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Abstract

Gridded precipitation datasets have been developed for data assimilation and

evaluation tasks of weather and climate models and for climate analyses.

Gridded data uncertainty evaluation is crucial to understand the limitations

and feasibility. The development of high-resolution daily gridded precipitation

datasets is desirable, but several factors need to be considered, namely rain

gauge station availability, their spatial distribution, and orographic and climate

characteristics of a study area. Quality assessment of gridded datasets can pre-

sent difficulties when the influence of these factors is not thoroughly analysed.

The main objective of this study was a detailed validation of precipitation grids

based on four factors, that is, station density used for grid construction, grid

spatial resolution, station altitude, and climate type. To this end, 18 grids were

built using six spatial resolutions (0.01�, 0.025�, 0.05�, 0.1�, 0.2� and 0.4�) and
three station densities (25, 50 and 75% of all available stations). Results indi-

cate larger differences among the grids as a function of analysed factors. Sta-

tion density was found to be the main factor, whereas grid spatial resolution

had minor importance. However, the latter factor becomes more relevant in

areas with strong altitude gradients and when a high station density is avail-

able. In addition, weak and moderate precipitation is overestimated on daily

grids, whereas heavy precipitation cells are less frequent, reducing data vari-

ability. On the contrary, monthly and annual aggregates present less deviation

from the observed distribution than daily comparisons. These findings ques-

tion the applicability of the daily grid datasets for validation studies and cli-

mate analysis on a grid cell level.
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1 | INTRODUCTION

Calibration and evaluation tasks of precipitation estima-
tion products, and of weather and climate models,
require observational precipitation datasets. The grid cell
data of these products should be compared with observed
precipitation and, as a result, the need to build observa-
tional gridded datasets emerges. Thus, gridded precipita-
tion products based on observed rain gauge data are
widely used in climate studies (Royé and Martin-
Vide, 2017; Cardell et al., 2020), model verification
(Azorin-Molina et al., 2014), water resource management
(Tramblay et al., 2019), and many other applications.

A set of precipitation gridded datasets have recently
emerged. Globally, one highlight is the Global Precipita-
tion Climatology Centre Full Data Reanalysis (Schneider
et al., 2011; Becker et al., 2013). At continental scale, exam-
ples include the E-OBS dataset (Klein Tank et al., 2002)
developed in the framework of the ENSEMBLES project
for Europe, APHRODITE precipitation dataset for Asia
(Yatagai et al., 2012), and North America regular gridded
dataset (Chen et al., 2008; Daly et al., 2008).

High-quality gridded datasets require a sufficient
number of stations within a grid cell to account for sub-
grid variability. Nevertheless, the density of available rain
stations is not uniform and so most databases have large
number of pixels without observational data. In addition,
precipitation is not a continuous variable and has strong
spatial gradients, especially in convective precipitation.
All these facts increase errors on the grid, and its use for
verification is risky.

Previous studies have analysed the effect of station
density and interpolation methods on grid data quality.
Hofstra et al. (2010) found substantial over-smoothing
when fewer stations are used for interpolation. Rauthe
et al. (2013) evaluated the relationship between mean
absolute error and the percentage of stations included in
the grid. Herrera et al. (2019) examined the effect of sta-
tion density, interpolation method, and spatial resolution
on observation-based gridded datasets, finding station
density the most influential factor. Different interpolation
methods of rain gauge data have been developed and
implemented for gridded precipitation dataset develop-
ment. Deterministic methods such as inverse distance
weighting and nearest neighbour plus geostatistical
methods such as kriging have been widely used (Herrera
et al., 2012; Feki et al., 2017). However, several grid eval-
uations (Hewitson and Crane, 2005; Hofstra et al., 2008)
have revealed that station density and spatial resolution
leads to more sensitivity in the results than the choice of
interpolation method. In summary, according to the liter-
ature, a larger mean absolute error and stronger smooth-
ing is expected as the number of stations decreases.

In this study, the R package “reddprec” (https://cran.
r-project.org/web/packages/reddPrec; Serrano-Notivoli
et al., 2017a) was selected for grid construction. This
method is based on the creation of reference values using
generalized linear models (Serrano-Notivoli et al., 2017c).
Also, the package contains the functions required to
reconstruct original daily precipitation series and create
grids. This method has been applied to build high-
resolution daily gridded precipitation datasets in the
same study area (Serrano-Notivoli et al., 2017b) and
others (Decuyper et al., 2020). Serrano-Notivoli
et al. (2017b) presented a new high-resolution daily
gridded precipitation dataset for Spain, and some extreme
precipitation indices were used as an example of climate
applicability. Decuyper et al. (2020) reconstructed precipi-
tation series to do a spatiotemporal assessment of beech
growth. On the contrary, in our work, a validation of dif-
ferent grids made with the “reddprec” package was done
to study their reliability and performance based on vari-
ous factors.

The main objective of the present study was a detailed
validation of daily precipitation grids based on four fac-
tors, that is, station density used for grid construction,
grid spatial resolution, station altitude, and climate type.
To this end, 18 grids were built using six different grids
with horizontal resolutions 0.01�, 0.025�, 0.05�, 0.1�, 0.2�

and 0.4�, and three station density levels (25, 50 and 75%
of all available stations).

The work is organized as follows. A description of the
study area and details of datasets are provided in Sec-
tion 2. Section 3 describes the methods used. Results are
in Section 4, with grid verification setting at daily scale
(4.1) and multiple temporal aggregation (4.2) based on
Köppen climates (4.3) and re-gridding methods (4.4).
Finally, a discussion and conclusions are presented in
Section 5.

2 | STUDY AREA AND DATASET

The study area corresponds to the Ebro basin
(~85,000 km2) on the northeastern Iberian Peninsula.
Several reasons justify this selection, namely, a high den-
sity of rain gauges, strong altitude gradient due to com-
plex orography (sea level to 3,400 m), and diverse types
of climate. Based on the Köppen climate classification,
there are cold continental climates in the Pyrenees at the
north end of the basin (Dfb and Dfc), dry and hot Medi-
terranean climates in the lowlands (BSk, Csa and Csb),
and humid temperate climates across the northwestern
plains (Cfb and Cfa).

A set of 367 rain gauge tipping-bucket type stations
was used. The stations are distributed throughout the
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basin, with a greater density in the highlands (Figure 1a).
Solid precipitation is frequent in winter, so highlands sta-
tions measure both solid and liquid precipitation. Daily
precipitation data were retrieved from the 367 stations
between 2008 and 2018. However, the number of avail-
able stations is not fixed and changed over time, as seen
in Figure 2a.

3 | METHODS

The grids were built from 367 original stations by creat-
ing reference values using generalized linear models
based on the 10 nearest observations, using altitude, lon-
gitude and latitude as covariates. These calculations were
performed using the R package reddprec. That package
contains functions to apply quality control (QC), identify-
ing and removing suspect data from the original dataset,
daily precipitation reconstruction for filling gaps, and cre-
ating grids (Serrano-Notivoli et al., 2017a).

The original dataset was filtered using the QC. The
process uses five criteria to flag and remove suspect data:
(a) Suspect data; (b) suspect zero; (c) suspect outlier;
(d) suspect dry day; (e) suspect wet day (details in
Serrano-Notivoli et al., 2017a). The QC process flagged
and removed an annual average of 1.0% of the data
(Figure 2b). There were no major differences in the num-
ber of removed data by year; only the first year showed
slightly larger values. Suspect data and suspected zero
were the main reasons to remove data in all years; only
in the first years were there suspect outliers and wet
values in substantial amounts, decreasing over the years.
The percentage with suspect data found was smaller than

that obtained using other databases with the same QC
scheme (Serrano-Notivoli et al., 2017b).

Then, original missing data and data filtered by QC
were filled using reference values. Total missing data
after QC are shown in Figure 2c. Typically, the precipita-
tion databases used for grid construction have an irregu-
lar number of available stations over time. In this case,
the number of available stations increased in the first
years, so the number of missing data declined markedly.
Changes in the number of precipitation stations could be
challenging, but the robustness of the package is based
on the individual calculation of Reference Values (RVs)
for each day and location.

Grid evaluation was conducted based on four factors,
that is, station density used for grid construction, grid
spatial resolution, station altitude, and climate type.

Spatial resolution was evaluated by defining six differ-
ent grids with horizontal resolutions: 0.01�, 0.025�, 0.05�,
0.1�, 0.2� and 0.4�. The evaluation of station density was
done by random selection of the stations included in the
grid. Thus, for each defined spatial resolution three inter-
polations were done randomly using 25, 50, and 75% of
all available stations (Figure 1b–d). The resolution was
selected taking into account its use for the verification of
climate models, with horizontal resolutions greater than
0.1�, or an NWP model with horizontal resolution less
than 0.05�. The stations removed were not used for grid
development. In this case 275, 183 and 92 were taken as
reference for validation (validation set).

Grid validation in terms of station density, grid spatial
resolution, and station altitude was portrayed by scatter
plots and some statistical goodness-of-fit measures at
daily, monthly and yearly scales. Grid precipitation was

FIGURE 1 Topographic map of Ebro River basin. (a) Rain gauge network; (b–d) random selection of 25, 50, and 75% of rain gauges

respectively for gridded interpolation
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taken at grid pixels where validation stations were
located and the density of scatter points grouped in hexa-
gons were represented using a colour scale.

To assess the performance of grids, the modified
Kling-Gupta efficiency (KGE; Gupta et al., 2009, Kling
et al., 2012) was selected. This index compares observed
precipitation with grid precipitation, decomposing the
total performance into three components: linear correla-
tion (r), bias ratio (β), and variability ratio (γ). r is the

Pearson product–moment correlation coefficient; β mea-
sures the total precipitation compared to ground-based
observations, indicating the average tendency of the grid
precipitation to underestimate (β < 1) or overestimate
(β > 1); γ measures the relative dispersion between the
gridded and the ground-based measurements. The
optimal value for the KGE and all its components is
one. It has been widely used to evaluate the performance
of precipitation products (e.g., Lievens et al., 2015;

FIGURE 2 (a) Time evolution of number of stations available. (b) Percentage of removed data using five criteria of QC. (c) Percentage

of missing data in the original files
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Baez-Villanueva et al., 2018; Wang et al., 2018). Also, grid
precipitation was evaluated by the mean absolute error
(MAE) using the validation set for each case, and the
probability of detection and ability to predict dry/wet
days is shown in Table 1.

Total grid variance was evaluated, portraying the pre-
cipitation distribution by means of density plots, which
represent a smoothed version of the histogram. For better
understanding of the results, a logarithmic scale was used
in these plots. Because there was a high frequency of days
with little rainfall, the log transformation was done
because precipitation values less than zero were impossi-
ble. Subsequently, the temporal and spatial variance was
evaluated by computing the SD for the validation set on
the basis of time and station, respectively.

In addition, considering the climate diversity of the
study area, we evaluated the results based on the

extended Köppen classification (Tapiador, 2019). In this
case, the grids built with high station density (75%) were
selected, and the stations used in the grid were classified
into seven types of climates (Table 2). Subsequently, scat-
ter plots of gridded daily precipitation versus station were
developed for each climate type. The result facilitated an
analysis of grid performance based on climatic character-
istics, with the findings potentially applicable to other
study areas.

Finally, we compared the grids built using the red-
dprec package and re-gridding from the higher spatial
resolution grid. Sometimes grid products for climatic pur-
poses are unavailable at the desired spatial resolution.
This is usually resolved by re-gridding the finer grid
dataset on the coarser resolution grid using an aggrega-
tion re-gridding method. In this case, the first-order con-
servative remapping method was used because it is most
commonly used for precipitation (Jones, 1999;
Philip, 1999). This method is based on the ratio of source
cell area overlapped by the corresponding destination cell
area. The objective was to determine if the quality of the
grid changed after application of the re-gridding
technique.

4 | RESULTS

4.1 | Daily scale

Scatter plots between observed and grid precipitation at
daily scale, together the statistical goodness-of-fit mea-
sures (KGE, r, β and γ) are shown in Figure 3. All
analysed grids show average underestimation compared

TABLE 1 Accuracy of the wet/dry

day estimates: Percent observed dry

(P = 0) and wet (P > 0) days, and

percent predicted dry (predicted = 0)

and wet (predicted > 0) days on

observed dry and wet days

75% 50% 25%

P = 0 P > 0 P = 0 P > 0 P = 0 P > 0

Observed 66.20 33.80 66.92 33.08 66.82 33.18

0.04 Predicted = 0 93.19 15.68 92.24 16.93 91.91 17.08

Predicted > 0 6.81 84.32 7.76 83.07 8.09 82.92

0.2 Predicted = 0 94.62 12.61 92.72 15.61 92.40 16.09

Predicted > 0 5.38 87.39 7.28 84.39 7.60 83.91

0.1 Predicted = 0 95.34 11.05 92.65 14.91 92.57 15.79

Predicted > 0 4.66 88.95 7.35 85.09 7.43 84.21

0.05 Predicted = 0 95.75 10.00 92.94 14.56 92.40 15.50

Predicted > 0 4.25 90.00 7.06 85.44 7.60 84.50

0.25 Predicted = 0 96.13 9.17 92.90 14.22 92.64 14.73

Predicted > 0 3.87 90.83 7.10 85.78 7.36 85.27

0.01 Predicted = 0 96.29 8.43 92.77 14.24 92.80 14.30

Predicted > 0 3.71 91.57 7.23 85.76 7.20 85.70

TABLE 2 Extended Köppen climates (Tapiador, 2019) for 75%

of stations used in high station-density grids and mean station

distances

Köppen climate Stations Mean distance (m)

BSk 51 10,812

Cfa 52 10,241

Cfb 134 9,282

Csa 17 13,770

Csb 14 10,746

Dfb 6 4,400

Dfc 1 8,119
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with the observed precipitation. This is particularly clear
because for all cases, the bias ratio (β) is less than 1. Max-
ima of daily precipitation are often due to convective
events that are frequent in the Ebro Valley in summer.
Convective precipitation has strong spatiotemporal vari-
ability, so the smoothing of large values on the grid could
have contributed to the observed underestimation. This is
supported by the fact that γ has similar values and are
slightly less than one in all grids, resulting in underesti-
mation of the observed variability. Analysing separately
the effects of grid spatial resolution and station density, it
seems clear that station density had greater influence on
grid data quality. When 75% of available stations were
used (first row), the KGE index showed better results
(0.82–0.71), worsening as the number of stations dimin-
ished (0.75–0.68 for 50% of the stations and 0.7–0.67 for
25%). Conversely, the grid spatial resolution did not have
such influence, although improvements were observed
when the resolution was increased. This was more promi-
nent when a greater station density was used
(KGE = 0.71 for 0.4� and 0.82 for 0.01�). This suggests
that the use of high spatial resolution is only useful when
there is a high station density.

The mean absolute error for each grid was computed
seasonally and for the entire period (Figure 4). General

results affirm the conclusions previously described.
Errors at daily scale became strongly dependent on sta-
tion density. The behaviour of spatial resolution was
remarkable; for the complete precipitation series,
improvement was only noticeable when station density
was high (MAE of 1.1–0.7 mm/day using 75% of stations
and 1.25–1.05 mm/day using 25%). Analysing the results
at seasonal scale, an increase in resolution of the grid
gave improvement regardless of station density for winter
precipitation. In contrast, spatial resolution had no
noticeable effect in summer. Furthermore, the effect of
station density was linear for all seasons, except in sum-
mer when substantial improvement was only produced
when 75% of stations were used.

Overall results show larger errors in spring (MAE of
0.8–1.4 mm/day). In that season, rainfall is abundant across
the entire basin, in contrast with winter and summer, when
droughts affect large areas in the central study area. Small
errors in summer (MAE = 0.7–1.1 mm/day) are notable,
when larger values might be expected because of the con-
vective precipitation. However, this can be explained by the
prevailing dry conditions during that season.

These results reveal the outstanding role of dominant
rainfall patterns for selecting the most suitable grid.
When stratiform precipitation is dominant, both station
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FIGURE 3 Scatter plots of observed daily precipitation versus grid precipitation. Rows show different station densities (75, 50, and 25%)

and columns grid spatial resolutions (0.01�, 0.025�, 0.05�, 0.1�, 0.2�, and 0.4�)
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density and spatial resolution are relevant factors in grid
construction. On the contrary, for convective precipita-
tion, station density is the most important factor, and a
greater density is necessary.

One of the main features of the study area is its com-
plex orography. It is well known that in elevated areas,
spatial precipitation gradients are more pronounced, so
greater uncertainties in the grid are anticipated there. To
check this, station altitude was represented as a function
of the grid mean absolute error (Figure 5). The results are
only shown for grids built with 75% of the stations; for
the remaining grids, the results are similar. Although
errors tend to increase with station altitude, the strong
dispersion of the results does not permit categorical con-
firmation of this relationship. The relationship is more
evident upon increasing the grid spatial resolution,
because of the smoothing effect of low resolutions. On
the other hand, the initial station distribution, with
greater density in mountainous areas, can reduce the
errors in elevated areas. This means that when the obser-
vation stations are irregularly distributed, prioritizing
areas of complex orography over those on the plains, it
promotes a more uniform distribution of grid
uncertainties.

The use of precipitation grids for climate applications
has been widespread. In this regard, it is not only impor-
tant to obtain an acceptable mean precipitation value but
also data variance. When the grid is unable to reproduce
the observed variance, a given statistical analysis can yield
uncertain results, such as a trend analysis. To evaluate the
grid variance, we used density plots with log scale to con-
struct the daily precipitation distribution (Figure 6a). The
observed deviations of rainfall <1 mm between observa-
tion (black line) and gridded (colour lines) are due to rain
gauge resolution (0.2 mm), producing jumps in the density
representation. The results are clear, irrespective of station
density and spatial resolution. The grids have a notably
higher frequency of daily precipitation around 2–10 mm,
decreasing the frequency of heavier rainfall relative to the
observed distribution. This means that weak and moderate
precipitation are overrepresented on the grid, while heavy
precipitation is less frequent, decreasing data variability.
Surprisingly, the lower-resolution grids (green) underesti-
mate to a lesser extent daily precipitation >50 mm. Fur-
thermore, the fact that the number of stations changes
over time does not affect evolution of the variance (not
shown), confirming the non-dependence of station density
on grid variance.

FIGURE 4 Mean absolute error (mm) of daily precipitation for each grid (station density as lines and spatial resolutions on x-axis),

for season and entire period
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Subsequently, the temporal (Figure 6b) and spatial
(Figure 6c) variance was evaluated by computing density
plots of SD for the validation set relative to time and sta-
tion, respectively. Temporal smoothing of the grids is
more evident than spatial smoothing. The temporal SD
distribution of observed precipitation (black line) is
clearly shifted toward values larger than those of the grid
distributions, regardless of station density and spatial res-
olution. This result is a consequence of the changes in
precipitation distribution mentioned above. Spatial
smoothing of the grids is also observed but to a lesser
degree. This is because the spatial SD distribution of the
grids had more frequent small values than the observed.
In this case, station density appeared to have greater
weight in the preservation of spatial variability.

Finally, the probability of detection and ability to pre-
dict dry/wet days is evaluated in Table 1. The probability
of detection of wet days is ~80% and that of dry days is
~90%. At all grids, more dry days were detected than
those observed. The detection of wet days was improved
for high spatial resolution and station density. Consistent
with the previous outcomes, spatial resolution only
appeared to matter when a high density of stations
was used.

4.2 | Multiple temporal aggregation

Scatter plots between observed and grid precipitation at
monthly scale, together the statistical goodness-of-fit
measures, are shown in Figure 7. Monthly aggregates
show similar parameters in comparison to daily precipi-
tation (KGE = 0.65–0.82). In addition, conclusions
regarding the daily analysis are similar to those from the
monthly aggregate analysis, namely: Station density is
the dominant factor with regard to grid spatial resolu-
tion; higher spatial resolutions improve the results only
when there is a high density of stations; irrespective of
station density and spatial resolution, grid precipitation
tends to underestimate the observed precipitation
(β < 1) and the observed variance (γ > 1). The yearly
aggregate analysis (Figure 8) confirms the slight
improvement in the KGE parameter for greater tempo-
ral period aggregation (KGE = 0.6–0.85). The reproduc-
tion of annual accumulated precipitation is particularly
acceptable for grids with high station density and spatial
resolutions greater than 0.1� (r ~ .87). These results sup-
port grid suitability for use in climate analysis. For grids
built with lower station density, there is a predominant
underestimation (β ~ 0.88), while the bias is close to

FIGURE 5 Scatter plots of mean absolute error of daily precipitation versus station altitude by grid spatial resolution, using 75% of

available stations. Linear regression model (line dashed)
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1 when high station density is used. The variance results
remain unrelated to the spatial resolution and station
density. In this case, the spatial resolution factor
becomes more important relative to the monthly and
daily analyses. For any station density, the results

improve as spatial resolution increases, reaching
0.1–0.05�, from which improvements are imperceptible.
It is not surprising that these values match the average
distances of stations used in each density category
studied.

FIGURE 6 Density plots for different grids (columns: Stations density; colours within plot: Spatial resolution) and observed

precipitation (Obs): (a) daily precipitation; (b) SD over time; (c) SD over stations
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FIGURE 7 As in Figure 3 but for monthly precipitation aggregates
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Similar to the daily analysis, the assessment of vari-
ance at monthly (Figure 9a) and yearly (Figure 9b) scales
was performed using density plots with log scale. The
results of observed distributions for monthly and annual
precipitation were preserved accurately by the grids,
especially for monthly precipitation. A slight shift is still
observed in the observed distribution (black line) to the
right of the plot, as well as overrepresentation of interme-
diate values of accumulated annual precipitation. This

leads to extreme value smoothing, but in the monthly dis-
tribution, there is reasonable similarity in the value dis-
tribution, suggesting the potential use of grids for climate
analysis.

Finally, mean absolute errors were compared for
monthly, seasonal and yearly aggregates on each grid
(Figure 10). A reduction of errors for larger temporal
aggregates is evident, although this was not linear. Grid
uncertainties decreased substantially for the monthly

FIGURE 9 Density plots of monthly (a) and yearly (b) precipitation aggregates for different grids (columns: Stations density; colours

within plot: Spatial resolution) and observed precipitation (Obs)
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aggregates (30–60%) relative to seasonal (20–35%), but
there were only small additional improvements shown by
the annual aggregates (15–25%). Regarding the perfor-
mance of each grid, the role of grid spatial resolution was
surprising. Not only were there no improvements seen
for high-resolution grids built at low station densities, but
in some cases, such as using 50% of the stations, the
results of high resolutions worsened. It is clear once
again that the use of high resolutions only makes sense
when high station densities are available, as observed
when using 75% of the stations in the network. Further-
more, improvements are evident as station density
increases, with this being the main factor affecting grid
data quality.

4.3 | Köppen climates

There are seven different climates in the study area
according to the extended Köppen climate classification
(Table 2; Tapiador, 2019): Cold continental climates in
the Pyrenees at the north end of the basin (Dfb, Dfc); dry
and hot Mediterranean climates in the lowlands (BSk,

Csa and Csb), and humid temperate climates in the
northwestern plains (Cfb and Cfa). The evaluation of
daily precipitation is shown in Figure 11 via scatter plots.
The first highlight is the difference in grid performance
between the Cfa (KGE = 0.83–0.88) and Cfb
(KGE = 0.63–0.80) climates, despite a similar mean sta-
tion distance used in grid construction (Table 2). The Cfa
climate is in a transition zone between a temperate oce-
anic climate (northwestern edge of the basin) and dry
and hot Mediterranean climate (basin centre). Neither
climate has a dry season but precipitation is heavier with
Cfb, with changes of precipitation pattern during the
year. In addition, Cfb areas show a pronounced precipita-
tion gradient as a consequence of the strong altitude gra-
dient. These characteristics appear to have an important
weight in the behaviour of the grid, even more important
than station density, a factor that heretofore has been
shown as dominant.

In dry and hot Mediterranean climates of the lowland
basin (BSk, Csa and Csb), with similar mean distances
between stations (Table 2), the results are similar (KGE
~ 0.85 for higher grid spatial resolution). These areas do
not have major altitude changes and spatial precipitation

FIGURE 10 Mean absolute error of precipitation (%) for several temporal aggregates (lines) and each grid (station density in each plot

and spatial resolution on x-axis)
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gradients are only strong for convective precipitation.
Consequently, the grids have similar results and an
acceptable quality.

The poorest results were for cold climates of the high
Pyrenean mountains (Dfb), despite having the minimum
distance between stations (KGE = 0.26–0.65). Dfc had
better performance, but there was only one station in this
area, so the results cannot be considered representative.
In Dfb areas, there was marked underestimation of pre-
cipitation by the grid, and only for high spatial resolution
grids was precipitation reasonably represented.

The above results emphasize the importance of cli-
mate type in grid behaviour. These climate classifications
are closely linked to orography and rainfall regime.
Despite this, station density appeared as the main influ-
ence on grid quality. Spatial resolution is relevant in
areas with strong altitude gradients (Cfb, Dfb, and Dfc).
Precipitation regime appears not to play a decisive role.
Climates where convective precipitation is dominant
(BSk, Csa) do not present poorer behaviour than those
where stratiform precipitation is predominant (Cfb, Dfb).
The reasons for this can be attributed to the location of
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FIGURE 11 Scatter plots of observed daily precipitation versus grid precipitation by climate, using grids built with high station density.

Rows show Köppen climates (Tapiador, 2019) and columns grid spatial resolution
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the latter areas. Their complex relief favours strong spa-
tial precipitation gradients. As a result, grid behaviour is
similar to that of convective precipitation.

4.4 | Re-gridding from the original grids

Frequently, users of grid precipitation find that the avail-
able grids do not have the proper resolution for their
studies. The ideal process would be to rebuild the grid
with the desired resolution, but sometimes the original
observational data are unavailable. Thus, the need for re-
gridding techniques emerges. We evaluated the applica-
tion of conservative interpolation, most commonly used
for precipitation, to original grids of 0.01� resolution by
re-gridding at lower resolutions (Figure 12). Comparing
these results with those from the grid validation at daily
scale (Figure 4), one can see similar mean absolute
errors. Initial grid quality determines the re-gridding
errors. Therefore, performance of the station density fac-
tor analysed in Figure 4 is preserved, as well as the sea-
sonal behaviour of the errors. The main differences
emerged upon analysing the re-gridding effect on spatial
resolution. Here, the errors increased linearly as the grid
resolution decreased, without assessing any particular

seasonal behaviour. Considering these results, it is clear
that re-gridding from high to low resolution does not gen-
erate a substantial decrease in quality relative to grids
constructed with a specific resolution. However, it should
be emphasized that performing interpolations from low
to high resolution is not useful, since errors are retained
from the original grid at low resolution.

5 | DISCUSSION AND
CONCLUSIONS

The construction and validation of gridded precipitation
has seen increasing interest in recent years, owing to its
applications to weather, hydrology and climate studies
(Gervais et al., 2014; Avila et al., 2015; Bianchi
et al., 2016). However, the use of grid products requires
prior in-depth analysis to assess their uncertainties. The
quality of such datasets could be unreliable for the
established goal.

The present study provides an in-depth evaluation of
precipitation grid performance based on four factors, that
is, station density used for grid construction, grid spatial
resolution, station altitude and climate type. Interpola-
tion methods were not evaluated. Several authors

FIGURE 12 As in Figure 4 but for conservative interpolation from 0.01� spatial resolution
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(Hewitson and Crane, 2005; Hofstra et al., 2008) have
claimed that these factors are conducive to greater sensi-
tivity in the results than the choice of interpolation
method. All grid calculations were performed using the R
package reddprec (Serrano-Notivoli et al., 2017a), because
it had already been used in our study area (Serrano-
Notivoli et al., 2017b).

The results described above support and extend those
of Herrera et al. (2019), who also highlighted station den-
sity as the fundamental factor and suggested different
grid performance due to climatic variability and the com-
plex orography. Both studies show that grid spatial reso-
lution has minor importance. However, we have
established herein how this factor becomes more relevant
in areas with strong altitude gradients and when there is
high station density.

The mean absolute error at daily scale was found to
be ~0.7 mm/day on the best grid (75% of stations and
0.01� spatial resolution) and ~1.2 mm/day on the poorest
grid (25% of stations and 0.4� spatial resolution). These
results contrast with those of Rauthe et al. (2013), who
built a gridded dataset with a high spatial resolution of
1 km2 and daily temporal resolution for central Europe.
Those authors had errors ~2 mm/day, but with strong
spatial and temporal variability. However, although we
also had temporal variability, with larger errors in spring,
this was not as pronounced. The contrasting rainfall pat-
terns between the two study areas may explain these dif-
ferences. The sensitivity analysis of station density by
Rauthe et al. (2013) showed a linear increase in mean
absolute error as the percentage of stations included in
the grid decreased. Those results agree with those pres-
ented herein and again highlight the importance of this
factor. Regarding the probability of detection of dry and
wet days, the results are similar to those of Serrano-
Notivoli et al. (2017b) for the Iberian Peninsula, despite
the fact that the frequency of wet days in the database
used in that study was lower (20 vs. 33%). Similar results
were also reported by Serrano-Notivoli et al. (2017c).

However, the general results (MAE, bias, correlation
and variability) indicate that gridded daily precipitation
may not be sufficiently accurate for use in calibration
and verification. This statement concurs with the findings
of other studies (Hofstra et al., 2010; Kysely and
Plavcova, 2010; Maraun et al., 2012) that question the
applicability of the grid datasets for validation studies on
a grid-cell level, particularly in mountainous regions.
Another technical problem with daily precipitation grids
is the smoothed surfaces relative to reality, that is, they
underestimate the field's variance (Beguería et al., 2016).
Regardless of factors analysed, we observed a greater fre-
quency of daily precipitation 2–10 mm and a smaller fre-
quency of heavier precipitation. The smoothing is

observed both spatially and temporally, although the lat-
ter is more noticeable. Thus, in daily precipitation, but
also in monthly and annual aggregates, there was a
decrease in the variability of the grids, with variability
ratios less than one. The weak dependence of station den-
sity on grid variability makes the use of databases with
no fixed station number over time, less problematic. This
scenario is frequent when a long time series of precipita-
tion is used. Similar results have been found by analysing
several gridded precipitation datasets (Rauthe et al., 2013;
Sungmin et al., 2016). Furthermore, using the same
method in grid construction, Serrano et al. Serrano-
Notivoli et al., 2017b; Serrano-Notivoli et al., 2017c
observed an overestimation of small values and underes-
timation of large values, yielding a global displacement
in the distribution of daily precipitation. This result is
fully consistent with that described in the present work,
and it has also been shown that the spatial resolution
and station density are largely irrelevant in capturing the
precipitation distribution. These results, together with γ
parameter, show a slight reduction in grid variability and
could bring into question the applicability of the grid
datasets at daily scale for certain climate applications,
such as trend analysis.

Precipitation temporal aggregates yielded better MAE
results and less deviation from the observed distribution
than daily comparisons, as expected, because precipita-
tion data are by nature zero-inflated (Bruno et al., 2014;
Monteiro et al., 2016). The monthly aggregates still
showed large mean absolute error percentages, although
this metric may be affected by the large number of
months with scarce rainfall in the study area. Deviations
considerably decreased with seasonal and yearly aggre-
gates. Therefore, the applicability of these grids in climate
model evaluation at these temporal scales is clear.

Usually, the grid evaluation results were non-uniform
throughout the study area. The reasons are well known,
namely, non-uniform station density, complex orography,
and different precipitation patterns. In this respect, the
study area, because of its strong climatic variability and
altitude gradients resulting from complex orography,
make it suitable for evaluating the influence of these fac-
tors. The assessment of several precipitation grids rev-
ealed poorer results in areas with complex orography
(Hofstra et al., 2010; Maraun et al., 2012; Hiebl and
Frei, 2018). The results shown here do not indicate a gen-
eral relationship with station elevation. Only areas
corresponding to the Dfb (high Pyrenees mountains) cli-
mate showed poor results. Nevertheless, Cfb climate
areas, also with strong altitude gradients, generated
results comparable to low-lying areas. The explanation is
based on the fact that convective precipitation is domi-
nant in the latter areas. Therefore, orography and
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precipitation patterns have a simultaneous influence on
the spatial variability of grid data quality.

Finally, conservative re-gridding from high to low res-
olution was done, but this did not substantially reduce
the quality as compared to grids constructed with a spe-
cific resolution. Thus, this solution may be interesting
when the grid is unavailable at the desired resolution.

The findings of this study provide valuable informa-
tion for the establishment of necessary factors when
building a grid. Knowledge of grid quality based on sta-
tion density, spatial resolution, and orographic and cli-
matic characteristics facilitates the evaluation and proper
use of the grid.
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