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Abstract: The generation of uniform, gridded data from spatially discontinuous station val-
ues and the assessment of their accuracy are essential for water resources assessment and
management, and for climate change studies, especially in semi-arid environments. Spatial
and temporal grids have been generated in recent years as a basis for several studies. This
work has two objectives: a) to evaluate the accuracy of the grids available for Spain by com-
paring their monthly values with stations not used in their estimation or prediction, and
b) to verify the improvement in accuracy using Multi-Model Ensembles based on machine
learning. A dual ensemble approach is presented: (i) multiple individual Random Forest
(RF) ensembles per weather station, using only the information from the station, and (ii)
spatially distributed grid prediction using a single ensemble model that incorporates all
the information from the nearest stations and their distances using Random Forest Spatial
Interpolation -RFSI-). Both models were used to generate monthly data grids of maximum,
minimum and mean temperature, and total precipitation, with high spatial resolution (5
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km). Seven datasets: Iberia01, STEAD, AEMET, SIMPA, EOBSv27 and STEAD, were used
as predictors. Accuracy was estimated using the root mean square error, the percentage
bias and the Nash-Sutcliffe efficiency index obtained using block cross-validation buffer-
ing (LOOBUF-CV), robust to spatial autocorrelation. The significance of the differences
was assessed using ANOVA with heteroscedasticity correction in the residuals. Prelimi-
nary results indicate that multi-model ensembles using RF outperform individual grids.
Among other reasons, ensembles aggregate the different representations of meteorological
processes included in each grid and reduce the uncertainty associated with each individual
grids.

Keywords: Climatic datasets, Random forest, Random forest spatial interpolation, Multi-
model ensembles, ANOVA with correction errors, Iberian Peninsula

1 Introduction

Climate variables are highly relevant in agricultural engineering and environmental or hy-
drological studies aimed at planning and management of water resources [17]; as well as
in the analysis of climate risks or impacts derived from climate change [5]. The greater
availability of data and the increase in computing capacity have made it possible to gen-
erate spatio-temporal data grids that provide easy access to already refined estimates [56],
including the spatial patterns of variables [19]. This type of product allows access to data
that are (i) already cleaned and spatially distributed, (ii) obtained from a large number of
observations, (iii) generated by specialists using complex forecasting algorithms, and (iv)
with a wide temporal range and different time steps. In Spain, nine projects have produced
grids for climate variables. This line of research is being followed in several studies around
the world. For example, eight grids have been generated in Spain (Table 1 shows which are
used in this study), five of them for Spain or the Iberian Peninsula, another for Europe and
two for the whole world. [40] produce grids with a resolution of 1 km in China, while [32]
provide an exhaustive review of 29 gridded climate products and their use in hydrolog-
ical analyses. With the proliferation of such products, a research line has emerged with
the objective of comparing them on a local or regional scale; For example, [52] compared
global precipitation grids and their regionalized versions in an Ethiopian basin, and [47]
compared temperature and precipitation grids in the Chilean Andes. In the same vein, [32]
stress the need to evaluate the different sources of data available in any area of interest,
concluding that no single source of data is better than the others. Their study includes
products generated using the most common strategies:

• Ground-based datasets (20 products under their study), especially interpolation
methods using weather station networks. The advantage is starting from data with
well-defined biases and uncertainties inherited from the instrumentation.

• Grids generated by remote sensing techniques (including 20 studies), derived from
various sensors aboard satellites. Their advantage over the above is that they provide
spatially homogeneous coverage and temporally continuous records, but are limited
to temporal coverage at the start of data collection.

• Reanalysis-derived products (including 23 products), synthesized from process-
based climate models, usually used in conjunction with the two previous types to
obtain homogeneous grids in time and space. They are synthesized from process-
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based climate models through complex interactions between a priori predictions from
a physically based, dynamical process model and observational data. The data and
observations are incorporated into a physically based, dynamical process model us-
ing multiple models, resulting in a large number of climate variables with latencies
of hours to months.

[16] distinguish two types of errors in these grids: (a) uncertainties associated with the
initial and boundary conditions, and (b) errors in the model itself. In this sense, Multi-
Model Ensembles (MME) make it possible to reduce the errors of individual models by
integrating different representations of the physical processes of the models from which
they are derived, reducing their implicit uncertainty by combining their results [23, 39, 46].

In climatology, MMEs are often used to obtain series from models associated with cli-
mate change scenarios, so that predictions for future periods can be made from historical
data. Traditionally, simple methods based on simple averages have been used for this pur-
pose. [55] uses different grids of climate data as input to the GR4J hydrological model to
assess the impact on water resources; its main advantage is that it is very simple to imple-
ment and can outperform at least half of the ensemble members in terms of mean square
error [28, 45]. One of its main problems is that it is unable to correct for generalized biases,
requiring correction by local observations to be used at regional or local scales. Various
proposals have been made to overcome this problem, the most important of which is the
use of weights to average the different variables, such as weighted averages or Bayesian
Model Averaging (BMA) [35]. Other studies use MMEs from multiple linear regression-
based methods, or that of [29], which is based on an MME framework using L-moments to
improve consistency in the assessment of changes in precipitation extremes under different
climate change scenarios. [38] propose ensembles of climate projections for Europe based
on a calibration with observational data using Gaussian regression. More recently, ma-
chine learning algorithms have been used. [3, 7, 30]. In Spain, [46] use Random Forest (RF)
to improve daily Reference Potential Evapotranspiration (ET0) series from models associ-
ated with climate change scenarios, comparing their results with three methods based on
weighted averages (including BMA), six linear-based combination MME (four regression-
based methods and two geometric-based methods) and Support Vector Regression (SVR),
concluding that RF is the best fit to the observed data and best represents climate variability
in the climate variables studied.

However, there are few works that propose the use of different products and their en-
semble to improve the results, among them the study by [58] for daily precipitation, al-
though they use only 12 stations. Perhaps the most important in Europe is the ensemble-
based project for observational grids E-OBS [14], although not from the perspective of our
study, but from conditional simulations. Therefore, in this study we try to answer some
questions that arise when approaching a study integrating this type of products for climatic
variables.

• Which of the available grids best fits the observed data on average?
• Is it possible to improve the representation of temperature and precipitation grids in

a relatively simple way using MME techniques?
• Is there a real benefit in investing in multiple grid generation projects?

This study has a twofold objective: a) to evaluate the accuracy of the available grids
for Spain at monthly scale with observations from weather stations not used in their gen-
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eration, and b) to use MMEs based on the RF algorithm to improve the estimation accu-
racy of monthly weather data for minimum (MinT), maximum (MaxT) and average (AvgT)
temperature, and precipitation (TotP). To this end, the following hypotheses are made: a)
ensemble techniques can improve the fit of individual grids, and b) the use of additional
climatic data to those used in the grids can improve the results obtained. In addition, we
have evaluated the results of two validation strategies, (i) validation of the prediction at a
single point in space (by partitioning the dataset into calibration-validation vs. test) and
(ii) validation of spatio-temporal predictions (one-to-one spatial cross-validation with dis-
tance buffer -LOOBUF-CV-); these strategies are derived from the prediction strategy used
in studies using climate data, implemented in this study: (i) point prediction at a single
climate station (per-station prediction, using only the information associated with individ-
ual stations and generating MMEs with multiple RF models), and (ii) spatially distributed
grid prediction (using a single model that incorporates all the information of the nearest
stations and their distance using Random Forest Spatial Interpolation -RFSI-).

2 Material and methods

The proposed framework has been carried out by integrating seven networks of meteoro-
logical stations and eight datasets of spatio-temporal grids available for Spain (excluding
the archipelagos), all generated with heterogeneous methodologies. The variables studied
were maximum, minimum and average temperature, and precipitation, with a monthly
time step. The time interval ranges from January 2000 to December 2014 (180 months) and
was chosen based on the objectives of the study, for which it was necessary to have infor-
mation from all the grids and a sufficiently large number of observations. As a result, an
RFSI-based spatio-temporal grid has been generated from the ensemble.

Figure 1 summarises the work process carried out to achieve the objectives. (A) sum-
marises the process carried out to download and process the information described in sub-
section 2.2, using the observed data from 961 stations belonging to seven official climate
and agroclimatic networks of weather stations with daily information available for down-
load, as well as the climate data grids from eight projects in Spain. Once the information
was processed and debugged in a Quality Controlled data (QC data) step, the MMEs were
generated and their validation was carried out (subsections 2.3 and 2.4), for which the series
have been associated at the station level and the two MMEs strategies and their validation
strategies are generated. (B) spatio-temporal ensembles whose objective is to generate grids
(RFSI MMEs and LOOBUF-CV cross-validation strategy) and (C) temporal ensembles per-
station (SPLIT-V validation strategy). Finally, in section (D) we analyse the accuracy of fit
of the MMEs and the two previous validation strategies (subsection 2.4).

The spatial information was processed using Quantum GIS [43]. The data analysis pro-
gramme R-CRAN version 4.3 [44] was used to debug and process the data and to imple-
ment the MMEs. The author’s experimental environment was as follows OS: Linux Debian
12; CPU: Intel(R) Core (TM) i9-13900K 5.8GHz; RAM: 128GB; GPU: NVIDIA GeForce RTX-
4080.

www.josis.org
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Figure 1: Conceptual summary of the work process.

2.1 Study area

The study area covers the Spanish territory of the Iberian Peninsula, it is approximately
located between 36ºN and 43ºN in latitude, the orographic distribution and altitudes of the
mountain systems are irregular. In addition, its location between the Atlantic Ocean and
the Mediterranean Sea and its territorial extension of approximately 580,000 km2, including
Portugal, introduces the continental factor [13]. This geographical context generates large
climatic variations in terms of the territorial distribution of temperature and precipitation.

Average annual temperatures in the north and mountainous areas are generally low,
especially in the Cantabrian Mountains and the Pyrenees, with values below 10°C; in the
central plateau and southwest of the peninsula they are moderate, between 10 and 15°C,
with cold winters and hot summers [12]. Towards the Mediterranean and the southwest
of the peninsula, temperatures are milder, between 15 and 20°C, with mild winters and
warm summers, and the coastal regions of the south and the Guadalquivir valley have
the highest average temperatures in the country, exceeding 20°C in many areas, with very
hot summers and mild winters [2]. In terms of rainfall, the peninsula is divided into four
regions according to its annual distribution [33]: (i) the western peninsula, with abundant
rainfall in autumn and winter and very little in summer, (ii) the centre of the peninsula,
with less abundant rainfall but more regular throughout the year, except in summer, when
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it decreases significantly, (iii) the Mediterranean coasts, with little rainfall for a large part of
the year, except in autumn, and (iv) the northeastern interior, where the maximum rainfall
occurs in the transitional seasons and the minimum in summer and winter.

2.2 Datasets

The study was carried out on observed data from 961 stations belonging to seven networks
of meteorological and agroclimatic stations with downloadable daily information (Figure
2):

1. 218 weather stations from the spanish Agencia Estatal de Meteorología (AEMET1) (State
Weather Agency), data was downloaded using the AEMET OpenData API. These
stations are spread throughout Spain, with an average altitude of 395 m and SD =
426 m.

2. 155 agro-climatic stations from the Generalitat de Catalunya (XEMA2) (Catalan Gov-
ernment), data was downloaded from the web site of the Generalitat de Catalunya and
using its API. This network is concentrated in the Autonomous Community of Cat-
alonia, a region near the coast located in the northeast of Spain, with an average
altitude of 529 m and SD = 614 m.

3. 27 automatic agro-climatic stations from the network of meteorological stations of
the Comunidad Autónoma de Navarra (GN3) (Navarre Government) with information
available on its web site. It is a network located in the Autonomous Community of
Navarre, in northern Spain, with an average altitude of 682 m. and SD = 322 m.

4. 47 agro-climatic stations from Sistema de Información Agroclimático de la Región de Mur-
cia (Agricultural Information System of Murcia) (SIAM4) downloadable from its web
site. This network is located in the Region of Murcia, a semi-arid area of the Mediter-
ranean in south-eastern Spain, with an average altitude of 262 m and SE = 238 m.

5. 393 agroclimatic stations fro Sistema de Información Agroclimático para Riegos (Agro-
climatic Information System for Irrigation) (SIAR5) available through its API. It is a
network spread throughout Spain like the AEMET network, but with agrometeoro-
logical objectives, its average altitude is 416 m and SD = 286 m.

6. 13 weather stations from the Comunidad Autónoma de La Rioja (Autonomous Commu-
nity of La Rioja) (LR6) downloadable from their web site. It is located in northern
Spain, with an average altitude of 894 m and SD = 415 m.

7. 109 weather stations from the Xunta de Galicia (Galician Government) meteorological
network (MeteoGalicia) (MG7) downloadable from its web site. It is located in north-
western Spain, with an average altitude of 529 m and SD = 614 m.

Although there are many stations in all networks, the data made available to end users
comes from stations that have undergone rigorous quality control. We performed a sec-
ond check using the R-CRAN climatol package [22], described in [21], and time series with

1https://www.aemet.es/es/datos abiertos/AEMET OpenData
2https://ruralcat.gencat.cat/agrometeo.estacions
3http://meteo.navarra.es/estaciones/descargardatos.cfm
4http://siam.imida.es/apex/f?p=101:46:4024577541991326
5https://servicio.mapa.gob.es/websiar
6https://www.larioja.org/agricultura/es/informacion-agroclimatica/red-estaciones-agroclimaticas-siar
7https://www.meteogalicia.gal/observacion/estacions/estacions.action?request locale=en

www.josis.org

https://www.aemet.es/es/datos_abiertos/AEMET_OpenData
https://ruralcat.gencat.cat/agrometeo.estacions
http://meteo.navarra.es/estaciones/descargardatos.cfm
http://siam.imida.es/apex/f?p=101:46:4024577541991326
https://servicio.mapa.gob.es/websiar
https://www.larioja.org/agricultura/es/informacion-agroclimatica/red-estaciones-agroclimaticas-siar
https://www.meteogalicia.gal/observacion/estacions/estacions.action?request_locale=en
http://www.josis.org


EVALUATION OF CLIMATIC GRIDS IN SPAIN AND IMPROVEMENT USING RF MULTI-MODEL ENSEMBLES 7

!

!

!!
!!!

!

!

!

!

!

!

!

!
!

!

!
!

!

!!
!

!!!!!

!
!

!

!

!

!

!
!

!

!

!
!

!
!

!

!

!

!

!

!

!

!

!

!

!

!!
!!

!
!

!!

!

!

!

!

!

!
!

!

!

!

!

!

!
!

!

!

!

!

!

!
! !

!

!

!

!

!

!

!

!

!

!

! !

!

! !

! !

!
!

! !

!

!
!

!
!

!

!
!!

!

!

!

!

! !
!

!!

!

!

!

!

!

!

! !

!

!

!

!

!
!

!

!

!

!
!

!

!
!

!

!

!

!

!

!

!
!

! !! !

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!
!
!!! !

!

!

!

!

!

!

!

!
!!

! !

!

!

!

!

!
!

!

!

!

!

!
!
!

!!

!

!

!

!
!

!

!

!!

!
!

!

!

!

!

!

!

!

!

!

!
!

! !

!

!

!!

!

!

!

!!
!

!!

!
!

!!

! !
!

!!
!

!

!

!!

!!
!

!

!
!

!
!

!

!

!

!

!

!!! !
!

!
!

!

!

!
!

!

!

!

!

!

!

!

!

!

!
!

!

! !

!
!

!
!

!!
!

! !

!

!
!!

!

!

!

!!
!

!

! !
!

!
!

!
!!!

!
!

!
!

!

!!

!!
!

!

!
!

!
!

!

!

!

!

!

!

!

!

!!
!!

!
!!

!
! !

! !

!

!

!

!

!
!

!

!

!
!

!

!

!!

!

!

!

!!
!

!

!

!
!

!!
!

!
!

!

!
!

!

! !

! !!

!

!

!

!

! !

!
!

!

!

! !!
!!

!

!

!

! !
!

!!

!

! !
!

!
!

!
!

!

! !
!

! !
!

!!

!! !!

!

!

!
! !

! !
!!

!! !

!

!

!!

!
!!

!

!

!!
! !!

!
!!

!

!
!

!!
!

!!

!!!

!!
!

!
!

!!
! !

!!
!

!

!

!

!!

!
!

!

!
!

!
!!

!!

!

!

!

!

!
!!
!!

!!!

!

!

!
!

!

!

!

!
!

!

!

!

!

!

!
!

!
!

!

! !
!

!
!

!!

!
!!

!

! !

!

!

!

!!

! !
!

!!

!
!

!!

!
!

!

!!

!

!

!

!

!

! !

!
!

!
!

!

!
!

!

!! !
!
!

!

!!

!

!

!

!

!
!

!

!

!

! !

!

!

!

!
!

!

!

##
#

#
#

#####

####
# ####

#

##
##

###

#

##

###
##### #
# ##

#####

###

#
#

#

#

#
##

#

#
# #

#

#

#

#

#

#

#
#

#

#

#

#
#

#

#

#

#

#

#

#

#

#

#

#
#

#

#

#
#

#
#

#

#

#
#

##
#

####

###

#

#
#

#
#

##

##

#
###

##
#
##

#

#
#

#

#
##
# ###

#
#

#

#

#

##
#

#

#
##

#

#

#

#

#

#
#

#

#

#

#
#

#
#

#
#

#

#

#
#

#

#

#
#

#

#
#

#
##

#

#

#

#

# ##
# #

#
##

#

#
#

#
# # #

##
#

#
#

#

# #
#

#

#

#

#
#

#

#

#
#

#
#

#
##

#

#

#

#

#

#

#

#

#

#

#
#

#

#

#
#

#

#
# #

#
#
#

#

#

#

#
#

#

#

### #
#

#
#

#
#

#

#

#
#

#

#

#

###

#

#
#

#

#
#

#
##
#

#

#
#

## #

#

#

#

#
#

##
# #

# #
###

##
#

#

#
##

##

#

#
##

"

"

"
"

" "

"

"

""

"

"

""

"

"

"

"
"

"

"

"
"

"

"" "

G
G

G
G

G
G G

G

G

G
G

G

G

4°0'0"E

4°0'0"E

2°0'0"E

2°0'0"E

0°0'0"

0°0'0"

2°0'0"W

2°0'0"W

4°0'0"W

4°0'0"W

6°0'0"W

6°0'0"W

8°0'0"W

8°0'0"W
44

°0'
0"N

42
°0'

0"N

42
°0'

0"N

40
°0'

0"N

40
°0'

0"N

38
°0'

0"N

38
°0'

0"N

36
°0'

0"N

36
°0'

0"N

34
°0'

0"N

±

0 80 160 240 320 400 480 56040
km

Stations
! AEMET (218)
! SIAR (393)
" GN (27)
G LR (13)
# MG (109)
# SIAM (47)
# XEMA (155)

FRANCE
PO

RT
UG

AL

SPAIN

Figure 2: Spatial distribution of the meteorological and agroclimatic stations used in this
study.

a daily time step to ensure there were no errors. In this process, the observed series at
each station are compared with a reference series estimated as the inverse of the distance-
weighted average of the nearest stations. Once the reference series has been generated,
differences are obtained and standardisation is performed. Initially, data was collected
from 1,029 stations. First, a preliminary analysis of inhomogeneities was performed using
standardised differences and the Standard Normal Homogeneity Threshold (SNHT) clima-
tological contrast, as described in [4, 21]. In the event of inhomogeneities, it was decided
not to correct the series, but rather to remove the stations from the remainder of the work
process. As a result, 962 stations were included in the analysis (Figure 2). Second, outliers
can be identified based on an extreme value threshold (conservative values of sd = ±25
for maximum temperature, sd = ±20 for minimum temperature, sd = ±30 for average
temperature and sd = ±50 for total precipitation); As a result, 486 precipitation records,
141 maximum and minimum temperature records, and 40 average temperature records
were identified and set to zero so as not to include estimates based on spatial interpola-
tion. Finally, data from stations with more than 60 months of data throughout the period
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from 2000 to 2015 was selected. As a result, 936 stations were selected for monthly aver-
age temperature, 934 stations for monthly maximum temperature, 935 stations for monthly
minimum temperature and 914 stations for monthly total precipitation.

Eight climate data grids (Table 1) were used as covariates. These grids were produced
using heterogeneous spatial interpolation methods and data from stations with strict qual-
ity controls. The Spanish Meteorological Agency (AEMET) grid [5] is the official reference
dataset in Spain. It uses an optimal interpolation algorithm based on historical analyses of
the HIRLAM numerical prediction model, which takes orography and seasonal variation
into account. This is then corrected using observed data from around 2,300 precipitation
stations. The IBERIA01 dataset [27] was generated for the Iberian Peninsula using 3,486
precipitation stations and 275 temperature stations. For spatial interpolation, it uses a com-
bined method based on thin plate splines (3D-TPS) together with ordinary kriging (OK) for
daily anomalies. SIMPA [36] is a grid generated by kriging interpolation with external drift
based on elevations to incorporate the influence of topography. It uses data from over 4,000
precipitation stations and over 1,000 temperature stations from regional networks and its
own network. MOPREDAS [8] is a specific precipitation dataset that incorporates up to
5,234 stations in a variable manner. It uses a two-stage interpolation algorithm: Indicator
Kriging (IK) is used to predict the probability of dry months, while Universal Kriging (UK)
estimates the amount of precipitation using covariates such as coordinates, altitude, and
distance to the coast. STEAD [50] is a specific dataset for daily temperatures that uses 5,520
weather stations in a variable manner. It employs an interpolation algorithm based on
generalised linear mixed models (GLMMs) and generalised linear models (GLMs), using
the same covariates as MOPREDAS. EOBSv27 [14] is a European dataset incorporating 218
temperature and precipitation stations in Spain from the AEMET and XEMA networks. It
performs a two-stage interpolation: a generalised additive model (GAM) with altitude, fol-
lowed by an interpolation of the residuals using random Gaussian field (GRF) simulation.
WORLDCLIM or CRU-Ts4.0 [24] is a global dataset that uses Angular-Distance Weight-
ing (ADW) as its interpolation algorithm. TERRACLIMATE [1] is a global dataset that
uses climatologically aided interpolation to superimpose monthly climate anomalies from
CRU-Ts4.0 and JRA-55 with monthly climate normals from WORLDCLIM.

The daily time step grids have been aggregated by month and assigned as a time series
to the selected stations. The data used cover the time interval from January 2000 to Decem-
ber 2014, which is the time interval in which it is ensured that all grids have information
simultaneously. As detailed in subsection 2.4, the AEMET network was used to calibrate
the models, but the final validation was carried out without this network in order to make
a more honest accuracy estimation, given that eight climate data grids use at least this
network for their data collection.

2.3 Multi-model ensembles

Three MME methods were used in this study: (i) simple average (SA), (ii) R and (iii) RFSI, a
method based on RF but incorporating the spatial component in the models. RF was used
to construct the ensembles in the per-station approach, so that one model was obtained
for each station (961 models per variable), whereas the second approach (RFSI) generates a
single model per variable (Figure 1).

Simple Average (SA) is the most used method in this type of study because of its sim-
plicity and ease to interpret, it has been used as a base model for assessing the ability of
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Dataset Extent Spatial Res. Temporal Res.
AEMET [5] Spain 0.05º 1951-2021 (daily)
EOBSv27 [14] Europe 0.1º 1950-2022 (daily)
IBERIA01 [27] Iberian Peninsula 0.1º 1971-2015 (daily)
MOPREDAS [8] Spain 0.1º 1915-2019 (monthly)
SIMPA [36] Spain 500 m 1950-2020 (monthly)
STEAD [50] Spain 0.05º 1901-2014 (daily)
TERRACLIMATE [1] World 0.04167º 1958-2022 (monthly)
WORLDCLIM [24] World 0.04167º 1960-2021 (monthly)

Table 1: Climatic grids used in this study. MOPREDAS only includes precipitation vari-
ables. STEAD only includes temperature variables. SIMPA only includes monthly total
precipitation and monthly average temperature.

more complex methods. Its main disadvantages are that it does not weight the importance
of each grid in the combination and does not correct for problems of systematic bias of all
members.

RF [11] is a non-parametric algorithm based on ensembles of decision trees and bagging
(bootstrap aggregation). Each tree is calibrated using a bootstrapped subsample of cases,
and the features to perform each split in the trees are selected from a random subsample
of the total feature set. When all trees have been trained without pruning, each new case is
analysed by all trees and the final prediction is obtained by averaging the results. RF uses
two parameters: the number of regression trees to grow (ntree), and the number of features
randomly sampled in each split (mtry). Once the model is trained, the prediction can be
obtained as the equation 2.

Its advantages over traditional methods include estimating the importance of each pre-
dictor in the model, not requiring a priori statistical assumptions, being less sensitive to
outliers, and not overfitting the models. Moreover, authors such as [25] or [20] conclude
that by setting default parameters, the results obtained are very similar to the calibrated
model; therefore, in this study we have used the default value for regression problems
mtry = p/3, where p is the number of predictors, and mtree = 1000, as higher values
generally do not produce any improvement [42]. Another advantage of RF is its ability to
infer the importance of each grid in the final ensemble model. In the case of this study, we
used the percentage increase in the mean standard error, which estimates the increase in
the mean squared error when a variable is removed. For each tree that makes up the forest,
the MSE is calculated with the Out-of-Bag (OOB) as an internal estimate of the model error
using observations that were not selected in the bootstrap of each tree; then a random per-
mutation is performed on one of the input variables, which produces a change in the MSE;
this process is repeated for all the input variables and all the trees, and for each permuted
variable the MSE and the difference with respect to the initial value are obtained; at the end
of the process, the estimated values are averaged. In this study, the fast implementation
included in the ranger package [57] was used.

The problem with RF in the case of spatial data is that, as a global regression model, it
does not reproduce well local patterns in spatially distributed models. Several proposals
have been made to address this aspect, such as Random Forest Regression Kriging (RFRK),
a version of regression kriging methods that incorporates as a spatial component the spatial
interpolation of an ordinary kriging of the residuals. In other cases, it has been proposed
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to include the distance matrix as a spatial predictor in the model in order to minimise
autocorrelation in the residuals. [26] propose the Random Forest for spatial predictions
framework (RFsp) which includes buffer distance maps to all observation locations as co-
variates, and [10] spatialRF uses the distance matrix as a predictor. The advantage of this
type of framework over RFRK is that it does not require the assumptions of ordinary krig-
ing or a prior study of spatial autocorrelation, yet it achieves similar results [26, 48]. In
this study, we used the proposed RFSI proposed by [48], where the added covariates are
defined as the observations at the n nearest locations and the distances from these locations
to the predicted location. The RFSI final prediction can be expressed as:

ẑ (s0) = f (x1 (s0) , ..., xm (s0) , z (s1) , d1, ..., z (sn) , dn) (1)

whereas the simpler RF predictive equation would be:

ẑ (s0) = f (x1 (s0) , ..., xm (s0)) (2)

In these last two equations, xi (s0) (i = 1, ...,m) are covariates (individual grids) at lo-
cation s0, si (i = 1, ..., n) are the i − th nearest observation location from s0, and di are the
distances between si and s0. The number of nearest weather stations to include in each
estimation is a model hyperparameter to be set. In this study, after several tests, we have
used n = 5. In [48] the RFSI algorithm is explained in detail.

Once the models had been estimated, the final predictions were made using a compro-
mise solution: predictions were generated at 5 km in an attempt to minimise the impact
of the scale mismatch and change of support problem (COSP) [15, 18] in accordance with
the original resolutions 1. For this purpose, a dual strategy was employed for the simple
members used as covariates: the lower-resolution climatic grids were aggregated using a
simple average, and reinterpolation using Thin-Plate Splines was employed for the lower-
resolution grids.

2.4 Accuracy estimation

A dual validation strategy was used to validate the results. The first one is based on (a)
station-by-station temporal validation with simple temporal partitioning (SPLIT-V), which
is applied for point prediction at a single climate station, and the second is based on
(b) buffered/spatial leave-one-out cross-validation (LOOBUF-CV), used for spatially dis-
tributed grid prediction using RFSI.

The first type of validation is based on a simple partitioning of the alternate years of
the time series, from January 2000 to December 2014 (180 months), for each station, using
the months of the even years (96 months) for calibration and the other half of the months
corresponding to the odd years for testing. In this way, we have tried to reduce the effect
of different time patterns that may occur in the 2/3 division strategy for calibration in the
first part of the time series versus the remaining 1/3 at the end of the time series.

In the second case, the LOOBUF-CV validation strategy is based on a leave-one-out
cross-validation (LOO-CV), but discards for calibration all stations farther than a threshold
(15 km in this work) from the station used for validation in each iteration. This procedure
tries to reduce the problems of accuracy overestimation due to the spatial autocorrelation
of the weather stations. In this work, we have used the version included in the R-CRAN
package blockCV [54].
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However, analysing the validation results using all the stations is not representative
for the purposes of this study, since most of the stations used may have been involved
in calibrating the individual grids. An example of this situation can be seen in most of
the AEMET network stations, where the NSE is close to 1. Ideally, the validation results
would be analysed using reference stations that were not used for calibration in any of
the grids. However, this information is not available. Therefore, a more realistic approach
was to remove all AEMET stations from the analysis set. However, some of the remaining
stations may still have been used, which could lead to an overestimation of the goodness
of fit of the individual grids. While other stations are used by the grids (e.g. the EOBS27
grid uses many of the XEMA network stations, and the Iberia01 grid uses some of the
SIAR network stations), the final validation results are more realistic without the AEMET
weather stations. Ultimately, 743 stations were used for AvgT and MaxT, 739 for MinT, and
732 for TotP.

The accuracy of the models was estimated by three statistics: (i) Root Mean Square Error
(RMSE), (ii) Percent Bias (Pbias) and (iii) Nash Efficiency Index (NSE). The RMSE (equation
3) is a measure of absolute error (in the same units as the variable under consideration) that
measures the difference between the values predicted by a model and the actual observed
values; it ranges from 0 (perfect fit) to +∞ (high error).

RMSE =

√∑n
i=1 (yobs,i − ysim,i)

2

n
(3)

where n is the number of data points, yobs,i is the i− th observation for the variable, and
ysim,i is the corresponding prediction.

Pbias (Equation 4) measures the average tendency of the simulated data to be larger or
smaller than its reference values. Positive values indicate underestimation, and negative
values indicate overestimation.

Pbias =

∑n
i=1 (yobs,i − ysim,i)∑n

i=1 yobs,i
· 100 (4)

NSE (equation 5) is a dimensionless index with a similar interpretation to R2, but more
robust to the problems of the latter, such as sensitivity to extreme biases and insensitivity
to constant biases (additive or multiplicative).

NSE = 1−
∑n

i=1 (yobs,i − ysim,i)
2∑n

i=1 (yobs,i − yobs)
2 (5)

Table 2 includes recommended performance evaluation criteria proposed by [37] for
NSE and Pbias.

Classification Pbias NSE
Very Good Pbias < ±5.0 0.80 < NSE < 1.00
Good ±5 < Pbias < ±10 0.70 < NSE < 0.80
Satisfactory ±10 < Pbias < ±15 0.50 < NSE < 0.70
Unsatisfactory Pbias > ±15 NSE < 0.50

Table 2: Performance evaluation criteria for models evaluation based on [37] at monthly
temporal scale.
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The significance of differences between models was assessed by one-way analysis of
variance (ANOVA). When ANOVA discovers significant differences, the effects of the dif-
ferences between the different models were assessed using Tukey-Kramer pairwise con-
trasts, identifying homogeneous subsets of significance; in Figures 3 to 5 these groupings
are included as letters at the top of the boxes, indicating whether their means are signifi-
cantly different (boxes in subgroups with different letters) or not (subgroups with the same
letter). Normality and homoscedasticity were assessed using the Kolmogov-Smirnov and
Levene tests. In cases where heteroscedasticity was present, a heteroscedasticity-consistent
covariance matrix of the parameters (HC3) [31] was used in ANOVA and the Tukey-Kramer
contrast to correct for heteroscedasticity.

In order to estimate the internal uncertainty of RFSI, we used the standard deviation
of the predictions of the 1000 individual trees for each month and year. This is a widely
accepted method that captures the internal variability of the model [26, 48].

3 Results

As mentioned in subsection 2.4, in order to obtain a more honest accuracy estimate, the
AEMET stations, used to generate the grids included in the ensembles, are not used in the
validation. Nevertheless, it is likely that some of the stations used to generate the grids
are still used in the validation, meaning the accuracy may be somewhat overestimated.
Therefore, as a preliminary step to evaluating the results, all stations (including AEMET)
were validated, and those with RMSE < 0.05 in the variables Avg.T. and Tot.P. for SPLIT-
V validation (with a few exceptions all of them belonged to the AEMET network), were
removed prior to calculate the accuracy statistics.

In all cases, and for both types of validation, the ANOVA results (Table 3 and 4) show
the existence of at least one significant difference between grids, MMEs, or grids and
MMEs.

Variable
NSE RMSE Pbias (absolute)

F value Pr F value Pr F value Pr
AvgT 142.910 < 0.0001 333.530 < 0.0001 187.300 < 0.0001
MaxT 45.591 < 0.0001 188.090 < 0.0001 121.560 < 0.0001
MinT 136.720 < 0.0001 312.870 < 0.0001 153.570 < 0.0001
TotP 73.119 < 0.0001 50.651 < 0.0001 48.950 < 0.0001

Table 3: Summary of the one-way ANOVAs for goodness of fit statistics in validation.
SPLIT-V (per-station single temporal partition).

Subsections 3.1 and 3.2 include detailed results for RF (per-station) and RFSI strategies.
The results seem to indicate that both strategies improve the fit obtained compared to indi-
vidual models.

3.1 RF (per-station) results

Figures 3 to 5 summarize the per-station accuracy results for the validation (single tem-
poral partition -SPLIT-V- summarized for all stations) used to evaluate the first of the en-
semble strategies: one model per station to generate point-wise ensemble series. These
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Variable
NSE RMSE Pbias (absolute)

F value Pr F value Pr F value Pr
AvgT 51.658 < 0.0001 114.090 < 0.0001 15.810 < 0.0001
MaxT 14.534 < 0.0001 57.210 < 0.0001 3.451 0.001
MinT 65.712 < 0.0001 115.060 < 0.0001 17.766 < 0.0001
TotP 98.351 < 0.0001 51.369 < 0.0001 38.816 < 0.0001

Table 4: Summary of the one-way ANOVAs for goodness of fit statistics in validation.
LOOBUF-CV (buffered/spatial leave-one-out cross-validation).

figures show the distribution of values per station, with boxes ordered by accuracy and
distributed into groups of non-significantly different models, according to a posteriori con-
trast (letters at the top). For example, Figure 3 (A-C) shows that RF is only included in
group (a). This indicates that, according to the a posteriori contrast, the mean obtained
from NSE in validation is significantly better than the mean of the other MMEs with which
is compared. However, in Figure 3 (D), RF is again grouped as (a), indicating that its vali-
dation fit is better, but SA, SIMPA, and AEMET belong also to group (a), indicating that RF
is not significantly better than them despite also belonging to group (b). Table 5 contains
the remaining accuracy summary table.

The NSE values are high for the four variables (Figure 3), although with some outliers
(usually stations not used to estimate the grids). This may be because if all the simple
members have not been estimated correctly at a particular station, the ensemble may not
be good. However, it may be that, even if some of the simple members do not fit well,
if the rest of the members fit well, abnormally low values may be obtained in a specific
member but high values in the rest and in the MMEs. For this reason, for example, Figure 3
(A) shows how in RF the number of abnormally low values is significantly reduced (in all
stations NSE > 0.55. In the four cases, RF obtains the best average NSE and a smaller dis-
persion in the results; this model fits, on average, the observations significantly better than
the individual grids for the three temperature variables (group a in Figure 3 A to C) and
the monthly total precipitation (Figure 3 D), although in this latter case it does not seem to
be significantly different from SA, SIMPA or AEMET. In the case of temperature variables,
STEAD accuracy appears in second place. This is a dataset generated specifically for tem-
perature using data from more than 5000 stations [51]. SA is ranked third because the fit of
the individual grids is already very good and no general biases or a large number of outliers
are observed in them; in those cases SA is accurate enough [6]. In the case of precipitation,
SIMPA stands out after SA, mainly because it is a dataset specifically created for variables
related to hydrology and a monthly time step, using a large number of rain gauges from the
Automatic Hydrological Information System (Sistema Automático de Información Hidrológica
- SAIH, the Spanish Government’s main weather and gauging information network). The
same behaviour can be observed in RMSE (Figures 4 and 5), with groupings very similar to
the previous figure: RF is better in all four variables, being significantly better in the case of
the temperature related variables and having a lower dispersion; it is also noteworthy the
low dispersion around 0 of Pbias.
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14 GOMARIZ-CASTILLO ET AL.

Figure 3: MMEs by station (SPLIT-V) using RF approach. Results of NSE in validation
(Table 5). Significantly different groups (Tukey–Kramer contrast using HC3, alpha = 0.05)
are represented by different letters at the top of the figure. (A) AvgT, (B) MaxT, (C) MinT,
(D) TotP.

Figure 4: MMEs by station (SPLIT-V) using RF approach. Results of RMSE in validation
(Table 5). Significantly different groups (Tukey–Kramer contrast using HC3, alpha = 0.05)
are represented by different letters at the top of the figure. (A) AvgT, (B) MaxT , (C) MinT ,
(D) TotP.
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Figure 5: MMEs by station (SPLIT-V) using RF approach. Results of Pbias in validation
(Table 5). Significantly different groups (Tukey–Kramer contrast using HC3, alpha = 0.05)
are represented by different letters in top of figure; The ordering and a posteriori contrasts
were performed for the absolute Pbias, while the graphical representation was performed
for Pbias to better interpret the underestimation or overestimation of MMEs. (A) AvgT, (B)
MaxT , (C) MinT , (D) TotP.

Figure 6 shows the per-station (mean variable importance across all stations) impor-
tance for the RF model of the individual grids used as predictors. Figure 6 (A-C) shows the
importance for the models of temperature variables. The behaviour in terms of importance
is similar to that observed in RFSI: in this case, STEAD is the most important predictor,
followed by AEMET and EOBSv27. For AvgT, SIMPA moves into fourth place, albeit with
values similar to those of the top three. In all three cases, the remaining grids are some
distance behind the top three. For the monthly total precipitation (Figure 6 D), SIMPA is
the most important individual grid, followed by AEMET and MOPREDAS. This behaviour,
together with the goodness of fit observed in the simple members Figure (3 and Figure 5),
could be due to the difference in the initial spatial resolution of the grids. In general, the
best simple members are those with higher spatial resolution; this may be due to the ef-
fects derived from the COPS (Change of Support Problem) [15], where grids with lower
spatial resolution tend to lose information derived from spatial variability and generalise
the variable studied [18].
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AvgT
NSE RMSE Pbias

Avg.NSE ci Avg.RMSE ci Avg.Pbias ci
AEMET 0.951 0.007 1.057 0.048 6.307 1.105
EOBSv27 0.938 0.008 1.184 0.053 6.677 1.210
IBERIA01 0.914 0.009 1.464 0.061 4.677 1.236
SIMPA 0.959 0.003 1.081 0.036 6.007 0.552
STEAD 0.968 0.005 0.820 0.042 2.507 1.031
TERRACLIMATE 0.941 0.006 1.268 0.039 6.997 0.892
WORLDCLIM 0.939 0.006 1.295 0.040 6.667 0.830
RF 0.988 0.001 0.583 0.017 1.076 0.100
SA 0.959 0.005 0.996 0.041 5.692 0.927

MaxT
NSE RMSE Pbias

Avg.NSE ci Avg.RMSE ci Avg.Pbias ci
AEMET 0.941 0.011 1.145 0.068 2.429 0.791
EOBSv27 0.923 0.014 1.279 0.078 2.448 0.899
IBERIA01 0.883 0.017 1.757 0.086 2.745 1.061
STEAD 0.948 0.009 1.128 0.063 -0.836 0.747
TERRACLIMATE 0.923 0.009 1.525 0.060 -0.293 0.702
WORLDCLIM 0.924 0.010 1.495 0.058 2.073 0.707
RF 0.982 0.005 0.704 0.029 0.860 0.136
SA 0.943 0.010 1.142 0.065 1.428 0.783

MinT
NSE RMSE Pbias

Avg.NSE ci Avg.RMSE ci Avg.Pbias ci
AEMET 0.914 0.008 1.301 0.054 4.972 3.374
EOBSv27 0.891 0.010 1.469 0.062 8.416 3.347
IBERIA01 0.763 0.024 2.127 0.098 3.635 3.456
STEAD 0.928 0.008 1.137 0.050 1.180 2.371
TERRACLIMATE 0.837 0.012 1.880 0.064 16.727 2.890
WORLDCLIM 0.876 0.009 1.623 0.057 13.431 3.048
RF 0.974 0.005 0.707 0.029 1.573 0.344
SA 0.911 0.008 1.340 0.054 8.058 2.024

TotP
NSE RMSE Pbias

Avg.NSE ci Avg.RMSE ci Avg.Pbias ci
AEMET 0.760 0.027 19.654 1.004 10.018 1.227
EOBSv27 0.680 0.019 24.442 1.279 -4.722 1.386
IBERIA01 0.677 0.034 23.104 1.173 12.618 1.437
MOPREDAS 0.753 0.026 20.056 1.071 8.274 1.303
SIMPA 0.774 0.023 19.704 1.076 4.011 1.116
TERRACLIMATE 0.531 0.032 29.870 1.405 8.304 1.814
WORLDCLIM 0.500 0.030 31.332 1.431 8.156 1.812
RF 0.798 0.012 19.244 0.900 4.189 0.894
SA 0.777 0.019 19.897 1.029 6.668 1.149

Table 5: Summary of validation goodness-of-fit metrics. Temporal validation per-station
with simple temporal partition using RF approach, excluding the AEMET network. ci is a
95 % confidence interval of the average of the metric.

3.2 RFSI results

We used buffered/spatial leave-one-out cross-validation (LOOBUF-CV) to evaluate the ac-
curacy of RFSI. Figures 7 to 9 and Table 6 show that the accuracy values are slightly lower
than with RF. In this case, each weather station validates a model that has been calibrated
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Figure 6: RF (per-station approach) predictor importance of MMEs based on the average
increase, across all stations, of the Mean Standard Error in percent.

with weather stations located at least 15 km away. Nevertheless, the accuracy is still higher
than that of individual grids.

It is also noteworthy that RFSI accuracy values have less dispersion, fewer outliers, and
the number of stations with values considered abnormally low is significantly reduced; this
is because in the first MME approach they were calibrated with the same data of the station
series (which in many of them were not used to generate the grids of the simple elements),
whereas now RF uses other nearby stations for this generation. In the case of precipitation
for example, the number of low outliers decreases substantially with RFSI due to the use of
neighbouring stations to generate the estimate. Nevertheless, in the case of NSE (Figure 7),
groups of non-significantly different models show that RFSI is significantly better than the
others for mean temperature and total precipitation (Figure 7 A and D), and its accuracy in
predicting maximum and minimum temperatures is better than that of the others (Figure 7
B-C), although there are no significant differences compared with STEAD and AEMET.

As in Subsection 3.1, the best simple members are those with the largest spatial reso-
lution, which may be due to the same COPS effect. This must also be taken into account
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Figure 7: MMEs by station (LOOBUF-CV) using RFSI approach. Results of NSE in valida-
tion (Table 6). Significantly different groups (Tukey–Kramer contrast using HC3, alpha =
0.05) are represented by different letters at the top of the figure. (A) AvgT, (B) MaxT , (C)
MinT , (D) TotP.

Figure 8: MMEs by station (LOOBUF-CV) using RFSI approach. Results of RMSE in vali-
dation (Table 6). Significantly different groups (Tukey–Kramer contrast using HC3, alpha
= 0.05) are represented by different letters at the top of the figure. (A) AvgT, (B) MaxT , (C)
MinT , (D) TotP.
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Figure 9: MMEs by station (LOOBUF-CV) using RFSI approach. Results of Pbias in valida-
tion (Table 6). Significantly different groups (Tukey–Kramer contrast using HC3, alpha =
0.05) are represented by different letters at the top of the figure; The ordering and a posteri-
ori contrasts were performed for the absolute Pbias, while the graphical representation was
performed for Pbias to better interpret the underestimation or overestimation of MMEs. (A)
AvgT, (B) MaxT , (C) MinT , (D) TotP.

during the prediction process, in which the resolution has been resampled to 5 km. The
three higher-resolution grids were aggregated using simple box averages, while three oth-
ers have undergone downscaling by reinterpolation with thin-plate splines, which may
produce artificial autocorrelation effects [18, 53], estimating the parameter λ using Gener-
alised Cross-Validation (GCV).

It is also better than the others for RMSE (Figure 8) and Pbias (Figure 9), although with
less significant differences than NSE (the results obtained in RF stand out in the case of
Pbias) and following the same pattern as in the case of the individual models with simple
validation: STEAD is the best simple component for temperatures and SIMPA for precipi-
tation.

The results obtained are in line with other studies using RF with a spatial compo-
nent [26, 48], probably due to the incorporation of geographical proximity effects in the
prediction process. Both authors also emphasise that this type of strategy obtains better fits
than other interpolation techniques such as Regression Kriging, Inverse Distance Weight-
ing, or RF. Furthermore, the RFSI and RF per-station strategies are robust to the multi-
collinearity inherent in this type of study based on ensembles with the same variable from
different sources. This is because they use node division with subsets of random variables
and handle nonlinear data and interactions well [9]. Conversely, LOOBUF-CV seems an ad-
equate validation strategy for evaluating the predictive performance of models calibrated
with spatial data, as it enables the validation process to be spatially independent [34, 41].
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AvgT
NSE RMSE Pbias

Avg.NSE ci Avg.RMSE ci Avg.Pbias ci
AEMET 0.951 0.007 1.060 0.048 6.391 1.203
EOBSv27 0.939 0.008 1.165 0.054 6.652 1.325
IBERIA01 0.914 0.009 1.465 0.061 4.470 1.311
SIMPA 0.959 0.003 1.082 0.035 6.025 0.603
STEAD 0.968 0.005 0.825 0.042 2.594 1.129
TERRACLIMATE 0.940 0.006 1.270 0.039 7.272 1.001
WORLDCLIM 0.938 0.006 1.297 0.040 6.901 0.920
RFSI 0.977 0.003 0.763 0.031 1.738 0.643
SA 0.959 0.005 0.994 0.041 5.757 1.020

MaxT
NSE RMSE Pbias

Avg.NSE ci Avg.RMSE ci Avg.Pbias ci
AEMET 0.948 0.009 1.116 0.060 2.176 0.694
EOBSv27 0.934 0.011 1.226 0.070 2.206 0.811
IBERIA01 0.891 0.015 1.734 0.080 2.339 0.958
STEAD 0.953 0.007 1.103 0.056 -1.092 0.652
TERRACLIMATE 0.928 0.008 1.493 0.056 -0.196 0.660
WORLDCLIM 0.928 0.008 1.477 0.055 2.141 0.643
RFSI 0.956 0.007 1.034 0.057 0.688 0.577
SA 0.950 0.008 1.109 0.058 1.262 0.698

MinT
NSE RMSE Pbias

Avg.NSE ci Avg.RMSE ci Avg.Pbias ci
AEMET 0.917 0.007 1.286 0.049 6.011 2.419
EOBSv27 0.895 0.009 1.435 0.057 9.009 2.382
IBERIA01 0.772 0.021 2.086 0.089 1.845 3.107
STEAD 0.930 0.007 1.126 0.045 1.640 1.899
TERRACLIMATE 0.841 0.011 1.851 0.059 16.763 2.527
WORLDCLIM 0.880 0.008 1.594 0.052 12.187 2.237
RFSI 0.931 0.006 1.143 0.045 1.664 1.699
SA 0.914 0.007 1.318 0.049 7.981 1.728

TotP
NSE RMSE Pbias

Avg.NSE ci Avg.RMSE ci Avg.Pbias ci
AEMET 0.772 0.021 20.330 1.003 9.543 1.143
EOBSv27 0.695 0.016 24.808 1.288 -4.712 1.294
IBERIA01 0.693 0.026 23.703 1.160 12.166 1.366
MOPREDAS 0.758 0.024 20.737 1.075 7.917 1.238
SIMPA 0.784 0.016 20.270 1.075 3.899 1.015
TERRACLIMATE 0.543 0.027 30.519 1.415 7.553 1.728
WORLDCLIM 0.512 0.026 31.975 1.449 7.322 1.720
RFSI 0.819 0.012 18.954 1.006 -1.779 0.954
SA 0.784 0.014 20.565 1.037 6.242 1.070

Table 6: Summary of goodness-of-fit and validation error metrics. Buffered/spatial leave-
one-out cross-validation (LOOBUF-CV) using RFSI approach, excluding the AEMET net-
work. ci is a 95 % confidence interval of the average of the metric.

Similarly to Figure 6, Figure 10 shows the importance of the variables in RFSI including
as predictors both the individual grids and the observed data at the nearest stations and
their distance (see equation 1). For temperature variables (Figure 10 A to C), the most
important predictors are the data observed at the nearest stations, although the distances
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of these with respect to the predicted data are not particularly relevant, being the least
important predictors (pink bars in the figure). The difference between the individual grids
is not very large; STEAD stands out for MaxT and MinT and is the second most important
for AvgT (in this case, the most important is SIMPA, a grid that has no data for MaxT and
MinT).

Figure 10: RFSI covariate importance of MMEs based on the increase in the Mean Standard
Error in percent. si and di represent observations (blue color) and distances (pink color) to
the i− th nearest observation location; Green color represent individual model members.

For the monthly total precipitation (Figure 10 D), as well as in per-station RF (Figure
6 D), it is noteworthy that single grids are more important than in case of temperature
variables compared to the nearest stations. SIMPA, estimated with a very large number of
stations, monthly data and a spatial resolution of only 500 m, is the most important single
grid followed by EOBSv27 and MOPREDAS (grid created specifically for precipitation);
Therefore, the first most important station (s1, the closest station) is the third most impor-
tant variable. It is likely that the grids are more important than the observations because
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of the greater uncertainty in their spatial distribution and the strong dependence on local
effects such as altitude or relief exposure. In addition, the distance between stations is often
large, with an average inter-station distance of 10,300 meters and a maximum inter-station
distance of 46.880 meters. (see distribution in Figure 2). Thus, spatial patterns included in
the grid interpolation models become relevant.

Figures 11 and 12 show the spatial distribution of per-station values after the LOOBUF-
CV validation. For variables AvgT (Figure 11 A), MaxT and MinT (Figure 12 A-B) the
distribution is similar. The very high number of stations with NSE greater than 0.8 (very
good performance) in AvgT indicates that this ensemble method achieves very good re-
sults. For precipitation TotP (Figure 11 B), 534 stations have an NSE greater than 0.80,
104 stations have an NSE between 0.7 and 0.8, and only 38 stations have an unsatisfactory
performance. It is interesting to analyse the difference in accuracy between the two vari-
ables. As [32] point out, the results obtained depend to a large extent on the spatial density
of weather stations, especially in the case of TotP, due to its greater uncertainty, which is
partly caused by local factors. Conversely, AvgT achieves high or very high accuracy even
in areas with a low density of weather stations.

These patterns do not appear to be random, but are mainly related to some of the au-
tonomous weather station networks (GN, LR, MG and XEMA) in areas with rough topog-
raphy and a low density of stations. For average temperature, only a few stations have
an NSE value below 0.8, and no spatial pattern can be discerned in their distribution. For
minimum temperature, lower NSE values appear in a cluster of stations on the border be-
tween the Aragonese and Castilian communities, in a mountainous area with a low density
of AEMET stations. Therefore, the corresponding 5 km grid cell values may average a few
very different situations. Similar problems are probably occurring in northern Catalonia.
In the GN network (Galicia), problems appear along the community border, both on the
coast and on the boundary with the rest of the country, in an area with low AEMET station
density. Finally, relatively close stations in the SIAM network have NSE values between 0.5
and 0.7. For maximum temperature, the lowest NSE values appear in some stations in the
Pyrenees area in the north of Catalonia and north of Navarre (XEMA and GN networks).
The problems with the LR network are similar to the previous case. A pattern similar to
that encountered in the SIAM network appears now on the eastern coast of Spain, with a
few close stations having high NSE values. For precipitation, the NSE values are lower,
with NSE values below 0.5 in several stations, as precipitation is more difficult to model
than temperature. The spatial pattern shows that the lowest values are related to the LR
and MG networks.

Table 7 summarizes the number of stations falling below the Good” NSE threshold (NSE
< 0.7) for the four variables studied. In the case of temperature-related variables, the per-
centage of stations below this threshold is low, with RFSI being the method with the lowest
number of stations and IBERIA01 the grid with the worst results. TotP is the variable with
the highest number of stations below this threshold, and RFSI standing out as the method
with the lowest percentage of stations in this range. The grids that used a smaller data set
for predictions are those with a larger number of stations below this threshold. This is the
case for TERRACLIMATE and WORLDCLIM in TotP.

It is very interesting to observe such a high accuracy in RFSI given the type of cross-
validation used, which probably penalises RFSI compared to the individual grids. In the
LOOBUF-CV with a threshold distance, the model to predict at a given station is cali-
brated only with other stations located farther than the threshold. Individual grids such
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Figure 11: Spatial distribution of NSE in validation. (A) monthly mean temperature (743
stations) and (b) monthly total precipitation (732 stations). Classification in performance
according to Table 2.

as STEAD, where more than 5000 stations were used, or SIMPA, which uses the network of
SAIH stations, include all the stations in the generation of the network.

To complement the LOOBUF-CV goodness-of-fit analysis, an internal uncertainty anal-
ysis of RFSI was performed (Figure 13 for spatial distribution, Figure 14 to represent its
temporal pattern, and Table 8 summarising its results). The analysis of the spatial distribu-
tion of uncertainty revealed a similar spatial distribution pattern for the temperature vari-
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Figure 12: Spatial distribution of NSE in validation. (A) monthly maximum temperature
(743 stations) and (b) monthly minimum temperature (732 stations). Classification in per-
formance according to Table 2.

ables (Figure 13 A-C). These areas of high uncertainty are mainly located in high altitude
and interior areas where thermal amplitude is higher. In any case, the standard deviation
is not high, with average values below 1.5 ºC for the three variables (Table 8); furthermore,
no trend is observed in the time series of average values in them (Figure 14 A-C).

With regard to precipitation (Figure 13 D), greater uncertainty is observed in the north
of the Iberian Peninsula, with a distribution that practically coincides with the Eurosiberian
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Model AvgT % MaxT % MinT % TotP %
AEMET 17 2.29 29 3.90 30 4.06 141 19.26
EOBSv27 30 4.04 40 5.38 50 6.77 286 39.07
IBERIA01 41 5.52 62 8.34 177 23.95 229 31.28
MOPREDAS - - - - - - 141 19.26
SIMPA 2 0.27 - - - - 143 19.54
STEAD 11 1.48 22 2.96 25 3.38 - -
TERRACLIMATE 20 2.69 35 4.71 109 14.75 476 65.03
WORLDCLIM 20 2.69 35 4.71 64 8.66 562 76.78
RFSI 1 0.13 22 2.96 21 2.84 94 12.84
SA 12 1.62 24 3.23 30 4.06 139 18.99
Total num. of stations 743 100 743 100 739 100 732 100

Table 7: Number of stations falling below the Good” NSE threshold (NSE < 0.7) (NSE <
0.7). LOOBUF-CV, excluding the AEMET network. The last row refers to the total number
of stations used in each variable.

bioclimatic region (characterised by an oceanic climate with higher precipitation and no dry
season), compared to the rest of the Iberian Peninsula, which belongs to the Mediterranean
bioclimatic region. In this regard, [25,47] observed for this variable using RF, RFsp and
RFSI that uncertainty is small for low precipitation amounts, whereas it is large in areas
with a high precipitation amount. It is likely that this same behaviour is observed in the
intra-annual pattern (Figure 14 D), where uncertainty tends to decrease in the summer
months, characterised by a significant reduction in the amount of precipitation, especially
in Mediterranean bioclimatic regions.

AvgT (ºC/month) MaxT (ºC/month) MinT (ºC/month) TotP (mm/month)
Min. 0.6408 0.8773 0.9492 6.8144
Avg. 1.0180 1.4226 1.3393 16.5004
Max. 2.2051 3.1438 2.2369 64.1180
Q25% 0.8918 1.2040 1.2310 11.4221
Q50% 0.9749 1.3403 1.3221 13.9368
Q75% 1.0924 1.5474 1.4272 18.5441
Q95% 1.3912 2.1271 1.6342 33.0430

Table 8: Summary statistics of RFSI internal uncertainty (SD obtained from the 1000 trees).
The resulting values have been estimated as the average of the uncertainty associated with
each month and year in each cell of the generated grid (available in the Available data
section).

RFSI stands out as a method for generating grids using ensembles, but may also be of
interest as a relatively simple method for filling in gaps in station data, as well that RF
per-station (for point prediction at a single climate station). Figure 15 and Table 9 show
two examples for the ensembles obtained from the LOOBUF-CV validation (RFSI does not
use the station data to generate the estimate), SPLIT-V for RF per-station (RF is calibrated
with even years only) and the two best individual grids. In both cases, The RF per-station
offers the best NSE value, since it uses part of the observed data for its calibration. How-
ever, RFSI obtains the second best NSE value, followed by SIMPA. The example of Figure
15 (A), belonging to station WQ of the XEMA network, is very interesting: in this case
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Figure 13: Internal uncertainty of RFSI (SD obtained from the 1000 trees) in the (A) AvgT,
(B) MaxT, (C) MinT and (D) TotP models. The resulting values have been estimated as
the average of the uncertainty associated with each month and year in each cell of the
generated grid (available in the Available data section).

there are some months without information (from January to December 2006), which can
be filled with the series generated in the ensemble by RFSI and RF per-station, highlighting
again some interesting aspects such as a better fit to the data of months with maximum
or minimum values of monthly mean temperature, emphasizing its high NSE value. The
second of them (Figure 15 (B) represents the station NAV15 of the SIAR network, where it
is noteworthy the ability of RFSI and RF per-station to reduce some errors in the maximum
monthly precipitation values with respect to the individual grids.
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Figure 14: Average temporal distribution of RFSI internal uncertainty (SD obtained from
the 1000 trees)) in the (A) AvgT, (B) MaxT, (C) MinT and (D) TotP models. The resulting
values have been estimated as the average uncertainty of all grid cells (available in section
Available data.
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Figure 15: Example of two stations where the RFSI (green line) and RF per station (yellow)
obtain a better fit than the individual members (AEMET and SIMPA) compared to the ob-
served values (black line), and where their usefulness as a possible method for filling gaps
is represented.

4 Conclusions

In this study, we present an agile methodological framework to evaluate the accuracy of
gridded weather data in Spain and to obtain a more accurate result using an ensemble
based on RF. In general, individual grids fit the observed data well, but with some issues
caused by the way the interpolation process was carried out, such as the number of stations
used and their distribution in space. For example, the two grids that seem to best fit the
observed data are STEAD, a grid specifically created for the spatial distribution of tem-
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[h!]

Model Avg.T (est: WQ) Tot.P (est: NAV15)
AEMET 0.6307 0.7936
IBERIA01 0.7532 0.4279
STEAD 0.7366 -
EOBSv27 0.6358 0.6072
TERRACLIMATE 0.7398 0.7339
WORLDCLIM 0.7353 0.7091
SIMPA 0.8999 0.8523
MOPREDAS - 0.4712
SA 0.7630 0.7771
RFSI 0.9179 0.8824
RF (per station) 0.9861 0.9027

Table 9: NSE summary of series in Figure 15.

perature using data from more than 5000 stations, and SIMPA in the case of precipitation,
which uses the SAIH network for its interpolation, with a spatial resolution of only 500 m.

However, the validation results of RF and RFSI are generally better because of the
MME’s ability to reduce the uncertainty of the grids used, the nature and differences in
estimation by different methods, the use of covariates and different stations, as well as
the RF ability to integrate different physical representations of the processes conveyed by
the different grids. The results are particularly relevant when considering the validation
method used for the spatial prediction, where the accuracy of the individual grids is likely
to be overestimated compared to RFSI, which uses a buffer for the cross-validation that
deselects stations more than 15 km away.

The framework presented is therefore an efficient alternative to improve individual
grids, allowing also the incorporation of information from additional stations to those used
in the generation of the individual grids (in a sense, it is a machine learning method that
allows, in a simple way, the incorporation of new knowledge to that already present in the
grids, derived from the point observations with which they have been calibrated). Further-
more, it can be used as a method to fill information gaps in climate series in a relatively
simple way, and even to generate a reference series with which to check for possible er-
rors (such as those related to drifts or outliers when using the series obtained with RFSI,
where the data from the station itself are not used for its estimation). The usefulness of RF
is therefore evident in both approaches tested: RF for the generation of time series from
single station series or for the generation of spatio-temporal grids.

One limitation of this study is the use of the internal standard deviation of Random
Forest as a proxy for uncertainty, rather than more computationally demanding methods
such as quantile regression forests or residual kriging. However, previous studies have
shown that this approach adequately captures model variability [48,49]. Future work could
explore hybrid methods once computational limitations are overcome.

We therefore believe that the combined use of data from different grid projects can en-
rich scientific knowledge and produce data sets with lower uncertainty. In this regard, fu-
ture lines of work may find it interesting to explore in greater depth how combining differ-
ent grids with different resolutions—closely related to the COPS problem and the process
of resolution homogenisation—affects the final adjustment of models and their predictions.

The disadvantage of this method is that predictions can only be made for the periods
covered by the grids used as predictors. Therefore, it may be interesting to open a debate on
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the problem of producing climate data grids in the framework of a research project without
further support at the end of the project. The possible doubt as to whether the continuation
of such projects to produce climate data grids could be considered a duplication of effort
does not exist for other projects, such as those on global and/or regional climate change
modelling. We believe that once the effort to start the project has been made, it should be
continued because of the advantages of this type of grid products compared to traditional
interpolation, such as the greater number of refined stations available to the projects, or
the use of more complex and accurate interpolation methods performed by specialists with
greater computing resources and access to input data, thus enriching scientific-technical
knowledge.

5 Available data

Availability of grid datasets (RFSI predictions and internal uncertainty with a spa-
tial resolution of 5 km) generated during the current study are available online at
https://doi.org/10.6084/m9.figshare.30344053.
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