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Abstract. Reanalysis products such as the ERAS reanaly-
sis are commonly used as proxies for observed atmospheric
conditions. These products are convenient to use due to their
global coverage, the large number of available atmospheric
variables and the physical consistency between these vari-
ables, as well as their relatively high spatial and temporal
resolutions. However, despite the continuous improvements
in accuracy and increasing spatial and temporal resolutions
of reanalysis products, they may not always capture local
atmospheric conditions, especially for highly localised vari-
ables such as precipitation. This paper proposes a compu-
tationally efficient stochastic downscaling of ERAS temper-
ature and precipitation. The method combines information
from ERAS and surface observations from nearby stations
in a non-linear regression framework that combines gener-
alised additive models (GAMs) with regression splines and
auto-regressive moving average (ARMA) models to produce
realistic time series of local daily temperature and precipita-
tion. Using a wide range of evaluation criteria that address
different properties of the data, the proposed framework is
shown to improve the representation of local temperature and
precipitation compared to ERAS at over 4000 locations in
Europe over a period of more than 70 years.

1 Introduction

Climate impact studies commonly aim to answer questions
about local impacts and thus require time series of lo-
cal atmospheric variables, often over a period of several
decades. When assessing historical and current impact, re-

analysis products such as the ERAS5 reanalysis produced by
the European Centre for Medium-Range Weather Forecasts
(ECMWEF) offer a useful and convenient estimate of histor-
ical atmospheric conditions. Reanalysis products provide a
global-scale physically consistent description of Earth’s cli-
mate with information on a large number of variables, includ-
ing variables that are challenging to observe directly. How-
ever, for highly localised observable variables, such as pre-
cipitation, several studies have shown that ERAS is not al-
ways able to accurately capture local conditions (e.g., Chen
et al., 2024; Lavers et al., 2022; Liu et al., 2024). For ex-
ample, Lavers et al. (2022) perform a global evaluation of
ERAS precipitation against station observations using a near-
est neighbour approach. They find that ERAS generally has a
wet bias, with the smallest errors occurring during winter in
the Extratropics (e.g., in Europe) and the largest errors in the
Tropics (e.g., across the Maritime Continent).

Downscaling methods generally fall in two classes, dy-
namical and statistical downscaling, with statistical down-
scaling commonly used when the aim is to obtain descrip-
tions of local conditions. Maraun et al. (2019b) synthesize
a comprehensive comparison of various statistical downscal-
ing methods at 86 selected locations in Europe (Gutiérrez
et al., 2019) that includes, among other things, specific stud-
ies on extremes (Hertig et al., 2019) and temporal variability
(Maraun et al., 2019a). The overall conclusion from these
studies is that no single method will outperform all others
for every conceivable situation. Weather generators simulate
local weather sequences by modelling the statistical proper-
ties of the local weather. Thus, the short term (e.g., daily)
variations in the simulations may not directly correspond to
those in the coarser resolution data. However, such methods
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often perform well, especially if the general statistical prop-
erties of the local weather are well described by the training
data, e.g., when target-resolution gridded data products are
available for training (Yuan et al., 2019, 2021).

Perfect prognosis approaches establish a statistical rela-
tionship between coarser-scale climate descriptors and the
local weather, preserving the short term variations in the
coarser scale data, while model output statistics refers to
methods that construct a direct statistical relationship be-
tween the coarser scale data and the local data. The perfor-
mance of perfect prognosis approaches crucially depends on
the model assumptions, including distributional assumptions,
and the chosen climate descriptors. Model output statistics
is found to generally perform well if the predictors have a
resolution close to the target resolution (Hertig et al., 2019;
Maraun et al., 2019b). The statistical relationship between
the predictors and the response in perfect prognosis and
model output statistics approaches is classically constructed
using standard regression models. Recently, machine learn-
ing alternatives have been shown to perform well (e.g., Jiang
et al., 2021; Liu et al., 2023; Sachindra et al., 2018; Seb-
bar et al., 2023; Zhu et al., 2023). However, these methods
usually only provide deterministic downscaling results, ig-
noring the additional random variability associated with the
finer scale, and are compared against standard linear regres-
sion. Alternatively, modern regression approaches using re-
gression splines that allow for non-linear relationships be-
tween the predictors and the response (Wood, 2003, 2017)
have been shown to perform well and, potentially, outper-
form neural network approaches (e.g., Nacar et al., 2022; San
et al., 2023).

The aim of the current study is to construct a computation-
ally efficient approach to obtain simulations of local daily
temperature and precipitation series at any given location
based on ERAS and available local observation data. For this,
we combine elements of model output statistics and weather
generators. At locations where local data is available, we es-
tablish a statistical relationship between ERAS5 temperature
and precipitation and the local weather using generalized lin-
ear models with regression splines under appropriate distri-
butional assumptions for each weather variable. Addition-
ally, the models include a seasonal component as noted by
Maraun et al. (2019b). We then combine these relationships
with autoregressive simulation models in order to obtain sim-
ulations with realistic temporal correlation structure.

For locations without local observations, an alternative
would be to use a regional model, estimated based on all
available local observations in a region. As in Roberts et al.
(2019), we find that elevation plays an important role in cor-
recting biases in such models. We thus use as predictors three
different summary statistics describing the local and the cor-
responding ERAS grid cell elevation, in addition to seasonal-
ity and latitude/longitude information. Furthermore, we find
that the regional approach may be substantially improved by
augmenting the regional model with local estimates based on
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a specific set of donor locations in the vicinity of the location
of interest. Similar techniques are commonly used in hydrol-
ogy to obtain hydrological simulations in ungauged catch-
ments (e.g., Arsenault et al., 2023; Guo et al., 2021; Kjeld-
sen et al., 2014). This yields a multi-model ensemble of local
weather simulations, where the individual ensemble mem-
bers vary due to both the estimated randomness at the local
scale and in the specific local models used for the simula-
tions. Since simulating additional ensemble members comes
at very low computational costs, the methods can easily gen-
erate ensembles of any size.

We apply and compare different variants of our method at
over 4000 locations in Europe over a period of over 70 years.
Our method is also compared to a convection-permitting re-
gional climate model (CPRCM) with kilometre-scale reso-
lution, from the CORDEX-FPSCONYV initiative, to evaluate
its performance relative to one of the current state-of-the-art
dynamical downscaling methods. Similar studies commonly
only assess the performance of downscaling methods using
deterministic performance measures such as the root mean
squared error (RMSE), the mean absolute error (MAE) or
mean bias (e.g., Nacar et al., 2022; Roberts et al., 2019; Seb-
bar et al., 2023; Zhao et al., 2017; Zhu et al., 2023), thus
lacking an assessment of distributional properties. For few
study locations, it may be feasible to directly assess sum-
mary statistics such as mean, standard deviation and skew-
ness at individual locations (San et al., 2023). Over many
locations, this is no longer feasible and mean or relative bias
of summary statistics may be evaluated. Here, the focus may
be on general summaries (Sachindra et al., 2018), or sum-
maries specifically related to temporal variability (Maraun
et al., 2019a), extremes (Hertig et al., 2019) or precipitation
occurrence (Liu et al., 2024).

A second contribution of this paper is a set of new eval-
uation criteria for simulated daily temperature and precipi-
tation time series. Specifically, we suggest that the simula-
tions should correctly reflect the distributional properties of
the weather variables at shorter and longer time scales. Thus,
we propose to evaluate distributions of summaries such as
weekly and monthly mean and standard deviation, as well as
daily and weekly differences, in addition to more standard
evaluation of daily observations, tail properties and precip-
itation occurrence. Distributions of observed summaries are
compared against distributions of simulated summaries us-
ing the integrated quadratic divergence (IQD), also called
the Cramér distance, which is the score divergence asso-
ciated with the continuous ranked probability score proper
scoring rule (Thorarinsdottir et al., 2013). It has previously
been used for similar distributional evaluation in, e.g., Yuan
et al. (2019), Thorarinsdottir et al. (2020), Veiga and Yuan
(2021), Yuan et al. (2021), Dunn et al. (2022) and Peng et al.
(2022). Other evaluation criteria are, equivalently, based on
proper scoring rules, ensuring meaningful conclusions from
a decision-theoretic viewpoint (Gneiting and Raftery, 2007).
That is, all evaluation criteria are constructed such that, in
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expectation, a simulation model based on the true data distri-
bution would have optimal performance.

The remainder of the paper is organised as follows. The
data sets used in the analysis are introduced in Sect. 2, fol-
lowed by a description of both the downscaling models and
the evaluation criteria in Sect. 3. The results are presented in
Sect. 4, with a discussion provided in Sect. 5 and the conclu-
sions summarised in Sect. 6.

2 Data

We downscale temperature and precipitation data over Eu-
rope from the ERAS reanalysis data set (Hersbach et al.,
2020) which is freely available from the Copernicus Cli-
mate Data Store (Copernicus Climate Change Service, Cli-
mate Data Store, 2023). The data is downloaded at a spa-
tial resolution of 0.25° x 0.25° and a temporal resolution of
1 h. The ERAS reanalysis data are downscaled using local
weather station data from the freely available Global Sur-
face Summary of the Day (GSOD) data set (Sparks et al.,
2017; NOAA National Centers of Environmental Informa-
tion, 2023), which contains daily records of surface obser-
vations from more than 20 000 weather stations covering the
globe, with the oldest stations going back to 1929. We extract
all available temperature and precipitation observations from
the time period 1950-2024 over Europe.

Most of the daily precipitation data from GSOD come with
a quality code describing the degree to which the observa-
tions are trustworthy. We perform quality control of the data
by excluding all daily precipitation observations with low
quality, i.e., quality code H or I. We then remove all precip-
itation data from weather stations with less than 200 precip-
itation observations, and all temperature data from weather
stations with less than 200 temperature observations. Finally,
we remove all precipitation data from weather stations with
less than 40 unique daily precipitation values. This results in
a data set consisting of 4480 unique weather stations, with all
of these stations measuring daily mean temperature and 3424
stations measuring daily precipitation. Figure 1 displays the
spatial distribution of these 4480 weather stations. Since the
station data have a daily temporal resolution, we aggregate
the hourly ERAS5 data in time to a daily resolution and de-
velop our models at the daily scale.

To compare our downscaling method against the state-
of-the-art within dynamical downscaling, we also download
daily temperature and precipitation data from a CPRCM with
kilometre-scale resolution. There have been developed many
different CPRCMs, covering different spatial domains. We
compare our downscaling method against a CPRCM over
the ALP-3 domain (Coppola et al., 2018; Ban et al., 2021;
Pichelli et al., 2021). This domain has a horizontal grid spac-
ing of 2.2-3km, and it covers a large part of central Eu-
rope, varying in altitude and climate, see Fig. 1. Using avail-
able data from the Earth System Grid Federation (ESGF),
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we then select the CPRCM version with greatest temporal
coverage for both temperature and precipitation. The result-
ing CPRCM is based on the CNRM-AROME41t1 regional
model (Lucas-Picher et al., 2021, 2023), driven by the ERA-
Interim reanalysis data set (Dee et al., 2011), for the years
1982-2018.

We compare our stochastic downscaling method against
the dynamical downscaling method at GSOD weather sta-
tions inside the ALP-3 domain. To avoid boundary effects,
we only compare the downscaling methods at GSOD weather
stations that are more than one degree latitude away from the
northernmost or southernmost point of the ALP-3 domain,
and more than one degree longitude away from the western-
most or easternmost point of the ALP-3 domain. This results
in a total of 931 weather stations with temperature data. 797
of these also contain precipitation data.

In addition to the weather data, we also rely on freely
available elevation data from the ETOPO Global Relief
Model (NOAA National Centers for Environmental Infor-
mation, 2022), which contains global elevation data on a
15 x 15 arcsec spatial resolution, corresponding to a spatial
resolution of approximately 450 m.

Since our downscaling models are used for describing the
dependence between spatially gridded data and point data,
we use as covariates elevation data from the location to which
we are downscaling, and the ERAS5 grid cell from which we
are downscaling. Specifically, we use three elevation covari-
ates given by the elevation at the location to which we are
downscaling, the difference between the point elevation and
the average elevation inside the corresponding ERAS grid
cell of interest, and the standard deviation of all elevation ob-
servations inside the corresponding ERAS grid cell. Of these
three elevation covariates, we consider elevation difference to
be the most important. This is because temperature and pre-
cipitation are known to be strongly correlated with elevation.
Thus, when there is a large difference between the elevation
of a weather station and the mean elevation of its correspond-
ing ERAS grid cell, we expect the ERAS5 weather variables
to be poor predictors for the weather station observations.

The elevations and elevation differences tend to be small.
However, for certain valleys and mountain tops they can
reach values of several thousand metres. The observed pre-
cipitation intensities are also heavy-tailed, with a median of
2mmd~! and a maximum of close to 500 mmd~!. For this
reason, we standardise the precipitation intensities and sta-
tion elevations, using the log-transformation x — log(x+1),
where we add 1 inside the logarithm to ensure that precip-
itation intensities close to zero do not get transformed to
highly negative values. We do not standardise the elevation
differences, as they are less heavy-tailed than the station el-
evations. All covariates used in our downscaling models are
listed in Table 1.
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Figure 1. Maps displaying the spatial density of weather stations, shown as counts on a hexagonal tiling of Europe. The left subplot displays
the density of stations recording temperature, while the right subplot displays the density of stations recording precipitation. The boundary

of the ALP-3 domain is displayed using a dashed line.
3 Methods

For any coordinate s € R2 on Earth, we are interested
in a realisation of the local daily weather, either tem-
perature or precipitation, given as a time series y(s) =
(&% (s),yz(s),...,yr(s))—r of length T. To obtain such as
realisation, we estimate the conditional distribution y(s) |
X (s), where X(s) = (x1(s), x2(s), ..., x7(s)) is a multivari-
ate time series of M different covariates. To estimate this
conditional distribution, we rely on observations of the local
weather, ) = { y(s,-)}lN: |» from a set of N different weather
stations, located at s1,$2,...,Sy.

3.1 Spatially varying models of daily temperature and
precipitation series

We downscale daily precipitation amounts and daily mean
2m temperatures. While the downscaling is performed
slightly differently for each climate variable, the general
framework is the same, and is based on a three-step model
that combines generalised additive models (GAMs) and auto-
regressive moving average (ARMA) models. The model is
visualised by the flowchart in Fig. 2, and explained in de-
tail below. Our approach builds on common statistical down-
scaling methods (e.g., Maraun and Widmann, 2018; Maraun
et al., 2019b).

In a first step of three, we fit a GAM model to all the local
observations ) using gridded weather data from ERAS and
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orographic data as covariates, i.e.

[i(si) [ x¢(s)] ~ f (n(s:).0),
t=1,2,...,T,

i=12,...,N,

ey

where f(-) is the probability density function of some rea-
sonable probability distribution and 7(s;) is a non-linear pre-
dictor, built using information from the covariates (x;(s;)),
and 0 contains a set of standard deviation parameters. Specif-
ically, for daily temperature, f is the Gaussian density with
mean 71(s;) using the identity link function and standard de-
viation 6.

The probability distribution of daily precipitation contains
a point mass at zero, which makes downscaling more com-
plicated. Here, we separate the downscaling in two distinct
parts, the probability of precipitation occurrence and the con-
ditional precipitation intensity, given that precipitation oc-
curs. This separation into occurrences and conditional in-
tensities is a common approach for modelling and simulat-
ing precipitation (e.g., Richardson, 1981; Evin et al., 2018;
Wilcox et al., 2021). Specifically, precipitation occurrence is
assumed to follow a Bernoulli distribution with parameter
n(s;), using a logit link function. The precipitation amount
on a wet day is assumed to follow a gamma distribution with
mean 7(s;), using a logarithmic link function, and scale pa-
rameter 0, so that the variance equals 7 (s;)6.

When performing downscaling over a large spatial do-
main, it might be unreasonable to assume that the depen-
dence between y(s) and X (s) is constant in space. There-
fore, in the second step of the three-step model, we model
residual variability at each of the N locations where we have
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Figure 2. A flowchart describing our proposed three-step downscaling model framework. First, the full data set is modelled jointly by a global
model. Then, the non-linear predictor from the global model is used as a fixed offset in N different local models, one for each location. The
local models at each location are then used to transform the data at that location to a Gaussian process, and a local ARMA model is used to

model the temporal dependence of the Gaussian process.

local data, using a set of local GAMs. While the local models
are similar to the global model (Eq. 1), they rely on using the
non-linear predictor from the global model as a fixed offset,
ie.

[yesi) L Gs)] ~ f (i(s).00), 1=12,...T, (2
where 7; (s) = n(s) + n; (s) is the sum of the fixed offset 1(-)
from the global model and a local non-linear predictor #; (-)
that must be estimated.

Finally, in the third and last step, we add a temporal depen-
dence structure into our model, by standardising the resid-
uals of the local models and fitting different ARMA mod-
els to them. The standardisation is achieved using the prob-
ability integral transform (PIT), which allows us to trans-
form any continuous random variable y into a standard-
ised Gaussian distributed random variable y, using the trans-
formy = O L(F( y)), where F' is the cumulative distribution
function (CDF) of y and &~ ! is the inverse CDF of the stan-
dardised Gaussian distribution. Since we estimate the condi-
tional marginal distribution of y,(s;) with the local model in
Eq. (2), we are able to transform [y, (s;) | x;(s;)] into the ap-
proximately standardised Gaussian random variable y;(s;).

It is not possible to transform the binary precipitation oc-
currences into Gaussian random variables in this way. There-
fore, ARMA models are only fitted to the residuals of the
local temperature and precipitation intensity models and we
model the temporal dependence structure of the precipitation
occurrences using a first-order Markov chain. This is a com-
mon approach for modelling and simulating daily precipita-
tion occurrences and intensities (e.g., Richardson, 1981; Ma-
raun and Widmann, 2018). In essence, instead of using a sin-
gle GAM to model the occurrence probability of precipita-
tion on day ¢, we use two separate GAMs. One GAM models
the occurrence probability at day ¢ given that day r — 1 was
wet, while a second GAM models the occurrence probability
given that day r — 1 was dry. Both models condition on the
ERADS precipitation values on both day # — 1 and ¢.
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Combining all three modelling steps into one model yields
a conditional probability density function which we denote

fy(si);n;(si),0;, %)),

where W¥; contains all parameters of the ARMA model from
step 3, @; contains all additional GAM parameters from the
local GAM in step 2 and #; contains the non-linear predictors
from the two GAMs in step 1 and 2.

An overview of the covariates used for each modelling
component is given in Table 1, together with information
about the GAMs in which they are used, and how their ef-
fects are modelled. All models include ERAS information
on both temperature and precipitation and a seasonal covari-
ate describing the day of the year. The global models in step
one additionally include information on local elevation from
the ETOPO Global Relief model, the elevation difference
between the current location and the corresponding ERAS
elevation, the standard deviation (SD) of elevation observa-
tions inside the ERAS grid cell, as well as the latitude and
longitude of the current location. We assume that most co-
variates have a nonlinear effect on the weather variable to be
downscaled. For this reason, effects from all continuous co-
variates are modelled using various spline functions (Wood,
2003, 2017). The temperature covariate is treated differently
when downscaling temperature and precipitation. Specifi-
cally, we assume that the downscaled temperature should be
similar to the gridded temperature, and we therefore model
the effect of the gridded temperature using a constant offset
plus a spline function. In other words, the effect of gridded
temperature inside the linear predictors for temperature are
given by the transformation x — x + s(x), where s(x) is a
spline function. A similar offset is not used for downscaling
the precipitation intensities. The local Markov chain occur-
rence models use ERAS data from both day r — 1 and day
t for describing the occurrence probabilities for day . All
other models only use ERAS data from day ¢ for modelling
the local weather at day 7.

Hydrol. Earth Syst. Sci., 30, 3875-3901, 2026
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Table 1. Covariates used for the downscaling models. The “Models” column describes in which downscaling model the different covariates
are used. “GP” and “GT” indicate that the covariate is present in all global precipitation and temperature GAMs, respectively. Similarly,
“LP” and “LT” indicate that the covariate is present in all local precipitation and temperature GAMs, respectively. The “Description” column

provides more details about each covariate, and about how their effects are modelled.

Covariate Models Description

Temperature GP, GT, LP, LT  Thin plate spline (Wood, 2003) on ERAS5 daily mean temperature at 2 m ele-
vation, with an optional additional constant offset term used for downscaling
temperature.

Precipitation GP, GT,LP, LT Thin plate spline on ERAS daily aggregated precipitation, transformed with the
function x — log(x +1).

Precipitation occurrence GP, LP Linear effect on the Boolean variable that describes if the ERAS daily precip-
itation amount is nonzero or not. This covariate is only used in the global and
local precipitation occurrence models.

Day GP,GT,LP, LT Cyclic cubic regression spline (Wood, 2017) on the day of the year (1-366).

Elevation GP, GT Thin plate spline on station elevation.

Elevation difference GP, GT Thin plate spline on the difference between station elevation and the mean ele-
vation inside the ERAS grid cell.

Elevation SD GP, GT Thin plate spline on the standard deviation of all elevation observations within
the ERAS grid cell.

Longitude/Latitude GP, GT Two-dimensional spline that lives on a sphere, taking in longitude and latitude

values (Wahba, 1981; Wood, 2003).

All GAMs are implemented using the bam () function of
the mgcv package (Wood, 2017) in R, while all ARMA mod-
els are fitted to data using the auto.arima () function
from the forecast package (Hyndman and Khandakar,
2008) in R. This function automatically estimates the order
of the AR- and MA-components within the ARMA models,
which can differ for each of the local models.

3.2 Downscaling to out-of-sample locations

While the global model (Eq. 1) makes it possible to estimate
the conditional distribution of y(s) for any location s, our
three-step model only allows for downscaling to one of the
N locations where we already have observations of the local
weather. To simulate local weather at a new location sq, we
therefore build upon ideas from regionalisation methods in
hydrology (e.g., Arsenault et al., 2023). That is, we approx-
imate the conditional distribution of y(s¢g) with an ensemble
of draws from available models at a set of donor locations
where we have observed data and can estimate the local mod-
els. Specifically, we use the locations of the K weather sta-
tions that are closest to s¢ in Euclidean distance as donor lo-
cations. To model [ y(so) | X (s0) ], we then insert the covari-
ates from s into all the donor models to create the predictive
ensemble {y(l)(so), y(2) ($0), .- y(B)(so)}, consisting of B
ensemble members, where the first B/K ensemble members
are sampled using the local model at the first donor location,
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the next B/ K ensemble members are sampled using the local
model at the second donor location, and so on.

To simulate ensembles of temperature and precipitation
data from one specific donor model, we first simulate ensem-
bles of time series from the locally fitted ARMA models. We
then transform these to have more appropriate marginal dis-
tributions, using the global and local GAMs, with covariates
from s¢. Precipitation occurrences are simulated separately,
from their respective global and local GAMs.

In practice, when simulating downscaled temperature and
precipitation, we often find that one or two of the donor mod-
els behave considerably different than the rest. These might,
e.g., produce ensemble members with considerably differ-
ent precipitation sums, temperature averages or temporal au-
tocorrelations. In a final post-processing step, we therefore
remove all simulated ensemble members from these donor
models. To decide which donors to remove, we implement a
simple outlier detection method, inspired by how outliers are
defined in box-plots. First, we choose a statistic, such as the
overall standard deviation of a simulated ensemble member.
Then, for each donor model, we compute the average of this
statistic for all ensemble members from that donor. A donor
model is then considered as an outlier if its average statis-
tic is outside the range [ Q25 — 1.5 X IQR, Q75 + 1.5 x IQR],
where O»5 and Q75 are the empirical first and third quartiles
of the K different average statistics, respectively, and IQR
is the empirical inter-quartile range IQR = Q75 — Q»5. For
precipitation, we detect outliers using the overall cumulative

https://doi.org/10.5194/hess-30-3875-2026
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precipitation sum as our statistic. For temperature, we de-
tect outliers using both the overall temperature average and
the overall temperature standard deviation. Having removed
all ensemble members from a set of donor models, we then
simulate more ensemble members from the remaining donor
models, to ensure that our final ensemble has a total of B
members.

3.3 Evaluation

We downscale daily temperature and precipitation by simu-
lating a multi-model ensemble of B = 150 conditional time
series for each weather variable, see Sect. 4 below for details
on how the ensemble is constructed. For a thorough compari-
son of simulated and observed weather, we compute multiple
different evaluation criteria each summarized by the average
score over the N stations, see Table 2 for an overview. Each
criteria evaluates a different property of the simulations. For
example, the RMSE provides information on the overall per-
formance. However, it will not assess the temporal autocor-
relation, precipitation occurrence, or if the ensemble spread
is reasonable. By focusing on multiple evaluation criteria, we
achieve a better understanding of the overall properties of the
different downscaling methods. Most of our evaluation cri-
teria are inspired by Heinrich-Mertsching et al. (2024), who
compare observed and simulated data by computing different
summary statistics of the data and then using proper scoring
rules (Gneiting and Raftery, 2007) to compare the marginal
distributions of those summary statistics.

We evaluate the ensemble mean against the observation
using RMSE and the ensemble median against the observa-
tion using MAE, thus selecting the optimal ensemble sum-
mary for each criteria (Gneiting, 2011). We evaluate the over-
all level of dry days by calculating the squared difference
(Py — P:)* between the observed relative frequency of dry
days p and the simulated relative frequency of dry days p_,
which is the score divergence associated with the Brier score
(Brier, 1950; Gneiting and Raftery, 2007). We evaluate tail
properties using the quantile score (e.g., Gneiting, 2011),

Se(Fy = (10 <F' @y =) x (F' =), 3

where y is a weather station observation, /(-) is an indica-
tor function and F~'(7) is a quantile of the predictive dis-
tribution F at probability level t € (0, 1). This score can
directly evaluate, e.g., heavy rainfalls or high/low tempera-
tures. Since the dynamical downscaling data and ERAS re-
analysis observations are deterministic, in the sense that only
one ensemble member is available, we cannot create different
predictive distributions for every day, which we can for the
different downscaling models. Therefore, to compare quan-
tile scores between ERAS or the CPRCM, and our downscal-
ing models, we compute F~!(t) as the empirical T-quantile
of the entire time-series of ERAS/CPRCM observations, or
the set of all simulated time-series from all ensemble mem-
bers of a given downscaling model.
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To evaluate the temporal autocorrelation, we compute dif-
ferences between weather at day d and day d+n, for different
values of n. Then, we compare the marginal distributions of
these n-day differences between the observed data and the
simulated data, using the integrated quadratic distance (IQD)
(e.g. Thorarinsdottir et al., 2013)

e ¢]

~ ~ 2
IQD(T,.T) = / (F(t)—G(t)) dt, (4)

—0o0

where G is the empirical CDF of the computed summary
statistics from the observed data, T ,, while F is the empirical
CDF of the computed summary statistics from the simulated
data, T,. The empirical CDF F, for the simulated data, is
created by pooling together the summary statistics from all
B ensemble members. Similarly, we use the IQD to evaluate
weekly and monthly means and standard deviations, as well
as the overall distribution of the weather at a given location.

As mentioned above, we summarise the skill of each
model by computing average scores over all N locations.
However, since different criteria produce values on different
scales, it can be difficult to compare models simply by exam-
ining pairwise differences of the average scores. It is there-
fore common to standardise average scores by transforming
pairs of average scores into so-called skill scores (e.g. Gneit-
ing and Raftery, 2007)

Sskit (S1, S0) = & =1-—. )
In this setting, the model corresponding to Sy is typically
considered as the base model, while the model correspond-
ing to S is considered as the competitor. The skill score is
thus the relative difference in the scores, with respect to the
base model, so that a skill score of 0.05 indicates that S; is
5 % better than the base model.

4 Results

We apply the three-step model framework from Sect. 3 for
downscaling daily precipitation and daily mean 2 m temper-
ature from ERAS to any location within Europe over the time
period 1950-2024. Specifically, we downscale daily temper-
ature and precipitation for each of the N available weather
stations by simulating a multi-model ensemble of B = 150
conditional time series for each weather variable. For this,
we use local models from the K nearest weather stations,
with K € {5, 10, 15, 20, 25, 30}. We then evaluate the predic-
tive performance of our downscaling method by comparing
the simulated ensemble with observed data from each station.
Our evaluation procedure is similar to leave-one-out cross-
validation in that the locally fitted model for location i is
not used for simulating local weather at that location. The
differences between true leave-one-out cross-validation and
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Table 2. All evaluation criteria used for evaluating different properties of our downscaling models.

Name  Description

RMSE RMSE between the daily observations and the ensemble mean of the simulated data.

MAE Mean absolute error (MAE) between the daily observations and the ensemble median of the
simulated data.

7ZPX The squared error between the observed and the simulated relative frequency of zero precipita-
tion, where we define every precipitation value below X mm d~! as a zero. We use ZP01 and
ZP1 in this manuscript, which corresponds to thresholds of 0.1 mm d~'and 1 mmd~! respec-
tively.

QX Quantile score that evaluates the X-percentile of the simulated data. We use Q95/Q99 for pre-
cipitation and Q01/Q99 for temperature, corresponding to the 1st, 95th and 99th percentiles.

1QD IQD between the marginal distribution of the observed data and the marginal distribution of
the simulated ensemble. For precipitation data, we only compare the marginal distributions of
non-zero precipitation values.

WM IQD between the marginal distributions of the weekly means of observed and simulated data.

WS IQD between the marginal distributions of the weekly standard deviations of observed and
simulated data.

MM 1QD between the marginal distributions of the monthly means of observed and simulated data.

MS IQD between the marginal distribution of the monthly standard deviations of observed and
simulated data.

DX 1QD between the marginal distribution of all X-day differences for observed and simulated data.

We use D1, D3 and D7 in this manuscript.

our analysis are further discussed in Sect. 5. To test if all
three modelling steps from Sect. 3 provide value, we com-
pare our three-step downscaling model with simpler models,
where we stop after the first or the second of the three steps
in Sect. 3. We denote the models stopping after the first, the
second and the third step as the global, the local and the full
model, respectively. To test the overall gains of downscaling,
we also compare against the raw ERAS data, and we compare
against the chosen CPRCM within the ALP-3 domain.

Properties of the global GAMS used in our downscal-
ing models are evaluated in Sect. 4.1. Comparisons between
ERAS5 and different sub-models of our downscaling mod-
els, over all 4480 available weather stations, are presented
in Sect. 4.2, 4.3 and 4.4. Finally, our stochastic downscal-
ing models are compared against the chosen CPRCM in
Sect. 4.5.

The developed downscaling models are built to downscale
weather to one specific location at a time, and not to capture
the spatial correlation between multiple locations. It might
still be of interest to evaluate the spatial coherence of locally
downscaled weather at multiple different locations. We there-
fore evaluate spatial properties of the downscaling models in
Appendix A.
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4.1 Global model fits

First, we investigate the estimated model parameters for the
global models. Figures 3 and 4 display all fitted splines in
the non-linear predictors of the global GAMs for tempera-
ture and precipitation, respectively. As expected, ERAS tem-
perature and the elevation difference between weather sta-
tions and ERAS grid cells are the two most important covari-
ates for downscaling temperature from ERAS. The seasonal
effect and the ERAS precipitation effect are less important.
As seen in Fig. 4, positive elevation differences, i.e., weather
stations that are higher than the mean altitude of their cor-
responding ERAS grid cells, are also associated with both
larger probabilities of precipitation occurring, and larger ex-
pected precipitation intensities. Interestingly, ERAS temper-
ature is one of the covariates with the strongest effects in
the global occurrence model. This is likely due to extreme
low and high temperatures tending to occur during dry con-
ditions. The global precipitation occurrence model also in-
cludes a covariate describing whether the daily ERAS pre-
cipitation amount is positive or not. This covariate increases
the non-linear predictor by 1.02 when the daily ERAS pre-
cipitation amount is positive.

Overall, Figs. 3 and 4 show that the statistical relationships
between the predictors and the response are clearly non-
linear, except for the relationships between the temperature
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Figure 3. All fitted splines in the global temperature model.

response and ERAS temperature and elevation difference, re-
spectively, cf. Fig. 3. This supports the need for a more flex-
ible modelling framework than standard linear regression,
and we see that the regression splines are able to capture a
wide range of relationships. Furthermore, the results support
previous findings that elevation information (Roberts et al.,
2019) and seasonality corrections (Maraun et al., 2019b) are
important.

4.2 Overall skill scores

We use the skill score in Eq. (5), with all evaluation crite-
ria in Table 2, to choose the optimal number of donors, K,
for the local and the full downscaling models. The results are
displayed in Figs. B1 and B2 in Appendix B. Based on these
figures, we choose K = 15 for precipitation and K = 10 for
temperature. We then compute skill scores for our different
downscaling models, and we create bootstrapped 95 % con-
fidence intervals by resampling scores from the N different
weather station locations with replacement. The results are
displayed in Figs. 5 and 6, for precipitation and temperature,
respectively. In Fig. 6, we have exchanged the global and lo-
cal models for two models denoted the local deterministic
and global deterministic models. This is because the time-
independent Gaussian white noise that gets added when we
simulate downscaled temperature ensembles substantially re-
duces the predictive performance (results not shown). We
therefore replace the two models with deterministic down-
scaling models that only rely on the non-linear predictors of
the global and local GAM models.

The results show that downscaling improves the skill com-
pared to raw ERAS data, for both temperature and precip-
itation, and for all chosen evaluation criteria. The only ex-
ception is the global deterministic temperature downscaling
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method, which results in worse skill for all scores that focus
on temporal autocorrelation. The improvement over ERAS
is most considerable for precipitation occurrence. The local
and full models tend to outperform the global model, which
implies that the use of local information from neighbouring
weather stations can add additional skill when downscaling.
The full temperature downscaling model considerably out-
performs its local deterministic variant, which implies that
it is crucial to include temporal autocorrelation when down-
scaling temperature. However, this effect is not visible in the
deterministic scores RMSE and MAE, stressing the need for
evaluation that specifically focuses on temporal autocorrela-
tion.

The full precipitation downscaling model outperforms the
local model for most evaluation criteria. Further examination
shows that the increase in skill mostly stems from the added
Markov chain structure of the occurrence models. The tem-
poral trends of the precipitation intensity models are weak
at many locations, with almost half of the fitted intensity
ARMA-models being identical to Gaussian white noise.

Our outlier removal method removes between 0 and 2 out-
lier donors for most locations. This removal leads to a con-
siderable improvement for most of the chosen evaluation cri-
teria (results not shown).

4.3 SKill score trends

Figure 7 displays scatter plots of scores and skill score, cre-
ated using three of the evaluation criteria in Table 2, for the
full precipitation downscaling model. The MAE and RMSE
scores in the upper row display a strong correlation with the
average annual precipitation sums at each station. This high-
lights the importance of not relying on only one or two eval-
uation criteria. RMSE and MAE describe absolute errors in-
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Figure 4. All fitted splines in the global precipitation intensity model (upper rows) and occurrence model (lower rows).

stead of relative errors, and absolute errors tend to be larger
in areas with more precipitation. Thus, overall model per-
formance, with respect to RMSE or MAE, will be affected
more by locations with large amounts of precipitation than by
those with little precipitation. This is not the case for the MS
scores, which do not appear to be strongly correlated with
the mean annual precipitation sums. The skill score scatter
plots in the lower row tell a different story. Here, there are no
correlations between the mean annual precipitation sums and
the MAE/RMSE skill scores, whereas the MS skill scores

Hydrol. Earth Syst. Sci., 30, 3875-3901, 2026

appear to increase somewhat as the annual precipitation sum
increases. However, this apparent correlation does not seem
to be very strong, and it could appear to be stronger than
it actually is, due to the upper censoring at a skill score of
1. One should therefore be careful about drawing too strong
conclusions about the downscaling model from this. Fig. 7
highlights the importance of examining both raw scores and
skill scores, as the two might provide different types of in-
formation. In this case, we find that, even though MAE and
RMSE are strongly connected to the mean annual precipi-
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Figure 5. Skill scores comparing the four precipitation downscaling models, with bootstrapped 95 % confidence intervals, for all evaluation
criteria from Table 2. Competitor models (S}), are distinguished by different colours, while base models (Sp), are distinguished by the
different subplots.
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Figure 6. Skill scores comparing the four temperature downscaling models, with bootstrapped 95 % confidence intervals, for all evaluation
criteria from Table 2. Competitor models (S}), are distinguished by different colours, while base models (Sy), are distinguished by the
different subplots.

tation, this is the case for both the full downscaling model tween the elevation differences and MAE/RMSE skill scores.

and ERAS, and the overall performance increase of the full This makes sense, as temperature is strongly correlated to el-
model does not seem to be connected to the annual precipi- evation, meaning that ERAS is expected to be biased as a pre-
tation amounts. The removal of large scores and small skill dictor for local temperature in grid cells with large elevation
scores from some of the scatter plots does not alter the overall differences. However, there are no clear correlations between
findings. the elevation differences and MS skill scores. The lower row

Figure 8 displays skill score scatter plots for the full tem- of Fig. 8 show that the MS skill scores appear to be weakly
perature downscaling model, created using the same evalua- positively correlated with the mean annual ERAS5 tempera-
tion criteria as in Fig. 7. There is considerable correlation be- tures, while the MAE/RMSE skill scores appear to be weakly
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Figure 7. Scatter plots displaying scores (top row) and skill scores compared to ERAS (bottom row) for the full precipitation downscaling
model at all available weather stations plotted against the total mean annual ERAS precipitation. For visualisation purposes, the 0.02 %
largest scores, and all skill scores below —1, have been removed from each scatter plot.

negatively correlated with the mean annual temperatures.
This implies that the full downscaling model is slightly bet-
ter at improving temporal correlations, and slightly worse at
removing biases, in warmer regions. Once more, this high-
lights the importance of relying on multiple different criteria
for model evaluation. The removal of small skill scores from
some of the scatter plots does not alter the overall findings.
Some of the patterns in Figs. 7 and 8 are examined in more
detail in Appendix B.

4.4 Visualising specific time series

To further examine the properties of the full downscal-
ing method, we plot time-series of simulated temperature
and precipitation data for a selection of different years and
weather stations, and compare them to observed data and
ERAS. Figure 9 displays cumulative precipitation data for
eight different combinations of weather stations and years.
The four leftmost subplots represent weather stations where
our downscaling method is outperformed by ERAS for al-
most all of the chosen scores, while the four rightmost sub-
plots represent the opposite. In the four leftmost subplots, the
general trend seems to be that the downscaled precipitation
amounts are negatively or positively biased, while ERAS is

Hydrol. Earth Syst. Sci., 30, 3875-3901, 2026

quite close to the truth. However, even though the simulated
precipitation amounts are biased, the observed precipitation
amounts are still largely inside the range of the simulated en-
semble members. This implies that the simulated ensemble
is well calibrated, even though it is biased. For the four right-
most subplots of Fig. 9, the general trend seems to be that
ERAS overestimates the total precipitation amount, and that
the simulated ensemble corrects for this bias.

Similarly to Figs. 9, 10 displays examples of simulated
temperature for four stations where our downscaling method
is outperformed by ERAS (left side), and four stations where
our downscaling method outperforms ERAS (right side).
Here, the differences between observed data and reanalysis
data are considerably smaller, as temperature is a smoother
process than precipitation. The overall trend for the four left-
most subplots seems to be that the downscaled ensemble is
slightly biased, with a possibly too large spread. For the four
rightmost subplots, there is a clear bias in the reanalysis tem-
peratures, which is properly corrected by the downscaling.

4.5 CPRCM comparison

Overall skill scores, comparing our full downscaling meth-
ods against both the CPRCM and ERAS, inside the ALP-
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Figure 9. Yearly cumulative precipitation for eight different combinations of weather stations and years, created using station observations
(red line), ERAS reanalysis data (blue line) and 150 simulated ensemble members from the full downscaling model (black lines). Some of
the weather stations contains missing observations, so all cumulative precipitation values are computed using only dates with non-missing
precipitation observations.
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Figure 10. Daily mean temperature for eight different combinations of weather stations and years, created using station observations (red
line), ERAS reanalysis data (blue line) and 150 simulated ensemble members from the full downscaling model (black lines).

3 domain, are displayed in Fig. 11. The CPRCM appears
to outperform ERAS for most evaluation criteria, except
RMSE, MAE and some of the quantile scores. However, the
full downscaling models also outperform the CPRCM for
most of the chosen criteria.

Even though the full downscaling models overall outper-
form the CPRCM, the results are not consistent across all
locations and areas. This is further examined in Appendix B.
We are unable to find any clear patterns, neither in space nor
with respect to a range of different covariates, that describe
the overall changes in skill between different weather sta-
tions.

5 Discussion

In this work, we downscaled precipitation and temperature
from the ERAS5 data product, which has a spatial resolu-
tion of 0.25° x 0.25°. Another alternative would have been
to downscale the same variables from the ERAS5-Land data
product (Mufioz Sabater, 2019), which has an even higher
resolution of 0.1° x 0.1°. However, ERAS-Land only cov-
ers grid cells with a high enough land cover fraction, which
means that there exist weather stations for which it would
not be possible to directly apply our downscaling method.
For this reason, we chose to use the ERAS data product,
which covers the entire globe. It should be trivial to apply
our method for downscaling from ERA5-Land or other sim-
ilar gridded historical weather data products.

The results in Sect. 4 show that our stochastic downscaling
model substantially outperforms a state-of-the-art dynamical
downscaling model, i.e., the CPRCM, at reproducing local
daily temperature and precipitation data. This is an impres-
sive result, as the CPRCM is a highly complex model that re-
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quires considerable computational resources, both to be run
and to be extended to other spatial domains. Our downscal-
ing model, on the other hand, is simple and relatively inter-
pretable, fast and computationally efficient, and easy to apply
for any spatial location on Earth. It should be noted that many
other CPRCM simulations exists, also for other spatial and
temporal domains. It might be that other such downscaling
methods perform better against our stochastic downscaling
method with respect to the chosen evaluation criteria. How-
ever, comparing our method to a large collection of different
CPRCMs is outside the scope of this paper.

The evaluation approach in Sect. 3.3 is similar to leave-
one-out cross-validation, as, for eachi =1,2,..., N, no in-
formation from the ith local models are used for simulating
data at the ith location. However, it would be too computa-
tionally demanding to fit the global models to data from all
but the ith location for eachi =1, 2, ..., N. We therefore al-
low a slight data contamination, by using the same global
models for simulating data at each location. The global mod-
els depend on data from thousands of different weather sta-
tions, while only relying on less than 10 covariates. It there-
fore seems reasonable to assume that a global model fitted
to data from all N locations is approximately identical to a
global model fitted to data from N — 1 locations. For most
practical purposes, our evaluation approach can therefore be
considered as leave-one-out cross-validation. We tested this
assumption by fitting our global temperature model to data
from N —1 locations, for 10 randomly selected locations. The
differences between the linear predictors of these 10 models,
and between the linear predictor of the model fitted to all
N locations, had an order of magnitude of 0.01 °C. This is so
small that we do not believe it would have affected our model
evaluation in a considerable way.
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Figure 11. Skill scores comparing the full downscaling models against the CPRCM and ERAS, with bootstrapped 95 % confidence intervals,
for all evaluation criteria from Table 2. The skill scores are computed with the full downscaling models as the competing models (S;) and
ERAS or the CPRCM as base models (Sg). The left subplot displays results for the temperature models while the right subplot displays

results for the precipitation models.

For, e.g., hydrological applications, the dependencies be-
tween local daily precipitation and temperature may be of
importance. Our method is unable to fully capture these,
as precipitation and temperature are downscaled separately.
Parts of the dependence structure are still captured by our
method, as the daily ERAS temperature and precipitation val-
ues are used as covariates in all of the global and the local
GAMs, for both variables. However, to fully capture the in-
ternal variability between temperature and precipitation, the
local time-series models would need to model the joint dis-
tributions of temperature and precipitation data. Similarly,
our method performs separate downscaling for each loca-
tion of interest, and is unable to capture the internal vari-
ability between local weather at two nearby locations. This
is examined more closely in Appendix A. There, we show
that the downscaling models are able to capture some spatial
properties of local data well, while failing to properly cap-
ture other spatial properties. Further work on extending the
time-series component of our model, using, e.g., multivariate
ARMA models, state-space models or latent Gaussian mod-
els, might therefore make it possible to perform fully mul-
tivariate downscaling of both temperature and precipitation
data, at multiple locations, jointly. It might also be possible
to turn our downscaled ensembles of temperature and precip-
itation into multivariate ensembles, using a high-dimensional
version of the Schaake Shuffle (Clark et al., 2004). However,
the Schaake Shuffle has mainly been used to reorder ensem-
bles of point predictions, and we are not aware of any ver-
sions of the method that can be used to reorder ensembles of
time series.

Our donor selection method only relies on locating the
K nearest neighbouring stations. This appears to work well

https://doi.org/10.5194/hess-30-3875-2026

overall, but it can result in some issues that might be fixed
using a more complex donor selection method. For stations
located close to, or between, different climatological zones,
the distance-based method may provide donor stations from
highly different climatological zones, which may reduce the
performance of the downscaling method. As an example,
weather stations along the Norwegian coastline may end up
with both donor stations that are buoys, far into the North
Sea, and high-altitude stations from mountainous areas. This
seems less optimal than simply selecting other coastal sta-
tions as donors. A more sophisticated donor selection method
for finding donors with more similar properties might there-
fore lead to improved downscaling in regions where small
distances in space can lead to large difference in climate
regimes. One possible improvement to the donor selection
method could be to transform all station locations into a cli-
mate space, following, e.g., Cooley et al. (2007), and to rely
on distances in that space. The number of donors might also
be allowed to vary, based on climatological regimes, as more
stations might be necessary to represent the overall variabil-
ity of weather in certain regimes. More complex, nonpara-
metric and possibly deep-learning based transformations of
the station locations might also be applied (e.g., Sampson
and Guttorp, 1992; Zammit-Mangion et al., 2021), although
these would considerably increase the complexity of the, oth-
erwise relatively simple, downscaling method.

The addition of a first order Markov chain for modelling
precipitation occurrences in the local models resulted in a
considerable performance increase. Based on this we also in-
vestigated the effects of exchanging the global occurrence
model with a global first order Markov chain occurrence
model. This resulted in even further improvement with re-
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spect to the full precipitation downscaling model. However,
to keep the paper as concise as possible, and since the full
precipitation downscaling model fits better into the overall
model framework of the paper, and outperforms both ERAS5
and the CPRCM, we chose to not focus on this extended
model here.

6 Conclusions

This paper proposes new models for downscaling time-series
of daily temperature mean and precipitation from a grid-
ded data set to any given location, based on a hierarchy of
spline-based generalised additive models (GAMs) and auto-
regressive moving average (ARMA) models. For modelling
precipitation occurrences, the GAMs are further organised in
a way that results in a first order Markov chain structure. The
modelling framework utilises local information from donor
locations in a neighbourhood around the location of interest,
in addition to regional information. The downscaling mod-
els are evaluated in a leave-one-out cross-validation study
over a set of 4480 unique weather stations in Europe, and
are shown to perform well compared to both ERAS and a
state-of-the-art convection-permitting dynamical downscal-
ing method, with respect to a large collection of different
evaluation criteria. The downscaling models are also shown
to outperform simpler downscaling models based on a single
GAM, which are common choices for downscaling to loca-
tions without available high-resolution data. Our results fur-
ther stress the importance of evaluating downscaling meth-
ods on a variety of evaluation criteria, including criteria that
specifically target higher order structures such as temporal
autocorrelation. Criteria such as RMSE and MAE, that fo-
cus on point-by-point comparisons of deterministic time se-
ries, are not able to detect model deficiencies in higher order
model structures.

Appendix A: Evaluating spatial coherence

The developed downscaling models are built to simulate an
ensemble of time series of temperature or precipitation at any
given location. They are not built to capture the joint depen-
dence structure between local temperature and precipitation,
or between local weather at multiple different locations. Yet,
spatial coherence of downscaled weather can, e.g., be impor-
tant for many types of hydrological applications. It is pos-
sible to create spatiotemporal ensembles of temperature and
precipitation with the developed downscaling models, even
though this is not the main purpose of the models.

To create a spatiotemporal ensemble of precipitation or
temperature, we first apply our method to simulate B ensem-
ble members, independently, at each of M different locations.
Then, we choose some random ordering of the B members
at each location. Finally, we match together ensemble mem-
ber i from each location to form a spatiotemporal ensemble
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member, fori = 1,2, ..., B. The skill of these ensembles re-
lies heavily on the dominating type of variability of the lo-
cal weather. If the local weather is dominated by external
variability, which can be captured by ERAS, then our mod-
els might be able accurately represent the spatial dependence
of observed weather. On the other hand, if local weather is
dominated by internal variability that cannot be captured by
ERAS, the simulated ensembles might perform poorly.

To examine the spatial coherence of our downscaled
weather, we create spatiotemporal ensembles as explained
above, and compare spatial statistics of the simulated data
with spatial statistics of the observed data. For each weather
station, we create a circle with radius 100 km, centered
around that station. We then locate all other weather stations
inside that circle. For all dates where the circle contains ob-
servations from 8 or more stations, we compute five daily
statistics: mean, median, minimum, maximum and standard
deviation, of all temperature and precipitation observations
inside the circle. This results in daily time series of five dif-
ferent spatial statistics, for spatial domains centered around
each of the N available weather stations. We then compute
similar statistics based on simulated spatiotemporal ensem-
bles from the full downscaling models.

These simulated spatial statistics are evaluated in two
ways. First, we examine the calibration of the spatial statis-
tics, by examining rank histograms (e.g., Thorarinsdottir
et al., 2016; Vandeskog et al., 2022). Second, we compute
similar spatial statistics, based on ERAS and the dynamically
downscaled CPRCM data, and we compare the time series of
the five spatial statistics in the same way that we compared
time series of temperature and precipitation in Sect. 3.3, us-
ing a subset of the evaluation criteria in Table 2.

For each weather station, we create five rank histograms
by finding the rank of each of the observed spatial statistics
inside the ensemble of the B simulated spatial statistics. If
the downscaling model is perfectly calibrated, the rank his-
togram for each statistic and each station should be perfectly
uniform. In total, we create 5 x N rank histograms for each
weather variable. To aggregate the information from all these
rank histograms, we standardise all the ranks to be a num-
ber between 0 and 1. Then, we compute the mean and the
standard deviation of each ranking histogram. The uniform
distribution between 0 and 1 has mean 0.5 and standard de-
viation 1/+/1220.29. We then examine how far away the
rank histogram means and standard deviations are from 0.5
and 1/+/12 to get an impression of the overall calibration of
the simulated spatial statistics. Figures Al and A1 display
histograms of the rank means and rank standard deviations
for each of the five spatial statistics. Overall, most of the spa-
tial statistics seem to be fairly well calibrated, with most of
their rank means clustering around 0.5 and most of their rank
standard deviations clustering around 1/+/12. Other statistics
attain poorer calibration, typically with too low rank means
or too large rank standard deviations. Too low rank means in-
dicate that the simulations are biased and that they overesti-
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Figure A2. Histograms displaying the overall rank means and rank standard deviations for all rank histograms for each of the five spatial

precipitation statistics.

mate the spatial statistics. Too large rank standard deviations cipitation also is more difficult to model than spatially aggre-

indicate that the simulated spatial statistics are underdisper- gated temperature.

sive, i.e., have too small variances. The poorest calibration Figure A3 displays overall skill scores for the five spa-
is found for some of the spatial precipitation statistics. How- tial statistics, created using all weather stations inside the
ever, local precipitation is more difficult to model than local ALP-3 domain. The temperature downscaling model outper-
temperature, so it makes sense that spatially aggregated pre- forms the CPRCM and ERAS for most of the spatial statis-
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Figure A3. Skill scores comparing the skill of the five different spatial statistics, for the full temperature (upper row) and precipitation (lower
row) downscaling models, against ERAS and the CPRCM. Error bars display bootstrapped 95 % confidence intervals. The skill scores are
created using a subset of the evaluation criteria in Table 2, with the full downscaling model as the competitor (S7). Skill scores for the five

different spatial statistics are separated by different colours.

tics. For the spatial precipitation statistics, the downscaling
model often has higher skill than its competitors with re-
spect to RMSE and MAE, but lower skill with respect to
IQD and Q95/Q99. This indicates that the full downscal-
ing model is better at estimating the mean and median of the
spatial statistics, but worse at estimating the overall distribu-
tions of the spatial statistics. However, for most hydrologi-
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cal distributions, the main focus lies in estimating the actual
spatial statistics, such as total rainfall over a catchment, and
not the uncertainty distribution of that spatial statistic. Thus,
even though the full downscaling models are not developed
with a focus on spatial modelling, they appear to outperform
ERAS and the CPRCM at estimating spatial statistics of local
weather at multiple different locations. We also compare the
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full downscaling models with ERAS for the entire European
region, visualised in Fig. 1. The results show similar patterns
as displayed in Fig. A3.

Appendix B: Additional model evaluation

Figures B1 and B2 display all skill scores from Table 2 for
the full temperature and precipitation downscaling models,
respectively, with different values of K.

The skill scores are computed by considering a model with
a low value of K as the base model, and then treating the
same model with a higher value of K as a competing model.
Figure B1 shows that the skill scores for describing precipi-
tation occurrences and 1-day differences are positive when
comparing K =15 with K = 10. However, after K = 15,
there does not seem to be any more skill to gain by further in-
creasing the number of donors. We therefore choose K = 15
for downscaling precipitation. The results for the local pre-
cipitation downscaling model are similar to that of the full
model.

Figure B2 shows that there is a considerable gain in skill
when increasing the number of donors from K =5 to K =
10 for the temperature downscaling model. After that, how-
ever, there is little to be gained from further increasing K.
We therefore choose K = 10. The results for the local deter-
ministic temperature downscaling model is similar to that of
the full model.

Figure B3 displays maps of average temperature RMSE
and MAE scores for ERAS and the full downscaling model,
and the corresponding skill scores to compare these two
methods, within a hexagonal tiling of space. The figure also
contains a map of average elevation differences between
weather stations and ERAS grid cells for the same hexag-
onal tiling. There is a strong correlation between the aver-
age elevation differences and the average scores and skill
scores within the hexagons. The areas with large elevation
differences are also the areas where our downscaling method
achieves the highest skill scores with respect to ERAS. Fig-
ure B3 also displays that many of the areas where the full
downscaling method performs worst compared to ERAS are
coastal or maritime areas.

Figure B4 displays similar maps as in Fig. B3, but for pre-
cipitation instead of temperature. The figure also contains a
map of the mean annual precipitation for all weather stations
within each spatial hexagon. There is a strong correlation be-
tween mean annual precipitation and RMSE/MAE. The skill
score maps in Fig. B4 are more uniformly positive than those
in Fig. B3, and we do not find the same correlation between
skill and distance to the ocean in this instance.

Figures B5 and B6 display similar skill scores as in
Figs. B3 and B4, for a much larger selection of evalua-
tion criteria, with the full downscaling models as the com-
petitor models and ERAS as the base models. Similarly,
Figs. B7 and B8 display skill score maps for the full down-
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scaling models as the competitors and the CPRCM as the
base model.

Figure B5 show that, although the full temperature down-
scaling method generally outperforms ERAS, we sometimes
experience poor skill in maritime areas. There are multi-
ple possible explanations for why this happens. Coastal and
maritime regions often tend to be flatter, with fewer eleva-
tion changes than inland regions. As demonstrated in Sec. 4,
large elevation differences within an ERAS5 grid cell can lead
to large biases in the ERAS weather variables. We there-
fore expect ERAS to perform better in regions with small
elevation differences, which, in turn, might reduce the skill
of our downscaling method compared to ERAS. Addition-
ally, the ERAS reanalysis is aware of the amount of land
and ocean within each grid cell, and it accounts for the fact
that land-atmosphere interactions can be considerably dif-
ferent than ocean-atmosphere interactions. The connections
between ERAS and local weather might therefore differ be-
tween inland and coastal/maritime climates, and we might
improve performance by incorporating additional covariates
into our downscaling models, such as the distance to the sea,
the percentage of land cover within each ERAS5 grid cell, or
a categorical variable that can distinguish between different
types of climatic areas. Finally, our framework relies on us-
ing information from the K nearest available weather sta-
tions when performing downscaling. However, in coastal and
maritime areas, the K nearest weather stations might include
both buoys from far into the ocean and weather stations from
areas further inland. Since the connections between local
weather and ERAS5 might differ considerably between such
different types of weather stations, it could, e.g., be problem-
atic to use too many buoy donors for downscaling to a coastal
or inland location, and vice versa.

Figures B7 and B8 provide a more nuanced understanding
of the differences between the CPRCM and our full down-
scaling models. They show that, although the full downscal-
ing models overall outperform the CPRCM with respect to
most of the chosen evaluation criteria, there are considerable
spatial areas where the opposite holds. We are unable to find
any clear spatial patterns to describe the overall changes in
skill scores for all evaluation criteria and for the two down-
scaling models.
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Figure B1. Skill scores with bootstrapped 95 % confidence intervals, comparing different values of K for the full precipitation downscaling
model. Competitor models (S7) are distinguished by different colours, while base models (Sg) are distinguished by the different subplots.
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Figure B2. Skill scores with bootstrapped 95 % confidence intervals, comparing different values of K, for the full temperature downscaling
model. Competitor models (S7) are distinguished by different colours, while base models (Sp) are distinguished by the different subplots.
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Figure B3. Maps displaying the average temperature RMSE/MAE scores and skill scores for ERAS5 and the full downscaling model, for all
weather stations inside each hexagon of an hexagonal tiling of Europe. The skill scores are computed with the full precipitation downscaling
model, against ERAS as the base model. Additionally, the leftmost subplot displays the average mean elevation difference between ERAS
and the available weather stations within each hexagon.
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Figure B4. Maps displaying the average precipitation RMSE/MAE scores and skill scores for ERAS and the full downscaling model, for all
weather stations inside each hexagon of an hexagonal tiling of the plane. The skill scores are computed with the full precipitation downscaling
model, against ERAS as the base model. Additionally, the leftmost subplot displays the average mean annual precipitation for all weather
stations within each hexagon.
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Figure BS. Maps displaying the average temperature skill scores for all weather stations inside each hexagon of an hexagonal tiling of the
plane. The skill scores are computed with the full temperature downscaling model with K = 10 as the competitor, against ERAS as the base
model. Each subplot displays skill scores created using one of the scores described in Table 2.
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Figure B6. Maps displaying the average precipitation skill scores for all weather stations inside each hexagon of an hexagonal tiling of the
plane. The skill scores are computed with the full precipitation downscaling model with K = 15 as the competitor, against ERAS5 as the base
model. Each subplot displays skill scores created using one of the scores described in Table 2.

https://doi.org/10.5194/hess-30-3875-2026 Hydrol. Earth Syst. Sci., 30, 3875-3901, 2026



3898

S. M. Vandeskog et al.: Simulation of local daily temperature and precipitation series

RMSE MAE QD Qo1
50°N — N O
48°N NEtade ™
46°N ﬂj”ﬁfg
44°N %
42°N q
40°N

50°N
48°N -
46°NN
44°N
42°N
40°N

50°N g
48°N
46°N
44°N
42°N
40°N

)
0°

Figure B7. Maps displaying the average temperature skill scores for all weather stations inside each hexagon of an hexagonal tiling of the
plane. The skill scores are computed with the full precipitation downscaling model, with K = 10 as the competitor, against the CPRCM as
the base model. Each subplot displays skill scores created using one of the scores described in Table 2.
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Figure B8. Maps displaying the average precipitation skill scores for all weather stations inside each hexagon of an hexagonal tiling of the
plane. The skill scores are computed with the full precipitation downscaling model, with K = 15, as the competitor, against the CPRCM as
the base model. Each subplot displays skill scores created using one of the scores described in Table 2.
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