mixed results in the two analyzed basins. The local inertia815

solution is more accurate for large upstream areas where small water level slopes dominate the river816

flow, and is of particular relevance in representing surface water elevation. In smaller upstream817

regions with higher terrain slopes both local inertial and kinematic wave solutions are similar, with a818

reduced computational cost for the kinematic wave solution. Therefore, for particular applications819
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were computational cost is relevant (e.g. ensemble forecasting) this could be considered. Finally, the820

flexibility of driving the hydrodynamic component with different runoff inputs is illustrated with the821

results of using ERA5 and ERA5-Land (era5 and era5l simulations in Figure 24). The era5l simulations822

are very close to coup1 (and iner) as the main difference is the spatial resolution of the runoff fields823

produced by ECLand (9km in the case of era5l and 35 km in coup1/iner). Larger differences appear824

in era5, in particular for the percent bias (panels b,d 24). These are associated with the soil moisture825

and snow mass increments of the land data assimilation in ERA5 that changes the land surface water826

balance [56]. As previously mentioned, the full operational integration of CaMa-Flood in the IFS827

will be possible in future cycles with additional developments for distributed memory parallelism in828

CaMa-Flood and for coupling of river discharge with the ocean model.829
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Figure 24. River discharge evaluation distribution of several stations in the Mackenzie (a,b) and Danube
(c,d) basins. The evaluation is performed on daily data, displaying the distribution of correlation (a,c)
and percent bias (b,d) of several model configurations (vertical axis): coup1: 1-way coupling between
ECLand and CaMa-Flood; coup2: 2-way coupling between ECLand and CaMa-Flood stand-alone
simulations with the flow velocity calculations using the local inertia solution (iner) and kinematic wave
(kine), both driven by runoff from coup1. era5 and era5l are also stand-alone CaMa-Flood simulations
driven by the runoff of ERA5 and ERA5-Land reanalysis, respectively. The boxplots whiskers extend
from percentiles 5 to 95, with the box representing percentiles 25 and 75 and the median in red. The
values displayed on the left, close to the vertical axis, identify the median value for each distribution.

4.8. Evaluation of urban representation830

The evaluation of the single-layer urban scheme has been performed using both the IFS831

single-column model and ECLand. Urban parameters were first optimised with the IFS single-column832

model using a Gauss-Newton non-linear least square algorithm and observations of 2m temperature833

from 8 European surface sites. The surface albedo, emissivity, volumetric heat content and thermal834

conductivity were simultaneously optimised for average urban roofs, roads and walls. Monthly835

comparisons with hourly output for independent (January) observations show model improvement836

when using the urban scheme at all sites except Warsaw (Figure 25). The Warsaw site is at an airport837

located outside of the city, which does not provide a realistic representation of an urban environment.838

When using the urban scheme, the largest temperature changes occur in summer at night with smaller839

changes in the daytime (Figure not shown). These changes typically agree well with observation based840

studies, which also find urban heat island enhancements are larger at night than during daytime ([94];841

[95]).842
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Figure 25. Hourly observed 2m temperature taken from 8 urban sites for January 2012 (black circles).
Also shown are single-column model results using the control model (SCM_43R3: red) and the
optimised urban scheme (SCM-URB: blue). Numbers indicate RMSE values when compared to
observations. (Adapted from [72])

High-resolution global ECLand simulations (˜1 km horizontal) show expected skin and 2m843

temperature enhancements over both large and small urban conurbations (Figure 26). At coarser844

resolution the signal from smaller conurbations is lost (˜9 km) and a small urban signal averaged845

over an unrealistically large area is simulated at even coarser resolutions (˜30 km). It is therefore846

recommended that a reasonable land surface representation using the single-layer urban canopy model847

is only derived at resolutions of 9 km or higher. This development shows promising results to be848

considered as operationally viable for future cycles.849
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Figure 26. The difference between urban and control monthly mean 2m temperature over central UK
for 00:00 UTC January 2019 at ˜30 km (top), ˜9 km (middle) and ˜1 km horizontal resolution (bottom)
taken from ECLand simulations. Conurbations larger than 1, 000km2 (solid), 500km2 (dashed) and
100km2 (dotted) are denoted with boxes. (Adapted from [72])

5. Summary850

The ECLand land-surface modelling system aims to expedite progress in Earth system modelling851

and greatly benefits from international collaboration by co-developing and facilitating modular852

extensions. ECLand is based on the Carbon-Hydrology Tiled Scheme for Surface Exchanges over Land853

in its current operational version (CY47R1) and represents an integral part of the IFS for ECMWF’s854

current and future global weather and environmental (services) applications.855

The paper highlights examples of recent developments in different components of the land856

surface model, namely : (i) vegetation, (ii) snow, (iii) soil, (iv) open water/lake (v) river/inundation857

(vi) urban areas, which are illustrated and evaluated against benchmark observational datasets. Future858

developments on the seamlessness of the land surface system target the improvement of processes859

affecting also the seasonal range and reanalyses, e.g. through consideration of the vegetation status860

inter-annual variability as also depicted in [26].861
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Perspectives for NWP are focusing on improvements of the water cycle, with particular attention862

to evaporation processes, transition seasons, hydrological forecast skill and with a focused attention to863

a better exploitation of emerging very-high resolution observational datasets (eg. SENTINEL), skin864

temperature over land with consideration to its compensating error-free interpretation. On the snow865

and soil perspectives, the multi-layer approach available in ECLand for snow and soil moisture opens866

avenues for enhanced forward modelling of satellite radiances which will enable developments of867

coupled assimilation of surface sensitive observations. Preliminary investigations were conducted by868

Hirahara et al. [96] showing that low frequency microwave emissivity is better represented when a869

multilayer snowpack model is used.870

In the near future, the very high resolution modelling capabilities available with ECLand are871

planned to be extended to land data assimilation, using Sentinel satellites for soil moisture and872

snow analysis, as well as skin temperature and vegetation variables, for land reanalysis and NWP873

applications. Land-atmosphere coupling development priorities have been defined [26] along with874

ways to verify model improvements using super-sites, as well as the standard observations used875

in ECMWF verification activities [97]. In addition, coupling with the river discharge model will876

add further constraints on uncertain model parameters and would enable investigation of coupled877

assimilation of inland water level information in ECLand for the benefit of river discharge and land878

surface processes modelling. Preliminary work using the uncoupled river/IFS system showed that879

SMOS data assimilation has an impact on river discharge forecasts [98]. The nature of physically880

based models is by default attached to uncertainties coming from non-fully adequate equations881

for different reasons such as scale representativeness or even non-observable parameters. Ongoing882

collaborative efforts in ECLand are also focused on the refactoring of the land surface model to883

externalize process-sensitive parameters and attach the multiscale parameter regionalization system884

(MPR; [93]) to the offline system in order to enable more flexible parameter estimation and optimization.885

AI/Machine learning techniques could also be considered in this context.886

Finally, enhanced vegetation and photosynthesis modelling, as well as very-high resolution887

modelling including anthropogenic elements such as urban, CO2 and CH4, and prognostic fire888

modelling are important elements of ECLand extensions to support current and future Copernicus889

services.890

Future developments focus also on preserving the seamlessness of the land surface system891

through the improvement of the processes affecting the extended range and reanalysis, such as the892

consideration of the vegetation status and its inter-annual variability for upcoming C3S seasonal893

and reanalysis systems. This effort would be consolidated by the foreseen improved estimation and894

characterisation of the carbon cycle components especially the biogenic, contributing to the CAMS895

services.896
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