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Abstract. A simple weather generator is presented that is de-
signed to provide a link between downscaled precipitation
or temperature statistics on the one hand, and impact mod-
els on the other. It generates time series of daily data that
may be used as input for e.g. a hydrological model. It has
a simple design which is described in this paper together
with results from an evaluation against three rain gauge ob-
servations from Norway, Ghana and Romania respectively.
It has also been tested for daily precipitation and temper-
atures from a number of sites representing different local
climates in Ghana and Norway, and the results from these
evaluations indicate that it reproduces the salient character in
terms of the daily data and the observed climatology in dif-
ferent climatological settings. The simple design for precip-
itation, however, underestimate the duration of dry and wet
spells for some sites to some degree. An assessment of the
performance of daily temperature simulations from compli-
mentary temperature-based weather generator for test sites in
Ghana and Norway suggests that its output follows a similar
statistical distribution as the original observations, however,
there was some deviations particularly for the lowest temper-
atures. These two weather generators for daily precipitation
and temperature respectively are part of the open-access R-
package “esd” (version 1.11.30 or higher).

1 Introduction

Global climate models (GCMs) are our most important tool
for simulating future climatic conditions, such as World Cli-
mate Research Programme’s (WCRP) Coupled Model In-

tercomparison Project (CMIP) phase 5 and 6 (Meehl et al.,
2014; Eyring et al., 2016; IPCC, 2021). Numerical experi-
ments have revealed that a single GCM starting with differ-
ent initial conditions can produce different regional outlooks
due to inherent chaotic (non-deterministic) decadal variabil-
ity (Deser et al., 2012, 2020), and an important consideration
for robust information about a future climate is to involve
large GCM ensembles. Furthermore, the GCMs are only de-
signed to reproduce large-scale processes, phenomena and
conditions with skill, and are known to have a minimum skil-
ful scale (Takayabu et al., 2015). However, detailed small-
scale information is needed for inferring local consequences
of climate change, such as its impact on nature or for a risk
analysis to inform climate change adaptation (IPCC, 2023).
For instance, hydrological models often require sequences
of hourly or daily local rainfall and temperature, and are
often calibrated with in-situ historical rain gauge measure-
ments (Engeland and Alfredsen, 2020). When such models
are used for assessing future consequences of a continued
global warming, they need new input data which both rep-
resent the same type of conditions as in the past but also
account for a shift in the weather statistics associated with
climate change (Fowler et al., 2007; Semenov, 2007).

Skilfully reproduced large-scale information distilled from
GCM simulations can be combined with information about
how local details depend on the large scales in what is
known as downscaling, for which there traditionally have
been two main approaches (Takayabu et al., 2015; Fowler
et al., 2025): (1) dynamical, performed with regional cli-
mate models (RCMs), and (2) empirical-statistical downscal-
ing (ESD). Downscaling with RCMs and ESD are based
on different assumptions and have different strengths and
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weaknesses. RCMs use physics-based equations to compute
weather information with a higher resolution than GCMs,
with model time steps on the order of a few minutes for
typically hundreds of variables for each grid cell within a
regional domain (Giorgi and Mearns, 1999). This is compu-
tationally very expensive, limiting the number of GCM runs
that can be downscaled dynamically.

ESD, on the other hand, determines statistical relation-
ships between large-scale structures provided by global mod-
els and local climatic conditions, and is typically carried out
for one or two variables (Benestad et al., 2008). This makes
ESD computationally cheap and enables it to be applied to
large multi-model ensembles of GCM simulations (Schuler
et al., 2025; Benestad et al., 2025, 2016; Benestad, 2011).
It is best suited for downscaling large multi-model ensem-
ble when ESD involves the estimation of statistical param-
eters describing the shape of mathematical curves (“down-
scaling climate”), as opposed to estimating each individual
data point (“downscaling weather”) (Benestad et al., 2025).
Moreover, the wet-day frequency fw and wet-day mean pre-
cipitation µ are two key parameters for 24 h precipitation
which are found to change with a global warming (Benes-
tad et al., 2019), and such downscaled statistical informa-
tion from ESD can only be utilised in subsequent hydro-
logical models if it can be unfolded as sequences of daily
precipitation amounts through a conditional weather gener-
ator (WG). This implies that in addition to the reproduction
of the stochastic character of regional decadal climate vari-
ations by global climate models highlighted by Deser et al.
(2012, 2020), simulated local annual precipitation or temper-
ature statistics also give room for a range of different random
weather outcomes as generated by WGs.

A WG can be described as a “weather dice” that pro-
duces random (stochastic) daily data with prescribed statis-
tical properties and structure. There are numerous types of
WGs (Wilks, 1992; Wilks and Wilby, 1999; Mezghani and
Hingray, 2009; Semenov and Barrow, 1997; Semenov and
Brooks, 1999), however, none have in the past been designed
specifically to connect ESD, which aims at downscaling the
key parameters fw and µ, to impact models. Furthermore,
previous ESD efforts haven’t involved estimating such pa-
rameters so that they could be adapted to hydrological mod-
els that require daily precipitation as input data (Benestad,
2025). In the SPRINGS project (https://www.springsproject.
eu/, last access: 11 November 2026) the WG is part of a mod-
elling chain that links the dispersion of waterborne pathogens
to climate change, and ultimately outbreak of diarrhoea in
Ghana and Romania. In other words, it facilitates a link that
passes information from downscaling of GCMs on to hydro-
logical models by generating stochastic daily sequences of
rainfall with downscaled statistical properties as input data.
The SPRINGS project intends to use the SWAT hydrologi-
cal model (Gassman et al., 2014), however the WG can also
be used to translate rainfall statistics into useful input for the
HBV model (Bergström, 1976; Lindström et al., 1997).

Figure 1 shows a schematic of the simple WG for precip-
itation, which in this case is designed to translate the down-
scaled key precipitation parameters fw and µ to appropri-
ate input data for hydrological models that need chronolog-
ical sequences of daily rainfall from a single site. The WGs
for precipitation and temperature are a part of the free and
open-source R-package esd (Benestad et al., 2015b) 1.11.30
or later versions, which is available from https://github.com/
metno/esd (last access: 11 November 2026). The R-package
provides documentation on its usage as well as some exam-
ples of use. The WGs are designed with a flexibility in how
they can be applied that is controlled by their arguments, and
by default they use daily data from Norway provided by the
R-package, but it can be replaced with data from any other
location. For the use in Ghana with its rainy seasons, for in-
stance, it needs local rain gauge data with a representative
climatology.

2 Design of the simple weather generator for daily
precipitation

One requirement of the WG in a model chain from global
climate models to local hydrology is that it must be able to
simulate changed rainfall due to changes in the wet-day fre-
quency fw and wet-day mean precipitation µ. In addition, it
must provide a realistic representation of the rainy seasons in
the Tropics, and this differs with traditional WGs based on
a Markov-chain process, where the probability of a wet day
depends on the previous day. Markov-chains are not defined
for reproducing rainy seasons unless the probabilities vary
with the seasons. Furthermore, the WG was designed to en-
sure that the number of rainy days and intensities are consis-
tent with prescribed fw and µ in addition to preserving their
climatological properties in both fw and µ. The mean pre-
cipitation is approximately the product of the two x ≈ fwµ

and the total precipitation is the product between the mean
and the number of days

∑
x = nx. Since a cut-off threshold

x0 of 1 mm d−1 has been used to distinguish between “dry”
and “wet” days, the equation is only approximate, but for a
limit threshold that approaches zero, it is an exact equation as
x̄ =

∑
x/n= (

∑
x/nwet) · (nwet/n)= µfw. Because of this

relationship, the traditional rainfall climatology is also ex-
pected to be representative as long as the climatologies for
both fw and µ are realistic.

Simulations with this simple WG involve a process which
loops over individual years, and for each year in the loop,
it starts with estimating the total number of wet days based
on the annual wet-day frequency for the respective year
(nwet = 365.25fw). The following step is then to distribute
nwet wet days over the year based on a climatological profile
of fw, which is used as a representation of the probabilities
of a wet day on a given Julian day pt,wet. To get an annual
number of wet days that approximately is the same as nwet,
the entire curve describing the climatological profile is scaled
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Figure 1. A schematic presentation of the WG which takes a sample station series for training. It can then take fw and µ as input in
order to simulate a random sequence of 24 h precipitation with the same statistical properties. The WG uses a sample rain gauge sequence
for determining the climatologies in wet-day frequencies fw and wet-day mean precipitation µ for a chosen location. In other words, it
is designed to reproduce how the number of wet days typically vary throughout the year (rainy seasons) as well as the intensity of the
precipitation. If annual fw and µ are not provided, it will estimate them from the sample data but shuffle the years by scrambling the Fourier
Series phases. The histogram in the schematic reflects the mean intensities characterised by µ and the blue curve refers to a climatological
profile that can refer to either fw of µ.

so that the its mean value is equivalent to the annual wet-
day frequency. Here pt,wet is the probability of a wet day for
the Julian day t ∈ [1,ny] of the respective year, where ny is
365 d for normal years and 366 days for leap years. A random
number generator with a uniform distribution Wt ∈ [0,1] is
subsequently used to determine whether the individual Julian
days are dry or wet according to wet⇐Wt < pt,wet. The to-
tal number of wet days is then compared with nwet, and a
subsequent process removes or adds random wet days so that
the final number matches the expected number nwet associ-
ated with the annual wet-day frequency.

Once all the wet days have been dealt out throughout the
year, they are given a daily rainfall amount. The simula-
tion of the 24 h amounts is based on an approximation by
the exponential distribution X ∼ exp(1/µ) and subsequently
adjusted by a scaling factor based on its return value β ′ =
1.256+0.064ln(τ ), where τ is the return interval in terms of
years (Benestad et al., 2019). In this expression β ′ is a best-fit
coefficient derived from a regression analysis with estimates
of return values against the log of its return interval for a
large number of available rain gauge measurements world-
wide. In other words, the amounts are derived by a random
number generator that produce nwet numbers with an expo-
nential distribution that subsequently are scaled by matching
their probabilities according to prescribed distribution with
the return interval p = (365.25 · τ)−1, and the end result is
pseudo-exponentially distributed. In order to ensure a typi-
cal climatological profile in the intensity, both the wet-day

mean precipitation µ climatology and the simulated random
daily amountsXt are ranked, and the latter is then sorted with
similar ranking. However, a random noise term (a “smudge”
factor) is introduced to the ranking of the climatology for
each year (different noise term for each year) to avoid an un-
naturally sharp peak in the climatology and avoid piling up
the greatest precipitation amount on one particular Julian day
for all years. The default smudge factor is set to σµclimµclim/2
after trial and error with daily precipitation data from Bjørn-
holt north of Oslo (as in Fig. 2). This factor can be changed
according to site through the argument WG(mu.smudge=),
as the default setting may not be appropriate for all locations.

Unless prescribed, the annual wet-day frequency fw and
wet-day mean precipitation µ are estimated from the train-
ing rain gauge series, but their chronology is scrambled
while keeping the temporal structure. The scrambling proce-
dure involves a Fourier transform F(y)=

∑
iai cos(wi t)+

bi sin(wi t), where the coefficients ai and bi determine the
spectral power (a2

i + b
2
i ) of their respective frequencies, and

the scrambling involves changing these coefficients in a con-
servative way so that the spectral power for each frequency
is the same as in the original data. This is equivalent to in-
troducing random phase shifts to all spectral components. If
prescribed, on the other hand, the input of the WG may be
(1) downscaled annual fw and µ, or (2) the arguments may
be single numbers which it will add to the scrambled annual
fw and µ derived from the training data to mimic a changed
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Figure 2. Test results for the WG applied to Bjørnholt rain gauge measurements north of Oslo, Norway. The WG simulations consist of
an ensemble with 30 independent runs. Upper left shows a quantile-quantile plot of the observed as opposed to simulated daily rainfall
amounts; upper right panel shows a quantile-quantile plot that compares the observed and simulated dry spell durations; and lower left
shows a comparison between observed and simulated dry-spell durations; Lower right panel compares the number of annual wet days
with original data shown in black and 30 random WG simulations as red dashed line. Data source: Norwegian Meteorological Institute
(https://frost.met.no/index.html, last access: 11 November 2026).

climate. Some examples of how the WG can be used are pro-
vided in Algorithms A1–A2 in Appendix A.

2.1 Evaluation of the weather generator for daily
rainfall

The WG for daily precipitation was tested and evaluated
against daily rain gauge data from Norway, Ghana and Ro-
mania, and involved a comparison between observed and pre-
dicted daily amounts as well as wet/dry spell duration and
climatology. Figure 2 shows the test results for Bjørnholt,
Oslo, Norway, and a quantile-quantile plot (upper left) shows
a good agreement between the daily precipitation amounts
from the rain gauge measurements and the output of the WG.
There are modest deviations in the upper quantiles beyond
60 mm, but this is also expected due to random sampling
fluctuations. The upper right and lower left panels show a
comparison between dry-spell and wet-spell durations, and
the test indicated that the WG had a tendency to generate
too few long wet spells (greater than 5 d) as well as too few
long dry spells (greater than 3 d). In this case, the spell du-
rations had not been considered other than being a result of
probabilities connected to the fw climatology, but this as-
pect can be improved through a subsequent step where sin-
gle wet days are moved to the nearest cluster of wet days
in a way that doesn’t strongly change the simulated clima-
tologies. The lower right panel shows a comparison between

the annual number of wet days (based on fw), and the WG
did not indicate the same modest trend as the observations
since the annual precipitation statistics a had been scrambled
through a Fourier transform with random phases.

Figure 3 shows further diagnostics of the WG, and the up-
per left panel compares the sum of total annual precipita-
tion. The WG produced results which were comparable to
the observations in terms of mean level and annual spikes.
Furthermore, it reproduced the climatologies in terms of
total precipitation (upper right), wet-day frequency (lower
left) and wet-day mean precipitation (lower right) reasonably
well. Root-mean-square-errors (RMSE) were estimated for
the climatology for total precipitation (upper right panel in
Fig. 3) for each simulation and were in the range 4.0–6.8 mm
for the ensemble runs representing Bjornholt (Table 1) and
are relatively small compared to the the monthly totals of
60–140 mm. Furthermore, the RMSE for the climatology of
the the wet-day mean precipitation (lower right panel) sand
wet-day frequency (lower left panel) were 0.26–0.48 mm d−1

and 0.011–0.016 respectively, which also are modest com-
pared to the climatologies themselves (7–11 mm d−1 for µ
and ∼ 0.4 for fw respectively). A Kolmogorov-Smirnov test
was used to compare the spell duration distributions of the
observations made at Bjørnholt and a 30-member ensemble
with WG simulations, and the test results were D = 0.13 for
the dry periods and D = 0.20 for wet spells, both with a p-
value< 2.2×10−16. A value ofD ≈ 0 would indicate a close
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match, D ≈ 1 signifies completely distinct statistical prop-
erties, and an interpretation of the test results of 0.1–0.2 is
therefore a partial match.

Figures 4–5 show results from a similar evaluation for
Akosombo in Ghana which also indicate a reasonable re-
production of the daily data. In this case, the data was pro-
vided by Ghana Meteorological Agency and shared within
the SPRINGS project, but the rain gauge record from Ghana
was much shorter than the Bjørnholt series, only covering the
1990–2025 period. The training of the WG improves with
long high-quality data, and some of the discrepancies be-
tween observed and modelled results may be due to the lim-
ited amount of data. Still, the WG reproduced daily amounts
of up to 100 mm that match the quantiles of the observations
(upper left panel in Fig. 4). The spell duration statistics was
based on a limited sample size, and the WG underestimated
durations greater than 30 d in this case (lower left panel in
Fig. 4). The WG nevertheless reproduced the main features
of the climatologies in the total precipitation, wet-day fre-
quency and wet-day mean precipitation.

A similar assessment was carried out for daily precipi-
tation from Cluj-Napoca in Romania using rain gauge data
from ECA&D (Klein Tank et al., 2002) covering the period
1950–2020, and the results of the evaluation for Romania are
presented in Figs. 6–7. In sum, the evaluation of the simple
WG for daily precipitation suggested that is gave an approx-
imate description of various aspects of precipitation, but also
produced somewhat diverging statistics of dry and wet spell
duration. The WG reproduced the observed daily amount
up to 20 mm and slightly underestimated greater amounts.
It also generated realistic spell durations shorter than 5 d,
but underestimated the longer wet and dry episodes. The
climatologies were also approximately reproduced for Cluj-
Napoca, ensuring realistic seasonality for the precipitation.

RMSE estimated for the simulated precipitation clima-
tologies for Bjørnholt, Akosombo and Cluj-Napoca are
summarised in Table 1 which suggest that the WG re-
produced the said climatologies with marginal errors. The
WG was also tested against local rainfall from GHCND
(Menne et al., 2012; Durre et al., 2010) in Arusha (Tan-
zania), Naples (Italy), as well as various locations in Nor-
way and spatially aggregated daily rainfall over different
sub-basins over the Volta catchment in Ghana based on
CHIRPS (Funk et al., 2015) (see the supporting informa-
tion at https://doi.org/10.6084/m9.figshare.33204858, Ben-
estad, 2026b). The Norwegian rain gauge stations were used
in this case because they are open access data from thredds,
which makes it easy for others to reproduce the same analy-
ses if they can use R and have the most recent esd-package
installed. One point to make is that this WG is easy to use and
test with any daily rain gauge station data, and users should
also do so for the location of their interest as it only takes a
minute or so.

3 A simple weather generator for daily temperature

A WG simulating temperature has to deal with different con-
siderations than a WG simulating precipitation, as the tem-
perature is a continuous function in time as opposed to the
intermittent nature of precipitation. Hence, there is no need
to split the days into two categories for temperature, such as
“dry” and “wet” days for daily precipitation. Furthermore,
daily temperature anomalies (after removing the daily cli-
matology describing the mean seasonal cycle) can be ap-
proximated by the normal distribution T2m ∼N (µ,σ 2), and
hence the WG for daily temperature uses the mean and stan-
dard deviation as two input parameters for determining its
nature. Since any time series can be expressed in terms of a
sum of a set of harmonics (cosines and sines), we can use a
Fourier series as a basis for the temperature-based WGs. The
WG for temperature also uses a phase-scrambled Fourier se-
ries, but uses it on the daily anomalies in order to preserve
time structures such as auto-correlations. Again, the phase-
scrambling involves randomising the coefficients ai and bi
while ensuring that the spectral power expressed in terms
of

√
a2
n+ an

2 is conserved and matches the original data.
Moreover, the WG subtracts the temperature climatology be-
fore applying the Fourier Transform and phase scrambling
to anomalies, and the scrambled data then provide probabil-
ity estimates, given its mean value and standard deviation.
The scrambled anomalies are subsequently subject to a trans-
form N (µ0,σ

2
0 )→N (µx,σ 2

x ), where µx and σx are new
mean and standard deviations, and the climatology is sub-
sequently reintroduced to the final transformed anomalies in
order to mimic the original temperatures. Some test results
for Akosombo in Ghana are shown in Fig. 8 in the shape of a
quantile-quantile plot, and the comparison with the original
data indicates a reasonably good reproduction of the temper-
atures except for a bias for temperatures lower than 28 °C.
Since the temperature simulations involved a scrambling of
the phases of fitted Fourier series in a way that conserved
their respective spectral power, the temporal structures such
as autocorrelation were expected to be similar as those of the
observation by the design of the method.

The temperature-based WG was tested on a number of
sites in Norway with freely available long temperature
records (see Benestad, 2026b) where its skill was assessed
through quantile-quantile plots of simulated temperatures
against the original observations. Figure 9 shows two exam-
ples from Oslo and Tromsø, and the results indicated that the
skill of reproducing the temperature amplitudes varied with
location.

4 Discussion

The simple WGs for precipitation and temperature have been
designed for single series. It is possible to provide precipita-
tion projections for several sites within a region where the an-
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Figure 3. Test results which show a comparison between observed and simulated annual total precipitation (upper left), total rainfall dis-
tributed over the year (lower left), the climatology in fw (upper right) and the climatology in µ (lower right). Data source: Norwegian
Meteorological Institute

Figure 4. Same as Fig. 1 but for Akosombo in Ghana. The data source is the Ghana Meteorological Agency.

nual or seasonal statistics are spatially consistent if the down-
scaled results use a principal component analysis (PCA) as a
basis for its predictands fw and µ (Benestad et al., 2015a),
but this solution does not apply to the daily sequences within
the individual years. Hence, while they take annual statis-
tics as input, which may correlate between nearby sites, they
don’t take into account possible systematic overlap between
adjacent sites associated with daily precipitation or temper-

ature with sufficiently large spatial scales. Furthermore, the
WGs don’t take into account potential correlation between
daily precipitation and temperature in their simplest applica-
tions, but in some cases there is no clear correlation between
the two, such as in Akosombo (Fig. 10), so that the differ-
ent variables may be generated by different WG simulations.
Many sites only measure rainfall or temperature and not both,
which also makes it tricky to consider pairs of temperature
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Figure 5. Same as Fig. 2. but for Akosombo in Ghana. The data source is the Ghana Meteorological Agency.

Figure 6. Same as Fig. 1 but for Cluj Napoca in Romania. The data source is ECA&D.

and precipitation anyway. This issue is not only affecting
ESD, as the covariance between daily temperature and pre-
cipitation also may be a problem with RCMs which may re-
produce biased bi-variate statistical distributions (Benestad
and Haugen, 2007).

Since the WG for precipitation has been designed to repro-
duce prescribed wet-day frequency and wet-day mean pre-
cipitation either aggregated over the entire period or on an
annual basis, the purpose of comparing those statistics with

observations is to provide a “sanity test” to see that the rou-
tine works as it should. The sequencing of the daily amounts
is random in the WG simulations, and since the number of
spells are fewer than the length of the simulated time se-
ries itself, we must expect a higher degree of random sta-
tistical fluctuations in the spell statistics. For all intents and
purposes, the spell durations of the observations may also be
regarded as random if the observation can be considered as
one realisation of many possible. One interesting question is

https://doi.org/10.5194/gmd-19-10849-2026 Geosci. Model Dev., 19, 10849–10862, 2026
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Figure 7. Same as Fig. 2. but for Cluj Napoca in Romania. The data source is ECA&D.

Table 1. Root mmean squared errors (RMSE) estimated for the climatologies of the simulated daily precipitation for Bjørnholt in Norway,
Akosombo in Ghana and Cluj-Napoca in Romania.

Location Total precipitation
∑
x wet-day mean precipication µ wet-day frequency fw

Bjørnholt 4.0–6.8 0.26–0.48 0.011–0.016
Akosombo 15.7–28.2 1.13–2.18 0.033–0.042
Cluj-Napoca 3.35–5.85 0.36–0.58 0.014–0.021

why there is such an underestimation of dry and wet spell
durations in the data from the WG, at least for Bjørnholt, and
one explanation may be that when the wet-day frequency cli-
matology is flat (fw ∈ [0.29,0.42]) then the wet days tend to
spread more out during a year, as opposed to when they are
concentrated into more distinct and shorter rainy seasons.

The underestimation of wet-spell and dry-spell duration is
an important limitation, and may affect the estimation of hy-
drological model outputs, especially run-off generation, an-
tecedent moisture, flood peaks, and drought duration. This
shortcoming affects the simple WG for precipitation with-
out further considerations, and it may be possible to subse-
quently move single wet days (i.e. reshuffle the data) sim-
ulated by the WG to the closest group of consecutive wet
days (i.e. clustering the wet days) so that they also improve
the spell length statistics (see Benestad, 2026b). The need
to cluster dry and wet days respectively appears to depend
on the chosen location and the wet-day frequency climatol-
ogy (whether there are rainy seasons or not), and can be con-
trolled in the model through an argument to its R call (setting
the arguments 'cluster=TRUE' and assigning a value to
'prob_shift') as it is also useful to have the very simple
type for when the spell durations don’t matter. It’s important

to take into account that the timing of wet and dry days has up
to this point been based on the wet-day frequency climatol-
ogy, since a desire has been to reproduce the rainy seasons, so
some modest shuffling of wet and dry days sometimes needs
to be carried out in a fashion that doesn’t artificially change
the climatologies (rainy seasons) for the sake of getting good
spell duration statistics. If the climatologies are flat anyway,
then they may not be strongly influenced by such reshuffling.

Although these simple WGs have been designed to be
able to take into account correlations in annual fw and µ,
the lack of dependence between simulated daily precipitation
and temperature may matter for snow and evapotranspiration
applications. There may be some options for the daily data,
however, and since the time structure of the daily temperature
simulations is expected to be realistic due to the preservation
of spectral power in the Fourier series, the simulated temper-
ature may be used to guide the timing of daily precipitation
that has biases when it comes to spell duration statistics. One
possibility is to use a pair of temperature and precipitation
series from the same location and reshuffle wet days based
on e.g. a moving 15 d window and a rank analysis of tem-
perature and precipitation within this segment. Furthermore,
a copula can introduced to improve the daily timing and co-
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Figure 8. A quantile-quantile plot presenting test results for the simple WG for daily maximum temperature at Akosombo in Ghana. There
was a some discrepancy in the lowest temperatures, but otherwise a good match with the observations.

Figure 9. Examples of weather generator simulations for daily mean temperature in Oslo and Tromsø (upper pans) and an evaluation of the
temperature amplitudes in the shape of quantilequantile plots (lower panels).

https://doi.org/10.5194/gmd-19-10849-2026 Geosci. Model Dev., 19, 10849–10862, 2026
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Figure 10. A bivariate statistical distribution or daily rainfall and daily mean temperature at Akosombo in Ghana shows that there is little
covariance between the two variables.

occurrence of rainfall by coupling it to a joint dependence
structure of temperature and precipitation independently of
their individual marginal probability distributions (Cong and
Brady, 2012; Van De Velde et al., 2023). These considera-
tion are beyond the scope of this documentation of the sim-
ple WGs, but are more relevant for specific application of
WGs for the use in hydrological modelling, and hence left
for future research and development.

It is also useful to keep in mind that some variables may
not change much or may be associated with a weak response
in the impact model, and in this case, they may be represented
by surrogate noise. For instance, Mtongori et al. (2015) used
a crop model to evaluate the effect of either changed tem-
perature or rainfall on maize crops, and found the model
to be more sensitive to temperature change. There are other
elements such as wind and short-wave radiation (sunlight)
which may affect local hydrology, but there is no clear evi-
dence that wind speed and direction are expected to change
substantially. Short-wave radiation is affected by cloudiness
and aerosols, and is not expected to change as a direct con-
sequence of an increased greenhouse effect (but may never-
theless be affected by altered anthropogenic emissions of for
example sulphur and soot). In such cases, surrogate variables
may be used, such as the output of similar weather generators
that reproduce their salient characteristics.

The simple WGs presented herein were not designed to
simulate changes in climatological profiles, and when annual
statistics is used as input, it is also assumed that the climatol-
ogy is stationary. However, a more advanced strategy could

be to use monthly statistics as input that may make it possible
to simulate changes to the climatological profiles, e.g. based
on downscaled monthly estimates of fw and µ.

5 Conclusions

In summary, a simple weather generator developed for the
SPRINGS project facilitates a link between the downscaled
precipitation statistics from global climate models and hy-
drological models that require daily rainfall as input. It can
take downscaled wet-day frequency fw and wet-day mean
precipitation µ for a single location or a group of locations as
input and simulate daily precipitation with a change to those
parameters. The simple weather generator for daily precipita-
tion gives a reasonable reproduction of the observations from
a single site, but nevertheless has some limitations when it
comes to reproducing the statistics of the durations of wet
and dry spells. Furthermore, it doesn’t take into account de-
pendencies to nearby daily precipitation or temperature un-
less the simulations are processed further. A companion sim-
ple weather generator for daily temperature that can use an-
nual mean temperature as well as standard deviation as in-
puts is also evaluated, and the test results also indicate that
it gives a reasonable reproduction of the observations. It too
has some limitations since it assumes that the daily temper-
ature anomalies are normally distributed which results in the
lowest simulated temperatures often being too high.
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Appendix A

Algorithm A1 A simple demonstration of the use of the WG.

## The WG is a part of the R-package 'esd' and this chunk installs the esd package if it's
not already installed:

install.esd <- ("esd" %in% rownames(installed.packages()) == FALSE)
if (install.esd) {
## Install esd from GitHub:
install.devtools <- ("devtools" %in% rownames(installed.packages()) == FALSE)
if (install.devtools) {
print('Need to install the devtools package')
## You need online access.
install.packages('devtools', dependencies = TRUE)

}
library(devtools)
## Need the R-packages zoo and ncdf4
install.zoo <- ("zoo" %in% rownames(installed.packages()) == FALSE)
if (install.zoo) install.packages('devtools', dependencies = TRUE)
install.ncdf4 <- ("ncdf4" %in% rownames(installed.packages()) == FALSE)
if (install.ncdf4) install.packages('ncdf4', dependencies = TRUE)
library(devtools)
print('Now install the esd package')
## You need online access.
install_github('metno/esd')

}

## activate the esd-package
library(esd)
## Get the WG help page with examples - also use '?WG' for help pages on WG()
data(bjornholt)
## Demo run
z <- WG(bjornholt)
## simulate a hypothetical climate with fewer but more intensive rainy days
x <- WG(bjornholt,fw=wetfreq(z) - 0.1,mu=wetmean(z) + 2)
index(x) <- index(x) - index(x)[1] + as.Date('2050-01-01')
plot(zoo(combine.stations(z,x)),plot.type='single',col=c('black','grey'))
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Algorithm A2 More advanced demonstration of the use of the WG.

## Retrieve gridded key annual rainfall statistics for the Nordic countries from
thredds/OpenDap

lons <- lon(bjornholt) + c(-5,5)
lats <- lat(bjornholt) + c(-5,5)
thredds.path <- 'https://thredds.met.no/thredds/dodsC/metusers/rasmusb/'
mu.url <- 'mu_DSEns_Nordics_4seasons_1950-2100_ssp370.nc'
fw.url <- 'fw_DSEns_Nordics_4seasons_1950-2100_ssp370.nc'
param <- ncvars(paste0(thredds.path,mu.url))
## Get the ensemble mean and standard deviation
mu.m <- regrid(retrieve(paste0(thredds.path,mu.url),param=param[1],

lon=lons,lat=lats),bjornholt)
mu.s <- regrid(retrieve(paste0(thredds.path,mu.url),param=param[2],

lon=lons,lat=lats),bjornholt)
param <- ncvars(paste0(thredds.path,fw.url))
fw.m <- regrid(retrieve(paste0(thredds.path,fw.url),param=param[1],

lon=lons,lat=lats),bjornholt)
fw.s <- regrid(retrieve(paste0(thredds.path,fw.url),param=param[2],

lon=lons,lat=lats),bjornholt)
## generate a plausbile time series based on the smooth ensemble mean
## and random annual fluctuations based on the ensemble standard deviation
mu <- annual(mu.m + rnorm(length(mu.s))*mu.s)
fw <- annual(fw.m + rnorm(length(fw.s))*fw.s)
z.bjornholt <- WG(bjornholt,mu=mu,fw=fw)
plot(combine.stations(bjornholt,z.bjornholt))
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Code and data availability. Code for the WGs is avail-
able as part of the open-source R-package “esd” ver-
sion 1.11.30 from Benestad and Mezghani (2026,
https://doi.org/10.6084/m9.figshare.1160493.v19). Some of
the data is provided as a part of the R-package, except for the
rain gauge data from Ghana. The R-code used to produce these
results are provided in an R-markdown file in the Supplement with
Benestad (2026b, https://doi.org/10.6084/m9.figshare.33204858).
The ECA&D (Klein Tank et al., 2002) data used as an example
here is public and available from https://www.ecad.eu/dailydata/
(last access: 11 November 2026), however, similar demonstrations
can be done with other daily rain gauge data. A copy of the
Romanian Cluj Napoca ECA&D record is provided in Benestad
(2026a, https://doi.org/10.6084/m9.figshare.31869940) where it is
stored as an esd-station object stored in the native R-binary “.rda”
format that can be read using 'load(<file name>)'. The
Met Ghana record used in the SPRINGS project is not open and
nor free to share, but there is a record available from Akuse in
GHCND with doubtful quality which is also provided in Benestad
(2026a). The data in this case is not important, as it merely serves
for demonstration purposes, and an evaluation of the WG should
also involve other data records.
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line at https://doi.org/10.5194/gmd-19-10849-2026-supplement.

Competing interests. The contact author has declared that there are
no competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims made in the text, pub-
lished maps, institutional affiliations, or any other geographical rep-
resentation in this paper. The authors bear the ultimate responsibil-
ity for providing appropriate place names. Views expressed in the
text are those of the authors and do not necessarily reflect the views
of the publisher.

Acknowledgements. This work has been supported by the project
EU-SPRINGS. I’m grateful for input and comments by Oskar A.
Landgren.

Financial support. This research has been supported by the Hori-
zon 2020 (grant no. 101137255).

Review statement. This paper was edited by Charles Onyutha and
reviewed by two anonymous referees.

References

Benestad, R.: Sample data for a simple weather gener-
ator that converts statistical information from down-
scaled global climate models to 24-hr precipitation
input for hydrological models, figshare [data set],
https://doi.org/10.6084/M9.FIGSHARE.31869940, 2026a.

Benestad, R.: Supporting material for A simple weather
generator that converts statistical information from
downscaled global climate models to 24-hr precipita-
tion input for hydrological models, figshare [data set],
https://doi.org/10.6084/M9.FIGSHARE.33204858, 2026b.

Benestad, R. and Mezghani, A.: esd for Win-
dows, Mac \& Linux, figshare [code],
https://doi.org/10.6084/M9.FIGSHARE.1160493.V18, 2026.

Benestad, R. E.: A new global set of downscaled
temperature scenarios, J. Climate, 24, 2080–2098,
https://doi.org/10.1175/2010JCLI3687.1, 2011.

Benestad, R. E.: A Norwegian Approach to Downscaling, arXiv
[preprint], https://doi.org/10.48550/arXiv.2411.02856, 2025.

Benestad, R. E. and Haugen, J. E.: On Complex Extremes: Flood
hazards and combined high spring-time precipitation and tem-
perature in Norway, Climatic Change, 85, 381–406, 2007.

Benestad, R. E., Hanssen-Bauer, I., and Chen, D.:
Empirical-statistical downscaling, World Scientific,
https://doi.org/10.1142/6908, 2008.

Benestad, R. E., Chen, D., Mezghani, A., Fan, L., and
Parding, K.: On using principal components to represent
stations in empirical-statistical downscaling, Tellus A, 67,
https://doi.org/10.3402/tellusa.v67.28326, 2015a.

Benestad, R. E., Mezghani, A., and Parding, K. M.: esd V1.0, Zen-
odo [code], https://doi.org/10.5281/zenodo.29385, 2015b.

Benestad, R. E., Parding, K. M., Isaksen, K., and Mezghani,
A.: Climate change and projections for the Barents region:
what is expected to change and what will stay the same?,
Environ. Res. Lett., 11, 054017, https://doi.org/10.1088/1748-
9326/11/5/054017, 2016.

Benestad, R. E., Parding, K. M., Erlandsen, H. B., and Mezghani,
A.: A simple equation to study changes in rainfall statistics,
Environ. Res. Lett., 14, 084017, https://doi.org/10.1088/1748-
9326/ab2bb2, 2019.

Benestad, R. E., Parding, K. M., and Dobler, A.: Downscaling the
probability of heavy rainfall over the Nordic countries, Hydrol.
Earth Syst. Sci., 29, 45–65, https://doi.org/10.5194/hess-29-45-
2025, 2025.

Bergström, S.: Development and application of a conceptual runoff
model for Scandinavian catchments, RHO 7, SMHI, Norrköping,
Sweden, https://www.diva-portal.org/smash/get/diva2:1456191/
FULLTEXT01.pdf (last access: 11 November 2026), 1976.

Cong, R.-G. and Brady, M.: The Interdependence between Rainfall
and Temperature: Copula Analyses, Sci. World J., 2012, 1–11,
https://doi.org/10.1100/2012/405675, 2012.

Deser, C., Knutti, R., Solomon, S., and Phillips, A. S.:
Communication of the role of natural variability in future
North American climate, Nat. Clim. Change, 2, 775–779,
https://doi.org/10.1038/nclimate1562, 2012.

Deser, C., Lehner, F., Rodgers, K. B., Ault, T., Delworth, T. L.,
DiNezio, P. N., Fiore, A., Frankignoul, C., Fyfe, J. C., Hor-
ton, D. E., Kay, J. E., Knutti, R., Lovenduski, N. S., Marotzke,
J., McKinnon, K. A., Minobe, S., Randerson, J., Screen, J. A.,

https://doi.org/10.5194/gmd-19-10849-2026 Geosci. Model Dev., 19, 10849–10862, 2026

https://doi.org/10.6084/m9.figshare.1160493.v19
https://doi.org/10.6084/m9.figshare.33204858
https://www.ecad.eu/dailydata/
https://doi.org/10.6084/m9.figshare.31869940
https://doi.org/10.5194/gmd-19-10849-2026-supplement
https://doi.org/10.6084/M9.FIGSHARE.31869940
https://doi.org/10.6084/M9.FIGSHARE.33204858
https://doi.org/10.6084/M9.FIGSHARE.1160493.V18
https://doi.org/10.1175/2010JCLI3687.1
https://doi.org/10.48550/arXiv.2411.02856
https://doi.org/10.1142/6908
https://doi.org/10.3402/tellusa.v67.28326
https://doi.org/10.5281/zenodo.29385
https://doi.org/10.1088/1748-9326/11/5/054017
https://doi.org/10.1088/1748-9326/11/5/054017
https://doi.org/10.1088/1748-9326/ab2bb2
https://doi.org/10.1088/1748-9326/ab2bb2
https://doi.org/10.5194/hess-29-45-2025
https://doi.org/10.5194/hess-29-45-2025
https://www.diva-portal.org/smash/get/diva2:1456191/FULLTEXT01.pdf
https://www.diva-portal.org/smash/get/diva2:1456191/FULLTEXT01.pdf
https://doi.org/10.1100/2012/405675
https://doi.org/10.1038/nclimate1562


10862 R. E. Benestad : WG bridging downscaling and impact modelling

Simpson, I. R., and Ting, M.: Insights from Earth system model
initial-condition large ensembles and future prospects, Nat. Clim.
Change, 10, 277–286, https://doi.org/10.1038/s41558-020-0731-
2, 2020.

Durre, I., Menne, M. J., Gleason, B. E., Houston, T. G., and Vose,
R. S.: Comprehensive Automated Quality Assurance of Daily
Surface Observations, J. Appl. Meteorol. Clim., 49, 1615–1633,
https://doi.org/10.1175/2010JAMC2375.1, 2010.

Engeland, K. and Alfredsen, K.: Hydrology and water resources
management in a changing world, Hydrol. Res., 51, 143–145,
https://doi.org/10.2166/nh.2020.000, 2020.

Eyring, V., Bony, S., Meehl, G. A., Senior, C. A., Stevens, B.,
Stouffer, R. J., and Taylor, K. E.: Overview of the Coupled
Model Intercomparison Project Phase 6 (CMIP6) experimen-
tal design and organization, Geosci. Model Dev., 9, 1937–1958,
https://doi.org/10.5194/gmd-9-1937-2016, 2016.

Fowler, H. J., Blenkinsop, S., and Tebaldi, C.: Linking cli-
mate change modelling to impacts studies: recent advances
in downscaling techniques for hydrological modelling: AD-
VANCES IN DOWNSCALING TECHNIQUES FOR HYDRO-
LOGICAL MODELLING, Int. J. Climatol., 27, 1547–1578,
https://doi.org/10.1002/joc.1556, 2007.

Fowler, H. J., Mearns, L. O., and Wilby, R. L.: Downscaling Fu-
ture Climate Projections: Compounding Uncertainty But Adding
Value?, in: Uncertainty in Climate Change Research, edited by:
Mearns, L. O., Forest, C. E., Fowler, H. J., Lempert, R., and
Wilby, R. L., pp. 185–197, Springer Nature Switzerland, Cham,
https://doi.org/10.1007/978-3-031-85542-9_18, 2025.

Funk, C., Peterson, P., Landsfeld, M., Pedreros, D., Verdin, J.,
Shukla, S., Husak, G., Rowland, J., Harrison, L., Hoell, A., and
Michaelsen, J.: The climate hazards infrared precipitation with
stations – a new environmental record for monitoring extremes,
Sci. Data, 2, 150066, https://doi.org/10.1038/sdata.2015.66,
2015.

Gassman, P. W., Sadeghi, A. M., and Srinivasan, R.: Applications of
the SWAT Model Special Section: Overview and Insights, J. En-
viron. Qual., 43, 1–8, https://doi.org/10.2134/jeq2013.11.0466,
2014.

Giorgi, F. and Mearns, L.: Regional climate modeling revisited, J.
Geophys. Res., 104, 6335–6353, 1999.

IPCC: Climate Change 2021: The Physical Science Ba-
sis. Contribution of Working Group I to the Sixth As-
sessment Report of the Intergovernmental Panel on Cli-
mate Change, Tech. rep., Cambridge University Press,
https://doi.org/10.1017/9781009157896, 2021.

IPCC: Climate Change 2022 – Impacts, Adaptation and Vul-
nerability: Working Group II Contribution to the Sixth
Assessment Report of the Intergovernmental Panel on
Climate Change, Cambridge University Press, 1st Edn.,
https://doi.org/10.1017/9781009325844, 2023.

Klein Tank, A. J. B. W., Konnen, G. P., Böhm, R., Demarée,
G., Gocheva, A., Mileta, M., Pashiardis, S., Hejkrlik, L., Kern-
Hansen, C., Heino, R., Bessemoulin, P., Müller-Westermeier, G.,
Tzanakou, M., Szalai, S., Pálsdóttir, T., Fitzgerald, D., Rubin, S.,
Capaldo, M., Maugeri, M., Leitass, A., Bukantis, A., Aberfeld,
R., van Engelen, A. F. V., Førland, E., Mietus, M., Coelho, F.,
Mares, C., Razuvaev, V., Nieplova, E., Cegnar, T., López, J. A.,
Dahlström, B., Moberg, A., Kirchhofer, W., Ceylan, A., Pachal-
iuk, O., Alexander, L. V., and Petrovic, P.: Daily dataset of 20th-

century surface air temperature and precipitation series for the
European Climate Assessment, Int. J. Climatol., 22, 1441–1453,
https://doi.org/10.1002/joc.773, 2002.

Lindström, G., Johansson, B., Persson, M., Gardelin, M., and
Bergström, S.: Development and test of the distributed
HBV-96 hydrological model, J. Hydrol., 201, 272–288,
https://doi.org/10.1016/S0022-1694(97)00041-3, 1997.

Meehl, G. A., Moss, R., Taylor, K. E., Eyring, V., Stouffer, R. J.,
Bony, S., and Stevens, B.: Climate Model Intercomparisons:
Preparing for the Next Phase, Eos T. Am. Geophys. Un., 95, 77–
78, https://doi.org/10.1002/2014EO090001, 2014.

Menne, M. J., Durre, I., Vose, R. S., Gleason, B. E., and Hous-
ton, T. G.: An Overview of the Global Historical Climatology
Network-Daily Database, J. Atmos. Ocean. Tech., 29, 897–910,
https://doi.org/10.1175/JTECH-D-11-00103.1, 2012.

Mezghani, A. and Hingray, B.: A combined downscaling-
disaggregation weather generator for stochastic gener-
ation of multisite hourly weather variables over com-
plex terrain: Development and multi-scale validation for
the Upper Rhone River basin, J. Hydrol., 377, 245–260,
https://doi.org/10.1016/j.jhydrol.2009.08.033, 2009.

Mtongori, H., Stordal, F., Benestad, R., Mourice, S., Pereira-Flores,
M., and Justino, F.: Impacts of climate and farming management
on maize yield in southernTanzania, Afr. Crop Sci. J., 23, 399,
https://doi.org/10.4314/acsj.v23i4.9, 2015.

Schuler, T. V., Benestad, R. E., Isaksen, K., Kierulf, H. P.,
Kohler, J., Moholdt, G., and Schmidt, L. S.: Svalbard’s
2024 record summer: An early view of Arctic glacier
meltdown?, P. Natl. Acad. Sci. USA, 122, e2503806122,
https://doi.org/10.1073/pnas.2503806122, 2025.

Semenov, M.: Development of high-resolution UKCIP02-based cli-
mate change scenarios in the UK, Agr. Forest Meteorol., 144,
127138, 2007.

Semenov, M. and Barrow, E. M.: Use of a stochastic weather gen-
erator in the development of climate change scenarios, Climate
Change, 35, 397–414, 1997.

Semenov, M. and Brooks, R. J.: Spatial interpolation of the LARS-
WG stochastic weather generator in Great Britain, Clim. Res.,
11, 137–148, 1999.

Takayabu, I., Kanamaru, H., Dairaku, K., Benestad, R., Storch,
H. V., and Christensen, J. H.: Reconsidering the quality and
utility of downscaling, J. Meteor. Soc. Jpn, 94A, 31–45,
https://doi.org/10.2151/jmsj.2015-042, 2015.

Van De Velde, J., Demuzere, M., De Baets, B., and Verhoest, N.:
Future multivariate weather generation by combining Bartlett-
Lewis and vine copula models, Hydrolog. Sci. J., 68, 1–15,
https://doi.org/10.1080/02626667.2022.2144322, 2023.

Wilks, D.: Adapting stochastic weather generation algorithms for
climate change studies, Climatic Change, 22, 67–84, 1992.

Wilks, D. S. and Wilby, R. L.: The weather generation game: a re-
view of stochastic weather models, Prog. Phys. Geogr., 23, 329–
357, https://doi.org/10.1177/030913339902300302, 1999.

Geosci. Model Dev., 19, 10849–10862, 2026 https://doi.org/10.5194/gmd-19-10849-2026

https://doi.org/10.1038/s41558-020-0731-2
https://doi.org/10.1038/s41558-020-0731-2
https://doi.org/10.1175/2010JAMC2375.1
https://doi.org/10.2166/nh.2020.000
https://doi.org/10.5194/gmd-9-1937-2016
https://doi.org/10.1002/joc.1556
https://doi.org/10.1007/978-3-031-85542-9_18
https://doi.org/10.1038/sdata.2015.66
https://doi.org/10.2134/jeq2013.11.0466
https://doi.org/10.1017/9781009157896
https://doi.org/10.1017/9781009325844
https://doi.org/10.1002/joc.773
https://doi.org/10.1016/S0022-1694(97)00041-3
https://doi.org/10.1002/2014EO090001
https://doi.org/10.1175/JTECH-D-11-00103.1
https://doi.org/10.1016/j.jhydrol.2009.08.033
https://doi.org/10.4314/acsj.v23i4.9
https://doi.org/10.1073/pnas.2503806122
https://doi.org/10.2151/jmsj.2015-042
https://doi.org/10.1080/02626667.2022.2144322
https://doi.org/10.1177/030913339902300302

	Abstract
	Introduction
	Design of the simple weather generator for daily precipitation
	Evaluation of the weather generator for daily rainfall

	A simple weather generator for daily temperature
	Discussion
	Conclusions
	Appendix A
	Code and data availability
	Supplement
	Competing interests
	Disclaimer
	Acknowledgements
	Financial support
	Review statement
	References

