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ARTICLE INFO ABSTRACT

Keywords: Reanalysis precipitation estimates are widely used in the fields of meteorology and hydrology because they can
Reanalysis precipitation provide physical, spatial, and temporal coherent long time series at a global scale. Nevertheless, as a pre-requisite
ggxs; for many applications their performance needs to be assessed. The objective of this study was to evaluate the

European Centre for Medium-Range Weather Forecasts (ECMWF) latest fifth-generation reanalysis precipitation
products, i.e., ERA5 and ERAS5-Land, at country scale in Spain. For doing so, we compared it against a high-
resolution precipitation product of the Spanish Meteorological Agency which spans approximately 70 years
(1951-2020). A comprehensive assessment (continuous, categorical, probability distribution function (pdf),
spatial pattern, and temporal trend) was performed in order to ascertain the quality of the reanalysis products.
Results of the analysis revealed a general agreement between observations and ERA5-Land/ERAS estimates:
spearman correlation values between 0.5 and 0.9, Root Mean Square Error (RMSE) mostly between 2 and 8 mm/
d and Kling Gupta Efficiency (KGE) values >0.4. Categorical assessment additionally indicated a good perfor-
mance (Heiken Skill score (HSS) score, also known as kappa, between 0.4 and 0.8). Nevertheless, performance
was found to be dependent on the climatic region, precipitation intensity and orography. Correlation revealed a
north-west (higher values) south-east (lower values) spatial gradient while relative bias (RBIAS) and RMSE
spatial patterns were positively correlated with slope (p = 0.41/0.35, 0.69/0.70, respectively). In addition, as
indicated by the categorical analysis, along the Mediterranean coast a wet bias (i.e., overestimation of days with
precipitation) was found. Reanalysis detection capacity (kappa) shown a negative correlation with the slope (p =
—0.29/—-0.34). Worst model performance is obtained during summer months, with a generalized overestimation.
The pdf assessment revealed that the ERA5-Land/ERAS tended to overestimate light (>1 and < 5 mm/day), and
moderate (>5 and < 20 mm/day) precipitation categories while underestimating the heavy (>20 and < 40 mm/
day) and violent (>40 mm/day) categories. Moderate precipitation provided the best detection capacity, as
indicated by the precipitation-intensity analysis. ERA5-Land/ERAS5 showed a good capacity to reproduce the
spatial patterns and temporal trends of the observations. ERA5-Land and ERA5, with a different spatial resolu-
tion, performed very similar in all the analysis considered. Mediterranean and northern coast were highlighted as
the most critical for reanalysis modelling purposes because of its performance.

Continuous/categorical/pdf assessment
Spatial pattern
Temporal trend

1. Introduction

Reliable and accurate precipitation information of fine spatio-
temporal resolution is of paramount importance for many applications
in the fields of hydrology, meteorology, climatology, natural hazards
management, and human activities (Ebert et al., 2007; Piao et al., 2010;
Robertson et al., 2013; He et al., 2020; Salazar-Galan et al., 2021).
Nevertheless, the spatial estimation of this variable is challenging both
because of its spatio-temporal heterogeneity and the diverse physical

* Corresponding author.
E-mail address: jgomceb@iiama.upv.es (J. Gomis-Cebolla).

https://doi.org/10.1016/j.atmosres.2023.106606

processes involved (Tapiador et al., 2012; Nogueira, 2020).

Atmospheric reanalysis result from the combination of observations
from multiple variables and numerical weather forecasts using data
assimilation methods (Hu et al., 2019). They can provide physical,
spatial, and temporal coherent continuous long records of multiple
climate variables, including precipitation (Sun et al., 2018; Hu et al.,
2019). Thus, they can be considered a potential alternative to ground-
based observations especially in ungauged or poor-gauged regions
(Amjad et al., 2020).
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Fig. 1. Digital elevation model of continental Spain and spatial distribution of observations (a). Mean yearly precipitation (1951-2020) together with the climatic

regions considered in this study (b). Monthly temporal evolution (c).

Table 1
Overview of the precipitation datasets used in this study.
Name Details Spatial Time Reference
resolution resolution
AEMET Gridded 0.05° x 0.05° 1d Peral Garcia et al.,
2017
ERAS Reanalysis ~ 0.25° x 0.25° 1h Hersbach et al.,
2020
ERAS- Reanalysis  0.10° x 0.10° 1h Munoz-Sabater
Land et al., 2021

In the last few years, significant progress has been made in the
development of global reanalysis systems. The National Center for
Environment Prediction/National Center for Atmospheric Research
(NCEP/NCAR) released the NCEP1 (Kalnay et al., 1996) and NCEP2
(Kanamitsu et al., 2002) with a spatial resolution of 2.5°x2.5° and
1.875°x1.875°, respectively. The National Aeronautics and Space
Administration (NASA) Global Modelling and Assimilation Office
(GMADO) released the MERRA reanalysis (Rienecker et al., 2011), which
was replaced by the MERRA-2 (Gelaro et al., 2017), both at a resolution
of 0.5°x0.67°. The Japanese Meteorological Agency (JMA) provided the
Japanese 55-year Reanalysis (JRA-55; Ebita et al., 2011) with
1.25°x1.25° spatial resolution and overcame the deficiencies of the first
reanalysis project. The European Centre for Medium-Range Weather
Forecast (ECMWF) released several reanalysis products: ERA-15 (Gibson
et al., 1999), ERA-40 (Uppala et al., 2005), ERA-Interim (Dee et al.,
2011), and recently, the fifth generation, i.e., ERA5 (Hersbach et al.,
2020) followed by ERAS5-Land (Munoz-Sabater et al., 2021). They

feature temporal and spatial resolution easily competitive with
satellite-based precipitation estimates (Munoz-Sabater et al., 2021).
These two come at 1 h temporal resolution and 0.25°x0.25° and
0.1°x0.1° spatial resolution, respectively.

Reanalysis are influenced by both model and observations errors
(Bosilovich et al., 2008). In addition, model performance can be influ-
enced also by orography incorrectness, data assimilation and parame-
trization of small-scale processes (Bliznak et al., 2022). Comprehensive
evaluation of reanalysis precipitation thus becomes essential prior to
any further use and many studies have been devoted to the evaluation of
these datasets at global and regional levels. Amongst the different
agencies' reanalysis products, ERA-Interim has been generally consid-
ered to provide the best performance in precipitation estimation (Beck
et al., 2017, 2019; Wang et al., 2019). Recent studies conclude that in
fact, new ECMWF releases (i.e., ERA5 and ERA5-Land) outperform its
predecessor ERA-Interim (Beck et al., 2019; Amjad et al., 2020; Gleixner
et al., 2020; Hamm et al., 2020; Nogueira, 2020). The evaluation of
these ECMWF products considering national/regional networks or
under a hydrological modelling framework highlighted that ERA5 and
ERA5-Land estimates are not free from associated uncertainties (Beck
et al., 2019; Sharifi et al., 2019; Amjad et al., 2020; Kolluru et al., 2020;
Tang et al., 2020; Tarek et al., 2020; Bandhauer et al., 2022; Hafizi and
Sorman, 2022; Xu et al., 2022). Despite its capability of capturing pre-
cipitation events and reproducing the spatio-temporal distribution of
this variable, biases are reported in most analyses and performance is
also affected by complex orography.

In Spain country, precipitation features a high spatial and temporal
variability because of a complex orography and diverse atmospheric
regimes (Serrano et al., 1999) influenced by both Atlantic and
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Statistics metrics used in the continuous, categorical and spatial pattern assessment. x; and y; refers to AEMET and ERA reanalysis respectively. n represents the total
number of points. p refers to the mean value and ¢ to the standard deviation. I(k) and J(k) are the time steps when the kth largest values occur. For SPAEF, sp. subindex
indicates the calculation is performed using spatial values. K and L refers to the given histogram of AEMET and ERA spatial patterns, which has been discretized into p
thresholds. RMSE is given in mm/day, mm/month or mm/year depending on the timestep considered.

Metric Expression Optimal [min,max] value Unit
Spearman correlation 63 (xi — i) 1, [-1,1] -

p=1- n(n? —1)
RBIA! v _ 9

S RBIAS — > (x: — yi)-100 0, (—00,00) %
>2(x%) )
RMSE RMSE = /(1/n) S (Xi *}’i)Z 0, [0, ) mm/timestep
KGE KGE =1—/(p—17 + (@12 +(F—1) L (e, 1 -
yUk)) x(Uk))
—1-1/2 (o2 2R

o1 v (o) X

P = py/ux
POD POD = H/(H + M) 11[0,1] -
FAR FAR =F/(H+F) 0, [0,1] -
HSS(x) HSS = 2(HCN — FM)/[(H + M)(M + CN) + (H + F)(F + CN)] 1, [-1,1] -
SPAEF SPAEF —1— \/(ﬂsp — 1)2 + (ap — 1)2 + Py - 1)2 1, (o0, 1] _

Ap = E;":lmm(Kj’Lj)/Zf:lKj

Psp = (0y/1y)/ (0x/ 1ix)

have been scarce. Hénin et al. (2018) evaluated ERAS in the analysis of
Table 3

Confusion matrix between gridded product (AEMET) and the reanalysis
considered (ERA5, ERA5-Land).

Reanalysis (ERA5, ERA5-Land)

P>1 P<1
AEMET P>1 Hit (H) Miss (M)
P<1 False Alarm (F) CN (Correct Negative)

Mediterranean climates. On the one hand, this fact makes it highly
advisable to evaluate the strengths and limitations of any reanalysis/
satellite water cycle estimates before its use (Tapiador et al., 2020;
Gomis-Cebolla et al., 2022). On the other hand, these rich climatic
conditions make this region a perfect candidate for spatial analysis of the
precipitation (Cortesi et al., 2014). In fact, Beck et al. (2019) identified
that the generalizability of the findings of many studies was limited due
to the consideration of small regions, which feature low spatial vari-
ability. So far, studies evaluating the performance of reanalysis precip-
itation products over the region, in particular ECMWF fifth generation,

b} RBIAS (%)

| 2 4

ERA5-Land

ERA5

extreme precipitation events over the Iberian Peninsula. Tapiador et al.
(2020) considered ERAS as verification of IMERG satellite-based pre-
cipitation. In this study, with a similar approach followed in Belo-Per-
eira et al. (2011), Hénin et al. (2018), Beck et al. (2019), Tapiador et al.
(2020), Jiang et al. (2021), Bandhauer et al. (2022) amongst others, we
used a high-quality km-scale gridded precipitation product in order to
evaluate ECMWF precipitation estimates. This reference precipitation
dataset (Peral Garcia et al., 2017) is provided by the Spanish Meteoro-
logical Agency and spans approximately 70 years. It has been considered
as a benchmark in several hydrological applications (Senent-Aparicio
et al., 2018, 2021).

In order to deeply understand the ERA5-Land/ERA5 skills we per-
formed a comprehensive assessment which consisted in a continuous
(spearman rank correlation, RBIAS, RMSE and KGE), categorical
(probability of detection (POD), false alarm ratio (FAR) and HSS), pdf
(histograms and Epps-Singleton test), spatial patterns (spatial pattern
efficiency (SPAEF) an EOF analysis) and temporal trend (Mann's Ken-
dall) analysis. In addition, we assessed the error dependency by pre-
cipitation intensity and orography. Depending on the analysis, multiple

¢) RMSE (mm/d)

d) KGE (-)
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Fig. 2. Spatial distribution of ERA5-Land and ERAS5 daily continuous statistics: spearman (a), RBIAS (b), RMSE (c) and KGE (d) statistics.
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Fig. 3. Temporal evolution of ERA5-Land daily continuous statistics: spearman correlation (a), RBIAS (b), RMSE (c) and KGE (e). Outliers are not shown.



J. Gomis-Cebolla et al.

ERA5-Land

ERA5

0.5 0.6 0.7 0.8 0.9 0.1 D2 0.3

Atmospheric Research 284 (2023) 106606

¢

0.4 0.5 0.6 0.5 0.6 0.7 0.8

Fig. 4. Spatial distribution of ERA5-Land and ERAS categorical statistics: POD (a), FAR (b), and Kappa (c).

temporal scales (daily, monthly and annually) have been considered.

The present paper is structured as follows. Section 2 deals with the
study area's climatic/orography characterization (i.e., Spain). Section 3
summarizes the main essential features of the different reanalysis and
interpolated data used. Section 4 describes the methodology employed.
Section 5 summarizes the results obtained. Sections 6 and 7 deal with
the discussion and conclusions of this study, respectively.

2. Study area
2.1. Study area

The study area considered is peninsular Spain [27° N - 44° N, 19° W-
5° E]. The country encompasses several orographic systems (Fig. 1a):
The Pyrenees (northeast), the Cantabrian mountains (across northern
Spain), the Betic system (southeast), the Meseta Central, which is
crossed by the Central system, the Iberian System, which extends from
the eastern part of the Cantabrian Mountains to the Betic system. There
are two important depressions, the Ebro River in the east and the Gua-
dalquivir River in the southwest.

The climate of the country is highly diverse due to the orography and
the spatial location between the Atlantic Ocean and the Mediterranean
Sea (Serrano et al., 1999). Regarding rainfall regime, there is a sizeable
latitudinal gradient in precipitation generally decreasing from north to
south and from west to east, with many areas of high/low precipitation
inserted in regions with opposite signs (de Castro et al., 2005). Hence,
the north and north-western parts are the most humid, with mean
annual precipitations records up to 2300 mm/year, while the southeast
experiences 200 mm/year values (Fig. 1b). Overall, the period from
October to March corresponds with more significant concentration of
precipitation. Summer (June to August) is the less rainy period (Fig. 1c).
The intensity of the precipitation is higher on the coast, especially on the
Mediterranean coast according to the Climate Atlas of Spain (see htt
p://atlasnacional.ign.es/wane/Clima).

3. Datasets
3.1. Observed precipitation datasets

The Spanish Meteorological Agency, with the objective of climate
monitoring, provides a high resolution gridded (5 km x 5 km in rotated

grid) daily precipitation product spanning the 1951-2020 period. Pre-
cipitation estimates were produced using the optimal interpolation

method and considering the Surface Parameters Analysis (SPAN) system
(Rodriguez et al., 2003; Navascués et al., 2003; Quintana-Segui et al.,
2016) which was appropriately adjusted to represent the structures of
24 h precipitation at the scale allowed by the density of stations (Peral
Garcia et al., 2017). A total of approximately 3236 gauges stations
across peninsular Spain and Balearic Islands were considered in the
analysis. Precipitation estimates represent the precipitation accumu-
lated between 07 UTC of day n and 07 UTC of day n + 1 (Peral Garcia
et al., 2017). Details of the products are summarised in Table 1. This
dataset is used as a benchmark to evaluate the ERA5 and ERA5-Land
performance.

3.2. ERAS5 reanalysis precipitation datasets

ERAS is the fifth generation of the ECMWEF reanalysis. It is based on
the Integrated Forecasting System (IFS) Cy41r2. Measurements from
different observations systems (satellite, in-situ data, etc.) are integrated
into the atmospheric model using a 4D-Var scheme (Hersbach et al.,
2020). It also provides a physically consistent analysis of the land sur-
face and ocean by coupling the atmospheric part of the IFS with the land-
surface model HTESSEL and the ocean wave model (WAM). ERAS re-
solves the atmosphere using 137 hybrid sigma/pressure (model) levels
from the surface up to 1 Pa. The grid resolution is 31 km (0.218125°).
Data are available hourly and consist of analysis and short forecasts,
which run twice daily from 06 and 18 UTC. Uncertainty estimates for all
variables are also provided at a reduced spatial and temporal resolution.
ERAS provides global spatial coverage from 1950 until the present.

ERA5-Land is a spatially enhanced version (9 km). It results from
forcing the HTESSEL land surface component (version Cy45r1 of the IFS)
with low atmospheric meteorological fields from ERA5. Observations
only influence the simulation indirectly through the forcing, no atmo-
spheric/oceanic coupling or data assimilation scheme is considered
(Munoz-Sabater et al., 2021) This is achieved in order to dispose of a
computational affordable updateable version. Data are provided from
1950 to the present at an hourly resolution over land regions (i.e., all
oceans are masked).

Both reanalyses are available from the Copernicus Climate data
store. These products come interpolated at a regular latitude/longitude
grid (netcdf format) of 0.25° x 0.25° and 0.1° x 0.1° for the case of ERA5
and ERA5-Land, respectively. In this study, we downloaded hourly
forecast precipitation data (total precipitation) for the study period
(1951-2020) over peninsular Spain. Details of the products are sum-
marised in Table 1.
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Fig. 5. Temporal evolution of ERA5-Land categorical statistics: POD (a), FAR (b), Kappa (c).Outliers are not shown.
4. Methods 0.1° (0.25°) grid-cell size for ERA5-Land (ERA5) respectively. Prior to

4.1. Pre-processing of the datasets

ERAS5 and ERAS5-Land datasets, available at hourly timesteps, were
aggregated to obtain daily time step values matching the observed
gridded products time observations (07 h UTC to 07 h UTC). In addition,
to enable a consistent comparison, AEMET dataset was resampled to

this step, AEMET rotated grid was resampled to a regular 0.05° grid
using nearest neighbour interpolation.

4.2. Continuous assessment

Table 2 summarizes the statistics considered in the continuous
analysis. The spearman rank correlation (p) provides an assessment of
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Fig. 7. Eps-Singleton statistics for ERA5Land (a) and ERA5S (b). The higher the value the higher the discrepancy amongst the pdfs of the datasets.

how well the relationships between two variables can be described using
a monotonic function. Contrary to commonly applied correlation coef-
ficient, this non-parametric statistic does not require data to be normally
distributed. RBIAS describes the systematic bias of precipitation esti-
mates, underestimation (RBIAS>0%) or overestimation (RBIAS<0%).
RMSE is able to quantitatively represent the error characteristics be-
tween reanalysis estimates and observed data. KGE provides a measure
of model performance considering the mean, the variability and the
temporal dynamics. The non-parametric version described in Pool et al.
(2018) was considered in this study. These statistics were calculated at
daily, monthly and yearly timesteps for the period 1951-2020 using
hydroeval package (Hallouin, 2021). Temporal evolution of these sta-
tistics was calculated over climatic regions which were defined by
applying a k-means clustering to AEMET monthly precipitation anomaly
time series. In order to set the appropriate number of clusters we used
the heuristic elbow method (i.e. plotting the explained variation as a
function of the number of clusters and check for the elbow of the curve)
(Manzano et al., 2019) (Fig. S1). The resulting precipitation regions
agree with those proposed in previous works (Belo-Pereira et al., 2011;
Manzano et al., 2019).

4.3. Categorical assessment

Precipitation event detection was assessed considering the statistics
listed in Table 2. The Probability Of Detection (POD) and False Alarm
Ratio (FAR) represents the ratio of correctly or falsely detected precip-
itation occurrences by the reanalysis to the total number of detected
precipitation occurrences. Heidke skill score (HSS), known also as
Cohen's Kappa, measures the classification accuracy relative to that
expected by chance. Categorical indices were derived considering the
confusion matrix in Table 3. Chi Square test of independence was
additionally used in order to check the statistical relationship between
the datasets. Categorical assessment was obtained for the 1951-2020
period considering data at daily timesteps only. Event threshold was set
to 1 mm/day (Chen et al., 2020; Xin et al., 2021). Same climatic regions
as Section 4.2 were considered for temporal evolution assessment.

4.4. PDF assessment

The capability of the reanalysis estimates to reproduce the frequency
distribution of the observed data was obtained by comparing the his-
tograms of both datasets under different precipitation intensity levels.
Daily based events were discretized into five threshold (Acharya et al.,
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Fig. 8. ERA5-Land SPAEFF daily (a) and monthly (b) values. Outliers are not shown.

2019; Amjad et al., 2020). They are: no precipitation (NP) (< 1 mm/
day), light precipitation (LP) (>1 and < 5 mm/day), moderate precip-
itation (MP) (>5 and < 20 mm/day), heavy precipitation (HP) (>20 and
< 40 mm/day) and violent precipitation (VP) (>40 mm/day). In addi-
tion to this, we also applied the Epps-Singleton test. It is based on the
empirical characteristic function and has shown a higher power than the
traditional Kolmogorov-Smirnov test in many applications (Epps and
Singleton, 1986). Under the null hypothesis the test demonstrate that
observed and reanalysis estimates come from the same continuous
distribution.

4.5. Spatial pattern evaluation

The capability of the reanalysis in order to reproduce the precipita-
tion spatial distribution (i.e., spatial patterns) was assessed using SPAEF
statistic (Table 2) and EOF analysis. SPAEF considers three equally
weighted components: spatial correlation coefficient (pgp), the fraction
of the coefficient of variation (sp) which provides a representation of
the spatial variability and histogram overlap (ogp) which helps to
emphasize non-existing spatial variability between regions of high and
low values (Koch et al., 2018). agp is computed considering z-scores in
order to ensure bias insensitivity. We replaced the correlation coefficient
by spearman rank correlation in order to consider the non-normality of
the precipitation. SPAEF statistic was calculated over the region of study
at daily/monthly/yearly timesteps.

Empirical Orthogonal Function (EOF) analysis is able to decompose a
spatio-temporal dataset into a set of orthogonal spatial patterns (EOFs)
along with a time series of coefficients (principal components, PCs) that
control their time variation. In addition, they do also provide a measure
of the importance of each pattern (variance explained). In this way the
dimensionality of the dataset is reduced to a small number of repre-
sentative components. EOF analysis was applied in T-mode in order to
focus on the identification of spatial patterns. Analysis was performed
considering monthly and daily timesteps. The time and space average of
the precipitation data has been subtracted from the product considered
before the EOF analysis.

4.6. Temporal trends

Similarities and differences in the temporal trends of the datasets
were assessed considering non-parametric Mann's Kendall test and Sen's
slope estimator. In Mann's Kendall test, the null hypothesis (HO) in-
dicates no-trend presence, while the alternate hypothesis (H1) indicates
monotonic trend (increasing or decreasing). While no assumption about
the data distribution is needed, the test requires the data to be serially
independent. In order to reduce the impact of autocorrelation two ap-
proaches have been suggested in the literature: variance correction
(explicit calculation of the inflated variance) and prewhitening method
(removing the lag-1 autoregressive process). In this study, Hamed
(2009) and Yue and Wang (2002) methods, being representative of both
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Fig. 9. First (a), second (b) and third (c) EOFs for ERA5-Land and ERA5 considering monthly time series. Associated number refers to the variance explained.

approaches, were also applied as an independent verification of the ef-
fect of serial autocorrelation. Both provide a modified Sen's slope. They
are available from the Modifiedmk R package (Patakamuri and O'Brien,
2021), Trend analysis was applied independently to AEMET and ERA
reanalysis precipitation time series considering seasonal and yearly total
amounts. Seasons were defined as: winter (DJF), spring (MAM), summer
(JJA) and autumn (SON).

4.7. Error dependency with precipitation intensity and orography

The influence of precipitation intensity on model performance was
assessed by analysing continuous (p, RBIAS, RMSE and KGE) and cate-
gorical metrics (POD and FAR) across the previous precipitation cate-
gories (Section 4.3). In this case, hits represent the matches between
AEMET and ERA5-Land/ERAS5 for a specific category, while false alarm
or misses represent the totality of the non-matches across the different
categories (see Table S1 in supplementary material). Precipitation cat-
egories were defined from observational AEMET. Assessment was per-
formed considering daily timestep values over the 1951-2020 period.
Influence of orography was assessed by calculating the spatial spearman
correlation between the RBIAS/RMSE/KGE/x metrics and elevation (m)
/ slope (%). Results were provided at country and climatic region level.
Boxplots were considered for visual representation of the relationships.
Elevation was obtained from Spanish Geographic Institute at 200 m.
QGIS v3.26.1 ('Buenos Aires') was used to calculate the slope. Both raster
images were resampled using spatial averaging to 0.1° (ERA5-Land) and
0.25° (ERADS) spatial resolution.

5. Results
5.1. Continuous assessment

Spearman correlation (Fig. 2a) and KGE (Fig. 2d) show a spatial
gradient from north-west (highest values) to south-east (lowest values).
KGE however provides a more complex spatial pattern with poor KGE
performance in inner locations of the country apart from the eastern
coast. The coexistence of regions of opposite sign in small regions (the
Pyrenees and the Central System) difficult the regional characterization

of RBIAS (Fig. 2b). Nevertheless, predominant areas of underestima-
tion/overestimation are located in the N/NE. RMSE (Fig. 2¢) lowest
values (2 mm/d to 4 mm/d) are spatially distributed mostly in the centre
of the country. Highest values (up to 12 mm/d) are distributed also
across the borders of the country with special emphasis over the N re-
gion. Monthly and yearly analysis (Fig. S2 and S3) generally reproduce
the same spatial patterns of the daily assessment.

Worst model performance is observed during the June-September
months as shown by the decrease in KGE (Fig. 3d) and spearman cor-
relation (Fig. 3a) (KGE/spearman median values ranging approximately
from 0.2/0.4 to 0.5/0.7). The spatial gradient in Fig. 2 persists for these
two statistics during all the year. Nevertheless, SW ranks worse or
similar to SE for the July-August months. General overestimation is also
observed during these months and along all the year for NE region
(Fig. 3b). Largest underestimation is provided by N region during
November — February months. Overall, RMSE (Fig. 3c) peak at the end of
the year (N-NW-SW in November, NE in September and SE in October).
Monthly RMSE variability is also greater for this period and during
winter months (January-April) for N and NW. Conclusions derived from
this analysis still hold true when considering monthly analysis (Fig. S4).
ERAS analysis results are analogous (Fig. S5 and S6).

5.2. Categorical assessment

A fair agreement is observed between the two datasets (0.4 < k <
0.8) (Fig. 4c). Nevertheless, north and centre of the country (N, NW and
SW) generally provide a better detection capability (Fig. 4a) and a lower
number of false alarm events (Fig. 4b) than the eastern coast (NE and
SE). Significant statistical relationship is confirmed by the Chi Square
(Fig. S7) test of independence (all pixels having values of p-value <
0.05). Chi square statistic provides a similar spatial distribution to
Kappa statistic. Both statistics indicate a substantial agreement (0.6 <
< 0.8) for NW and SW while a moderate agreement (0.4 < k < 0.6) for
SE and NE (Fig. 4c).

Same conclusions as in the continuous assessment are obtained for
the temporal evolution of statistics: worse performance (i.e., lower POD
(Fig. 5a) and Kappa (Fig. 5¢) and higher FAR (Fig. 5c)) obtained during
summer months (June-September) and similar spatial gradient which
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Fig. 10. AEMET, ERA-Land and ERAS annual (a) and seasonal (b-e) Sen's slope (mm/y).

persists along the year. Analogous conclusions are obtained for ERA5
categorical analysis (Fig. S8).

5.3. PDF assessment

Overall, it is observed ERA5-Land generally reproduces the fre-
quency distribution of AEMET dataset in terms of spatial location
(Fig. 6a) but not in terms of magnitude (Fig. 6b). Generally, ERA5-Land
tends to underestimate the NP/HP/VP categories, while overestimating
the LP/MP. NP provides the greatest deviation. For the different regions,
NW and SW tend to provide a better performance (i.e., less
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underestimation/overestimation) than the N, NE and SE (Fig. 6b). N
provides the greatest deviation for the HP and VP categories. N and SE
show signs of underestimation (Fig. 6b). ERA5 pdf assessment is dis-
played in Fig. S9. Analogous conclusions are obtained.

Fig. 7 displays the result of the ERA5-Land and ERAS Epps-Singleton
statistic test. No statistically significant (at 95%) agreement between pdf
is obtained. The eastern coast of Spain together with part of the northern
region provides the major discrepancy amongst the AEMET and ERA5-
Land probability distribution functions thus confirming previous find-
ings from Fig. 6.
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Fig. 11. Spearman (a), RBIAS (b), RMSE (c), KGE (d), POD (e) and FAR (f) by precipitation categories for ERA5-Land. Outliers are not shown.

5.4. Spatial pattern evaluation

ERA5-Land properly reproduces the spatial patterns provided by
AEMET at both daily (Fig. 8a) and monthly (Fig. 8b) timesteps
(SPAEF>0.5). All the three components confirm the good performance.
Greater variability and lower SPAEF values are observed at daily scale.
Seasonal dynamics is not as pronounced as in the continuous and cate-
gorical assessment. A proper reproduction of the spatial patterns (SPAEF
values in the range [0.60-0.90]) is also obtained at the yearly timescale.
ERAS analysis (Fig. S10) provides analogous findings.

Fig. 9 displays the EOFs for both AEMET and ERA5-Land/ERA5 at
monthly scale (daily scale results in Fig. S11). The resulting spatio-
temporal decomposition of AEMET and ERA5-Land/ERA5 is similar.
Main discrepancies arise at the third EOF (Fig. 9c). AEMET EOF is
spatially more enhanced than ERA5 and ERAS5-Land, with a special
emphasis over the northern, southern and part of the eastern coast.
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5.5. Temporal trends

ERA5-Land and ERAS5 properly reproduce the most important spatial
features of AEMET trend at annual scale (Fig. 10a). The three datasets
reproduce a decrease for the whole country in exception of the north-
west and south-east (and in a minor extent the Pyrenaic region) which
experiment positive trends. It is worth noting that differences exist in the
exact location, spatial extent and magnitude of these positive trend re-
gions. At seasonal scale, SON season shows the most discrepant behav-
iour between the datasets, with ERA5-Land and ERAS5 not properly
reproducing the regions with negative trend. For the rest of the seasons,
a similar spatial reproduction is observed with changes in absolute
values of the trend. Comparison with the independent verification
(Fig. S12 and Fig. S13) did not reveal any remarkable difference in the
spatial distribution of the trend values. Statistically significant trends (p-
value <0.05) where obtained mostly for AEMET dataset (Fig. S14-16).
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Fig. 12. POD (a-e) and FAR (f-j) contribution for ERA5-Land. Only the first, second and third categories with a higher number of misses and false alarms are
displayed (i.e., in Table S1 for each row we select for an AEMET category the corresponding ERA5-Land categories with a higher number of events and the same but
column-wise). A category ideally classified would be itself for the 1st, 2nd and 3rd category (i.e., misses and false alarms having null values).

5.6. Error dependency with precipitation intensity and orography

Error analysis revealed continuous and categorical statistics are
intensity-category and region dependent. Spearman correlation
(Fig. 11a) shows a higher variability for the HP and VP categories. Same
spatial gradient as in Section 5.1 is observed. NP and MP generally
provide the best correlation (i.e., higher median value and less vari-
ability). RBIAS (Fig. 11b) displays overestimation for NP and LP while
underestimation for MP, HP and VP. Underestimation increases as it
does the precipitation intensity. Generally, NW and SW provide the best
RBIAS performance (i.e., closer to null values). RMSE (Fig. 11c) in-
creases with precipitation category. Eastern regions provide the highest
RMSE values, especially SE in VP. KGE (Fig. 11.d) shows greater vari-
ability for NP and VP. MP provides the best KGE performance. POD
(FAR) (Fig. 11e-f) decreases (increases) with precipitation category.
There is a good no-precipitation detection capacity, as indicated by the
high and low POD and FAR values, respectively. N region ranks the
worst while eastern regions provides an acceptable performance. Other
categories provide an opposite spatial behaviour (i.e., eastern regions
ranking worst), especially for LP and MP categories. A jump in perfor-
mance is observed for MP category (i.e., better performance than LP). VP
and HP show a higher spatial variability than the other categories. Same
conclusions could be derived for ERA5 (Fig. S16).

Fig. 12 assesses misclassifications between categories. Same con-
clusions could be deduced for ERA5 (Fig. S17). Generally, mis-
classifications tend to occur between neighbour categories (i.e., NP is
wrongly assigned to LP or MP but not VP). NP category is well classified.
Most of AEMET events are classified as NP by ERA5-Land, and the misses
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are assigned to the LP and MP categories respectively (Fig. 12a). False
detections additionally follow this order (Fig. 12f). For LP category,
ERAS5-Land detects the most part of AEMET LP events (Fig. 12b).
Nevertheless, over the Mediterranean coast it falsely classifies as LP
AEMET NP events (Fig. 12g). Misclassifications in the MP category are
assigned to LP category followed by the NP and HP categories (Fig. 12c).
Spatial heterogeneity in the misclassifications increase for HP and VP
(Fig. 12 d-e). In addition, HP and VP categories are not well represented
(i.e., the number of misses and false alarms are higher than the HP and
VP detected events). HP misclassifications are attributed to the MP
category (Fig. 12d). LP representing the third contribution to ERA5-Land
misses (Fig. 12d). Focusing over areas of extreme events occurrence
(Fig. 6a, AEMET VP), ERA5-Land does not tend to falsely detect the VP
events (Fig. 12j) nevertheless, an important part of these is missed
(Fig. 12e) (i.e., it properly classified a small part of the events).

KGE model performance (Fig. 13g-h) remains constant as a function
of orography. Weak spatial correlation in Table 4 supports this fact.
Nevertheless RBIAS (Fig. 13a-b), RMSE (Fig. 13c-d) reveal to be more
dependent on elevation and slope. Both statistics show an inflexion point
at 1000 m (Fig. 13a,c). Spatial correlation (Table 4) does not indicate a
strong relationship between these two variables and the elevation. Slope
behaviour is different. RBIAS shows signs of underestimation (over-
estimation) for slope values >20% (< 10%). 10-20% category provides
the less deviated performance. RMSE shows an increase with slope.
Spatial correlation (Table 4) reveals a strong relationship with slope,
especially for RMSE. Kappa score (Fig. 13e-f) shows a slight decrease
with elevation and slope, which is supported by the weak correlation in
Table 4. Similar conclusions are derived for ERA5 (Fig. S18 and
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Table 4
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Spatial spearman correlation of RBIAS, RMSE, Kappa and KGE with elevation and slope for the climatic regions and whole country (ERA5-Land). Significant correlation

(p-value <0.05) is indicated by *.

Elevation (m)

Slope (%)

RBIAS RMSE Kappa KGE RBIAS RMSE Kappa KGE
N 0.024 —0.200% —0.060 —0.110% 0.340% 0.650* 0.130 0.270*
NW 0.006 ~0.110% —0.500% —0.270* 0.710% 0.830% 0.010 0.370*
sw —0.159* —0.240% —0.550* 0.050* 0.480* 0.510* —0.240* -0.110*
NE 0.345% 0.050 0.140* 0.580* 0.340* 0.640* —0.240* 0.240*
SE —0.269* —0.280% —0.210% 0.320% 0.004* 0.390% —0.290% —0.180*
Spain 0.064* 0.198* ~0.197* 0.150* 0.412* 0.690* —0.290* 0.060*
Table S2). The pdf assessment revealed that ERA5/ERAS5-Land generally

6. Discussion
6.1. Model performance

6.1.1. Continuous-categorical-pdf assessment

Continuous assessment of precipitation revealed a general good
agreement between AEMET observations and ERA5-Land/ERAS esti-
mates, documented by KGE values > 0.4 (behavioural), high correlation
values (0.5-0.9) and low values of RMSE (mostly between 2 and 8 mm/
d) (Fig. 2). Categorical assessment also indicated a good agreement
(kappa values between 0.4 and 0.8) (Fig. 3). Both assessments however
revealed a dependence of the performance with the spatial location.
Correlation displayed a NW-SE spatial gradient, which share some
similarities with KGE and kappa spatial distribution, especially over the
Mediterranean coast and the Ebro River basin. Similar spatial behaviour
was reported by Belo-Pereira et al. (2011) over the Iberian Peninsula
(IP) when considering ERA-40 and ERA-Interim (i.e., ERA5/ERA5-Land
predecessor). This behaviour can be related to the climatic character-
istics of the study area: while in the N, NW and SW regions precipitation
depends particularly on synoptic-scale disturbances, in the NE and SE
precipitation shows a more complex variability (Cortesi et al., 2014).
Over semiarid areas, such as the eastern coast, precipitation is often a
local phenomenon (Tapiador et al., 2020). Especially, over these regions
(NE and SE) deteriorated POD and FAR statistics (Fig. 3) indicated that
ERAS5-Land/ERAS5 reanalysis were misclassifying AEMET dry days (i.e.,
no precipitation) as wet days (i.e., precipitation >1 mm). This wet bias
(dry days poor detection capacity) has been also documented in IP by
Hénin et al. (2018) and in other world regions (el Kenawy et al., 2015;
Beck et al., 2017; Amjad et al. (2020)). RBIAS (Fig. 2c) displayed signs of
overestimation and underestimation. Overestimation has been
commonly reported for ERA5 (Crossett et al., 2020; Amjad et al., 2020;
Bandhauer et al., 2022). Nevertheless, underestimation has been also
indicated by Kolluru et al. (2020) and by Longo-Minnolo et al. (2022). A
clearly uniform RBIAS behaviour is difficult to observe for regions of
high climatic complexity (Beck et al., 2019; Sharifi et al., 2019; Jiang
et al., 2021). RMSE high values spatially distributed across the northern
and eastern coast might be partially attributed to the closeness to the sea
due to the more-complex breeze circulation and coastal convection
systems (Caracciolo et al., 2018; Lockhoff et al., 2019). Nevertheless,
AEMET associated uncertainty due to station density is also a factor to
consider, especially over the northern regions such as Galicia.

Worst performance was observed in summer months for both the
continuous and categorical assessment. The shift in the median together
with the wider boxes and whiskers (Fig. 3 and Fig. 5) justified this fact.
Summer is dominated by unpredictable small-scale convective cells
(Beck et al., 2019; Tapiador et al., 2020). Representation of these
convective precipitation is still a limitation of the current reanalysis as
reported by Ebert et al. (2007), de Leeuw et al. (2015), Acharya et al.
(2019), Xin et al. (2021) amongst others. In relation with this fact,
overestimation is generally observed during these months, which has
been also reported in Jiao et al. (2021) and Longo-Minnolo et al. (2022).
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reproduced the spatial location of precipitation frequency but disagrees
in terms of magnitude. It tends to underestimate the no-precipitation,
heavy and violent categories while overestimating light and moderate
precipitation. This finding agrees with studies that highlighted a general
overestimation of precipitation frequency in reanalysis (Beck et al.,
2017; Hénin et al., 2018) and an underestimation of heavy precipitation
events (Crossett et al., 2020; Jiang et al., 2021; Blizndk et al., 2022). The
eps-singleton test highlighted the N, NE and SE regions as the most
deviated from AEMET probability distribution. These areas are of special
difficulty for the reanalysis because of the complex topography, the
closeness to the coast and the predominant role of convection in the
precipitation formation, especially for the eastern coast.

6.1.2. Spatial and temporal assessment

ECMWEF reanalysis was found to reproduce the pattern of daily and
monthly precipitation for the country (Fig. 9) being able to capture the
most part of the spatio-temporal variance. Similar good performance
was obtained from an EOF analysis in Jiao et al. (2021) for China.
ECMWEF first and second EOFs mostly reproduce the AEMET EOFs
spatial pattern, with discrepancies occurring in the third EOF. Never-
theless, AEMET displays enhanced spatial features in comparison to the
reanalysis, especially over mountain regions (the Central System, Sierra
Morena mountains near the Guadalquivir depression). This fact high-
lights the reanalysis difficulty in properly capturing the spatio-temporal
variance of areas with complex topography (Amjad et al., 2020; Jiao
etal., 2021). SPAEF values generally confirm the good representation of
the precipitation spatial patterns. Worse performance is observed at
daily scale (shift in the median and wider boxes and whiskers) mainly
due to the higher level of variability at this temporal scale.

Using reanalysis for temporal trend assessment remains challenging
due to the spurious variability that could be introduced in the output
signal because of the temporally fluctuating number of observations and
biases in assimilated observations and models (Bengtsson et al., 2004;
Thorne and Vose, 2010). However, reanalysis have been often used,
especially when no alternative source of data existed (Lindsay et al.,
2014). Recent applications of ECMWF precipitation trend analysis can
be found in Chiaravalloti et al. (2022) and Varlas et al. (2022). Gridded
observations can be affected also by the temporal variability of the
network (Herrera et al., 2016). Despite the possible associated un-
certainties, the temporal trend assessment revealed that ECMWF rean-
alysis generally reproduced AEMET annual and seasonal temporal
trends (Fig. 10). SON provided the most discrepant behaviour displaying
an overestimation of positive trend values. Discrepancies also existed in
the total extent of the spatial features observed (Fig. 10a). Reanalysis
indicated no significative precipitation trend (Fig. S14-S16). Although a
strict comparison with studies compiled from scientific literature is not
straightforward, mainly due to differences in the times series considered
(i.e., time period, number of stations, precise location and spatial dis-
tribution of the stations, etc), the generalized dominant negative annual
trend is also documented in Ruiz Sinoga et al. (2011) for the region of
Andalusia, Del Rio et al. (2005) for Castille and Leon region, and De Luis
etal. (2009) for the Mediterranean region. Rio et al. (2011) documented
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significant decreases in > 28% of Spain in summer and winter. Positive
trends were reported in De Luis et al. (2009) and Fernandez-Montes and
Rodrigo (2015) for locations in the eastern and southern eastern coast at
annual scale and especially for the winter season.

6.1.3. Error dependency with precipitation-intensity and topography

The continuous and categorical analysis under different precipitation
intensities reported a deteriorated performance for the heavy and vio-
lent categories (Fig. 11) (greater variability and deteriorated metric
values). For ERAS, Jiang et al. (2021) and Xin et al. (2021) documented
a similar RMSE increase and progressive change from overestimation to
underestimation with precipitation intensity over China. Moderate
category displayed the best KGE performance (Fig. 11d) and better
precipitation event discrimination than the rest of the categories
(Fig. 1le-f), in exception of NP. This is because of the dry days
misclassification issue in LP and the underestimation of HP and VP. For
ERAS, better precipitation discrimination for this category was also re-
ported in Hafizi and Sorman (2022) and Kolluru et al. (2020). Similar
behaviour was obtained over Australia for ERA-Interim as documented
in Acharya et al. (2019). No precipitation category has a proper detec-
tion but only assigns a small portion of the ground-truth no-precipitation
events. The events missed however increase the resulting overestimation
(Fig. 11b) and deteriorated performance (Fig. 11d).

The error analysis with orography revealed that model estimation
and detection capability generally deteriorate in areas with more com-
plex topography (Fig. 11a-f). General significant correlation for the
different climatic regions supports this fact (Table 4). Orographic
dependence was also easily deductible in Fig. 2. Difficulties in the pro-
vision of high-quality precipitation reanalysis estimates in mountainous
terrain were also reported in previous studies (Beck et al., 2019; Amjad
et al., 2020; Chen et al., 2021; Jiao et al., 2021; Longo-Minnolo et al.,
2022). A clearer relationship is obtained for the slope than elevation
itself (Fig. 11a-f) (in exception of the kappa statistic). In fact, the turning
point in RMSE (Fig. 13c) can be attributed to the general flat conditions
of the Meseta region (between 600 and 800 m.a.s.l). Amjad et al. (2020)
highlighted a deviation in climatological totals with slope. Longo-Min-
nolo et al. (2022) reported significant correlation between altitude
variation within each ERA5-Land cell and RMSE. This within-cell alti-
tude variation can be easily linked with the slope. KGE performance,
contrary to the rest of the statistics, did not reveal a strong correlation
with elevation or slope. This is mainly due to the disparity observed
amongst the climatic regions considered.

6.1.4. Differences between ERA5/ERA5-Land

ERA5-Land and ERA5 performed very similar as it was expected
(ERA-5 Land is a rerun of ERA-5). Similar performance was reproduced
for all the analysis and only minor discrepancies were obtained for the
absolute values of the metrics (slightly higher temporal variability for
ERA5-Land). Similar findings were indicated by Xin et al. (2021), Chen
et al. (2021) and Bliznak et al. (2022). Although the ERA5-Land higher
spatial resolution could be useful in regions with complex topography,
no added improvement is obtained regarding orographically induced
precipitation (Zandler et al., 2019; Hamm et al., 2020).

6.2. Future improvements

This study has highlighted some weaknesses of the ECMWF precip-
itation product. To be strictly fair, it should be stressed that the approach
considered suffers from a limitation present in many studies: the un-
certainty associated with the observations. Quality of the spatially
interpolated products is highly dependent on the network density, ho-
mogeneity, quality control, interpolation algorithms, orographical
conditions (Peral Garcia et al., 2017; Herrera et al., 2019). However,
these limitations have been considered, as far as possible, in the gen-
eration of the AEMET product (Peral Garcia et al., 2017). In addition,
using high-resolution gridded datasets as reference for product
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evaluation has also been undertaken in Beck et al. (2019), Tapiador et al.
(2020), Bandhauer et al. (2022) amongst others. Grid-to-point analysis
is also not free from associated uncertainties due to scale mismatch and
representativeness (Amjad et al., 2020). In any case, this study can
evaluate how well the test dataset satisfy a common user expectation (i.
e., what could be the discrepancies when using ECMWF's reanalysis
precipitation product instead of the reference Spanish Meteorological
Agency provided dataset).

Focusing on the study region, despite the extensive assessment of the
ECMWF precipitation performed in this study there are still open
questions to contribute: satellite performance vs. reanalysis perfor-
mance (partly introduced in Tapiador et al. (2020)), evaluation under a
hydrological framework (as in Senent-Aparicio et al., 2018), assessment
of extremes (based on Hénin et al. (2018)), assessment using new tools
such as Triple Collocation Analysis (TCA) (Li et al., 2018), sub-daily
assessment, amongst others.

7. Conclusions

This study provides a detailed evaluation of latest fifth generation of
ECMWF's precipitation products over Spain. The results obtained here
contribute to fill the knowledge gap refering to the performance of the
new ERA5-Land/ERAS5 precipitation products over Spain and over the
Mediterranean region and thus contributing to the global evaluation of
these products that is being performed globally. The reanalysis precip-
itation evaluation was based on a comparison with Spanish National
Meteorological Agency long time series (1951-2020) observed gridded
product. The results obtained here are consistent with finding with
previous studies. The following main conclusions were drawn from the
study:

- Continuous assessment revealed a general good agreement between
both observed and reanalysis datasets: spearman correlation
(0.5-0.9),RMSE (mostly between 2 and 8 mm/d) and KGE values >
0.4. Worst continuous performance was obtained in summer months,
with a generalized overestimation.

- Categorical assessment indicated a generalized good precipitation

detection (kappa values between 0.4 and 0.8) confirmed by the chi-

square statistics. A wet bias was revealed especially over the eastern
coast, as indicated by the decrease/increase in POD/FAR. Worst
performance was obtained during summer months.

PDF assessment indicated that ERA5-Land/ERA5 tended to over-

estimate light (>1 and < 5 mm/day), and moderate (>5 and < 20

mm/day) precipitation categories while underestimating the heavy

(>20 and < 40 mm/day) and violent (>40 mm/day) categories.

Mediterranean and northern coast were highlighted as the most pdf

discrepant, as shown by the Epps-Singleton test.

Spatial and temporal pattern assessment showed a good agreement

between the spatial patterns and temporal trends of the observed and

reanalysis datasets.

Error dependency on precipitation intensity and orography high-

lighted moderate category had the best model performance. Pre-

cipitation estimation and detection were found to be dependent on

orography. Positive correlations were obtained for RBIAS (0.41/

0.35, for ERA5-Land/ERA5) and RMSE (0.69/0.70) while negative

correlation was found for Kappa (—0.29/—-0.34).

No significant differences were deduced between the ERA5-Land and

ERAS results as indicated by the different analysis performed.

Conclusions provided by this study could be useful for hydrological
and meteorological applications that make use of these precipitation
datasets over the region.
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