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Executive summary

Reanalysis datasets will be employed within S2S4E project for several purposes: a) verify and
bias adjust seasonal aml sub-seasonal predictions, b) compute weather regimes and
teleconnection indices, c) derive indicators of electricity generation and demand, and d)
understand the impact of weather regimes and teleconnection indices in the electricity
generation and demand.

Therefore, evaluating the quality of the available reanalysis products that will be used as
ground-truth observations is key to guarantee credible conclusions. For that purpose, four
Essential Climate Variables (ECV) that heavily impact the energy seat have been selected: 2
meters temperature for energy demand, surface solar radiation for solar power generation,
surface wind speed for wind power generation and precipitation for hydropower generation.
The quality of those four ECVs has been compared insix different global reanalyses. First, an
intercomparison of the climatology, variability and long -term trends has been carried out in
order to establish the main differences between datasets. Then, independent observations have
been employed to assess he quality of the reanalyses in terms of biases, correlation, variability
and centered root mean square errors.

Some of the analyses required a regridding or interpolation procedure in order to compare
datasets in different grids. To that end, a study of the more suitable regridding methods for
each ECV has been conducted.

For variables that assimilate observations (i.e. 2m temperature), large differences in climatology
and variability are found in regions characterized by scarcity of observed data. Indeed in
regions where the availability of data for assimilation is extensive (e.g. Europe), reanalyses are
in good agreement with each other and with observed independent dataset in terms of high
spatio-temporal correlation and comparable variability. Forecasted variables (i.e. precipitation,
solar radiation or surface wind) show large discrepancies over regions where the role of the
model parametrizations (e.g. convective schemes, radiative transfer model or planetary
boundary layer parametrization) is more relevant. Observed spatiotemporal variability of solar
radiation is generally underestimated by most of the reanalysis over Europe and North Africa.
European precipitation is not always well correlated with data from inland stations. For surface
wind speed, broad discrepancies are found among reanalyses, although all models tend to
underestimate wind speed. Different behaviours can be seen inland and over oceans, and for
tropical and extratropical regions. The scores obtained when comparing reanalysis windspeed
with observations strongly depend on the terrain complexity of the observational sites.

In general, high-resolution reanalyses are in better agreement with observed data.

Keywords

Global reanalysis. Reanalysis verification. Reanalysis intercomparison Regridding
methodologies. Observational uncertainty. Energy-relevant essential climate variables.
Climatology. Interannual Variability. Long-term trends. Renewable energy.
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Introduction

Renewable energy is the fastest growing source of electricity blobdithin the European

Union, it represents more than 80% of the new installed capacity. In thefesisel power, it

is expectedo be the main source of electricity shortly after 2030 (IEA, 2017). Nevertheless,
the diffusion of these energy sourcedl fices important challenges due to the high impact of
weather and climate oscillations on energy generation (Brayshaw et al., 2011).

In recent decades climate and weather information has been widely used in several economic
sectors impacted by climate nability, including the energy sector. The use of station
observations is constantly decreasing respect to the use of gridded products, especially
meteorological reanalysis datasets. On the one hand-$paipmrally varying gaps restrict the
effective aplication of observations. Meteorological observations suffer from incomplete
spatiotemporal coverage and observation errors, including systematic, random and
representation errors. Recent satelitssed observations, that have much better coverage,
suffer from other notable limitations, including temporal inhomogeneities (e.g. satellite drift)
and retrieval errors (Bengtsson et al., 2007). On the other hand, reanalysis datasets are usually
available globally; they provide several decades of coveragetheydare usually freely
available. A major advantage is that reanalyses can provide data for locations or times where
no direct observations are available through the integration of measurements and numerical
models. However, potential problems like moeetors, insufficient spatial resolution or
guantity and quality of assimilated data make it necessary to validate reanalyses against
measured data for applications where high accuracy is necessary. In this report six global
reanalysis datasets are intergared in terms of climatology, variability and trends, and
thereafter validated againstell-establishedobservational datasets in order to build a
knowledgebase about their characteristics and limitations. This information will be very useful
within the project for WP4 and WP5, were a reanalysis dataset needs to be used for bias
adjusting and verifying seasonal and s@asonal predictions.

The focus of this reporis the Essential Climate Variables (ECV) directly related with
renewable energy productiamd energy demand. The concept of Essential Climate Variables
(ECVs) has been developed under the auspices of United Nations organizations and the
International Council for Science to help ensure the availability of systematic observations of
climate. Folbwing (GCOS, 2010), a ECV is a physical, chemical, or biological variable or a
group of linked variables that critically contributes to the characterization of Earth's climate.
ECV data records are intended to provide reliable, traceable, obsetvasiedevidence for a

range of applications, including monitoring, mitigating, adapting to, and attributing climate
changes, as well as the empirical basis required to understand past, current, and possible future
climate variability. In this reporive analyzehe following ECVs: 2 meter temperature, solar
surface radiatiorsurfacewind speedand total precipitation.

1 Reanalyses and observational datasets

This section provides details of the analyzed reanalyses and the various gridded and station
observation dasets used to assess the quality of this reanalyses. Where applicable, a reference
to a paper or report describing the dataset is given.

GA n°776787
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1.1 Reanalyses

The widely used reanalysis products have appeared as an efficient alternative to insitu
observations to investigate the past atmospheric conditions, both for monitoring and research
purposes (Gregow et al., 2016; Compo et al., 2011; Dee et al., 2011). These global datasets are
the result of combining a state -of-the-art numerical model with the assimilation of past
observations from several sources to recreate the state of the atmosphere in a gridded three-
dimensional mesh (Fujiwara et al., 2017). The numerical model (a geophysical fluistlynamical
model of the atmosphere containing important processes like radiative transfer and
convection) enforces the results to follow the laws of physics, while the assimilation of
observations constrains the recreation to be as close as possible to the measurements. A
reanalysis uses a frozen model version to generate a dynanically consistent analysis over an
extended period of time. However, the quantity and quality of observations varies greatly with
time and location, which has an impact on final quality. The core of a reanalysis model is the
data assimilation model, which uses past records to limit and guide the predictions. During the
data assimilation, prior information on uncertainties in the observations and model are used
to perform quality checks, derive bias adjustments and assign proportional weights. Therefore,
such reanalyses add value to the instrumental record through the inclusion of bias adjustments,

a broadened spatiotemporal coverage and an increased dynamical integrity or consistency.
Assimilated variables vary among products but typically include air temperature, wind speed,
pressure or relative humidity (analyzed fields), but the geophysical fluid-dynamical model also
produces a vast list of parameters that are not directly observed and are just outputs of the
numerical model (forecast fields).

The main four representative organizations that produce global reanalysis datasets are the
National Centers for Environmental Prediction (NCEP), the European Centre for MediumRange
Weather Forecasts (ECMWF), the National Aeronautics and Space Administration (NASA)
Gol | " T | NA"1 + 1 WG6CA k=l A+x7 _6Nik:~"d o6Wzb" W dz| *
the Japan Meteorological Agency (JMA). Six reanalysis products (NCEP/NCAR1 and
NCEP/DOER?2 reanalyses from NCEP; ERA5 and ECMWF Interim Reanalysis (HR#&rim) from
ECMWEF; Modern-Era Retrospective Analysis for Research and Applications (MERR2)
reanalysis from GSFC; and JRA5 from JMA) have been selected in this study.These products
differ in many aspects, such as the numerical schemes, spatial resolution, the physial
parameterizations in their numerical models, the quality and quantity of observational data
assimilated, and the assimilation schemes (Sef able 1 and (Fujiwara et al., 2017))Other global
reanalyses were disegarded for several reasons: discontinued products such as JRAR5, MERRA
or ERA40 are not available anymore for the recent years and are superseded by new datasets.
Reanalyses that cover the whole 20th century, suchas ERA . k z1 hZ! | ~ g kil C"
uncertainty as they assimilate only surface observations. One of the use of the reanaly3|s
dataset in this project is the classification of the main mode s of variability that largely impact
the European weather. Methodologies to calculate these patterns are based on the analysis of
variability in a domain between 90W and 50 E, therefore is not possible use regional reanalysis,
such asUERRA that only coversa domain up to 20° W. Finally, CFSR (Saha et al., 2010), which
is published by NCEP, has been producd with two different model versions before and after
2011, producing detectable changes in mean fields. Therefore CFSR dataset has not been
considered here.

GA n°776787
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Reanalysis ERAS ERA NCEP/DO | NCEP/NCA | JRA-55 MERRA-2
Interim E R2 RR1
Producing ECMWF ECMWF | NCEP/DOE NCEP/NCAR| JMA NASA
center GMAO
Coverage Global Global Global Global Global Global
Spatial ~ 30km ~79 km ~205 km ~205 km ~55 km ~ 55km
resolution
Time resolution  hourly 6-hourly | 6-hourly 6-hourly 6-hourly | hourly
Available period 1950- 1979- 1979- 1948- 1958- 1980-
present* present present present present present
Assimilation 4D-Var 4D-Var 3D-Var 3D-Var 4D-Var 3D-Var
scheme with with
ensemble increment
data al updates
assimilatio
n
Year of model 2015 2006 1998 1995 2009 2015
and assimilation
scheme
Vertical levels 137 60 28 (K) 28 () 60 72 (hybrid
(hybrid A- | (hybrid (hybrid A-p)
p) A-p) A-p)
Top of model 0.01 hPa | 0.1 hPa 3 hPa 3 hPa 0.1 hPa 0.01 hPa
Operational Daily monthly monthly monthly daily monthly
availability updates, updates, | updates, updates, <1 | updates, | updates,
<1 week | 2/3 <1 week of = week of <1 week  15"/20"
of delay months delay delay of delay | of next
of delay month
Commercial allowed allowed allowed allowed not allowed
applications allowed

*whole period still not available

Table 1: Configuration details of the reanalysis datasets analyzed in this study (adapted
from Fujiwara et al., 2017, and other sources).

ERAInterim (Dee et al., 2011) has become a very used dataset for the energy sector (Gregow
et al. 2016; Bet and Thornton 2016; Jones et al. 2017). The dataset covers the 1972017
period, and the temporal resolution is either 3 h (forecast) or 6 h (analysis), depending on the
variable (see Dee et al., 2011, for details). The spatial resolution of the data seis 0.75 °
(approximately 80 km) on 60 vertical levels from the surface up to 0.1 hPa. The data assimilation
method used to produce ERA-Interim is based on an updated version of the ECMWF
forecasting model. ERAInterim includes a four-dimensional variational analysis (4DVar). The
assimilation includes in situ observations of near-surface air temperature, pressure and relative
humidity, upper-air temperature, wind, specific humidity and rain-affected SSM/I radiances

GA n°776787
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ERAInterim uses climatological values for aerosols, carbon dioxide, trace gases and ozone,
while it takes prognostic information from the forecasting model for the water vapor and a
suite of SST and sea ice data from observations and NCEP.
https://www.ecmwf.int/en/forecasts/datasets/archive -datasets/reanalysisdatasets/era-

interim

ERAS is the new climate reanalysis dataset from ECMWEF. The most substantial upgrades
compared to ERA Interim are: a finer spatial grid (31 km vs. 79 km), a higher time resolution
(hourly vs. 3-hourly), a higher number of vertical levels (137 vs. 60), a new Numerical Weather
Prediction model (IFS Cycle 41r2) and the increase of the amount of data assimilated. The
radiative and SST forcings have also been improved, which can make a difference for climate
scales. The dataset will cover from 1950 to near real time, but at this time only data for the
period 2000 2017 is available. ERAS is the first global reanalysis thaproduced several
realizations (10 ensemble members at a lower resolution) to estimate observational
uncertainty. The deterministic high-resolution version has been employed in this study.
https://www.ecmwf.int/en/forecasts/datasets/archive -datasets/reanalysis datasets/erab
JRA-55 (Kobayashi et al. 2015) is thelatest reanalysis project conducted by JMA. Compared to
its predecessor, JRA25, JRA55 is based on a new data assimilation and prediction system that
mitigates many deficiencies in the JRA25 reanalysis. These improvements include a higher
spatial resolution of T319 Gaussian grids (0.5625), a new radiation scheme, 4B/ar with
Variational Bias Correction (VarBC) for satellite radiances, and introduction of greenhouse
gases with time varying concentrations. JRA55 uses in situ observation-base estimates of the
COBE SST data and sea ice. The JFA covers 60 years, spanning from 1958 to 2017. This
dataset is not very well known in the energy sector, as its usage license does not allow
commercial exploitation.

http://jra.kishou.go.jp/JRA-55/index_en.htm|

MERRA:-2 (Gelaro et al., 2017) is a reanalysis project from NASA for the satellite era, from 1980
to present, using an updated new version of the Goddard Earth Observing System Data
Assimilation System Version 5 (GEOS, Molod et al., 2015). MERRA2 was created to replace
the former MERRA reanalysis (Rienecker et al., 2011) and solves the limitations of the later in
the assimilation of the newest sources of satellite data. MERRA2 uses AMIRII and Reynolds
SST. One notable change is the assimilation of aerosol datato analyze five aerosol species
including black and organic carbon, dust, sea salt and sulfates.
https://gmao.gsfc.nasa.gov/reanalysissIMERRA2/

NCEP/NCAR R1 (Kalmay et al., 1996), is the firstreanalysis that became available. Although
using a very outdated dynamical model and data assimilation scheme and a low spatial
resolution, it is convenient for its small size and fast run time. It is still routinely produced and
used for several purposes for instance it is used at NCEP Climate Prediction Center to compute
Northern-Hemisphere teleconnection indices. Moreover, it spans a longer period than the
other datasets presented here. It is also good as a benchmarking reference to understand the
value of the enhancements the other datasets incorporate. This dataset has been used only for
surface wind.

https://www.ncdc.noaa.gov/data -access/model data/model -datasets/reanalysis 1-reanalysis

2

NCEP/DOE R2(Kanamitsu et al., 2002), is mainly an errofrcorrecting version or NCEP R1. It has
the same resolution and assimilates a very similar observation database. However the
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dynamical model incorporates some enhancements in terms of model physics. The temporal
span is shorter, covering only the satellite era. NCEP R2 uses AMIR prescribed SST. This
dataset has been used only for temperature, precipitation and radiation.
https://www.ncdc.noaa.gov/data -access/model data/model -datasets/reanalysis 1-reanalysis

2

In order to compare and verify those reanalyses, a common petiod 1980-2017 has been
selected. For ERA5, only data since 2000 is available at the time of writing this report, so for
some analyses the shorter 20002017 period has been used.Table 2 summarizes the details of
the employed grids, periods and time resolutions for each model. Notice also that R1 has been

used for wind, while R2 has been employed for the other ECVs.

Reanalysis ERA5 ERA- NCEP/DOE | NCEP/NC | JRA-55 MERRA-2
Interim R2 AR R1

Employed  2000-2017 | 1980-2017 | 1980-2017 | 1980-2017 | 1980-2017 @ 1980-2017
period

ECVs -2mtemp | -2mtemp | -2mtemp @ -sfcwind | -2mtemp @ - 2mtemp
- solarrad | - solarrad | - solar rad - solarrad | - solar rad
- sfcwind | - sfcwind | - precip - sfcwind | - sfc wind
- precip - precip - precip - precip
Employed gaussian gaussian gaussian gaussian regular regular
grid N320 N128 F47 F47 1.25%%1.25° | 0.625°%0.5°
(1280x640 @ (512x256 (192x94 (192x94 (288x145 (576x361
points) points) points) points) points) points)
Employed daily & | daily & | daily & | daily & | daily & | daily &
time monthy monthy monthy monthy monthy monthy
resolution means means means means means means

Table 2: Details of the variables, grid s and period s used in this study.

1.2 Observations

The quality of the selected reanalysis datasets has been verified with independent observaions
for each ECV (se€Table 3). For temperature and precipitation, the E-OBS gridded dataset has
been employed. For solar radiation, the CMSAF SARAH2 satellite product has been selected,
while for wind speed a collection of station observations from tall towers has been used. As far
as the authors know those datasets have not been ingested into the reanalyses datasets
compared here. This is important to ensure a fair comparison, as a verification with
observations employed in the assimilation of a reanalysis would lead to better scores.

Observaa ECVs Covera Source Grid Time Available

tional ge resolution  period

Dataset

E-OBS 2 meter = Europe | Meteorologi- | Regular Daily 1950-2017
temperature cal stations 0.22°x0.22°
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Observaa ECVs Covera @ Source Grid Time Available
tional ge resolution  period
Dataset

Precipitation

CMSAF Surface Europe @ Satellite Regular Instanta- 1983-2015
SARAHZ | solar & Africa 0.05°x0.05° | neous,

radiation daily &

downward monthly
Tall Surface Global | Instrumented | Unstructured & Sub-daily, @ 1979-2018
Tower wind tall towers grid (213  daily &
Database sites) monthly

Table 3: Details of the observational datasets used to verify the reanalysis quality.

E-OBS(Haylock et al. 2008) is a gridded daily dataset derived from ECAD surface stations (more
than 7500) over Euope spanning the period from 1 January 1950 to the present, at four
different grid resolutions. The area covered by EOBS land grid squares is the area between
12° W and 45° E, and 30° N and 75° N, supplemented by Iceland (25° W to 12° W and 63° N
to 67° N). The EOBS data set was developed as part of the European Union Framework 6
ENSEMBLES project (van der Linden and Mitchell, 2009), with the aim to provide data for
validation of Regional Climate Models (RCMs)and for climate change studies. The stationdata
go through a series of basic quality checks to remove obvious problems and outliers. In order
to construct time seriesthat" ¥ + "¢ Wzl &6 "1 | "d | zdAWzK+ " g
in which ECAD data can be integrated through data available via the GTS (Global
Telecommunication System). Although the station data from ECAD are not used by reanalysis
in their assimilation processes, the operational GTS data are used by ERMterim, ERA5, JRA
55, R1, R2 and MERRA reanalyses. Independence of EOBS dataset respect to the reanalysis
is also discussed in Jones et al. 2017.

CMSAF SARAH?2 (Bface Solar Radiation Data Se} solar radiation data set (Miller et al., 2015)
is provided by the CM SAF consortium and is derived from geostationary satellite images of
the two METEOSAT geostationary satellites (0° and 57° E) covering Europe and Africa. SARAH
2 (Surface Solar Radiattn Data SetHeliosat, Edition 2, Pfeifroth et al., 2017), is the latest CM
SAF climate data record of surface radiation based on the geostationary Meteosat satellite
series covering Africa, Europe, and the Atlantic Ocean. SARAH covers the time period 1983
2015 and offers global and direct radiation parameters as well as the effective cloud albedo.
SARAH?2 is provided as daily and monthly means and as halthourly instantaneous data. Data
are limited to the part of the Earth seen by the satellites used (+/- 65° lat and lon), with the
additional restriction that the calculation methods have reduced accuracy in areas that are seen
at a very sharp angle by the satellite.

Tall Tower Database is an ongoing effort at BSC within the INDECIS project (vww.indecis.ey
to build a unique archive of tall tower wind observations collected around the world. Most of
the existing tall towers in the world belong to private companies that develop new wind farm

projects and are reluctant to share their measurements. However, many public institutions,
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research centers, universities and even some private initiatives alschave instrumented tall
towers that can be used for research purposes under diverse data policies. The basic structure
of these masts is a high vertical tower (reaching heights of around 100 meters above ground
level and even more in some cases) with diffeent instrumented platforms or booms along the
mast. The placement of high sensitivity sensors along these levels of measurement allows the
characterization of the vertical wind profile within the area. In addition, for each level they
usually have severalbooms, pointing to different directions. This allows the placement of more
than one sensor for a given height. Therefore, failures in measurement by a sensor and shadows
can be corrected by replacing these observations with those of a sensor at its same leight. This
helps to ensure the homogeneity of the time series. The database is composed by 213
meteorological masts so far (jError! La autoreferencia al marcador no es valida. ). The period
of record of these masts is quite diverse. Although it ranges from 37 to 1 year, most of the time
series do not cover more than 20 years. These data hae been processed to a common format
and prepared for further usage. This collection of observations aims to be publicly accessible
by 2019.
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Figure 1: Spatial distribution and time span of the tall towers in the database.

1.3 Regridding methodologies
1.3.1 Rationale

Regridding methodologies are necessary in this project for two tasks:

u Intercompare various reanalysis datasets to understand differences among them and
benchmark those reanalysis products with gridded or unstructured observations.

u Evaluate forecast products with an operational reanalysis product (this will be
performed later in this project).

The partners decided to test and use existing tools for since the development of new
methodologies is not central to this project. The obvious choice was to adopt the extensively
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used Climate Data Operators (or CDO) available from the Max Planck Institute for Meteorology
(https://code.mpimet.mpg.de/projects/cdo/ ) and already used by most partners of the project.

The available algorithmsin CDO are:
“ Bilinear interpolation (remapbil).

Bicubic interpolation (remapbic)

Nearest neighbor remapping (remapnn).
Distance-weighted average remapping (remapdis).
First order conservative remapping (remapycon).
First order conservative remapping (remapcon).

Second order conservative remapping (remapcon2).

Largest area fraction remapping (remaplaf).

Zl £+ YGWW | z&K+ KC" KA "WW ioll AGzl d "1+ AV £d=z!| A+
Indeed, they were originally developed to regrid different type of grids (regular, rectilinear,
| 9T OGWGI £" 17 T x2060W"'T” =z1 ol AT ol KoY £|: zi d¢GaGW"]

examples of each function show for example the regridding from a regular to an unstructured
triangular grid (Figure 2).

\VAVAVAVAVAVAVAVAVAY,

VA'A#A‘:AVAVAVAVAV¢V¢

WAVAVAVAVAVAV¢V¢ %
G

\VAVAY ¥ VAVAVAVAVAV.
VAVAVAVAVAV VAVA'A
\VAVAV, VAVAVA VA
VAVAVA

Figure 2: The figure on the left side shows the input data on a regular lon/lat source grid

and on the right side the remapped result on an unstructured triangular target grid. The
figure in the middle shows the input data with the target grid. Grid cells with missing
value are grey colored (extracted from the CDO users Guide Version 1.9.4).

For both mentioned tasks of this project the regridding will be used to interpolate finer grids
to coarser grids:

u the benchmark of reanalysis is done to the coarser grid.
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u the evaluation of the forecast will be done with reanalysis products (probably ERA5)
that have a finer resolution of the subseasonal and seasonal forecast prodicts (typically
1°x1° to 2.5°x2.5°).

pCGg d"F+d dzd+x dxACz|d GIT+W+0O" | A Kz zol | "qg+=
example).In addition, to avoid some redundancy between similar methods, we focus only to a
subset of functions:

Bilinear interpolation (remapbil).

Bicubic interpolation (remapbic).

Nearest neighbor remapping (remapnn).

Second order conservative remapping (remapcon2).

To evaluate each algorithm,y + C" @+ AxVizi1dzx| " ~ | zobWtb"I| ¥  #\
2010; A. Frein EURGCORDEXpersonal communication). The data is first interpolated from its

native high resolution regular grid to the lower resolution grid (corresponding to the two tasks

mentioned above) and then back again to the original grid. The original values are then

subtracted to show where the doubleback regridding introduces differences in the data.

ERADS daily averages covering Europe from 2001 to 2017 where used as test data for all project
variables. The targeted grids where regular 1.0°x1.0° and 2.5°x2.5° grids. Baase the finer grid
is as much as 10 times finer (0.25° compared to 2.5°) we also tested a stepwise approach where
regridding was done sequentially on grids of intermediary resolution when regridding back to
the finer grid. We adopted a single intermediate step for the 1° grid (1.0°- 0.75°% 0.25°) and
up to three intermediate steps for the 2.5° grid (2.5°- 1.25°% 0.25°, 2.5° 1.5% 0.75% 0.25°
and 2.5% 2.0 1.5 0.75% 0.25°).

1.3.2 Comparison of regridding methodologies

Graphical results for temperature are shown in Figure 3 as an illustration. A summary table
including error statistics for all EC\6 and methods is provided later (Table 4).

Visual analysis ofFigure 3 does not allow seeing major differences between methods except

izl KCz ~ hzx"1zxdAk hxGo£hazWAJ d+*KRKE£zEG| CE1 + AW dzi
smooth. Also adding a step in the backward interpolation does not seem to bring any
improvements..
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Figure 3: Doubleback interpolation for the 1° grid. All fields have been averaged over the

test period. First column is the original ERAS field; the four others are for the different

remapping methods. First line is the direct remapping on the targeted grid. The second

WGl + G6d AC+ ~b" 1 Fy "7 | d Gl A+1 AzW" KGz!| Kz KC+ z17 (
backwards interpolation but with an intermediate single step.

Figure 4 shows the average absolute error for the temperature over the period for the 1° grid.
Errors are concentrated over high elevations. Again, it is not possible to see major differences
b+xAy+xl d+AKCz| ¢ ==WIx#AK Q'K "WEIGOoHDHIzTACH ¥ AT 2

Remap Bicubic - Grid 1.0 - Direct

Remap Bilinear - Grid 1.0 - Direct

Remap Conservative - Grid 1.0 - Direct Remap Nearest Neighbor - Grid 1.0 - Direct

Remap Largest area - Grid 1.0 - Direct
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Figure 4: Absolute error fields from the doubleback interpolation for the 1° grid. All fields
have been averaged over the period. Columns are the interpolation methods and lines
the direct and one step approach.

As visual aralysis does not convey a lot of information, Table 4 presents the statistics of the
error fields and allows drawing some general remarks:

u remapnn has the worst results everywhere.
u remapbic seems to prevail for radiation.

u remapcon2 comes first for wind despite not having the smallest mean absolute error.
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u remapcon2 and remapbil have similar results depending on the variable and if the
backwards interpolation is direct or stepwise. They should thus be considered as
prefered methods;
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remapcon2 remapbil remapbic rempann

Direct 1 Step Direct 1 Step Direct 1 Step Direct 1 Step

mean
(abs) 041 0.47 0.34 0.39 0.32 0.34 053 061
o | Min -15.9 -17.4 -180 155  -182 -17.2 -248 -25.0
5
8 max | 156 15.4 165 165 16.1 16.1 247 287
]
o
£ var 0.17 0.24 0.17 0.17 0.19 0.19 1.20 1.64
E  std 0.29 0.32 0.30 0.30 0.30 0.30 0.45 0.50
mean 374 | 425E  327E | 381E  3.16E- | 336E  471E  529E
(abs) | 04 04 04 04 04 04 04 04
min -0.20 -0.22 -0.22 -0.24 -0.19 019  -0.23 -0.31
max  0.13 0.09 0.09 0.07 0.10 0.09 0.22 0.23
< 258E- | 390E | 306E | 353E  28l1E  283E  119E | 190E
= var 12 12 12 12 12 12 11 11
§ 527E- 586E  584E  567E  572E  552E  855E | 967E
£ st 04 04 04 04 04 04 04 04
mean
o | (abs) 211 25.7 10.0 12.3 9.4 103 323 38.2
>
(79}
S min -897 -1054  -856 -856 -874 -996 -1352 | -1599
o
T max 909 1006 998 998 963 1122 1759 2082
@
o 219E+0 3.76E+0 1.47E+ @ 179E+0 207E+0 476E+0 145E+0 291E+0
@ | var 6 6 06 6 6 6 7 7
©
2 st 16.7 183 14.3 153 16.1 18.1 26.4 321
mean
(abs) 034 0.39 0.28 0.33 0.25 0.27 0.44 050
min 120 | -140 -14.2 -15.7 -13.1 -132 -186 -21.0
g max | 12.9 148 147 147 154 153 214 214
@ | var 0.07 0.10 0.07 0.08 0.07 0.07 0.39 0.60
]
% std 0.21 0.23 0.23 0.23 0.23 0.22 0.35 0.40
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mean | 142E+0 1.68E+0 9.95E+0 126E+0 8.07E+  885E+0 1.89E+0 2.20E+0
(abs) 4 4 3 4 03 3 4 4

481E+0  5.70E+0 @ 4.96E+0 545E+0 | 5.01E+0 4.79E+ | 8.33E+0 @ 1.01E+0
min 5 5 5 5 5 05 5 6

501E+0 | 5.70E+0 H 4.88E+0 4.98E+0 | 495E+0 4.84E+ @ 852E+0 | 8.88E+0
max 5 5 5 5 5 05 5 5

157E+1 3.10E+1 1.10E+1  138E+1 7.55E+ | 828E+1 127E+1 271E+1
var 7 7 7 7 16 6 8 8

7.89E+0 | 9.06E+0 @ 8.20E+0 | 746E+0  7.30E+0 @ 6.80E+ | 1.56E+0 @ 1.91E+0
std 3 3 3 3 3 03 4 4

Surface solar radiation downwards

Table 4: Error statistics for each variable from the doubleback interpolation experiment
izl KCx o G G| dpC 61 A" IA z WohekdGrectly arti'with alsirgte |
step (at a 0.75° grid). Mean absolute error, minimal and maximal value, variance and
standard deviation. Best values for each row are highlighted

The same experiment has been conducted for the 2.5° grid. The only appreciable difference is
that for the 2.5° grid the stepwise approach with two intermediate steps d elivered better results
than direct in some cases Also results, are more contrasted compared to the 1° grid . Figure S1
(see Supplementary Figures, ANNEX A) shows the average for temperature over the period for
the 2.5° grid and Figure S2 shows the averagefor the temperature errors over th e period for
the 2.5° grid.

1.3.3 Discussion and recommendations on regridding methods

Second order conservative and bilinear interpolation are found as the best regridding methods
in a doubleback experiment and can be safely used for the ECVs of the project. Obviously,
these results depend on the experiment design and criterion adopted for selection. As simple
statistics have been used here to infer the best method, this does not preclude other regridding
or interpolation meth ods to perform well with other tests, for instance when interpolating
reanalyses to single points. We have also found that if regridding for a coarser to a finer grid
is needed, introducing a few intermediate steps (i.e. intermediate resolution grids) canimprove
results in some cases.

Two possible strategies can be adopted. Considering an optimalapproach, one should pick the
most adequate method form the two for each variable. Considering a simplified approach, one
could decide to use the same method for all variables. In the last case, the conservative
approach is usually preferred from a physical viewpoint because of the mass conservation
constraint that is preferred for flux variables (like precipitation) and extended nonetheless to
the non-flux variables.

Table 5 summarizes the selection of regridding or interpolation methods employed for each
ECV in the remaining of this study for the comparison of the reanalyses with observations. For
surface wind, several methods have been compared further (see section 3.3.4).
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ECV Reanalysis
Grid

2 meter | Regular
temperature
Surface solar | Regular
radiation
downward
Surface wind Regular
Precipitation Regular

D3.1 - Validation of observational datasets

Observational Regridding or interpolation

Dataset Grid Methodologies

Regular - bilinear interpolation

Regular - conservative interpolation

Unstructured - nearest neighbor
- bilinear interpolation
- 9-point smoothing

Regular - conservative interpolation

Table 5: Regridding methods per ECV used for the benchmarking of reanalysis products.

2 Methodologies

The ability of the different reanalyses to accurately reproduce the seasonal cycle and mean
value, the interannual variability of seasonatérages, and the lortgrm trends have been
studied. Each of those aspects is of importance for both seasonal forecasting evaluation and

energy assessment purposes.

Seasonal averages have been computed frboufly (ERAInterim, JRAS5, R1 and R2) or
houly (ERA5 and MERRA2) data samples. The usual seasons have been employed:
DecembeiJanuaryFebruary (DJF), Marcthpril-May (MAM), JuneJuly-August (JJA) and
SeptembeOctoberNovember (SON).
Some of the comparisons require a common grid to better conlrist performance.
Consequently, the output of each model has been interpolated to the F47 (T62) horizontal grid,

using the

met hodol ogi es
is thecoarsesbf the four different gridsised by the different datasetsalyzedn this study.

described in

For each ECV, climatology, variability and trends are studied for each season.
For climatology and variability, maps of multimodel mean (MM) have been computed, and the
differences of each individualeanalysis with this MM analyzed. The spread amongst
reanalyses (the standard deviation of those differences) is also presented to highlight the regions
where there are stronger disagreements and higher uncertainty.
Trends have been presented in absoluteretative amount per decade, and statistical
significance has been computed. Trends from 2800 (ERA5 availability period) are not
shown in this study. According to Hartmann et al. 2013 (AR5), trends based on short records
are very sensitive to the beging and end dates because of the natural variability and generally
do not reflect longerm climate trends.
Interannual variability (IAV) is computed separately for each season as the standard deviation
of the seasonal means for all years under congiderdntraseasonal variability (ISV) is
computed as the standard deviation of all the monthly means within a season for all years, and
gives an idea of the amount of variability that exists between individual months of the same

season (i.e. how good isetlseason in terms of grouping months of similar conditions).

GA n°776787
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The Taylor diagramsHgure5) provide a concise statistical summary to quantify the overall
correspondence between variables of one or more test ddiasateanalysis A, B, C) and one

or more reference datasets (observed dataset REF) (Taylor 2001). In the Taylor diagram the
black dot (REF) on the-axis identify the reference da&t. A single point (A) orthe
bidimensionaplot indicates the ratio die normalized variance (represented by the normalized
ratio of their standard deviations), the correlation and the centeresneastsquare error
(CRMSE) between test dataset and reference dataset. The standard deviation ratio of the test
pattern is prportional to the radial distance from the arc at the point A and the arc at the REF.
The centered roanheansquare error between the test and reference patterns is indicated by the
semicircle contours centered on the REF. The correlation is given byiniatlza position of

A. Test patterns that agree well with reference pattern will lie near the black dot eatise x

In order to evaluate spatial climatological patterns Taylor diagrams are produced for annual
climatologies and seasonal clitakgies. Inorder to evaluatspatial and temporal patterns
Taylor diagrams for daily, monthly and seasonal time series have beemfisedatiors about

the percent bias are included time taylor diagranby using triangles of differergize and
orientation (negatie bias is indicated by upside down triagles), circles indicate bias below 1%.
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Figure 5: An example Taylor diagram
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3 Verification of Reanalyses

3.1 Validation results for 2m temperature

Surface air temperature has profound and wigegpimpacts on human lives and activities,
affecting health, agriculture, energy demand and much more. In particular, temperature is the
dominant weather driver of electricity and residential gas demand in many developed countries,
where lower temperatuseproduce heating demand and higher temperatures create air
conditioning demand (Thorntcet al. 2016, Hahn et al. 20@e Felice 2018 Energy demand

is shown to vary across a range of timescales, with clear annual cyclesgtetin trend. For

this reason,seasonal climatology, seasonal interannual variability and intraseasonal variability
of 2 metestemperature are investigated.

3.1.1 Intercomparison of 2m temperature climatology

The geographical distribution of seasonal and annual mean 2m temperateiteepresented

in dl the datasets (Figure S3 aRdjure S4). The differences between each single dataset and
the ensemble mean are very similar in the annual mean (Figure 3S) and the seasonal mean
(Figure 6) and generally are lower than 1°C, with slight departures from these values in
locations where the observations assimilated are relatively scarce. Indeed, the multi reanalysis
spread, computed as the standard deviation of the five climatologies, is highastsatAfrica

and Asian Plateatr{gure6). For the ocean based 2m temperature, which is strongly influenced
by SST, the agreement is generally good. Differences in MERBAd JRAS5 over the Arctic

and Southern €eans are expected and could also be due to differences in sea ice (Auger et al.
2018)

ERA-Interim and JRAB5 are positively biased in East Antarctica and slightly biased in North
Africa and Europe. ERAnterim has a warmer wintertime bias in Arctic (Simmaet al. 2015).

The bias of ERAInterim in North Asia is negative in DJF and positive in MAM.

MERRA-2 has a negative bias in Europe and North America especially in DJF and SON.
MERRA-2 is generally warmer than the multi reanalysis mean over most obAKicstralia,

Central Asia, and South America. NCEP2 has a large negative bias in Africa during all the
seasons and a strong positive bias in North America and North Europe during DJF. R2 is also
the dataset less spatially correlated with the multi rearsaigean.

In the seasonal climatological mean 27, ERAS is very similar to ERMterim (Figure

7). ERAS seems to be the dataset less biased respect to the multi reanalysis mean. In Arctic
ERADS is warmer ovece and colder over lanth Europe duringlJA ERAS is colder than ERA
Interim.
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DJF MAM JJA SON

ERA-Interim- MM ERA-Interim- MM ERA-Interim- MM ERA-Interim- MM
t2m degC

Figure 6: Differences of seasonal (DJF, MAM, JJA, SON) climatological mean 2 m
temperature 1980 -2017 between ERA-Interim, MERRA -2, JRA-55, NCEP/DOE R2 and
multi reanalysis mean. (Bottom) Spread of the reanalysis ensemble
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MAM JJA

ERA-5- MM ERA-5- MM

Figure 7: Differences of seasonal (DJF, MAM, JJA, SON) climatological mean 2 m
temperature 2000 -2017 between ERA5, ERA-Interim, MERRA -2, JRA-55, NCEP/DOE R2
and multi reanalysis mean. (Bottom) Spread of the reanalysis ensemble s

3.1.2 Intercomparison of 2m temperature  variability

Interannual Variability

The geographical distribution of the interannual variability shows very high values at extremes
northern latitué and southern latitudes in seasonal and annual time series (Figure S5 and Figure
S6). The intercomparison is basedragure8, where the differences of normalized interannual
variability between single reanalysend multi model mean are represented. Interannual
variability has been normalized by the mean 2 m temperature of the season in Kelvin degrees.
Generally, the multi reanalysis spread is higher where the interannual variability is higher
(Figure %). Thereis a low spread value in Europe during all the seasons, but not negligible
values in Africa, Andes region and Asian Plateau. These are the same regions where the
differences of climatological valuesehigher(Figure8).
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DifferencesbetweenERA-Interim and multi reanalysis mean are relevant only in North Asia
during DJF. MERRAZ2 has interannual variability higher than the multi reanalysis mean in
Central Africa andAmazonia JRA55 has lower interannual variability Antarctica and up to

60° latitude in DJF. R2 shows the highest variability in Antarctic@ratic, in North Africa

and Andes mountain range especially in DJF and SON. These high values largely contribute to
the multi reanalysis spread in those region

In the period from 200@017 Eigure9), ERAS has less inter annual variability than ERA
Interim during DJF and MAM over North Asia and Arctic and in better agreement with the
others reanalysis.

DJF MAM JJA SON

ERA-Interim-MM ERA-Interim-MM ERA-Interim-MM ERA-Interim-MM

Figure 8: Differences of normalized interannual variability 1980 -2017 2 m temperature
between ERA-Interim, MERRA -2, JRA-55, NCEP/DOE R2 and multi reanalysis mean.
(Bottom) Multi reanalysis spread of interannual variability.
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DJF MAM JJA SON

ERA-Interim-MM ERA-Interim-MM ERA-Interim-MM ERA-Interim-MM

Figure 9: Differences of normalized interannual variability 2000 -2017 2 m temperature
between ERAS, ERA-Interim, MERRA -2, JRA-55, NCEP/DOE R2 and multi reanalysis mean.
(Bottom) Multi reanalysis spread of interannual variability.

Intraseasonal var@ability

The intraseasonal variability is strongly related with season and hemisphere (Figure S7 and
Figure S8). The multi reanalysis spread is larger at tropical latitéitps€ 10).

ERA-Interim has an intraseaisal variability general lower than multi reanalysis mean
especially in North Africa and in tidediterraneamegion during JJA. MERRA& hasahigher
intraseasonal variability at mid and high latitudes and lower intraseasonal variability in tropical
regiors. JRAS55 has higher intraseasonal variability in North Africa. R2 largely exceed the
intraseasonal variability of the multi reanalysis mean.

During the period 20@Q017, ERA5 shows less intraseasonal variability in polar region respect
to ERAInterim and las a better agreement with the multi reanalysis mean than the others
datasetKigurell).
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Figure 10: Differences of normalized intraseasonal variability 1980  -2017 of monthly 2 m
tempe rature between ERA -Interim, MERRA -2, JRA-55, NCEP/DOE R2 and multi
reanalysis mean. (Bottom) Spread of the reanalysis ensemble.
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Figure 11: Differences of normalized intraseasonal variability 2000  -2017 of monthly 2 m
temperature between ERA5, ERA-Interim, MERRA -2, JRA-55, NCEP/DOE R2 and multi
reanalysis mean. (Bottom) Multi reanalysis spread of intraseasonal variability.

3.1.3 Intercomparison of 2m temperature  trends

Linear trend is calculated as Kelvin degrees per decade for tloel fiemmn 19862017, ERAS

has been excluded in this analysis for having a too short period (Figure BRjared 2). The
geographical and seasonal features of the trEiglie 12) are similarly reproduced by the
reanalyses and values are comparable to the estimates values from observed measurement
(Hartmann et al. 2013, AR5). All datasets points to a substantial warming of the Arctic over
recent decades n(69Ar dveHIRERsAeom ERAINfering IRAS5 and R2

in that it exhibits less warming. Simmons et al. 2015 shows that in situ data are much closer to
that from ERAInterim and JRAG5 than it is to that from MERRA&. Only R2 presents a similar
warming overAntarctic. Positive trend is always signifitan Europe, except in DJF.
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Figure 12: Trend 1980 -2017 of seasonal 2 m temperature in ERA -Interim, MERRA -2, JRA-
55, NCEP/DOE R2.

3.1.4 Verification of 2m temperature with E  -OBS observations

Taylor diagrams provide a quantitative assessment of the spatial and temporal variability of the
reanalysis. Gridded datasets are important for climate analysis, for monitoring climate change
and for validation on climate models:@BS has significarhdvantages including high spatial
resolution, longterm period, uncertainty estimation incorporation and a novel interpolation
method (Haylock et al., 2008)-@BS temperature has been already compared with reanalysis
(van Der Schrier et al. 2013) and usedhe energy sector (Jones et al 2017).
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Figure 13: Taylor Diagram of climatological mean 1980

-2017 of annual (Top) and

seasonal (Center and Bottom) 2 m temperature in ERA
NCEP/DOE R2 vs. EOBS.

-Interim, MERRA -2, JRA-55,
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The spatial distribution of the climatological mean is evaluate&igure 13 for annual and
seasonal values respect to th®©BS dataset. The domain validated is th®BES domain
(Europe inland). There is good cortéda between reanalysis and observation (up to 0.95
except R2 during JJA). Summer is the season when the spatial correlation is pberésis

is always below 1% (temperature values in Kelvin degrees has been considered).
ERA-Interim and JRAS5 show vey good agreement in terms of variability (standard deviation
ratio) and correlationMERRA-2 variability is alwayshigher than EOBS and R2 has lower
correlation in all the season especially JJA. Low values of R2 are related with the low resolution
of this reanalysis. The spatial distribution of the climatological mean from 2000 to 2017 is
shown inFigurel14. ERAS is the reanalys better correlated with-BBS. Correlation is up to

0.99 for the annual climatologicadlean and seasonal DJF, MAM and SON mean and almost
0.99 for the JJA mean.sAn ERA-Interim the variability is always close to the values of E
OBS.ERA5 is dataset whit the lower bias in ANN, DJF and MAM.

The temporal and spatial distribution of the nintyitmean is evaluated Figure15 for annual

and seasonal values respect to tHeHS dataset. Values of correlation are slightly lower than
the values that take in account only spatial distributleigure 13). All the datasets show a
higher variability than EDBS, especially MERRA. JJA is the season when the correlation is
lower in all the reanalysis. R2 is the dataset with the poorest correlation. In the analysis of th
period 20062017 Figure16) ERAS is in good agreement with ERAterim and MERRA2

with correlation close to 0.95 and standard deviation ratio slightly greater than 1 (monthly
values) ERA-5 is dataset whit thiewer bias in ANN, MAM and SON.
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Figure 14: Taylor Diagram of climatological mean 2000 -2017 of annual (Top) and
seasonal (Center and Bottom) 2 m temperature in ERA5, ERA -Interim, MERRA -2, JRA-55,
NCEP/DOE R2 vs. EOBS.
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Figure 15: Taylor Diagram 1980 -2017 of monthly (Top) and seasonal (Center and
Bottom) 2 m temperature in ERA -Interim, MERRA -2, JRA-55, NCEP/DOE R2 vs. EOBS.
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Figure 16: Taylor Diagram 2000 -2017 of monthly 2 mte mperature in ERA5, ERA -Interim,
MERRA-2, JRA-55, NCEP/DOE R2 vs. EOBS.
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3.2 Validation results for solar radiation

The photovoltaic (PV) power output is primarily influenced by the solar irradiance.
Atmospheric reanalysis produces letegm solar irradianceada with global coverage, intra

daily time resolutions and spatial resolutions around8B80km. Solar irradiance is not
assimilated, but obtained with a Radiative Transfer Model (RTM) that simulates the attenuation

of the irradiance from the top of the atsphere to the ground. Its quality depends on the RTM

used as well as on the elements that attenuate the irradiance (cloud, aerosol or water vapor data)

t hat generally (see 1.1) arenot assimilat ec
irradiance etsmates (You et al., 2013).

3.2.1 Intercomparison of solar radiation climatology

The latitudinal gradient of the annual (Figure S10) and seasonal (Figure S11) climatological
mean of the downward radiation (RMSD)theat t he
incoming solar flux at the top of the Atmosphere, while the patterns of longitudinal variation
are mostly determined by cloud and surface properties. Therefore, large RMSD fluxes are found
in polar regions during local summer. The values of reanalysissqual to about 30850

Wmi 2 over AntarcitdeOa Wmi 2DJoFv earn dt hleB OAr ct i ¢ i n
differences are largely due to differences in the incoming solar flux at the top of the
Atmosphere. The latitudinal gradient of RMSD is miteghtduring springand autumn.
Maximum values oRMSD are found over the regions associated with anticyclonic conditions
and small cloud amounts, such as oceanic areas in low latitudes of the summer hemisphere, as
well as over the polar areas of the sumnmemisphere. Minimum values of RMSD are found

over regions with large cloud amounts, such as the middle latitudes of the summer hemisphere.
The strong antcorrelation between RMSD and cloud amount is a key to understand differences
between reanalysis. Théoee, high valles of multi reanalysis spreashmputed as the standard
deviation of the five climatologies, are found over the sttbank zone of the Southern
hemisphere (50%30°S) during DJF and SON and in western coasts of South America and
South Africa in JJA Figurel7). There are relative high values of the spread over szagtern

Asia in JJA, where reanalyses simulate differently the large cloud cover associated with
monsoons.

The maximum reanalysis spreader Arctic during JJA is largely due to the high values of
RMSD produced by R2 and low values produced by HRArim. MERRA2 values are

slightly lower than tB multi reanalysis mean and JBA slightly higher than the multi
reanalysis mean. In soud@stern Asia during JJA oveland, ERAInterim and R2
underestimate the multi reanalysis mean, MERRANnd JRAS5 overestimate the multi
reanalysis mean. R2 overestimatesI$D over Europe during MAM andJA, largely
contributing to increase thgpread. Climelogical values20002017 of ERAS are biased

similar to ERAInterim values Figure18).
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Figure 17: Differences of seasonal (DJF, MAM, JJA, SON) climatological mean 1980 -2017
of solar ra diation between ERA -Interim, MERRA -2, JRA-55, NCEP/DOE R2 and multi
reanalysis mean. (Bottom) Spread of the reanalysis ensemble.
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Figure 18: Differences of seasonal (DJF, MAM, JJA, SON) climatological mean 2000 -2017
of solar rad iation between ERA5, ERA -Interim, MERRA -2, JRA-55, NCEP/DOE R2 and
multi reanalysis mean. (Bottom). Spread of the reanalysis ensemble

3.2.2 Intercomparison of solar radiation variability

Interannual variability

Solar irradiance varies on time scales from sdsdn years. The basic seasonal and diurnal
variability depends on the motion of the earth, then cloudiness, water vapor and aerosols are
the main factors of variability. In terms of interannual seasonal variability, tropical regions and
Southern midatitudes present high values during all the seasons (Figure S12 and Figure S13).
A major source of inteannual climate variations in several parts of the globe is the El Nino
Southern Oscillation (ENSO) and can explain a large part of theanteral rainfdlvariability

closely associated with variationdgtoudiness, whicltherefore impacts solar radiation.
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The spread of the variability among the reanalysigure 19) has relevant values in Western
South AmericaSouth East Asia. High valués polar regions during winter are an artifact of
the normalization. In Europe spread is almost always small, slightly increasing in DJF.

The ERAInterim interannual vaability in positively biasedespect to the multi reanais
mean in Eastern Australia and South America (ENSO related) and in Europe. MERRA
variability is higher than multi reanalysiseanover the oceans, mainly in central Pacific. JRA
55 has lower variability than the multi reanalysis mean in almostealieions of the globe.
R2 shows a variability higher than the multi reanalyseamin the tropical regions.

During the period 200Q017, values of ERAS are in a better agreement with the muilti
reanalysis mean respect to EfRfterim (Figure20). Over most of the regions the variability
of ERAS is lower than the variability of ERMterim, in particular over tropical regions and
high latitude of Northern Hemisphere during DJF and MAM.

DJF MAM JJA SON

ERA-Interim-MM ERA-Interim-MM ERA-Interim-MM ERA-Interim-MM

Figure 19: Differences of normalized interannual variability 1980 -2017 of solar radiation
between ERA-Interim, MERRA -2, JRA-55, NCEP/DOE R2 and multi reanalysis mean.
(Bottom) Multi reanalysis spread of interannual variability.
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Figure 20: Differences of normalized interannual variability 2000 -2017 of solar radiation
between ERAS, ERA-Interim, MERRA -2, JRA-55, NCEP/DOE R2 and multi reanalysis mean.
(Bottom) Multi reanalysis spread of interannual variability.

Intraseasonal variability

The latitudinal gradient strongly characterizes the intraseasonal variability since the month to
month variability due to the earth motion is the main feature captured by this diagnostic (Figure
S14 and Figure S13Excluding spurious values over thelgr regions due to the normalization,

not negligible values of spreaBigure21) are localized in almost the same regions where the
interannual spread is highdfigure19). In this diagnostic R2 is the model that has the largest
differences respect the multi reanalysis mean. ERA5 shows less intraseasonal variability than
the multi reanalysis mean almost all regions, excefouthern high latitudes during MAM
(Figure22).
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