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1 Introduction

Land cover is the natural neaital that covers the land surface and constitutes an essential factor in formulatin
the local and regional climate conditions. Land use is distinct from land cover and describes the activities throt
which people interact with terrestrial ecosystefiveyfroidt et al., 2018) Land use includes recreational,
agricultural or commercial purposes, such as the installation of city parks, the tillage and irrigation of farmlanc
the construction of shopping districts etc.

Deforestation is a common anthropogenic land cover chaniipe industrial era in order to meet the increasing
living needs. In the period 20D12, approximately 2.3 million khof forest area lost on a global scale, mainly
due to increased deforestation in tropical latitufléansen et al., 2013)n Brazil, whch owns most of the
Amazon natural ecosystem, forest losses of over 40,060Mare recorded for 2003. In Indonesia, the mean
annual rate of forest loss for the period 2@001.2 was about 1000 Kfgear. Deforestation also takes place in the
boreal zone maly due to fires which occur more frequently due to anthropogenic climate cfRoggov et

al., 2008) On the other hand, forest areas tend to increase in the temperate zone of the northern hemispher
China, national targets for extensive reforestation have increased total forest area by 5.5% since the 1990s
the ultimate goal of forests covering 30% of China's land by 2Bbéng et al., 2016)n addition, Europe has
seen a trend of forest regrowth in the period 12600, mainly in eastern Europe at the expense of abandoned
crops due to social, economic and political factors, such as the collapse of the SovietAlbaintara et al.,
2013; Huang et al., 2020; Kuemmerle et al., 2016; Fuchs et al.,.2013)

In the future, changes to the langface will continue. Recent evidence from modelling approaches suggests tha
the magnitude of global anthropogenic warming may worsen by as mu€t avér areas converted from forest
to cropland(Bukovsky et al., 2021)Deforestation in the Amazon region could lead up td0.%armer mean

annual temperatures and drier than present condii@sune et al., 2015)

According to the Intergovernmental Panel for Climate Change (IPCC) special report on climate change and la
all land-use activities contributed to about a quarter of greenhouse gases emissions to the atmosphere ove
20072016 period (IPCC, 2019). The deployment of a broad range oblasetl applications has been identified
that have multiple benefits for a sustable future climate. Afforestation or reforestation has a high estimated
potential for carbon sequestration which amounts te 0bGtCO2 per yeglPCC, 2019) thus it has emerged

as a key landbased strategy in order to achieve thpals of Pari®\greement towards the greenhouse gases

mitigation(Grassi et al., 2017)

1.1Forestclimate relationships
An estimated 3 trilliortrees cover almost 42 million Krar the 30% of global land surface, with most of them

inhabiting across the tropical latitud@zan et al., 2013; Crowther et al., 20TB)e presence of forests provides



several benefits for natural systems and humankinkldimg refuges for biodiversity, protection of soil resources
and provision of food and medicinal produ@onan, 2008; Hassan et al., 200l) addition, forests act as an
important climate factor as they affect the carbon cycle in the climate system and modify the energy flux
between ground and atmosphere.

The efficiency of forestin absorbing carbon from the atmosphere is thekmestn reason why afforestation is
promoted as a strategy to mitigate climate change. Recent studies which employed various land cover che
scenarios showed that largeale afforestation could store to 25% of the current atmospheric carbon pool
(Bastin et al., 201¥eldman et al., 2019; Lewis et al., 2018)ora and Montenegro, 20ELiggested that gradual
planting of trees on areas occupied at present by crops could attenuate the global warming Gg o @430

due to GHG mitigabn potential of afforestation.

1.2Biophysical processes
Apart from biogeochemical forcing, forests affect climate through modifications of biophysical processes. In tt
context of land cover change, as biophysical impact is considered any alterationvedtéineand energy

redistribution at the land surface and the resulting consequences in components of climate system.

Prominent biophysical effects of afforestation include changes in albedo, the latent heat flux and the surf:
roughnessKigure 1.1). Foress have generally lower albedo than open laRdgufe 1.1a), especially in seasons
and regions where the ground is shroevered(Betts, 2000) The latter is associated with the fact that the trees
remain exposed to solar radiation and mask the high reflectance of snow underneath whereas the open land
become etirely snowcoveredBonan et al., 1992)hus, the transition from open lands to forests decreases the
surface albedo leading to an increase of absorption of solar radiation atfdoe @nd thus increasing surface
temperature. The albedoduced warming of surface temperature following forestation can be offset by cooling
effects resulting from an increase in surface roughness and latent heat flux. The surface of tress is gene:
rougher than open lands and therefore creates more turbulence in the surface layer facilitating the turbu
exchange of energy and water vapor between the land surface and the overlying atmésgpirerd. (b).
Therefore, the surface roughness charageahcooling effect at surface. This cooling could be further amplified
by an increase in evapotranspiration with forestatibigure 1.1c). Forests have greater potential for
evapotranspiration than grasses due to their transphfatoditating charactestics such as their big leaf area and
deep rooting system, through which they have access to larger groundwater reserves. A potential increas
evapotranspiration could reduce the surface temperature and increase water input to atmosphere, which

erhance precipitation.
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Figure 1.1: Forest-climate biophysical feedbacks through modifications in a) surface albedo, b) surface roughness and c) latent
heat flux. Figure was retrieved fromBonan, 2016

1.3 Observations and satellite approaches

Recent analyses based ossitu observations adopted the spémetime analogy to assess the biophysical impact
arising from spatial patterns of different terrestrial ecosystems on local climate. The observational meth
concerns the difference in measments between flux towers located in forests and nearby ground station:s
located in open lands. Their differences can be interpreted as the climate signal of hypothetical land cover che
over time, assuming that the adjacent forests and open landgtshaeme background climate. Applying the
spacefor-time analogy over Northmerica,Lee et al., 201Xeported that the open lands have \&dp mean
annual temperature than forests. Following a similar appr@emg et al., 201veported contrasting results for
temperate zone, as they found that the mean annual air temperature at open lanéS isdn®eér than adjacent
forests, which was mostly associated withtdag climate processes. In the boreal zone, open lands were 0.95
°C cooler than forests owing to cooler minimum temperatures throughout the year, in line with resulisefrom
et al., 2011 Pairing FLUXNET sitesChen et al., 2018ported that open lands have less netatadi amounts

and turbulent fluxes at surface in summer with respect to forests. In the same context but focused on Eurc



Broucke et al., 2018howed that open lands are cooler than forests at night, mostly in winter, whereas the daytir

temperatures are higherapen lands in summer and lower in winter.

Satellite products for albedo, evapotranspiration (ET) and land surface temperature (LST) have also assiste
assessing the biophysical forcing of vegetation replacements across the world. Comparingrsateliad
albedo, ET and LST between adjacent vegetation types in North An#remaand Jackson, 20tdnfirmed the
general consensus that forests are darker than open lands, especially in locations with snow. Also, they fo
greater evaporation amounts over forests with respect to croplands during the growing season.ofgjrtherm
forests had a smaller daily LST range in summer because of their warmer nighttime and cooler daytir
temperatures than open lands. In a similar confdkgima and Cscatti, 201Geported that forest loss amplifies
the diurnal LST range in summer, mostly increasing the maximum temperatures over arid zones. Conductin
globatscale studyl.i et al., 2015showed that the biophysical impact of forests depends largely on latitude. In
the tropics, forests are cooler than open lands in all seasons, the temperate forests are cooler in summe
warmer in winter compared to open lands, while over boreal zonentsd are much warmer in winter due to

snowmasking effect and slightly cooler in summer.

1.4 Climate models
The observatiomriven assessment of biophysical forcing of forest cover change reflects only the local effects c
climate of specific small areaSatellite analyses are also subject to restrictions as the data are retrieved only fc

clearsky conditiongdBonan, 2016)

1.4.1 Earth System Models (ESMs)
The most modern and comprehensive tool for exploring the underlying mechanisms behind the land co
changes relies on Earth System Models (ESMs). These complex models use mathematical equations to repr:

and quantify the processes which take place éetwhe atmosphere, land surface, ocean and sea ice.

The most robust information about the biophysical effects of land cover changes on climate has been delive
from ensembles of ESMs so far. A muttiodel approach applied in the context of LUCID prbjedanvestigate

the impact of historical deforestation over North America and Eurasia between the perid®23@®itman et

al., 2009; NobleDucoudre et al., 2012Among the robust model responses to deforestation were a systemati
increase of surface albedo and a decrease of total turbulent heat ét@nguer, significant uncertainties
emerged for the surface temperature response to deforestation, linked to diverging results for turbulent heat flt
partitioning. Divergent climate responses to historical land cover change in Northern America atgedemer
CMIP5 simulationgKumar et al., 2013)Also, LUCID and CMIP5 models were not able to reproduce correctly
the changes in the diurnal temperature cycle identified in predsgnbbservations of the effect of deforestation

over temperate regior(ejeune et al., 2017)'he wide divergence on the turbulent heat fluxes partitioning is



present even in more recent model intercomparison projects (CMIP6), producing a large spread in the sigr

global and regional temperature response to forest cover ch@wysen et al., 2020; Pongratz et al., 2021)

ESMs have been also used individually to assess thialghnd regional temperature response to various forest
cover change experimentBavin and NobleDucoudré, 2010showed that the net biophysical impact of
deforestation varge with latitude and depends on the competition between albedo, roughness an
evapotranspiration effects. In the tropics, deforestation causes a warming because the surface roughnes:
evapotranspiration effects counteract the albedaced cooling. Inédgmperate and boreal zone, deforestation
induces a cooling because the decreased albedo dominates over the warming effeetaddhtngm processes.

Li et al., 2016concluded that the temperature response to deforestation largely depends on the spatial exter
deforestation and on background climate conditiddckler et al., 201%uggested that neocal effects of
deforestation (impact on neighboring or remote regions from deforested area) have higher importance on glc
mean temperature than local effects (impact on deforested regions), regardless of geographical argassiatl th

extent of deforestation.

1.4.2 Regional Climate Models (RCMs)

RCMs have also contributed to the understanding of land cover change impact at regional scale. RCMs downs
global reanalysis or GCM results to simulate climate variability over lingted domains accounting for high
resolution topographical daifRummukainen, 2016).and cover change experiments over Europe with single
RCM showed that the frequency of cold exties in winter could be reduced with afforesta@herubini et al.,
2018) Also, the increase in evapotranspiration edficy due to maximum afforestation could reduce the summer
temperature mostly in regions with available soil water for evapotranspi(@ti@mdberg and Kjellstrom, 2019)
Moreover, precipitation extremes would be reduced in winter and mean summer precipitation would be like

increased in southern Europe owing to larg@petranspiration amounts with afforestatfoB e | u gi | .e't

1.5LUCAS initiative

Until now, climate information about land cover change impact has been delivered either from GMCs at glok
scale or single RCM studies which apply different experimental setups.ahlgellse and Climate Across Scales
(LUCAS) initiative is the first model intercomparison project designed with the ultimate goal to assess tf
biophysical impact of land cover changes on regional climate in Europe under a common experimental proto
In the first phase, an ensemble of ten RCMs undertakes two idealized experiments, which represent Europ
fully covered by trees and grass respectively, in order to quantify the climate response to extreme land cc

change.

LUCAS ensemble produced a largeesal in temperature response to forestation in summer, associated witt
diverging results for turbulent heat fluxes partitioning, similar to previous intercomparison p{Dj@ats et al.,

2020) On the other hand, the increase in net radiation due to decreased albedo and the increase in sensible

5



due to inceased roughness were common features in almost all LUCAS models. Forestation induced a decres
diurnal temperature range at surface in summer because the increased net radiation amounts counteract the s
energy loss from increased sensible heat fluxich amplified the diurnal range of overlying air temperature at
the same timgBreil et al., 2020) Furthermore, LUCAS models showed tlfatestation enhance snowmelt,
however the forestation effects during the swoelt period emerged as the greatest challenge for the RCMs
(Mooney et al., 2021)

1.60utline

This study is focused on land cover changes impact on regional climate in Europe, as represented by W
regional climate model within the framework of LUCAS FPS. Four different WRF simulations are performe
under the common LUCAS experimental protoashich combine different atmospheric and land surface

schemes for the representation of physical processes.

The main part of this analysis is divided into three sections. In the first part, the ability of WRF ensemble
reproducing adequately the nesarface climate processes is evaluated. WRF simulations are compared to variot
observational, reanalysis and satellite products for temperature, precipitation, cloudiness, radiation and

surface fluxes, in order to identify systematic biases and sourcesertainty in model.

In the second parthe WRF configurations undertake the two idealized LUCAS experiments, FOREST anc
GRASS, in order to investigate the impact of extreme land cover change on soil temperature profile across Eurt
Although the airand surface temperature responses to extreme forestation have been investigated in previ
LUCAS studies, the soil temperature sensitivity remains unexplored. AccordMgdbougall and Beltrami,

2017 a warming effect on subsurface temperature remains present even by 500 years after deforestation. In

part, the analysis includes results from all LUCAS models.

In the third part, two WRF simulations which integrate realistic land cover ma@830rand 2015 respectively
are compared, in order to assess the effect of recent land cover changes over Europe on regional climate c
reference period 1988015.

In summary, the questions that this dissertation intends to answer are:

1 Is WRF RCM ablédo reproduce adequately the observed physical processes at surface, and what are
sources of uncertainty in model simulation?
What is the afforestation impact on soil temperature profile across Europe?

How recent changes in land cover would affect regional climate in Etomogee period 1982015?



2 Regional climate simulations within LUCAS FPS Evaluation of a WRF
multi -physics ensemble

2.1Introducti on

In the framework of FPS LUCAS Phase 1, ten climate simulations are performed for the time perid@186
following the EureCORDEX intercomparison protocol for hindcast rumsorder to study the sensitivity of
regional climate to idealized scenarimfsland cover changerior to this phase, the RCM ensemble should be
evaluated for its ability to correctly simulate the observed climate processes and not produce systematic er
that will reduce the reliability of results of land cover change exmaisn This chapter is focused on the
performance of a WRF mini ensemble included in LUCAS, which consists of four WRF simulations that sha
different atmospheric and land surface schemes. The-piylsics ensemble around WRF model helps to identify
the iole of land and atmospheric processes on the origin of model uncertainties.

The WRF performance has been assessed in the frame ephydics and mukmodel intercomparison studies
within EuroCORDEX. GarciaDiez et al., 20150ound that a multphysics ensemble of the WRF RCM can
produce a similar spread as a mutibdel ensemble within EURCORDEX, andGarciaDiez et al., 2013
confirm that no parameterization combination performs best for all applications. Precipitation overestimation h
been reported as a typic&RF behavior, which remains the same or worsens at higher spatial resolution:
(Kotlarski et al., 2014)In Kotlarski et al., 2014the winter wet bias was closely related to the distiegative

bias of mean sel@vel pressure, indicating a tdugh intensity of low pressure systems passing the continent.
Katragkou et al., 2015uggested that WRF captures winter precipitation better than summer precipitation an
related the summer overastition to the weakness of cumulus schemes to reproduce correctly the convectic
processes on regional scale. Another common WRF feature was a winter cold bias over\@red areas in
north-eastern Europe, which has been related to longwave compondobirey et al., 2012nd problematic
calculation of surface temperature over snowatragkou et al., 2015The common WRF deficiencies should

be comsidered when interpreting the results of model experiments.

Below, the WRF simulations are evaluated against various reference productsmigter2temperature,
precipitation, cloudiness, soil moisture, surface radiation and heat fluxes.

2.2Data & Methods

2.2.1 WRF ensemble

Four WRF reanalysidriven simulations performed as part of the LUCAS FRfble 1depicts the model seip

for each participating WRF simulation. The simulations share the same atmospheric configuration with differe
land surface schemer the same land component with different atmospheric schemes. -WédFMP and

WRFb-NoahMP share the same LSM but differ in cumulus and microphysics scheme.-N@RRBP and



WRFcNoahMP differ only in PBL and surface layer schemes, while WR&ahMP and WIRb-CLM4.0 have

the same atmospheric agi coupled with different LSMs.

Table 1: The characteristics of WRF multi-physics ensemble.

Simulation name WRFa-NoahMP WRFb-NoahMP | WRFc-NoahMP | WRFb-CLMA4.0
Institute 1D IDL UHOH BCCR AUTH
WRFv3.8.1Skamarock
RCM WRFv3.8.1 WRFv3.8.1 WRFv3.8.1
et al., 2008)
NoahMP(Niu et al., CLM4.0 (Oleson
LSM NoahMP NoahMP
2011) et al., 2010a)
MYNN Level 2.5
o B YSU (Hong et al.,
PBL (Nakanishi and Niino, | MYNN Level 2.5 2006) MYNN Level 2.5
2006)
Surface layer MYNN (Nakanishi and MMS5 (Jiménez et
B MYNN MYNN
scheme Niino, 2009) al., 2012)

(Grell and Freitas, 2014

for cumulus convectiof . _
Kain and Fritsch _ _ _ _
Cumulus scheme| and GRIMS Schem Kain and Fritsch | Kain and Fritsch

(Kain, 2004)
(Hong et al., 2013)or
shallow convection.
o RRTMG (lacono et al.
Radiation RRTMG RRTMG RRTMG

2008)

Two-moment 6class

. . _ (Thompson et al.,, (Thompson et al.,, (Thompson et al.
Microphysics | scheme(Lim and Hong,

2004) 2004) 2004)
2010)
(Tegen et al., (Tegen et al., (Tegen et al.,
Aerosols (Tegen et al., 1997)
1997) 1997) 1997)

All simulations are performed over the EUREDRDEX domair(Jacob et al., 202@yith a spatial resolution of
0.4# (~50 km), forced by ERAnterim reanalysis datéDee et al., 2011t their laéral boundaries and at the
lower boundary over the sea. The analysis covers tHye&0period of 19882015 and focuses on the following

eight European subregions as describe@hnistensen and Cistensen, 20Q%he Alps (AL), the British Isles



(BI), eastern Europe (EA), France (FR), the Iberian Peninsula (IP), the Mediterranean (MBurope (ME)
and Scandinavia (SCIrigure 2.1).
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Figure 2.1: Topography of themodel domain. The outlined boxes with dashed lines correspond to the eight regions on which the
analysis focused: AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean)
ME (Mid -Europe), SC (Scandinavia)

2.2.2 Observational datasets

The various reference products used for evaluation are descrifable 2 The monthly averaged data of
gridded products used, which cover the full simulation period -P88% for temperature, precipitation, cloud
fraction, surfae radiation fluxes, heat fluxes and soil moisture. Data were regridded, using bilinear interpolatiol
to model grid of 0.4%4 When possible, different products are considered for a given variable in order to accour

for uncertainties in observatidrasedatasets.

Table 2: Reference gridded datasets used for evaluation of WRF simulations.

_ Spatial Time
Dataset Variables ) _ Reference
resolution period
S 1986 (Cornes et al.,
E-OBS v25 2m temperature, precipitation 0.1°x 0.1°
2015 2018)
CRUTS v. 2m temperature, praatation, cloud 0.5x 0.5 1986 (Harris et al.,
Bx0.
4.06 fraction 2015 2020)
CLARA- Shortwave & longwave radiation, cloud 1986 (Karlsson et al.,
_ 0.29x0.2%
A2.1 fraction 2015 2017)
Shortwave &ongwave radiation, Latent 1986 (MufiozSabater elf
ERA5-Land _ _ _ 0.1°x 0.7°
heat flux, sensible heat flux, soil moistur 2015 al., 2021)




Measured monthly data of latent and sensible heat flux are used from FLUXNET2015&tas@(Pastorello
et al., 2020)o complement the evaluation of simulations for evaporation fraction. In the search for FLUXNET
sites, the following criteria were defined: the sites 1) must be located inside the simulation domain, 2) ha
available longperiod measurements within the sintida time period 198&015 and 3) be geographically
dispersed to cover a large part of Europe. In total, 8 sites were found and their characteristics are describe
Table 3. For comparison with simulations, the observed mean monthly evaporation fracgora site is
compared to the simulated evaporation fraction of the nearest model grid.

Table 3: Characteristics of the sites selected from FLUXNET2015 dataset.

FLUXNET site ID Latitude, Longitude Elevation(m) Land cover Time period
BE-Vie (50.30,5.99) 493 Mixed Forest 19962014
CH-Fru (47.11,8.53) 982 Grassland 20052014
DE-Geb (51.09,10.91) 161 Cropland 20012014
ESLJu (36.92,-2.75) 1600 Open shrubland 20042013
Fl-Hyy (61.84,24.29) 181 EvergreerNeedleleaf 19962014
FR-Gri (48.84,1.95) 125 Cropland 20042014
FR-LBr (44.71,-0.76) 61 Evergreen Needleleaff 19962008
IT-Col (41,84, 13.58) 1560 Deciduous Broadleaf| 19962014

2.3Results

2.3.1 Temperature

In this section, the simulatedreter temperature from four WRF simulations is evaluated using-tbBSE
gridded dataset for the 192815 time period in Europe.

2.3.1.1Mean winter temperature

Figure 2.2depicts the meaneter temperature bias (models minbservations) for winter, while the averaged
model bias over the sulegions of this analysis is presented able 4. In maps and tables, MMM represents the
LUCAS multi-model ensemble mean including all simulations except WRF.

In winter, the sign of temperature bias among WRF configurations is mixed. \WRWE.0 and WRFENoahMP
share the same atmospheric component Ifigreint land surface models (LSMs). They exhibit a similar spatial
pattern of temperature bias in winter, indicating the minor contribution of LSMs on the simulation of winte
temperature. Their major difference is the colder bias of WRH@4.0 over the Aps region {1 °C vs-0.2°C).

The atmospheric sefp selected for WRFbloahMP produces a large winter cold bias over Scandin@A&)

and Eastern Europel(3°C), while this is not the case for WRiRmahMP. The cold bias over NotEastern
Europe is awell-known deficiency which has been reported in previous WRF -aaaparison studies

(Katragkou et al., 2015; Garelaiez et al., 2015; Mooney @l., 2013) In a recent research conducted in the
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context of LUCAS FPSaloz et al., 202) the current WRNoahMP configurations were found to reprse
reasonably the snewover climatology and the incoming shortwave radiation at surface over the nardstem
regions, implying also the realistic representation of cloud cover, when compared to satellite and reanalysis d
Since WRFeNoahMP and WRé-NoahMP differ only in parameterization options for PBL and surface layer, it
could be suggested that the pronounced cold bias is related to problematic computation of skin temperature
snowcovered grounds in MM5 surface layer scheme, as reportddss, 2013Last, the atmospheric settings
selected for WRF&oahMP produce a widespread warm bias over the greatest part of Europe excé@éding 2
over Alps and France.

EOBS WRFb-CLM4.0 minus EOBS WRFa-NoahMP minus EOBS

WRFc-NoahMP minu:

~

s EOBS
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Figure 2.2 Mean 2-meter temperature bias (models minusbservations) for winter (DJF) over the 1986015 time period.
Stippling indicates areas where model bias is within the HDBS uncertainty range. The £1xSD is used as estimate of the
uncertainty range of EFOBS dataset. MMM: multi-modelmean of LUCAS simulaions excluding WRF configurations. The
characteristics of LUCAS simulations are reported in Table A 4 in Appendix.

Table 4: Mean winter (DJF) 2-meter temperature bias C) over the time period 19862015, averaged over eighEuropean sub
regions. AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean), ME
(Mid -Europe), SC (Scandinavia). MMM: multi-modelmean of LUCAS simulations excluding WRF configurations.

AL Bl EA FR IP MD ME SC

EOBS (C) 0.2 4.2 -1.4 4.4 6.6 3.2 1.6 -6.6

WRFb-CLM4.0 minus EOBS -1 -0.2 -0.2 0 -02 -02 -04 -02
WRFaNoahMP minus EOBS 2.6 1.8 1.4 2.2 1.6 0.5 1.9 1.7
WRFb-NoahMP minus EOBS -0.2 0 -0.3 0 -03 -04 -01 0.3
WRFcNoahMP minus EOBS -0.2 -05 -13 02 -01 -02 -0.7 -2
MMM minus EOBS 0 0.3 0 0.3 -0.1  -0.2 0.3 0.4
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2.3.1.2Mean summer temperature

Figure 2.3 depicts the mean-@eter temperature bias (models minus observations) for summer, while the
averaged model bias over the subregions of this analysis is presensadeib.

In summer, the-2neter temperature regime is strongly controlled by the seledtetmospheric and land surface
schemes. WRFbloahMP suffers from large warm biases over Alps €)% France (2.8C), Iberian Peninsula
(2.3°C), Mediterranean (1.%C) and MidEurope (1.3C). These biases are to a great extend alleviated in WRFc
NoahMP, except the remaining warm bias of Clover the Mediterranean. WRI_M4 performs well having
minor errors over all subregions. WRRaahMP shows an unacceptable performance with extreme warm biases

greater than 3C across all regions.
EOBS WRFb-CLM4.0 minus EOBS WRFa-NoahMP minus EOBS
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Figure 2.3 Mean 2-meter temperature bias (models minus observations) for summer (JJA) over the 192015 time period.
Stippling indicates areas where model bias is within the H9BS uncertainty range. The £1xSD is used as estimate of the
uncertainty range of E-OBS dataset. MMM: multi -modelmean of LUCAS simulations excluding WRF configurations.

Table 5: Mean summer (JJA) 2meter temperature bias ¢C) over the time period 19862015, averaged over eight European sub
regions. AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean), ME
(Mid -Europe), SC (Scandinavia). MMM: multi-modelmean of LUCAS simulations excluding WRF configurations.

AL Bl EA FR IP MD ME SC

EOBS (C) 166 148 188 183 214 211 173 13.2
WRFb-CLM4.0 minus EOBS 0.1 -0.4 0.3 0.1 -0.1 0.6 -0.2 -0.3
WRFaNoahMP minus EOBS 6.9 3.4 5.2 6.5 4.4 4.8 5.8 2.4
WRFb-NoahMP minus EOBS 2.5 0.2 0.2 2.5 2.3 11 1.3 -0.5
WRFcNoahMP minus EOBS 0.7 -0.7 0.2 0.3 0.6 11 -0.1 0

MMM minus EOBS 0.7 0.2 1.4 0.7 0.4 15 0.7 -0.1
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2.3.1.3Seasonal cycles

Figure 2.4 depicts the mean observed and simulated seasonal cyclenefe temperature over the eight
subregions of analysis.

WRFb-CLM4 and WRFeNoahMP capture adequately the observed seasonal cyclmetfe? temperature over

all the subregions. Their small bésslie within the EOBS uncertainty range, indicated with the grey shadow.
WRFb-NoahMP shows a prominent overestimation of mean temperature during the warm months over t
regions of Alps, France and Iberian Peninsula. Last, WRa&hMP exhibits a constaand large overestimation
throughout the year over almost all subregions.
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Figure 2.4: Mean seasonal cycle of observed (EOBS) and simulatedrizter temperature over the eight subregions of analysis:
AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean), ME (Mid
Europe), SC (Scandinavia). The grey area represents the range of@BS uncertainty (+1xSD)
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To better understand the model errors in the estimation of mean temperature, the mead abskesimulated
seasonal cycle of minimum and maximurm2ter temperature is also assesseligure 2.5 andFigure 2.6
respectively.

A combination of warm biases in minimum and mostly in maximum temperature results in an overestimation
mean tempetare over Alps, France, Iberian Peninsula and-BEiglope for WRFENoahMP. The amplification

of warm bias in maximum temperature in the late summer is likely associated with positive feedbacks trigget
by soil dryness in WREbBloahMP and will be checked the next sessions in combination with other variables,
such as the surface heat fluxes and soil moisture. Furthermore,-M&&R&P captures well both the seasonal
cycles of minimum and maximum temperature. The maximum temperature is overestimateslimiaéz over

the regions of southern Europe (Iberian Peninsula, Mediterranean) for-WédhdVIP, while the minimum and
maximum temperatures are underestimated during the cold months over Eastern Europe and mostly
Scandinavia, however these cold biasesaithin the EOBS uncertainty range. Moreover, WRELM4.0
represents well the observed seasonal cycle of minimum and maximum temperatures in almost all subregit
showing small cold biases during the spring mostly in daytime temperatures over the oégientral and
northern Europe (France, MEurope, Alps, Eastern Europe and Scandinavia). This feature could be linked tc
findings fromDaloz et al., 2021in which WRFBCLM4.0 was found to have an extended srumwer period

over Eastern Europe and Scandinavia. Last, WRéahMP fails to capture the seasonal cycle of minimum and

mostly maximum temperatures, showing large overestimations in all subregioss seasons.
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Figure 2.5 Mean seasonal cycle of observed (EOBS) and simulatedrizter minimum temperature over the eight subregions of
analysis: AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean), ME
(Mid -Europe), SC (Scandnavia). The grey area represents the range of BS uncertainty (z1xSD).
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Figure 2.6. Mean seasonal cycle of observed (EOBS) and simulatedrizter maximum temperature over the eight subregions of
analysis: AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean), ME
(Mid -Europe), SC (Scandnavia). The grey area represents the range of BS uncertainty (+1xSD).

2.3.1.4Taylor diagrams

Taylor diagrams are used to address the model performances in terms of the amplitude of temperature variak
(normalized standard deviation) and correlation witbepbations on temporal and spatial scale over the European
continent. Observed monthly temperature from CRU dataset is considered in addition to EOBS, in order
account for uncertainty in observational data.

In winter (Figure 2.7), all WRF configurationexcept WRFaNoahMP are found to be in high spatial and
temporal agreement with observations in terms of correlation (higher than 0.9). In terms of variability, WRFI
NoahMP somewhat underestimates the spatial temperature variation, while the oppasitenisemporal scale.
WRFb-CLM4.0 overestimates the spatial and temporal variability of nighttime temperature but achieves hic
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performance for daytime temperature. The different atmosphenipsatWRFeNoahMP degrades the quality
of simulation, producig considerable overestimation of temperature variability, especially for minimum
temperature on temporal scale (greater than 1.25). The results are almost the same when comparing either

EOBS or CRU, implying good consistency between the observatiatadets.

® WRFb-CLM4.0
® WRFa-NoahMP
¢ WRFb-NoahMP
® WRFc-NoahMP
other RCMs

DJF DJF

< . <
S S & o spatial e < & & temporal
() o
] EOBS
CRU

S % 5 %
B 1-tas | %, ] 1-tas | L
& 125 = 2-tasmin Q %, N 125 = 2-tasmin
g 3 - tasmax g 3 - tasmax
) 2
@ - e 1K o
S ~y S ~3
kS ™~ s =

0.75 — N 0.75 +— N
3 N 3 e
N \ N A
s N 2 N\
© [ ~

S S
T 050 - A 0% B 050 - \ R 09
L \ <) N
w \ w \
3 \
025 — 0.99 025 \ 0.99
\
\
0.00 &= L ! L 10 000 L L ! 1 ! 1.0
025 050 075 REF 1.25 15 025 050 075 REF 1.25 1.5

Figure 2.7: Taylor diagrams for mean, minimum and maximum winter 2meter temperature averaged over Europe for 1986
2015 time period. The plots depict the spatial and temporal correlation and ratio of variance (normalized standard deviation)
between simulated and observed values from-©BS and CRU, based on monthly means.

In summer Figure 2.8), the results are more dispersed with respect to winter. It is noticed again a high spati
and temporal correlation between the simulated (except WREAMP on temporal scale) and observed values,
higher than 0.8. In terms of variability, the differetitnospheric satps between WRFbloahMP and WRFc
NoahMP do not affect the spatiotemporal variability of nighttime temperature (they both underestimate i
although the temporal variation of daytime temperature is clearly improved in \W&&dVIP. The swith from
NoahMP to CLM4 upgrades the simulation of maximum temperature on spatial scale and changes the sign of

for minimum temperature variability from negative in WRRbahMP to positive in WRFELM4.0.
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Figure 2.8 Taylor diagrams for mean, minmum and maximum summer 2meter temperature averaged over Europe for 1986
2015 time period. The plots depict the spatial and temporal correlation and ratio of variance (normalized standard deviation)
between simulated and observed values from-BBS and CRU, based on monthly means.

2.3.2 Precipitation

In this section, the simulated precipitation is compared to observatiec@88} across seasons and regions in
Europe over the 1988015 time period, following the same methodology applied for temperature.

2.3.2.1Mean winter precipitation

Figure 2.9depicts the mean precipitation bias (models minus observations) for winter, while the averaged moc
bias over the subegions of analysis is presentedliable 6.

In winter, all WRF modelling systems, except WR¥@ahMP, ted to overestimate the mean precipitation in
most regions, apart from the area of British Isles. WRBBRhMP and WRF&NoahMP share a similar pattern of
precipitation bias, confirming the evidence friMooney et al., 201&here the sensitivity of winter precipitation

to two different PBL schemes was minor. Only over Eastern Europe, the use of YSU PBL scheme yiel
somewhat wetter conditions for WRRNnahMP compared to WRHWoahMP. The wet conditions are also
reproduced iIWRFb-CLM4.0 which shows larger errors across Europe especially over mountainous region
(60% overestimation over Alps). Iin et al., 2010WRF simulations coupled to four different LSMs showed an
overestimation of winter precipitation and no close relationship with land surface processes, supporting

general consensus that atmospheric circulation ddesrbe winter precipitation regime.
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Figure 2.9: Mean precipitation bias (models minus EOBS) for winter (DJF) over 198&@015 period. Stippling indicates areas
where model bias is within the EOBS uncertainty range. The £1xSD is used as estimate of theagmtainty range of E:OBS
dataset. MMM: multi -modelmean of LUCAS simulations excluding WRF configurations.

Table 6: Mean model relative bias (%) for winter precipitation (mm/day) over 19862015 period compared to EOBS, averaged
over eight European subregions. AL (Alps), BI (British Isles), EA(Eastern Europe), FR (France), IP (Iberian Peninsula), MD
(Mediterranean), ME (Mid -Europe), SC (Scandinavia). MMM: multi-modelmean of LUCAS simulations excluding WRF
configurations.

AL Bl EA FR IP MD ME SC

EOBS (mm/day) 2.3 3.5 1.2 2.3 2 1.9 1.9 1.9

WRFb-CLM4.0 minus EOBS 60% -4% 65% 38% 27% 26% 45% 21%

WRFaNoahMP minus EOBS  -65% -30% -47% -70% -66% -76% -60% 49%

WRFb-NoahMP minus EOBS 30% -7% 33% 12% 0% 0% 20% 15%

WRFcNoahMP minus EOBS 30% -8% 42% 13% 0% 7% 19% 9%

MMM minus EOBS 30% -10% 39% 13% 7% 0% 19% 14%

2.3.2.2Mean summer precipitation

In summer Eigure 2.10), the precipitation regime is strongly controlled by the selection of atmospheric and lanc
surfaceschemes. WRFELMA4.0 tends to underestimate the summer rainfall over the -sastiern part of
Europe, producing a dry bias €88% of the absolute EOBS estimate over Mediterran€ahl¢ 7). WRFb
NoahMP yields a largely drier simulation than WREbM4.0 over regions of central Europesg% over Alps,

-74% over France61% over MidEurope), which is consistent with the warm summer bias over these regions
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The better performance of WRELM4.0 with respect to WRFbloahMP highlights the significant role of
advanced LSMs in simulating summer climate with higher accuracy than simpler LSMs. Moreover, the differe
PBL scheme used in WR#¢oahMP dramatically reduces the dry bias produced by WRkhMP, however

it yields a wet bias over the noréfastern part athe domain which is not visible in WRMoahMP. Last, the
selected atmospheric sap in WRFaNoahMP results in a widespread dry bias which likely explains the

extensive warm summer bias for this model.
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Figure 2.10 Mean precipitation bias (models minusEOBS) for summer (JJA) over 19862015 period. Stippling indicates areas
where model bias is within the EOBS uncertainty range. The +1xSD is used as estimate of the uncertainty range ofOBS
dataset. MMM: multi -modelmean of LUCAS simulations excluding WHE configurations.

Table 7: Mean model relative bias (%) for summer precipitation (mm/day) over 198&015 period compared to EOBS, averaged
over eight European subregions. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (Frate), IP (Iberian Peninsula), MD
(Mediterranean), ME (Mid -Europe), SC (Scandinavia). MMM: multi-modetmean of LUCAS simulations excluding WRF
configurations.

AL BI EA  FR P MD ME SC
EOBS (mm/day) 32 26 22 2 08 13 24 25
WRFb-CLM4.0 minus EOBS ~ -16% -8% -20% -18% -16% -38% -11% 8%
WRFaNoahMP minus EOBS  -76% -73% -70% -84% -56% -48% -82% -40%
WRFb-NoahMP minus EOBS ~ -58% -43% -39% -74% -67% -48% -61% -7%
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WRFcNoahMP minus EOBS  -12% 0% 10% -26% -18% -25% -6% 22%

MMM minus EOBS 0% -12% -13% -14% 0% -1% -1% 4%

Moreover, Katragkou et al., 201%ound that the high summer precipitation rates were overestimated acros:
Europe for an ensemble of WRF modelling systems. The current WRF ensemble does not confirm this find
(Figure 2.11). WRFaNoahMP fails to reproduce the climatological pattern ohiser precipitation, showing
large deviations from the observed distribution over all subregions. ViRK#.0 and WRFeNoahMP perform
acceptably in most regions with some exceptions; WRéahMP overestimates the high rainfall rates in
Scandinavia and Easte Europe, while WRHECLM4.0 underestimates the large rainfall amounts in
Mediterranean and somewhat overestimates them in Scandinavia. Last-NURMdP underestimates the

whole range of rainfall rates and mostly the high quantiles over Alps, Franc&uvbge and Iberian Peninsula.
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Figure 2.11 Quantile-quantile plots for mean summer precipitation averaged over eight European sufegions, based on daily
values for 19862015 time period. Summer precipitation distribution is divided into 20 quantiles, tking a quantile every 5%.
Only daily rainfall amounts greater than 1 mm are considered. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (France)
IP (Iberian Peninsula), MD (Mediterranean), ME (Mid-Europe), SC (Scandinavia).

2.3.2.3Seasonatycles

Figure 2.12 depicts the simulated and observed seasonal cycle of mean precipitation over the eight differe
regions of analysis.

WRFb-CLM4.0 and WRFeNoahMP capture adequately the observed climatological pattern of precipitation
sharing a similar seasdr@ycle. They both show a tendency for overestimation during the cold months, which is
more pronounced for WRFBLMA4.0, and small dry biases which lie within th€dBS uncertainty range during

the summer in most regions, apart from Scandinavia where tley a yearound wet bias. Their major
difference occurs over Eastern Europe in summer, where VIRFBL.0 exhibits a dry bias in contrast to wet
conditions in WRFeNoahMP. The switch from CLM4.0 to NoahMP or the change of PBL scheme in WRFb

NoahMP, inducea prominent dry bias in summer months across all regions and mostly over Alps, France at
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Mid-Europe. WRFaNoahMP is not agreement with the observed seasonal cycle of precipitation across Euror

showing a constant dry bias throughout the year in mogingg
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Figure 2.12 Observed and simulated seasonal cycle of mean precipitation (mm/day) averaged over eight European regions for
the period 19862015. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD
(Mediterranean), ME (Mid-Europe), SC (Scandinavia)The grey area represents the range of OBS uncertainty (+1xSD)

2.3.2.4Taylor diagrams

Following the same methodology applied for temperature, Taylor diagrams are used to assess the mc
performances in terms of thariability of precipitation (normalized standard deviation) and correlation with
observations on temporal and spatial scale over the European continent.

In winter (Figure 2.13, WRFbNoahMP and WRF&NoahMP modelling systems exhibit similar performances,
indicating the minor effect of PBL scheme selection on winter precipitation. In terms of correlation, they show
high spatial and temporal agreement with observations close to 0.8. When compared to CRU, both modell
systems capture adequately the spatial temporal variability of winter precipitation, whereas they show a small

overestimation on temporal scale in reference to EOBS, revealing a small inconsistency between the observati
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datasets. Furthermore, WREWL.M4.0 achieves somewhat worse perfarmoe than WRFdNoahMP and WRFc
NoahMP overestimating the spatial and temporal variability of winter precipitation. Last,-WédFeMP does
not perform suitably showing low spatial and temporal agreement with observations in terms of correlation a
variability.
WRFb-CLM4.0
WRFa-NoahMP
WRFb-NoahMP
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Figure 2.13 Taylor diagrams for mean winter precipitation (mm/day) averaged over Europe for 198&€015 time period. The
plots depict the spatial and temporal correlation and ratio of variance (normalized standard deviation) between simulated and
observed values from EOBS and CRU, based on monthly means.

In summer Figure 2.14), the choice of atmospheric and land surface schemes affects the WRF performance f
precipitation. With respect to the spatial agreement, WEHEW4.0 outperforms the other RF modelling
systems, showing high correlation with observations around 0.9, and variability close to unity. The change
PBL scheme does not improve the model accuracy, but changes the sign of bias for precipitation variability fr
negative in WRFiNoahVIP to positive in WRF&NoahMP. WRFaeNoahMP shows again a bad performance,
with large underestimation of precipitation variation and moderate correlation with observational datasets. ¢
temporal scale, all modelling systems exhibit a modest correlationolgérvations close to 0.6. Excluding
WRFaNoahMP, the WRF configurations overestimate the precipitation variability, with VWN®BhMP having

the least bias after WRFRBLM4.0 and WRFeNoahMP sequentially.
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Figure 2.14 Taylor diagrams for mean summer pregpitation (mm/day) averaged over Europe for 19862015 time period. The
plots depict the spatial and temporal correlation and ratio of variance (normalized standard deviation) between simulated and
observed values from EOBS and CRU, based on monthly means.

2.3.3 Radiation and clouds

The variations of radiation fluxes at surface across seasons and latitude regulate to a great extent the su
climate. In this section, monthly data from CLAR¥R.1 satellitederived record are used in order to assess the
performance of WRF modelling systems in simulating the downwelling shortwave and longwave radiation
surface over Europe. To verify the robustness of results, models are also compared to ERA5 reanalysis ¢
which combine model data with observationsoas the world and cover the simulation time period 12&6b.
2.3.3.1Winter radiation fluxes

CLARA-A2.1 depict a soutimorth gradient in the spatial distribution of downwelling shortwave radiation at the
surface in winterKigure 2.15. Maximum amounts are obsed over Iberian Peninsula around 91 W on
average Table 8), with values gradually decreasing towards the northern Europe reaching up to 5w m
average over Scandinavia.

In winter, all modelling systems tend to overestimate shortwave radiatemtloe soutkeastern part of the
domain. The LSM choice has a minor impact on shortwave radiation in winter, since @{R#h0 and WRFb
NoahMP exhibit a similar behavior with overestimation over Alps and the -sastern Europe and an
underestimation oveBritish Isles and the west coasts of Iberian Peninsula, France and Benelux. On the oth
hand, the contribution of atmospheric component on winter radiation bias is considerable. The change
convective and microphysics scheme in WRlaRhMP yields a wiespread positive bias over central and
southern Europe. Also, the change of PBL scheme in \ARRFahMP results in a more pronounced and extensive

positive bias over the southern and eastern regions, almost doubling the overestimation over Mediterranean (.
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of the absolute CLARAA2.1 estimate) and Eastern Europe (33%) with respect to WREbMP. Moreover,

the results seem odd for all modelling systems over the high latitude areas, especially in Scandinavia where
southern part has a negative sign of msontrast to the positive bias over the northern part. This feature is
probably related to low accuracy of the employed observational dataset over the high latitude areas, where tl

is a difficulty for satellites to differentiate snow and cloud deedBabar et al., 2018)
CLARA-A2.1 WRFb-CLM4.0 minus CLARA-A2.1 WRFa-NoahMP minus CLARA-A2.1
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Figure 2.15 Mean bias (models minus CLARAAZ2.1) for downwelling shortwave radiation at surface in winter (DJF) over 1986
2015 period. Stippling indicates areas where model &8 is within the CLARA-A2.1 uncertainty range. The +1xSD is used as
estimate of the uncertainty range of CLARAAZ2.1 dataset. MMM: multi-modelmean of LUCAS simulations excluding WRF
configurations.

Table 8: Mean modelrelative winter bias for downwelling shortwave radiation at surface over 198015 period compared to
CLARA -A2.1, averaged over eight European subregions. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (France), IP
(Iberian Peninsula), MD (Mediterranean), ME (Mid-Europe), SC (Scandinavia). MMM: multi-modetmean of LUCAS
simulations excluding WRF configurations.

AL Bl EA FR IP MD ME SC

CLARA-A2.1 (W/nv) 58 36 42 55 91 81 40 15

WRFb-CLM4.0 minus CLARAA2.1  21% -17% 24% -2% -2% 9% 3% 0%

WRFaNoahMP minus CLARAA2.1  57% 0% 64% 44% 24% 46% 50% 13%

WRFb-NoahMP minus CLARAA2.1 16% -28% 17% -4% 0% 11% -5% -13%

WRFcNoahMP minus CLARAA2.1  28% -11% 33% 11% 12% 22% 10% 0%

MMM minus CLARA-A2.1 10% -11% 21% 0% -4% 5% 5%  -7%

Evidence fromcomparison of models with ERA5 reanalysis data do not confirm the mixed results ove
Scandinavia Kigure 2.16). Specifically, all WRF configurations perform suitably over Scandinavia when
comparing to ERAS. Over the rest domain, the spatial pattern of Inbiaes is somewhat similar when

comparing either to CLARAA2.1 or ERA5, however ERAS provide larger amounts of shortwave radiation at
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surface than CLARAA2.1. This inconsistency between the datasets largely reduces the model positive bias
when comparig to ERAS.
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Figure 2.16 Mean bias (models minus ERA5) for downwelling shortwave radiation at surface in winter (DJF) over 1988015
period. Stippling indicates areas where model bias is within the ERA5 uncertainty range. The £1xSD is useceamate of the
uncertainty range of ERA5 dataset. MMM: multi-modelmean of LUCAS simulations excluding WRF configurations.

The longwave component dominates over shortwave radiation in whigeré 2.17). The observed longwave
amounts range from 250 W#rto 290 W/nt across EuropeT@ble 9) and are minimized over regions of high
altitude. All modelling systems generally perform suitably exhibiting minor errors which lie within the range o
observational (CLARAAZ2.1) uncertainty over the major part of Eueogd’he LSM choice does not affect the
simulation of longwave radiation in winter, since both WRHIM4.0 and WRFENoahMP exhibit similar
features with slight overestimation across Europe which does not exceed the 5% of the absoluteA2UARA
estimate. Thehanges in atmospheric a4i do not greatly affect the performance for WiaahMP compared

to WRFbNoahMP, although have impact on WRRaahMP which yields a spatial dipole in the sign of bias
between souteastern (negative) and nostlestern (positivepart of the domain, consistent to its temperature
bias regime. The results for the longwave component are robust, since the additional comparison to ER

produces the same results (Fighrkin Appendix).
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Figure 2.17. Mean bias (models minus CLARAA2.1) for downwelling longwave radiation at surface in winter (DJF) over 1986
2015 period. Stippling indicates areas where model bias is within the CLARAZ2.1 uncertainty range. The +1xSD is used as
estimate of the uncertainty range of CLARAAZ2.1 dataset. MMM: multi-modelmean of LUCAS simulations excluding WRF
configurations.

Table 9: Mean model relative winter bias for downwelling longwave radiation at surface over 1988015 period compared to
CLARA -A2.1, averaged over eight Europeanubregions. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (France), IP
(Iberian Peninsula), MD (Mediterranean), ME (Mid-Europe), SC (Scandinavia). MMM: multi-modetmean of LUCAS
simulations excluding WRF configurations.

AL Bl EA FR IP MD ME SC

CLARA-A2.1 (W/n?) 257 290 268 286 283 270 281 253
WRFb-CLM4.0 minus CLARAA2.1 2% 4% 2% 3% 3% 2% 3% 2%
WRFaNoahMP minus CLARAA2.1 0% 9% -1% 0% 1% -4% 1% 3%
WRFb-NoahMP minus CLARAA2.1 2% 5% 1% 2% 2% 0% 2% 5%
WRFcNoahMP minus CLARAA2.1 1% 3% -1% 1% 0% -1% 1% 0%

MMM minus CLARA-A2.1 2% 2% 0% 1% 1% 0% 0% 0%

As a result, the combination of downwelling shortwave and longwave radiation biases produces a radiative surj
at surface in winter for all WRF configurations over the major pdtobpe Figure 2.18. The most pronounced

and widespread positive bias is noticed in WReahMP due to its shortwave component. The rest modelling
systems share a similar pattern with positive biases spreading over the southern and eastern regions
max mi zed over Al ps. ltés worth noting that the s
cold biases. The results for Scandinavia are not considered reliable due to the low accuracy ofA2LARAe

comparison with ERAS is taken in&count, where the models show quite good performance over the specifiec
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areas. The fact that WRHFtoahMP does not underestimate the incoming radiation at surface supports the vie

that its cold bias over the nordastern part of domain has not radiativigins.

CLARA-A2.1 WRFb-CLM4.0 minus CLARA-A2.1 WRFa-NoahMP minus CLARA-A2.1

] A
WRFb-NoahMP minus CLARA-A2.1

Figure 2.18 Mean bias (models minus CLARAAZ2.1) for the sum of downwelling shortwave and longwave radiation at surface
in winter (DJF) over 1986-2015 period. Stippling indicates areas where model bias is within the CLARAZ2.1 uncertainty range
The £1xSD is used as estimate of the uncertainty range of CLARA2.1 dataset. MMM: multi-modelmean of LUCAS
simulations excluding WRF configurations.

2.3.3.2Summer radiation fluxes

In summer, the observed downwelling shortwave radiation is maximized in sottléns Figure 2.19, 283

W/m? in Iberian Peninsula on average, and gradually decreases towards the north reaching up to?i87 W/n
ScandinaviaTable 10). The selection of atmospheric and land surface schemes strongly influences the WK
performance in simulating the summer shortwave radiation. \WGRHEW4.0 exhibits a soutimorth dipole in the

sign of bias, namely an overestimation close to 10% over Metitain, Alps and Eastern Europe and a slight
underestimation over British Isles and Scandinavia which does not exce@éothiene soutinorth dipole is also
reproducedinWRFboah MP, but itds more extensive atoWRFst r o
CLM4.0. Almost two or three times larger biases are noticed for \WRFhMP over the Alps (23%), France
(21%) and MidEurope (17%). The change of PBL scheme for WRBahMP does not alleviate the
overestimation of shortwave radiation seen in WREahMP, but changes the sign of bias to positive over the
northern regions. The atmospheric schemes selected for \ANB&aMP result in a bad performance with
widespread and large positive biases across Europe reaching almost the 50% of the absoluteAZHARA
estimate over MieEurope. ERA5 and CLARAA2.1 agree well for downwelling shortwave radiation at surface

(FigureA2 in Appendix), indicating the robustness of results.
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CLARA-A21 WRFb-CLM4.0 minus CLARA-A2.1 WRFa-NoahMP minus CLARA-A2.1

Figure 2.19 Mean bias (models minus CLARAAZ2.1) for downwelling shortwave radiation at surface in summer (JJA) over

19862015 period. Stippling indicates areas where model bias is within the CLARAZ2.1 uncertainty range. The £1xSD is used
as estimate of the uncertainty range of CLARAA2.1 dataset. MMM: multi-modelmean of LUCAS simulations excluding WRF

configurations.

Table 10: Mean model relative summer bias for downwelling shortwave radiation at surface over 198815 period compared
to CLARA -A2.1, averaged over eight European subregions. AL (Alps), Bl (Britisksles), EA (Eastern Europe), FR (France), IP
(Iberian Peninsula), MD (Mediterranean), ME (Mid-Europe), SC (Scandinavia). MMM: multi-modetmean of LUCAS
simulations excluding WRF configurations.

AL Bl EA FR IP MD ME SC

CLARA-A2.1 (W/n?) 228 179 223 227 283 273 205 187

WRFb-CLM4.0 minus CLARAA2.1 12% -7% 12% 6% 6% 10% 5% -4%

WRFaNoahMP minus CLARAA2.1 36% 46% 38% 40% 16% 19% 49% 27%

WRFb-NoahMP minus CLARAA2.1 23% 0% 11% 21% 10% 10% 17% -6%

WRFcNoahMP minus CLARAA2.1 19% 12% 13% 20% 11% 11% 18% 4%

MMM minus CLARA-A2.1 4% 0% 7% 4% 0% 3% 5% -3%

According to CLARAAZ2.1, the longwave amounts range from 320 Wm850 W/n? (Table 11) across Europe

in summer, showing minimum values over the kadfitude areasHigure 2.20). All WRF configurations capture
adequately the longwave component with biases lower than 3% of the absolute GA2ARAstimation. The
various physics schemes do not cause large differences between the simulations. In she@W&RBlshows

a southnorth dipole vith underestimation in the southern regions and overestimation over British Isles an
Scandinavi a. This dipole is reproduced but it os
positive biases occur over the soutbstern part of the domaiar WRFb-NoahMP and WRF&aloahMP.
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CLARA-A21 WRFb-CLM4.0 minus CLARA-A2.1 WRFa-NoahMP minus CLARA-A2.1
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Figure 2.20 Mean bias (models minus CLARAAZ2.1) for downwelling longwave radiation at surface in summer (JJA) over
19862015 period. Stippling indicates areas where model bias is within the CLARAZ2.1 uncertainty range.The +1xSD is used
as estimate of the uncertainty range of CLARAA2.1 dataset. MMM: multi-modelmean of LUCAS simulations excluding WRF
configurations.

Table 11: Mean model relative summer bias for downwelling longwave radiation asurface over 19862015 period compared to
CLARA -A2.1, averaged over eight European subregions. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (France), IP
(Iberian Peninsula), MD (Mediterranean), ME (Mid-Europe), SC (Scandinavia). MMM: multi-modetmean of LUCAS
simulations excluding WRF configurations.

AL Bl EA FR IP MD ME SC

CLARA-A2.1 (W/n?) 335 340 349 345 345 348 344 327
WRFb-CLM4.0 minus CLARAA2.1 -1% 3% 1% 1% 1% 2% 0% 1%
WRFaNoahMP minus CLARAA2.1 1% 1% 0% 2% 2% 0% 0% 1%
WRFb-NoahMP minus CLARAA2.1 1% 3% 1% 1% 2% -1% 0% 1%
WRFcNoahMP minus CLARAA2.1 -1% 1% -1% -1% 0% -1% -1% 0%

MMM minus CLARA-A2.1 1% 2% 0% 1% 1% 0% 1% 2%

Finally, the shortwave bias largely offsets the longwave and regulates the incadiatmpn regime at surface in
summer Figure 2.21). That is, WRFENoahMP , WRFeNoahMP and partly WRFELM4.0 suffer from
radiative surplus over a major part of Europe which extends from Eastern Europe to Iberian Peninsula. T
radiative surplus regime ia agreement with the summer temperature biases in WREDMP, which shows
prominent overestimation of shortwave radiation over Alps, France andEdape in correlation with its high
maximum temperatures in these regions. Strong raditgioperature arrelation is also noticed for WRFa
NoahMP which largely overestimates the shortwave and consequently the total incoming radiation at surface
line with its widespread warm summer bias.
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CLARA-A2.1 WRFb-CLM4.0 minus CLARA-A2.1 WRFa-NoahMP minus CLARA-A2.1

Figure 3: Mean bias (models minus CLARAAZ2.1) for the sum of downwelling shortwave and longwave radiation at surface in
summer (JJA) over 19862015 period. Stippling indicates areas where model bias is within the CLARAZ2.1 uncertainty range.
The +1xSD is used as estimate of the uncertainty raagof CLARA-A2.1 dataset. MMM: multi-modetmean of LUCAS
simulations excluding WRF configurations.

2.3.4 Cloud cover

The representation of cloud cover is a substantial factor for the accurate simulation of radiatioffrifjuxes.
2.22illustrates the differences in total cloud cover between models and CLARRAIN winter.

The observed cloud fraction is minimized otee southwestern part of the domain and it gradually increases
towards the nortleastern regions. The simulation of winter cloudiness is not affected by the land surfac
processes, as expected. WREbM4.0 and WRFbENoahMP show a similar behavior with a ngeal
overestimation of cloudiness across Europe, apart from Mediterranean region where they are in very gc
agreement with CLARAA2.1. Neither the change of PBL scheme greatly modify the simulation of winter cloud
cover in WRFeNoahMP. Only the differeratmospheric saip of WRFaNoahMP yields a different cloudiness
regime, with strong underestimation over the southern Europe and slight overestimation over British Isles &
Scandinavia. In addition, the magnitude of bias is substantially larger mostlysoandinavia when comparing

to CRU dataset (Figurd3 in Appendix), but the sign of bias remains consistent.

32
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Figure 4: Mean bias (models minus CLARAAZ2.1) for total cloudiness (%) in winter (DJF) over 19862015 period. Stipplirg
indicates areas where model bias is within the CLARAA2.1 uncertainty range. The £1xSD is used as estimate of the uncertainty
range of CLARA-A2.1 dataset. MMM: multi-modelmean of LUCAS simulations excluding WRF configurations.

The underestimation of@lid cover over the southern Europe in WRFaRhMP explains the overestimation of
winter shortwave radiation over these regions for this model. Also, the excess cloudiness in the other three W
configurations cause a general overestimation of winter longwadiation, as discussed above. A corresponding
link cloudinessshortwave radiation is not clearly detected (except from WRea&hMP), for example the
overestimation of downwelling shortwave radiation over the seagtern Europe in WRFBLM4.0, WRFb
NoahMP and WRFd&NoahMP is not associated with an underestimation of cloudiness. Such inconsistency can
related to the presence of different types of clouds in models and Cl&#RAand their impact on shortwave
radiation. For example, thin cirrus cloud® greatly transparent to shortwave radiation, whereas the low thick
clouds largely reflect the incoming solar radiation back to space. Moreover, the consistent overestimation
cloudiness over Scandinavia is not in agreement with the mixed sign obbg®ftwave radiation (or with the
almost zero bias when comparing with ERA5S). Apart from the low accuracy of satellite data over-daéthidgn
areas, this discrepancy is probably related to small amounts of incoming solar energy over these wagtens in
Last, note that the current methodology does not differentiate between daytime and nighttime clouds which cc
has great impact on the link shortwave radiatimudiness.

In summer, the observed cloudiness is minimized over the southern Entbgeadually increases towards the
north Figure 2.23). Either the land or atmospheric component have an essential role in the simulation of summ
cloudiness. WRHE€LMA4.0 exhibits a negative bias over Balkan Peninsula and around Black Sea which becom
positive towards the western coasts and northern part of Europe. The change of LSM #NOARIMIP extends

the negative bias from Balkan peninsula to Alps and expands the positive bias over teastert regions,
compared to WRFECLMA4.0. With the changefd®BL scheme in WRF&NoahMP, this dipole remains but it is
weakened. The change of atmospheric schemes in WR&aAMP yield a dramatically different summer
cloudiness regime with a general negative bias. The bias patterns for summer cloudiness aragregouht

with the results for the downwelling shortwave radiation. That is, regions which show low cloudiness tend
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show excess shortwave radiation. A corresponding link is also detected for summer cloudoregsave

radiation (not in WRF&NoahMP), lut the representation of summer clouds has generally greater impact or

shortwave than longwave radiation.

CLARA-A2.1 WRFb-CLM4.0 minus CLARA-A2.1 WRFa-NoahMP minus CLARA-A2.1

Figure 5: Mean bias (models minus CLARAAZ2.1) for total cloudiness (%) in summer (JJA) over 198&015 period.Stippling
indicates areas where model bias is within the CLARAA2.1 uncertainty range. The +1xSD is used as estimate of the uncertainty
range of CLARA-A2.1 dataset. MMM: multi-modelmean of LUCAS simulations excluding WRF configurations.

2.3.5 Seasonal cycles

The observed and simulated seasonal cycles of downwelling shortixiguee( 2.24) and longwave radiation
(Figure 2.25) and total cloud fractiorHgure 2.26) are analyzed in order to obtain a comprehensive view on the
relationship between radiation fluxesdacioudiness across seasons and regions in Europe.

WRFaNoahMP shows a yeaound overestimation of shortwave radiation which is maximized during the
summer months. With the change of atmospheriugeh WRFBNoahMP, the shortwave radiation is in better
agreement with CLARAA2.1, although a prominent overestimation remains during the warm months apart fron
the regions of British Isles and Scandinavia. WREahMP and WRF&NoahMP exhibit a similar seasonal
cycle, indicating the small impact of PBL changetbhe simulation of shortwave radiation. Only over British
Isles and Scandinavia, WRiNoahMP produces greater radiation amounts than \WMRFhMP in summer.
Moreover, the switch from NoahMP to CLM4.0 improve the WRF performance over Alps, FraneEuhie:

and Iberian Peninsula.

The various atmospheric and land surface schemes produce a range of behaviors for the seasonal cyc
cloudiness. WRFR&NoahMP shows unrealistically low cloud fraction in most regions across all months, which
helps to explain theverestimated seasonal cycle of shortwave radiation. With the change of atmosphgric set
in WRFb-NoahMP, the WRF performance is clearly improved in simulating the cloud fraction. \ANB&HiVIP
simulates greater cloud fraction than CLARR.1 during the cal months in all regions, while underestimates
the observed values in summer mostly over Alps and Mediterranean. Only over British Isles and Scandinavi
shows a yearound overestimation of cloudiness. The excess cloudiness during the cold montlygarhend

overestimation over the northern regions do not correspond to smaller shortwave amounts at surface, wherea
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summer negative bias is linked to the overestimated shortwave radiation over the most regions. The switch fi
NoahMP to CLM4.0 affes the simulation of cloudiness in summer months. WREMA4.0 produces larger
cloud fraction in summer than WRMoahMP, mostly over Alps, France, MiElrope and Mediterranean. This
fact results in a small overestimation of summer cloudiness in WRR.0 over France and MiEurope, but
itdéds in better aAP 1l evermidps and Maditetnane@nl. FhR BASiMiuced differences in
summer cloudiness are reflected to the results for shortwave radiation, whereGQURIBHO achieves higher
performance thaWVRFb-NoahMP over Alps, France and Milrope. The change of PBL scheme in WRFc
NoahMP leads to smaller cloud fraction in winter months in most regions compared to-N¢8RkIP and
consequently to better agreement with CLARA.1. In summer, the selectedraispheric setip for WRFe
NoahMP improves the WRF performance for cloudiness over Alps, France, Iberian Peninsula and Mediterrane
however without inducing differences in shortwave radiation with respect to YWIREbMP.

The errors in the simulation olioxid fraction have not great impact on the seasonal cycle of longwave componen
In all regions except the British Isles, the modelling systems tend to reproduce with high accuracy the obser
seasonal variations of downwelling longwave radiation, shosimail biases which lie within the CLARA2.1

uncertainty range in most cases.
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Figure 6: Observed and simulated seasonal cycle of downwelling shortwave radiation at surface (Wjraveraged over eight
European regions for the period 198&015. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (France), IP (Iberian
Peninsula), MD (Mediterranean), ME (Mid-Europe), SC (Scandinavia).The grey area represents the range of CLARAA2.1

uncertainty (£1xSD)
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Figure 2.25 Observed and simulated seasonal cycle of downwelling longwave radiation at surface (V¥yraveraged over eight
European regions for the period 1986015. AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France)|P (Iberian
Peninsula), MD (Mediterranean), ME (Mid-Europe), SC (Scandinavia).The grey area represents the range of CLARAA2.1
uncertainty (x1xSD)
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Figure 2.26 Observed and simulated seasonal cycle of total cloud fraction (%) averaged over eight Eusam regions for the
period 19862015. AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean),
ME (Mid -Europe), SC (Scandinavia)The grey area represents the range of CLARAA2.1 uncertainty (+1xSD)

2.3.6 Surface heat fluxes

A large part of radiative energy absorbed by the surface is released to the atmosphere in the form of latent
sensible heat fluxes. These fluxes have an essential role in summer when the solar energy reaching the gror
maximized. Ths section is focused on the evaluation of summer heat fluxes, comparing models to ERA
reanalysis data, in order to better interpret the model behaviors with respect to surface climate.

Figure 2.27 illustrates the mean summer bias for latent heat over the 2@B® time period in Europe. ERA5S
latent heat amounts range from 63 Wimlberian Peninsula to almost 90 W/im Alps and Eastern Europe on
average Table 12). All WRF configurations systematlly show a negative bias for latent heat in various
magnitudes. Between WRKEDLM4.0 and WRFENoahMP are noticed small differences, implying the small
impact of LSM change on latent heat simulation. More specifically, the two configurations shareaaasiohil
widespread negative bias which is maximized over Mediterranean (greater30fa). The changes in
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atmospheric schemes have greater impact on latent heat.-W&dRMP shows the strongest underestimation
with errors exceeding the 50% of the absoEERAS estimation over many regions. The change of PBL scheme
in WRFcNoahMP dramatically reduces the negative bias seen in VWREDMP over the whole Europe. Biases

in WRFcNoahMP lie within the ERAS uncertainty range over a large part of the domain.
ERAS WRFb-CLM4.0 minus ERAS WRFa-NoahMP minus ERAS
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Figure 7: Mean bias (models minus ERAS) for latent heat flux in summer (JJA) over 1988015 period. Stippling indicates areas

where model bias is within the ERA5 uncertainty range. The £1xSD is used as estimate of the uncertairggge of ERA5S dataset.
MMM: multi -modelmean of LUCAS simulations excluding WRF configurations.

. i v e

MMM minus ERA5

Table 122 Mean summer bias for latent heat flux (W/nf) over 19862015 period with respect to ERAS, averaged over eight
European subregiors. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD

(Mediterranean), ME (Mid -Europe), SC (Scandinavia). MMM: multi-modelmean of LUCAS simulations excluding WRF

configurations.

AL Bl EA FR IP MD ME SC

ERA5 (W/nt) 92 75 93 88 63 80 88 70

WRFb-CLM4.0 minus ERA5 -25% -23% -27% -27% -22% -35% -25% -22%

WRFaNoahMP minus ERA5  -56% -38% -62% -69% -57% -60% -65% -27%

WRFb-NoahMP minus ERAS  -22% -20% -25% -27% -27% -31% -24% -25%

WRFcNoahMP minus ERA5 -1% -2% -5% -7% -10% -15% -4% -14%

MMM minus ERAS -14% -21% -20% -16% -14% -25% -16% -16%
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Figure 2.28 depicts the mean summer bias for sensible heat over the20A8@ime period in Europe. In contrast

to latent heat, ERA5 sensible heat is maximized over Iberian Peninsula, 7Z2o0wWhwmerage Table 13) and
reduces towards the no##lastern part of EuropéVNidespread positive biases are noticed for all WRF
configurations. The different seps influence only the magnitude of biases. WRIBahMP shows
unrealistically high sensible heat amounts with relative bias reaching the order of 400% of the abgdiute ER
estimation over Mid and Eastern Europe. Note, however, that ERA5 sensible heat amounts are somewhat s
mostly over the central and northern regions, so that large relative biases do not necessarily correspon:
extremely large absolute errors. BeeneNVNRFbNoahMP and WRHECLM4.0 are noticed differences in terms

of magnitude of bias over Eastern Europe, where WREW4.0 shows a greater overestimation, and over Alps,
Mid-Europe and France where WRNisahMP shows larger errors. The PBL change in WR&ahMP yields
smaller biases in central and eastern regions of Europe but not in Scandinavia, where the overestimation alr
doubles with respect to WRRoahMP.

ERAS5 WRFb-CLM4.0 minus ERA5 WRFa-NoahMP minus ERAS

MMM minus ERAS

A
e ] Wi

Figure 2.28 Mean bias (models minus ERAS) for sensible heat flux in summer (JJA) over 198815 period. Stippling indicates
areas where model bias is within the ERA5 uncertainty range. The £1xSD is used as estimate of the uncertainty range of ERA5
dataset. MMM: multi -modelmean of LUCAS simulations excluding WRF configurations.

Table 13: Mean summer bias for sensible heat flux (W/f) over 19862015 period with respect to ERAS, averaged over eight
European subregions. AL (Alps), Bl (British Isles), EA (Eastern Europe), FR (France), IP (lberian Peninsula), MD
(Mediterranean), ME (Mid -Europe), SC (Scandinavia). MMM: multi-modelmean of LUCAS simulations excluding WRF

configurations.

AL Bl EA FR IP MD ME SC
ERAS5 (W/n?) 30 23 21 31 72 51 21 24

WRFb-CLM4.0 minus ERAS  94% 53% 164% 90% 33% 74% 117% 57%

WRFaNoahMP minu€RA5 255% 271% 400% 280% 76% 137% 421% 231%

WRFb-NoahMP minus ERAE 108%  41% 137% 107% 34% 67% 132% 62%

WRFcNoahMP minus ERAE  91% 66% 107% 96% 42% 62% 107% 99%
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MMM minus ERA5 50% 51% 105% 54% 12% 34% 75% 32%

#he absolute magnitude of therbulent fluxes is directly affected by radiation biases and thus does not reflect
the i nherent model skills in simulating these f|
their partitioning by examining the evaporation fractioalculated as the ratio between latent heat and the sum
of latent and sensible heat. This metric is relatively independent of radiation biases.

According to ERAS5, the evaporation fraction is too weak over the southern Europe in summer and increa
towards the northKigure 2.29. All model configurations tend to underestimate the evaporation fraction across
Europe. This was expected, since the models underestimate the latent heat and overestimate the sensible h
other words, models simulate wealetapotranspiration and stronger sensible heating than ERA5 in summer.
This fact could potentially trigger a physical mechanism which explains the different climate states between t
models. For example, less evaporation theoretically implies a decrethseatimospheric moisture content and
subsequently a decrease of cloudiness and precipitation. The reduction of atmospheric humidity and therefore
decrease of cloudiness and precipitation, would lead to an increase of the incoming shortwave radifaiallya

to a warming effect on surface temperature. This idealized mechanism of positive feedbacks could explain
climate state as simulated by WRRaahMP, that is, the extremely low evaporation fraction in summer results
in dry atmospheric conditis and thus low rainfall rates and cloudiness, in line with unrealistically high
shortwave amounts at surface and finally a large warm summer bias. The same idealized mechanism could
explain the warm and dry conditions over the southern regions imsuim the other three WRF simulations,
and mostly the high maximum temperatures in late summer over Alps, France adifglie in WRFb
NoahMP. The summer climate over the northern Europe is not regulated by the partitioning of surface heat fluy
sincethe underestimated evaporation fraction is not consistent to the increased cloud fraction and the subseq

decrease of shortwave radiation.
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Figure 2.29 Mean summer bias (models minus ERAS) for evaporation fraction over 1988015 period.Stippling indicates areas
where model bias is within the ERA5 uncertainty range. The £1xSD is used as estimate of the uncertainty range of ERAS dataset
MMM: multi -modetmean of LUCAS simulations excluding WRF configurations.

To complement the results fevaporation fraction, the simulations are also compared to flux measurements at
different sites over Europ&#éble 14). Indeed, the models generally underestimate the evaporation fraction in all
selected flux sites (except B#Ee), confirming the resultérom the previous comparison to reanalysis data.
WRFaNoahMP again shows the worst performance among the WRF configurations with large negati
deviations from measurements. In addition, WReahMP does not clearly improve the results with respect to
WRHF-NoahMP, as seen in comparison to ERAS.

Table 14: Comparison between simulated and measured evaporation fraction at 8 different FLUXNET sites. MMM: mulki
modelmean of LUCAS simulations excluding WRF configurations Evaporation fraction is calculated as the ratio between
latent heat and the sum of latent and sensible heat.

BE-Vie CH-Fru g':;) ESLJu Fl-Hyy FR-Gri FRLBr IT-Col

FLUXNET (ratio) 058 08 065 021 06 063 055 056

WRFOCLM4.0 minus _ 0.05 -0.19 -0.02 -0.08 -007 -0.08 -0.19 -0.14
FLUXNET

WRFaNoahMP minus _ -0.26 -0.35 -043 -0.15 -0.23 -046 -046 -0.27
FLUXNET

WRFbNoahMP minus  0.03 021 -0.02 -015 -013 -0.09 -0.2  -0.02
FLUXNET

WRFGNoahMP minus 014  -0.18 -007 -0.12 -0.12 -002 -019 -0.06
FLUXNET

MMM minus FLUXNET -0.14  -0.36 -0.21 -0.22 -0.16 -0.19 -0.11 -0.12

2.3.6.1Seasonal cycles

Figure 2.30andFigure 2.31 show the mean seasonal cycle of latent and sensible heat as represented by moc
and ERAD, averaged over the eight subregions of analysis.

The ERAS seasonal cycle of latent heat is a normal distribution with minimum values in the cold months al

peak inthe summer. The modelled seasonal cycles have smaller amplitude, as they show lower maximum val
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than ERAS in summer, while the winter amounts are equally small. In Scandinavia, it is noticed a gre
consistency between ERA5 and models which show a smd#restimation during the summer. In the other
regions, WRFaNoahMP performs poorly with quite large negative biases. WRFahMP fits quite well with
ERAS in British Isles, while it shows negative deviations from ERAS in late summer and autumn mestly ov
France, Mediterranean and lberian Peninsula (here also in spring). Even though they share a similar patter
seasonal cycle, the change of PBL scheme in WRé#&thMP degrades the quality of simulation in most regions
compared to WRF8loahMP. Last, thewitch from NoahMP to CLM4.0 results in smaller seasonal variations in
latent heat. WRHECLMA4.0 shows greater underestimation until the -sudimer and better agreement with

ERADS in late summer and autumn compared to WWRBBhMP.

AL Bl EA
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Figure 2.30 ERAS and simulated seasonal cycle of latent heat (W/Anaveraged over eight European regions for the period 1986
2015. AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean), ME (Mid
Europe), SC (Scandinavia)The grey area represents the range of ERA5 uncertainty{ xSD)

The seasonal variation of sensible heat is smaller than that of latent heat in ERA5 over all regions apart fr

Iberian Peninsula. WRHdoahMP stands out again for its poor performance showiaggely overestimated

seasonal cycle, which is associated with its poor representation of latent heat. The other WRF configurations

43



overestimate sensible heat amounts in summer months showing deviations outside the range of ERA uncert:
in all regons. Despite their different saps, they show quite similar behavior over the most regions. The most
prominent differences are noticed over Alps, France aneBMidpe where WRFbloahMP shows a pronounced
overestimation in the late summer, which is mwible when the LSM (WRFE€LMA4.0) or PBL (WRFe
NoahMP) changes, and is probably the main reason for its high maximum temperature over these regions.
LSM change improved the WRF performance over Iberian Peninsula and Scandinavia in summer, while

different PBL scheme in WRHdoahMP yields better agreement with ERAS5 over Eastern Europe.

Figure 2.31 ERA5 and simulated seasonal cycle afensible heaf{W/m?) averaged overeight European regionsfor the period
1986:2015.AL (Alps), BI (British Isles), EA (Eastern Europe), FR (France), IP (Iberian Peninsula), MD (Mediterranean), ME
(Mid -Europe), SC (Scandinavia)The grey area represents the range dRA5 uncertainty (£1xSD).

2.3.7 Soil moisture
Land hydrology could help to interpret the results for the partitioning of surface heat Higwe® 2.32 depicts

the mean seasonal cycle of soil moisture content of the top 1 m of soil, averaged over eight European regiorn
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