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ABSTRACT: To this day, accurately simulating local-scale precipitation and reliably reproducing its distribution remains a
challenging task. The limited horizontal resolution of global climate models is among the primary factors undermining their
skill in this context. The physical mechanisms driving the onset and development of precipitation, especially in extreme events,
operate at spatiotemporal scales smaller than those numerically resolved, thus struggling to be captured accurately. To circum-
vent this limitation, several downscaling approaches have been developed over the last decades to address the discrepancy be-
tween the spatial resolution of models’ output and the resolution required by local-scale applications. In this paper, we
introduce RainScaleGAN, a conditional deep convolutional Generative Adversarial Network (GAN) for precipitation down-
scaling. GANs have been effectively used in image superresolution, an approach highly relevant for downscaling tasks. Rain-
ScaleGAN’s capabilities are tested in a perfect-model setup, where the spatial resolution of a precipitation dataset is artificially
degraded from 0.258 3 0.258 to 28 3 28, and RainScaleGAN is used to restore it. The developed model outperforms one of the
leading precipitation downscaling methods found in the literature. RainScaleGAN not only generates a synthetic dataset fea-
turing plausible high-resolution spatial patterns and intensities but also produces a precipitation distribution with statistics
closely mirroring those of the ground-truth dataset. Given that RainScaleGAN’s approach is agnostic with respect to the un-
derlying physics, the method has the potential to be applied to other physical variables such as surface winds or temperature.

SIGNIFICANCE STATEMENT: Accurately predicting local precipitation is difficult due to the limitations of current
climate models. These models struggle to capture the small-scale processes causing precipitation, especially those lead-
ing to extreme events. To address this, we developed a new tool that uses advanced artificial intelligence techniques to
improve rainfall predictions. This tool takes low-resolution precipitation data and enhances it to high resolution, pro-
viding more detailed rainfall patterns. Our results show that the tool performs better than one of the leading existing
methods. This advancement could lead to more precise climate projections, better preparation for extreme weather,
and suggests further exploration on additional weather variables.
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1. Introduction

Global climate models (GCMs) are nowadays the primary
tools for the investigation of the climate system, its mecha-
nisms, and its changes. Despite the remarkable skill achieved
in the recent decades across a wide range of applications, and
their continuous evolution, they still lack accuracy in the re-
production of the precipitation distribution (cf. Sha et al.
2020). The most relevant reason for such limitation can be
traced back to the spatial resolution at which most of the cur-
rent state-of-the-art GCMs are run, usually falling within the
range of 50–200 km. Such horizontal resolution, much coarser
than the typical spatial scale of precipitation and convective
structures, can reasonably capture the synoptic and part of the
mesoscale atmospheric circulation but is too coarse to accu-
rately represent small-scale phenomena, particularly where

proper modeling requires a precise representation of surface
meteorological variables on topographically complex terrain.
Weather and climate models rely on specific parameterizations
to tackle this inadequacy, and despite notable improvements in
recent years, this approach still presents limitations. In particu-
lar, numerical models suffer from an imperfect physical repre-
sentation of precipitation: they usually simulate convective and
stratiform precipitation independently, resulting in an inaccu-
rate precipitation distribution, where typically the occurrence of
light rain (drizzle) is overestimated, while dry days and high to
extreme events are underestimated (see, e.g., Piani et al. 2010).

Beyond simulating the atmosphere for research purposes,
atmospheric modeling serves societally relevant goals. It plays
a crucial role in supporting a range of applications, including
hydrological modeling, water management, and agriculture. In
broader terms, it enables scientific evidence–based decision-
making processes for policymakers, engineers, and planners,
who need to understand and formulate a response to predicted
events. All these applications are highly sensitive to the precip-
itation input they receive, to its resolution, and to the details
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of its fine-scale distribution, thus requiring greater accuracy
and a finer spatial distribution than what GCMs provide.

In atmospheric sciences, the term downscaling refers to any
operation aimed at inferring high-resolution variables from low-
resolution data. Many techniques exist, founded on the assump-
tion that the large-scale configuration of the atmosphere strongly
influences variables at the local scale. Downscaling techniques
can be classified into two main groups, each approaching the
task differently (for an in-depth review, see Maraun et al. 2010).
On the one hand, dynamical downscaling uses high-resolution
regional climate models nested within low-resolution GCMs,
which provide boundary conditions to them (Feser et al. 2011;
Rummukainen 2010). While these models have a strong physical
basis, they come with large computational costs, limiting their
coverage to specific areas and a restricted number of simulations.
On the other hand, statistical downscaling is a postprocessing
technique that establishes statistical relationships between large-
scale predictors and small-scale predictands (Wilby and Wigley
1997; Rummukainen 1997; Wilby et al. 1999; Dibike and
Coulibaly 2005). Methods within this category are computa-
tionally less expensive, yet their calibration relies on high-quality
local-scale data, which may not always be available everywhere.
Moreover, they might not be easily transferable to different
regions of the globe. A particular category of statistical meth-
ods is represented by stochastic downscaling methods, a form
of weather generators (Maraun et al. 2010), which, starting
only from large-scale precipitation fields, can generate fine-
scale downscaled fields with a realistic spatial correlation struc-
ture and amplitude distribution (see, for example, Ferraris et al.
2003).

In recent years, applying machine learning (ML) techniques
originally developed in image processing to downscaling tasks
has produced remarkable results. The exploration of such tech-
niques in a context different from their origin has been driven
by the similarity between downscaling and the so-called image
superresolution (upsampling),1 which is the process of enhanc-
ing the resolution of an image (Reichstein et al. 2019). To date,
the most successful ML models in the field of image processing
are based on convolutional neural networks (CNNs), leading
many authors to tackle the downscaling problem using CNNs
(Sha et al. 2020; Kumar et al. 2021; Wang et al. 2021). Further
advancements have come from applying generative adversarial
networks (GANs) (Goodfellow et al. 2014, 2020) to the down-
scaling problem. The goal of GANs is to train a neural network,
called generator, to generate examples that mimic the probabil-
ity distribution of the training data. A complementary neural
network, the discriminator, is designed to assess the generated
examples, distinguishing them from the training data and then
encouraging the generator to enhance its performance. Ledig
et al. (2017) applied GANs to image superresolution, while
Leinonen et al. (2021) introduced a recurrent superresolution
GAN able to generate ensembles of plausible high-resolution

atmospheric fields from their low-resolution (upscaled) counter-
parts. Ravuri et al. (2021) addressed the problem of the so-called
nowcasting, developing a deep generative model for the proba-
bilistic short-term prediction of radar-measured precipitation.
Harris et al. (2022) and Price and Rasp (2022) extended the
problem addressed by Leinonen, building models mapping
from multiple low-resolution atmospheric fields (including
precipitation) from a numerical weather prediction model
to high-resolution radar-measured precipitation. More recently,
Annau et al. (2023) developed a superresolution GAN-based
model trained on nonidealized pairs consisting of low-resolution
(80 km) reanalysis data and 10-m wind component fields
from a convection-permitting (4 km) model driven by the
same low-resolution dataset. Their model aims to reproduce
fine-scale details consistent with the convection-permitting
simulation, effectively capturing its internal variability.

In this paper, we will demonstrate how a GAN with a simple
architecture can effectively downscale precipitation. By relying
solely on the low-resolution precipitation field as a predictor,
our approach can be easily generalized to any part of the globe,
as it is independent of explicitly incorporating the topographic
features of the geographical region under investigation, nor does
it require additional external sources of information. However,
it is important to note that extending the method to other re-
gions would require additional training with region-specific pre-
cipitation data. We will conduct the training and testing of the
model in the so-called perfect-model setup (pure superresolution,
cf. Harris et al. 2022), reducing the resolution of training data
through spatial aggregation, and using our model to restore the
lost original resolution. We will demonstrate how the generated
dataset closely mirrors the statistical properties of the original
dataset. Additionally, our trained generator proves to be more
effective in producing high-resolution precipitation fields com-
pared to RainFARM (Rebora et al. 2006; D’Onofrio et al. 2014;
Terzago et al. 2018), a state-of-the art stochastic downscaling
method.

The structure of the paper is as follows: Section 2 presents
the data used in our experiments and their preprocessing. In
section 3, we define the task we addressed, describe the model
architecture, outline the training process, list the metrics used
to assess the performance of the model, and briefly introduce
RainFARM, the alternative downscaling method used as a
baseline to assess RainScaleGAN's skills. Section 4 presents
the results of the experiments, describing the training pro-
cess, model validation and testing, with the final comparison
with RainFARM. The final section 5 discusses the results,
the limitations of the adopted framework, and possible future
developments.

2. Data

The ERA5 (Hersbach et al. 2023) reanalysis data for total
precipitation have been used throughout the entire machine
learning exercise and for conducting the downscaling process
using RainFARM. This variable represents the cumulative
amount of liquid and solid precipitation, resulting from both
large-scale and convective precipitation. The spatial covering

1 Note that, somewhat confusingly, the term upsampling (down-
sampling) in the field of image processing refers to the process of in-
creasing (decreasing) the resolution of an image. This is exactly the
opposite of the terms upscaling/downscaling used in meteorology.
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is global, with a resolution of 0.258 3 0.258, and the temporal
resolution equals 1 h.

To demonstrate our model, we chose a region of interest
centered on the Alpine arch, spanning latitudes 388–53.758N
and longitudes 38–18.758E. This region includes both sea and
land for the majority of the Italian Peninsula, Austria, the
Czech Republic, the central and southern parts of Germany,
Switzerland, the Netherlands, Belgium, the eastern part of
France, and some portions of the neighboring countries. Such
a choice is rather arbitrary, but our model is designed to be
agnostic regarding the region to which it is applied. Addition-
ally, the selected region encompasses a topographically com-
plex terrain, due to the presence of orography, making it a
suitable testbed for a rainfall downscaling technique.

a. Data source and preprocessing

The ERA5 total precipitation has been obtained through
the Copernicus Climate Data Store (CDS) [Copernicus Cli-
mate Change Service (C3S) 2023]. In this archive, ERA5 data
are interpolated onto a regular latitude–longitude grid. The to-
tal precipitation is derived from short (18-h) forecasts, run
twice a day from the 0600 and 1800 UTC analyses. The accu-
mulation is carried out for the hour ending at the date and
time of validity. We computed the daily precipitation by taking
the average of the hourly values within the same date and then
multiplying by 24 (the number of hours in a day). This value is
not coincident with the precipitation actually accumulated dur-
ing the corresponding 24 h, as the precipitation with valid time
0000 UTC is accumulated from 2300 to 2359 UTC of the previ-
ous day. In the present study, we do not plan a comparison with
measured data; therefore, such inconsistency is not relevant.

The data related to the domain of interest have been extracted,
without performing any further spatial interpolation, resulting in
precipitation fields of 643 64 grid points (a box of approximately
1800 km3 1300 km). A spatial filter has been applied to the da-
taset to exclude days with extremely low precipitation, as a
measure to counterbalance part of the drizzle problem. Addi-
tionally, we observed that exposing the GAN to nonmeaningful
samples slows down its convergence. The filter is implemented
by computing the spatial average of the precipitation across the
entire domain for each sample of the dataset. Days are excluded
from the dataset if this quantity falls below a small threshold, ar-
bitrarily set at 1 mm. The resulting two-dimensional daily precipi-
tation fields constitute the examples used for training the GAN.

Feature scaling is a fundamental preprocessing step in most
ML tasks. It enhances the convergence speed and performance
of ML optimization algorithms, effectively preventing gradient
descent issues. Moreover, it helps in handling skewed data and
reducing the impact of outliers, balancing the influence of fea-
tures. Therefore, the following transformations are applied to
the original precipitation rate x (mm day21):

1) Square root transformation
��
x

√
:

2) Rescaling (min–max normalization), applied separately to
each grid point according to the following formula:

xscaled 5 m 1
x 2 xmin

xmax 2 xmin
(M 2 m), (1)

where xmin and xmax are the minimum and the maximum val-
ues of the time series for that grid point, and the chosen fea-
ture range is [m,M]5 [21, 1].

As precipitation has a strongly positively skewed distribution,
the reexpression (see, e.g., Wilks 2011) using the square root trans-
formation contributes to obtaining a more symmetric distribution,
facilitating the analysis of data and improving the performance of
the ML model. Additionally, it avoids the issue of zeros related to
the commonly used logarithmic transformations. Regarding the
latter transformation (min–max scaling), since the value of precipi-
tation over each grid point can be considered a feature influenced
by the underlying topography and specific precipitation-generating
processes, the rescaling ensures a consistent treatment of the en-
tire precipitation field under consideration.

b. Data subsets

Data selection is critical in constructing a data-driven model.
Proper sampling of predictor variability is essential for achiev-
ing model generalizability. In ML practice, it is standard to di-
vide the data into training, validation, and test subsets, ensuring
that these subsets are independent of each other.

However, meteorological data can be conceptualized as time
series that are intrinsically autocorrelated over finite spatial and
temporal domains. Therefore, the standard procedure often
used in deep learning research}extracting random samples
from the available data, assuming each instance is independent,
and arbitrarily assigning them to the training, validation, and
test sets}is inappropriate. This approach can overestimate the
skill of the model because random sampling introduces correla-
tions among the three subsets, thereby incorporating informa-
tion into the test set that has already been used in training. To
address this, we adopt the strategy of random block sampling
(Schultz et al. 2021), where the dataset is split into blocks with
durations much greater than the period of time considered to
contribute the most to autocorrelation (a few days). A downside
of this method is that it assumes there are no significant long-
term trends in the distribution of precipitation, which contrasts
with the effects of climate change. Nevertheless, it can serve as a
useful indicator of the effectiveness of the MLmodel in handling
such statistical changes over time, assessing its robustness and
applicability, for example, in the context of climate projections.

The ERA5 dataset we downloaded, spanning the years from
1940 to 2022, has been divided into three consecutive subsets:
data from 1940 to 1998 are used as the training set (15692 exam-
ples after filtering), data from 1999 to 2010 are used as the vali-
dation set (3261 examples), and data from 2011 to 2022 are
used as the test set (3134 examples). To apply minibatch sto-
chastic gradient descent (Goodfellow et al. 2016), shuffling is
applied to each of these three subsets. This shuffling aims to en-
sure independence between the examples within each mini-
batch, as well as between the minibatches themselves.

3. Methods

a. Definition of the task

An inherent challenge in evaluating a new downscaling
technique is the unavoidable presence of biases between the
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predictor and target datasets. To circumvent this issue, we adopt
what in the literature is referred to as a perfect-model setup
(Terzago et al. 2018). This involves taking a high-resolution
precipitation dataset, measured or simulated, and artificially de-
grading its spatial resolution through an aggregation operation.
The downscaling model is then tasked with restoring the lost
resolution based on this smoother, low-resolution precipitation
field. This allows for the assessment of the skill of the downscal-
ing method, measuring whether the produced field reflects the
correct rainfall patterns and statistical properties of the true
field (Rebora et al. 2006). In terms closer to those used in the
machine learning domain, it is also called pure superresolution
(Harris et al. 2022).

To apply this procedure to our study, we performed a spatial
aggregation (upscaling) on the ERA5 daily total precipitation,

reducing its spatial resolution by a factor of 8, from 0.258 3

0.258 to 28 3 28. The operation consists in taking the average
of precipitation across groups of 8 3 8 adjacent grid cells.
The resulting coarsened field covers an area of 8 3 8 grid
cells. Figure 1 displays some examples of the outcome of the
described operation.

b. Model architecture

The model we constructed is a conditional GAN (Mirza
and Osindero 2014), i.e., a GAN in which both the generator
and discriminator receive, as additional input, conditioning
data aimed at directing the generation process. In our case,
these conditioning data consist of the low-resolution version
of the daily precipitation field to be downscaled. This source
of information is conditioning in the sense that it provides the

FIG. 1. (left) the ERA5 daily total accumulated precipitation and (right) the corresponding coarsened version
for two sample days (4 Nov 1966 and 7 Oct 1970). The original ERA5 examples have a spatial resolution of 0.258
3 0.258 and consist of 64 3 64 grid points. The coarsened versions, obtained with an upscaling factor of 8, have a
spatial resolution of 28 3 28 and consist of 8 3 8 grid points.
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large-scale structure of the precipitation field that the generated
fine-scale example is required to adhere to. The task of the gen-
erator is to produce a precipitation field at the target spatial res-
olution, using an input composed of the following:

• The corresponding low-resolution conditioning field.
• A source of noise, in this case an array of random numbers
drawn from a normal distribution with mean 0 and stan-
dard deviation 0.02.

The noise source in the generator implies that it is capable
of producing an indefinite number of examples consistent
with the structure of the low-resolution conditioning field.
The task of the discriminator is to distinguish the predictions
of the generator from the corresponding “ground-truth” fields
from the training set. The discriminator is fed with either
ground-truth or generated examples, each one together with
the corresponding low-resolution precipitation field, always
drawn from the upscaled version of the training data. Please
note that the upscaled counterparts of the generated precipi-
tation are never used. Due to the architecture of the neural
networks we implemented for the two components of Rain-
ScaleGAN, inputs must be concatenated. In the case of the
discriminator, this operation requires that input fields have
the same spatial dimensions. We thus performed a nearest-
neighbor remapping on the low-resolution dataset, generating
a rainfall field with the same information content, but with
spatial resolution matching the one of the target, high-resolution
dataset. The output of the discriminator is used to calculate the
loss function for both the discriminator itself and the generator.
This way, the discriminator guides the training process, providing
a feedback to the generator, ideally enabling it to improve its
performance during the training process. Figure 2 presents
an overview of the described process, illustrating the inter-
play between information sources, models, and their outputs
during the training phase.

Figure 3 illustrates the architecture of the generator and
discriminator, both implemented as deep convolutional arti-
ficial neural networks. The input to the generator is a one-
dimensional array constructed by flattening the low-resolution
input field to be downscaled and concatenating it with the array
of random numbers mentioned above. This input is initially
mapped through a dense layer to a three-dimensional tensor of
appropriate size, depending on the number of grid points
in the precipitation field to be generated. Following, there
are four blocks of layers designed to map this tensor to the
target field. Such number of blocks depends on the spatial
extent of the target rainfall field and, ultimately, on the up-
scaling factor, i.e., the ratio between the spatial resolutions of
the low- and high-resolution fields. The essential components of
these blocks consist of a two-dimensional upsampling layer fol-
lowed by a two-dimensional convolutional layer, with increasing
spatial dimensions (height and width) and decreasing number of
filters. Specifically, the upsampling layers have upsampling fac-
tors of (2, 2), doubling the height and width of the tensor they re-
ceive, while the convolutional layers have a stride of 1 in both
directions and number of filters equal to 256, 128, 64, and 32, re-
spectively. Batch normalization (Ioffe and Szegedy 2015) and

leaky rectified linear unit (ReLU) activation with a negative
slope of 0.2 are applied at the end of both the input block and
each of the aforementioned convolutional blocks. The network
concludes with a two-dimensional convolutional layer with a sin-
gle filter, employing the hyperbolic tangent as activation. This
layer aims to generate the final image corresponding to the rain-
fall field at the target resolution.

The structure of the discriminator mirrors that of the gener-
ator. It takes as input pairs of ground-truth/generated high-
resolution rainfall fields and their corresponding low-resolution
rainfall fields which}as mentioned above}have been remapped
with the nearest-neighbor method. These fields are concatenated
along their depth (i.e., the images are stacked) and then passed
to the discriminator. Four blocks consisting of convolutional
layers with strides (2, 2), to reduce the height and width of the
input by half at each layer, and increasing number of filters
(64, 128, 256, 512) are employed. Each block is activated using
the leaky ReLU function with a negative slope of 0.2. The net-
work concludes with a single-filter convolutional layer, densely
connected to a single unit, with linear activation (i.e., no final
activation is applied).

The size of the convolutional filters, in both the generator
and the discriminator, is a parameter that we optimized dur-
ing the validation phase. The optimal generator and discrimi-
nator that we selected have approximately 4.3 and 2.8 million
trainable parameters, respectively (compare with the training
set size: 15692 examples, each consisting of a 64 3 64 grid-
point precipitation field).

Generator

Discriminator

Noise

Generated precipita�on
(64x64)

Loss

ERA5 coarse
remapped

(64x64)

ERA5
(64x64)

ERA5 coarse
(8x8)

Nearest neighbour
remapping

+

+

+

concatenate

concatenate

concatenate

Coarsening

FIG. 2. Information flow during the model training.
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c. Training

Training a GAN involves the simultaneous training of two
models: the discriminatorD, which aims to maximize the proba-
bility that it assigns the correct label to real (from the training
set) and fake (from the generator) examples, and the generator
G, which aims to maximize the probability that D mistakenly
assigns the label “real” to generated examples. In other words,
the training is a minimax game with a value function V(G, D)
(Goodfellow et al. 2014):

min
G

max
D

V(D, G) 5 Ex;pdata(x)[log(D(x))]
11Ez;pz(z)[log(1 2 D(G(z)))], (2)

where pdata and pz are the distributions of the training data x
and of a noise variable z, respectively. Under appropriate as-
sumptions (cf. Goodfellow et al. 2014), the minimax game ex-
pressed by Eq. (2) translates into minimizing the Jensen–Shannon
divergence2 between the distribution of training data and that of

generated data. This divergence may not be continuous with re-
spect to the generator parameters (Arjovsky et al. 2017), and
its minimization often leads to discriminator saturation with re-
sulting vanishing gradients (Gulrajani et al. 2017). Wasserstein
GANs (WGANs) (Arjovsky et al. 2017) are designed to ad-
dress these issues. The training objective of a WGAN is ex-
pressed by

min
G

max
D2D

Ex;pdata
[D(x)] 2 Ez;pz(z)[D(G(z))], (3)

where D is the set of 1-Lipschitz functions. Once the dis-
criminator (referred to as the critic in the foundational pa-
per) is optimized, the minimization of the previous value
function with respect to the generator parameters mini-
mizes the Earth-Mover (Wasserstein-1) distance between
the distributions of the training and generated data.

The value function based on this distance exhibits better
properties than the original value function, making the optimiza-
tion of the generator simpler. Following Gulrajani et al. (2017),
we enforce the Lipschitz constraint onD by introducing a gradi-
ent penalty term in the discriminator loss.

FIG. 3. The architecture of the networks composing RainScaleGAN. The input layers of the two networks (the coarse image together
with a noise source for the generator, the generated/ground-truth image together with the corresponding coarse image for the discrimina-
tor) are not shown. (top) Generator architecture. The upsampling layers have upsampling factors of (2, 2), thereby doubling the number
of rows and columns of their input. The intermediate convolutional layers have a number of kernels equal to 256, 128, 64, and 32, respec-
tively. The final convolutional layer has a single kernel and is activated with the hyperbolic tangent function. (bottom) Discriminator archi-
tecture. The convolutional layers, except the last one, have a number of kernels equal to 64, 128, 256, and 512, respectively, and strides
(2, 2). Each of them halves the height and width of the field it receives as input.

2 The Jensen–Shannon divergence is a measure of the similarity
between two probability distributions.
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The GAN framework extends to a conditional model by in-
corporating auxiliary information y into both the generator and
discriminator (Mirza and Osindero 2014). In a downscaling
task, this auxiliary information consists of the low-resolution
field to be refined. Thus, the objective functions for the genera-
tor and discriminator of the conditional WGAN with gradient
penalty (WGAN-GP) used in this study are

LD 5 Ex;pdata
[D(x|y)]

12Ez;pz(z)[D(G(z|y)|y)]
11 l(Ex̂;P̂x

[(‖=x̂D(x̂)‖2 2 1)2]), (4)

LG 5 Ez;pz(z)[D(G(z|y)|y)], (5)

with l being a constant representing the weight of the gradi-
ent penalty term, set equal to 10 in accordance with Gulrajani
et al. (2017), and the samples x̂ are defined by

x̂ 5 ex 1 (1 2 e)G(z), (6)

where e is a random number drawn from a uniform distribution
U[0, 1]. Both the generator and the discriminator aim to maxi-
mize their respective objective functions as defined above. Un-
like some other conditional GAN approaches for downscaling,
we did not implement a content loss term. The relevance of con-
tent loss is evident in studies that involve observations (e.g.,
Harris et al. 2022) or aim to emulate specific characteristics of
the process generating the target dataset (e.g., Annau et al.
2023), often with a stronger emphasis on improving per-gridcell
metrics. In contrast, its role appears to be less prominent in
perfect-model setups like ours (cf. Leinonen et al. 2021). Addi-
tionally, this choice allows us to assess the impact of the objective
function of the generator, as defined in Eq. (5)}commonly re-
ferred to as the adversarial component}on effectively guiding
the superresolution task as formulated in this study, independent
of any content loss.

Following Arjovsky et al. (2017), during the training cycle of
RainScaleGAN, we alternate between five iterations of training
for the discriminator and one iteration of training for the genera-
tor. The Adam optimizer (Kingma and Ba 2017) with a learning
rate of 23 1024 has been chosen for both the neural networks.

d. Skill metrics

To assess the performance of the model, as well as to moni-
tor training and conduct validation, we employed the follow-
ing set of metrics.

As a simple indicator of the quality of the generated precip-
itation fields, useful for evaluating the convergence of the
training process, we use the root-mean-square error:

RMSE 5

����������������������������
1
N
∑
N

i51
(xtrue,i 2 xgen,i)2

√
, (7)

where i indexes the grid points and N is their total number. To
have a more precise evidence of the ability of the GAN to re-
construct the spatial structure and variability of the generated
rainfall field, we calculate the log-spectral distance (LSD)

between the spatial radial spectrum of the generated dataset
and the corresponding spectrum of the ERA5 dataset:

LSD 5

����������������������������������
1
K
∑
K

k51
10 log10

Ptrue,k

Pgen,k

( )2√√√
: (8)

The power spectra Ptrue and Pgen are obtained by performing
the Fourier transform in the physical (two-dimensional) space
of the precipitation field, averaging along the time axis over all
the examples within the dataset in question. Then, a binned av-
erage is applied in the k space over K bins, each bin being cen-
tered on one of the discrete Fourier wavenumbers that can be
defined in the physical space. This operation is equivalent to
collapsing over all angular directions of the two-dimensional
spectrum, obtaining a one-dimensional spectrum (cf. Harris
et al. 2022).

The two metrics presented above (henceforth collectively re-
ferred to as image metrics) are borrowed from the practice of
image processing. Although they constitute an important refer-
ence point for evaluating the model’s skill, they lack in describ-
ing the statistical, and in some sense physical, properties of the
generated dataset. To provide a more comprehensive assess-
ment of these properties, considering their importance especially
within the context of climate studies, we extended our suite of
metrics to include a set of basic statistics for the generated data-
set. These statistics were not only monitored during training but
were also crucial for model selection and in the final assessment
of the trained model, facilitating a comparison with the alterna-
tive downscaling method. In the following, we will collectively
refer to these metrics as statistical metrics. Specifically, we con-
sidered the climatology and the standard deviation of the time
series for daily total precipitation, calculated grid-point-wise:

Clim(i, j) 5
∑
t
x(i,j)t

T
, (9)

SD(i, j) 5

�����������������������������
∑
t
[x(i,j)t 2 Clim(i,j)]2

T

√√
, (10)

where x(i,j)t is the amount of the daily total accumulated precipi-
tation on the grid point (i, j) for the day t, while T is the total
number of days in the dataset. Moreover, we compute the 95th
and 99th percentiles of daily total precipitation, once again on a
grid-point-wise basis. The climatology and standard deviation
enable the assessment of the mean statistical properties of the
generated dataset. The uppermost percentiles are important in
evaluating the GAN’s capability to accurately capture both the
magnitude and the localization of extreme events.

e. Alternative method

As a baseline for comparing the performance of the con-
structed model, we chose RainFARM (Rebora et al. 2006), a
well-established method for rainfall downscaling that relies
on a nonlinear transformation of a Gaussian random field.
A detailed description of the RainFARM approach, as well as
its subsequent refinement by Terzago et al. (2018), is provided
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in the appendix. In this work, we used this latest version of
RainFARM when comparing with RainScaleGAN.

To ensure consistency between the data provided to the
GAN during training, RainFARM was run using the slope
of the power spectrum of the upscaled ERA5 training set
(1940–98). The climatology of these data at the original res-
olution was used to compute the corrective weights. Once
these parameters were determined, RainFARM was applied
to the upscaled (28 3 28) ERA5 test set to generate precipi-
tation fields at the target resolution (0.258 3 0.258). These
fields were then used as a baseline for evaluating the GAN.

4. Results

a. Training analysis

During training, we expect the generated dataset to progres-
sively become similar to the training dataset. This implies that
its statistical properties will converge to those of the training da-
taset. Unlike a standard GAN, RainScaleGAN}which is based
on a Wasserstein GAN}has loss functions correlated with
both the convergence of the generator and the quality of the
generated data (cf. Arjovsky et al. 2017; Gulrajani et al. 2017).
However, to have a more meaningful perspective on the quality
of the climate delivered, we decided to rely on the set of metrics
defined in section 3d to monitor the training process.

Figure 4 shows the evolution of the log-spectral distance and
of the root-mean-square error between the (spectra of) gener-
ated precipitation fields and their corresponding true counter-
parts, throughout RainScaleGAN’s training process. Similarly,
Fig. 5 shows the evolution of the root-mean-square errors for cli-
matology, standard deviation, and the 95th and 99th percentiles,
with respect to the corresponding quantities for the true data-
sets. In detail, the calculation of these metrics proceeded as
follows:

• At the end of each training epoch, the generator, with pa-
rameters fixed at the last update, was used to reconstruct
both the training set (1940–98) and the validation set (1999–
2010), from the corresponding ERA5 upscaled versions.

• We computed the root-mean-square errors between the
generated datasets and their ground-truth ERA5 counter-
parts, for both the training and the validation sets. The
data used in this computation are bounded within the range
[21, 1], originating from a dataset subjected to the prepro-
cessing operations outlined in section 2a.

• The generated train and validation datasets were denormal-
ized, applying the inverse of the scaling operation [Eq. (1)]
and retransformed to have units of millimeter per day, apply-
ing a square operation. Please note that the same scaling fac-
tors calculated for the training set were used for scaling both
the generated training and validation sets.

• The climatology, standard deviation, and 95th and 99th percen-
tiles for both the generated training and validation datasets in
millimeter per day were calculated. The root-mean-square er-
rors of these statistics were computed, with respect to the cor-
responding quantities for the ERA5 datasets.

• The power spectra of the generated training and validation
datasets in millimeter per day were computed, from which
the log-spectral distances with respect to the power spectra
of the respective true datasets were derived.

The evolution of all the metrics indicates that the generator
converges during training. A rapid improvement is observed
in the first 50 epochs, followed by a slow, steady improvement,
leading to a stable situation between epochs 300 and 400. Im-
portantly, the trend observed in metrics calculated on the vali-
dation set closely follows that of the metrics computed on the
training set, which allow us to exclude the occurrence of overfit-
ting during the training process. After conducting several sensi-
tivity analysis, considering the absence of evident overfitting, we

FIG. 4. Evolution of image metrics throughout the GAN training process. (top) LSD between the spatial radial
spectra of the generated precipitation and that of the corresponding true dataset. (bottom) RMSEs between the gen-
erated images and their corresponding true counterparts. The solid lines refer to the training dataset (1940–98), while
the dashed lines correspond to the validation dataset (1999–2010).
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empirically established that 400 training epochs is the threshold
beyond which RainScaleGAN’s skill does not significantly
improve.

b. Model selection

Optimizing RainScaleGAN’s hyperparameters is a chal-
lenging task, due to the nonmonotonic behavior of the above-
defined metrics during the training process (cf. Figs. 4 and 5).
This difficulty can be attributed to the intrinsically stochastic
nature of the model, stemming from the inclusion of a white
noise source in the generator’s input. This characteristic does
not compromise the quality of the GAN with respect to the
downscaling task it is designed for, as a downscaling model of
the type developed in this study aims at generating a (set of)
possible realization(s) of precipitation at the small scale, having
statistical properties that mirror those measured in the corre-
sponding area (Rebora et al. 2006). However, this small-scale
stochasticity results in the variability of the generated field,
which, while being desirable in studies employing ensembles,
may negatively impact grid-point-wise calculated statistics, such
as those considered here. Indeed, metrics that compare a fore-
cast and an observation (or, as in this case, a surrogate like a re-
analysis) individually in each location suffer from the so-called
double penalty effect (Rossa et al. 2008): small errors in the
placement of the forecasted precipitation result in both the pen-
alty associated with incorrectly locating precipitation (miss) and
predicting it in the wrong place (false alarm).

Instead of introducing additional metrics, we opted for a
simple selection criterion. We evaluated the model in differ-
ent configurations, varying one hyperparameter at a time, and
selected the configuration that performed best based on the
number of epochs}after RainScaleGAN stabilized (i.e., after
300 epochs, as specified in section 3a)}in which it achieved
the lowest root-mean-square error across a set of metrics
computed for the validation set, relative to the corresponding
ERA5 subset. For this task, we considered the four statistical
metrics}climatology, standard deviation, and 95th and 99th
percentiles}since they effectively evaluate the accurate repro-
duction of climate, which is our primary interest, and are less
prone to excessive variability during the training process. For
each of the final 100 epochs in each training run within a given
group of model configurations, we identified the configuration
that achieved the lowest root-mean-square error for each metric
compared to all others in the group. We separately tested the
size of the convolutional filters for the generator and the dis-
criminator, varying it between 2 3 2, 3 3 3, 4 3 4, and 5 3 5.
The results of these experiments, depicted in Fig. 6, led us to
choose the configuration that achieved the best scores for the
most metrics considered, namely, the one with 4 3 4 convolu-
tional filters for both the generator and the discriminator.

c. Model evaluation: Analysis of a single realization

The evaluation of RainScaleGAN was conducted using the
test set previously held out for this purpose (years 2011–22).
The preprocessing of this dataset followed the same

FIG. 5. Evolution of statistical metrics over the GAN training: RMSEs between (top) the climatology and standard
deviation, and (bottom) 95th and 99th percentiles of the generated dataset with respect to the corresponding true da-
taset. The solid lines refer to the training dataset (1940–98), while the dashed lines correspond to the validation data-
set (1999–2010).
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procedure applied to the training and validation datasets, as
outlined in section 2a. Importantly, the same scaling factors cal-
culated for the training set were used for the scaling of the test
set. Since RainScaleGAN is trained to handle rainfall scaled
with these factors, the network parameters are adjusted during
training to reproduce precipitation magnitudes at each grid
point that depend on this scaling. The use of different scaling
factors (calculated, for example, on the test set itself) would
compromise the generator’s ability to reproduce the correct
amount of precipitation at each grid point, along with its capac-
ity to extrapolate to previously unseen data. After these opera-
tions, the optimal generator identified during the validation
phase was used to downscale the entire upscaled test set, which
was then denormalized and transformed back to units of milli-
meter per day. In this way, a dataset was created that should
mimic the test set extracted from the original ERA5 data.

Figure 7 shows the comparison between the predictions
generated by RainScaleGAN and those of RainFARM, for

four randomly selected precipitation events, along with the
corresponding ERA5 ground truth. The analysis of the maps
highlights that RainScaleGAN produces precipitation fields
with more realistic details. While both methods are effective
in capturing the large-scale structure of the precipitation field,
RainFARM seems constrained to reproduce fine-scale details
with the same texture across all parts of the domain. Further-
more, RainFARM’s downscaling procedure, while conserva-
tive, introduces local maxima at locations distinct from those
where the actual maxima are present in the original data. In
contrast, RainScaleGAN, despite producing discrepancies
compared to the ground-truth field, appears to generate a
field that is more visually consistent with the true field. More-
over, it successfully captures the position and magnitude of
precipitation maxima, which is particularly desirable in the
context of studies on extreme events.

The analysis of the statistical metrics for the test set confirms
the superiority of RainScaleGAN. Figure 8 displays the maps

FIG. 6. Selection of convolutional filter sizes. The plot shows, for each configuration and each selection metric
considered, the number of training epochs in the final phase of training, after the GAN has stabilized, in which
each configuration achieves the lowest RMSE for that metric compared to the other configurations.
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FIG. 7. Comparison between (middle) the predictions generated by RainScaleGAN and (right) the predictions of
RainFARM, for four randomly selected precipitation events. (left) The (ERA5) ground-truth data.
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of the climatology, standard deviation, and 99th percentile for
the test set downscaled by RainScaleGAN. It also includes the
metrics for the ERA5 ground-truth dataset, as well as the devi-
ations of these metrics with respect to those of the GAN down-
scaled dataset. Figure 9 shows similar maps, but considering the

test set reconstructed by RainFARM. The observed edge arti-
facts result from the periodic boundary conditions assumed in
its implementation. In operational settings, this issue is typically
mitigated by applying the downscaling procedure to a slightly
larger domain than the region of interest.

FIG. 8. Maps of statistical metrics for (left) the ERA5 ground-truth test set (2011–22), (middle) those for the test set as recon-
structed by RainScaleGAN, and (right) the deviation between the corresponding metrics of the two groups.
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Both methods reproduce climatology with sufficient accuracy,
correctly capturing its spatial patterns and magnitude. However,
RainFARM benefits from incorporating climatological infor-
mation for the fine-scale precipitation field during calibration,
enabling it to refine and correct its predictions accordingly.
Although the hold-out test dataset is temporally distinct from the

training dataset (used to define the climatology for RainFARM),
and thus exhibits different statistical properties, the inclusion
of climatological information related to fine-scale precipita-
tion over the extended period corresponding to the training set
enhances the RainFARM downscaling. This approach helps
capturing the spatial behavior of precipitation, especially in

FIG. 9. As in Fig. 8, but for the test set (2011–22) as reconstructed by RainFARM.

I O T T I E T A L . 13JULY 2025

Unauthenticated | Downloaded 07/21/25 05:37 PM UTC



regions with complex orography like the Alps, where the terrain
significantly influences the spatial patterns of precipitation. Con-
sequently, this source of information contributes to the observed
good outcome. Conversely, the GAN does not have explicit ac-
cess to this type of information. The accurate reproduction of
climatology in areas with complex orography suggests that Rain-
ScaleGAN, by seeing during the training process examples of
precipitation fields sampled from the same probability distribu-
tion it aims to reconstruct, is able to autonomously infer its sta-
tistical characteristics, including climatology. This explains the
excellent results, even without the explicit constraint provided
to RainFARM. We consider this a remarkable achievement.
For the other statistics, RainScaleGAN continues to excel in re-
construction accuracy, whereas RainFARM introduces artifacts

and distortions in both the placement of local maxima and the
prediction of their correct magnitudes. Table 1 reports the root-
mean-square errors between the statistics of the datasets gener-
ated by RainScaleGAN and RainFARM, with respect to the
corresponding ERA5 dataset, further confirming the above
observations.

Figure 10 displays the time mean of radial power spectra
for the test set examples, generated by both RainScaleGAN
and RainFARM, along with the corresponding reference
spectrum for the ERA5 ground truth dataset. The figure leg-
end also includes the log-spectral distances between the two
generated power spectra and the ERA5 spectrum. Details for
the calculation of these quantities are provided in section 3d.
It is evident that RainScaleGAN produces a dataset whose
mean spectrum faithfully reflects that of the reference dataset,
while RainFARM loses definition at small scales (high k),
where its spectrum appears as a simple extrapolation of that
at larger spatial scales. This observation is not surprising, con-
sidering the theoretical framework of RainFARM (see the
appendix for details).

RainScaleGAN does not explicitly model the temporal evolu-
tion of precipitation fields. Consequently, the temporal structure
of the downscaled outputs is expected to reflect that of the low-
resolution inputs. In other words, the temporal consistency of

TABLE 1. RMSEs for the statistical metrics of the downscaled
test set, with respect to those of the ERA5 test set.

RMSE (mm day21)

RainScaleGAN RainFARM

Climatology 0.178 648 0.368 761
Standard deviation 0.389 718 1.121 955
95th percentile 0.920 116 2.443 838
99th percentile 2.111 995 5.848 271

FIG. 10. Time-mean radially averaged power spectra of the downscaled test sets generated by Rain-
ScaleGAN and RainFARM, compared with the reference power spectrum of the ERA5 dataset.
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the generated precipitation relies solely on the model that produ-
ces the training data. Nonetheless, it is important to evaluate
whether RainScaleGAN distorts the temporal characteristics of
precipitation. To investigate this, we analyze the power spectrum
of the precipitation time series, averaged over the considered
domain. Figure 11 shows the domain-averaged power spec-
trum of the precipitation time series from the downscaled test
set generated by RainScaleGAN and RainFARM, compared
to the reference power spectrum from the ERA5 dataset. The
power spectrum is computed by applying a normalized Fourier
transform to the precipitation time series at each grid point
within the test set (2011–22). The resulting spectra are then aver-
aged over the domain. This analysis is performed for ERA5, as
well as for a single realization of the precipitation field generated
by both RainScaleGAN and RainFARM. To reduce noise, the
power spectrum is smoothed using a running mean filter with a
window size of 5. A comparison of the three spectra reveals
that RainFARM tends to overestimate power at short pe-
riods, suggesting an excess of variability at high frequen-
cies. In contrast, RainScaleGAN more closely follows the
ERA5 reference spectrum, indicating a more realistic recon-
struction of the temporal structure of precipitation variability.

As an additional evaluation tool to assess the downscaling
skills of RainScaleGAN, we analyzed the probability distribu-
tion of the daily accumulated total precipitation across the en-
tire domain, over the full temporal extent of the test set. We
treated all grid points together, considering all time steps, to
construct a single probability distribution. Figure 12 shows
the complementary cumulative distribution function (CDF)

of the ground-truth ERA5 test dataset, together with the
complementary CDFs of the test sets reconstructed by Rain-
ScaleGAN and RainFARM. For a real-valued random vari-
able X evaluated at x, this quantity is defined as

FX(x) 5 P(X . x) 5 1 2 FX(x) 5 1 2

	x

2‘
fX(t)dt, (11)

where FX is the CDF of X, fX is its probability density func-
tion, and FX(x) represents the probability of the variable X
exceeding the value x. In our specific case, with X being the
daily precipitation values from all grid points and all time steps
in the test set, this has a good physical meaning, expressing the
probability of a certain precipitation value being exceeded
across the entire geographical region. The functions plotted in
Fig. 12 demonstrate that RainScaleGAN is able to accurately
reconstruct the amount of precipitation over the studied do-
main, even though it slightly underestimates the rightmost tail
of the distribution, generating slightly lower precipitation max-
ima. On the other hand, RainFARM appears to overestimate
the highest values of the precipitation distribution, introducing
a significant number of unrealistic extreme values, exceeding
the true maxima with value well above 200 mm day21.

The quantile–quantile (Q–Q) plot in Fig. 13 further confirms
these observations. It is constructed by plotting the quantiles
of the precipitation probability distribution of the test dataset,
as reconstructed by RainScaleGAN and RainFARM, against
those of the probability distribution of the ground-truth ERA5
dataset. Each point on the plot represents the precipitation

FIG. 11. Domain-averaged power spectrum of the precipitation time series from the downscaled test set generated
by RainScaleGAN and RainFARM, compared with the reference power spectrum from the ERA5 dataset.
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value corresponding to a certain quantile of the probability dis-
tribution for the test dataset generated by the two downscaling
models against the value of the corresponding quantile for the
ground-truth ERA5 test dataset probability distribution. This
visualization highlights that while the lowest and central parts
of the generated precipitation distribution are satisfactorily
captured by both downscaling techniques, RainFARM intro-
duces a positive bias in the uppermost part of the distribution.
This is evidenced by the trend of the highest quantiles, which
is steeper than the bisector line. Conversely, the trend of the
quantiles of the RainScaleGAN downscaled test set closely fol-
lows the bisector line, indicating precipitation amounts more
consistent with the true amounts across the entire range of val-
ues. These observations are consistent with the earlier analysis,
as all the statistical metrics of the RainFARM-reconstructed
dataset showed positive biases with respect to the correspond-
ing statistics of the ERA5 test set.

d. Model evaluation: Noise impact and reliability

The analysis conducted in section 4c was based on a single
realization of the precipitation field at the target scale. While
this is important for evaluating the ability of RainScaleGAN
to generate a realistic dataset with good statistical proper-
ties, there are other aspects of the output generated by the
GAN that deserve further investigation. As highlighted in
section 3b, the generator includes a noise source}an array
of random numbers drawn from a normal distribution with
a mean of 0 and a standard deviation of 0.2. Therefore, it is
important to explore whether, and to what extent, this noise
source influences the results.

To address this, we generated an ensemble of realizations
of the precipitation field at the fine-scale, using the test set
held out for evaluation (2011–22). The preprocessing of this
dataset followed the same steps and precautions (in particular
the scaling factors) outlined in section 4c. The same optimal
generator identified during the validation phase was used to
produce 100 realizations of the upscaled test set. The inclusion
of random noise as input to the generator ensures the stochas-
tic nature of the fine-scale details in the output precipitation
fields. This approach allows us to investigate the impact of the
noise source on RainScaleGAN output.

Figure 14 shows four different realizations of the same set
of precipitation events considered in Fig. 7. Comparing these
realizations for the same dates provides insight into the vari-
ability introduced by the noise input to the generator. An in-
spection of the maps reveals that while the boundaries and
positions of areas associated with precipitation events shift
slightly across different realizations, RainScaleGAN appears
to be self-consistent in positioning local maxima. This consis-
tency is important for assessing the intensity and location of
heavy precipitation events. Importantly, the large-scale spatial
structure of the precipitation field is preserved, suggesting that
the noise input to the generator does not distort this structure,
as prescribed by the coarse-scale field being downscaled.

As in section 4c, to conduct a more quantitative evalua-
tion, we considered the probability distribution for the
daily accumulated total precipitation generated by
RainScaleGAN by building the complementary CDF for the
test set realizations produced by both RainScaleGAN and
RainFARM. These results were then compared with the
ground-truth ERA5 test set. The corresponding plot is
shown in Fig. 15. This plot illustrates the probability of a

FIG. 12. The complementary CDF of the daily accumulated total
precipitation for the ERA5 test set (2011–22), along with the corre-
sponding functions for the test set as reconstructed by RainScale-
GAN and RainFARM.

FIG. 13. Q–Q plot of the precipitation probability distribution
for the test dataset (2011–22) downscaled by RainScaleGAN and
RainFARM against the probability distribution of the ground-truth
ERA5 test dataset.
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certain precipitation value being exceeded across the entire
considered domain. By inspecting it, we gain insight into the
spread of the precipitation maxima produced by both downscal-
ing methods. RainScaleGAN generates a narrower range of
precipitation maxima, and, consistent with what was noted in
the previous section, it slightly underestimates the rightmost

tail of the distribution, yielding lower values. In contrast, Rain-
FARM tends to overestimate the highest values, with some
members generating precipitation maxima more than double
the ground-truth global maximum for the accumulated precipi-
tation within the investigated domain. While RainScaleGAN
appears to be more accurate between the two downscaling

FIG. 14. Four different realizations of the same set of precipitation events shown in Fig. 7.
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methods, its restricted range of values may be a disadvan-
tage in studies where a good representation of variability is im-
portant. This aspect requires further investigation, involving an
assessment of the variability of results as a function of parame-
ters of the noise input to the generator.

Reliability diagrams are a commonly used tool for verifying
probabilistic forecasts. In these diagrams, forecasts are grouped
into bins according to their predicted probability, shown on the
horizontal axis, while the corresponding observed frequency is
plotted on the vertical axis. For perfect reliability, the forecast
probability should match the observed frequency, resulting in
points lying along the diagonal. For a detailed explanation
of their construction, interpretation, and meaning, refer to
Wilks (2011).

Reliability diagrams are typically used to evaluate probabilis-
tic forecasts for dichotomous events, such as rain versus no rain.
Although each realization of the precipitation field from
RainScaleGAN and RainFARM can be viewed as a determinis-
tic prediction of a continuous variable, by generating an ensem-
ble of forecasts from the same predictor (the large-scale
precipitation field to be downscaled), we can adapt this verifica-
tion tool to our context. To assess how RainScaleGAN performs
across different precipitation intensities}particularly in predict-
ing weak (drizzle) and extreme precipitation events}and to
identify any potential biases, we defined three binary events:

1) Total accumulated precipitation , 1 mm day21 (drizzle
event).

2) Total accumulated precipitation exceeding the 95th
percentile.

3) Total accumulated precipitation exceeding the 99th
percentile.

For each time step in the test set, we evaluated the occur-
rence of these events at each grid point. The thresholds for the
95th and 99th percentiles were determined from the full time
series (years 2011–22) at each grid point. These conditions de-
fine masks that transform the generated dataset into a binary
prediction (yes/no) for the corresponding event. This proce-
dure was applied separately to each ensemble member, after
which the ensemble mean was computed at each time step and
grid point to derive a single probabilistic prediction of event
occurrence. Using the ERA5 ground-truth test set as a refer-
ence, we then computed a reliability diagram for each grid
point. Finally, we averaged these diagrams spatially across the
domain to obtain the domain-averaged reliability diagram.
The results of this process are shown in Fig. 16. To comple-
ment the reliability diagrams, we also constructed forecast fre-
quency histograms (sharpness diagrams), which illustrate the
distribution of forecast probabilities by showing the relative
frequency of instances within each probability bin.

The reliability diagrams reveal distinct behaviors for the two
models. For RainScaleGAN, reliability varies across precipita-
tion thresholds. For drizzle events, the model exhibits good
calibration, with its reliability curve closely following the di-
agonal, indicating that predicted probabilities align well
with observed frequencies. For extreme precipitation, the
model becomes increasingly overconfident, overestimating
the occurrence of extreme events while maintaining good reli-
ability for low forecast probabilities. This effect is more pro-
nounced at the 99th percentile, where deviations from the
diagonal are larger. The sharpness diagram for drizzle shows
peaks at the extreme probability bins (near 0 and 1), suggesting
that the model most often assigns either very low or very high
probabilities. For extreme precipitation, the distribution shifts,
with a dominant peak in the first probability class (0–0.1), indi-
cating that the model assigns low probabilities most of the time.
However, when it does predict high probabilities, it tends to be
overly confident, overestimating extreme events. This suggests
that the model is generally cautious in predicting extreme precip-
itation but overconfident when it does.

The sharpness diagrams for RainFARM exhibit a similar
pattern, with peaks at the two extreme probability bins for
drizzle events and a single peak in the lowest probability class
for extreme events. These patterns indicate that RainFARM,
like RainScaleGAN, assigns strong probabilities to its forecasts.
The analysis of the reliability curves reveals interesting features.
For drizzle events, RainFARM shows a dry bias, with its reli-
ability curve lying above the diagonal. This implies that the
actual frequency of drizzle is consistently higher than the pre-
dicted probability, indicating that the model systematically
underpredicts drizzle events. For the 95th percentile, the reli-
ability curve is slightly steeper than the diagonal, suggesting
underconfidence. For the 99th percentile, the curve takes a re-
verse U shape, indicating that RainFARM is highly overconfi-
dent in assigning high probabilities to extreme precipitation
events, resulting in overprediction.

The analysis presented in this section does not aim to provide
a comprehensive evaluation of the ensemble generated by
RainScaleGAN. Instead of a full assessment}which would re-
quire the use of ensemble-specific metrics and a quantitative

FIG. 15. The complementary CDF of the daily accumulated total
precipitation for the ERA5 test set (2011–22), alongside the corre-
sponding functions for 100 realizations of the test set generated by
RainScaleGAN and RainFARM.
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analysis of the sensitivity of the produced fields to the random
noise input}the goal is to illustrate RainScaleGAN potential
for generating consistent sets of precipitation field realizations
while highlighting the role of noise in shaping the results. In par-
ticular, Figs. 14 and 15 emphasize the variability introduced by
the generator at small spatial scales. This variability is crucial for
precipitation downscaling, as the small-scale features of precipi-
tation events can exhibit significant differences even under the
same large-scale conditions.

5. Discussion and conclusions

In this study, we introduced RainScaleGAN, a Wasserstein
GAN with a simple architecture specifically tailored for
downscaling precipitation in climate studies. We evaluated
the performance of our model against RainFARM, a state-
of-the-art stochastic downscaling method. Our results dem-
onstrated that the finely tuned GAN can effectively perform
downscaling in a perfect-model experiment using daily precipi-
tation data from the ERA5 reanalysis. The generated daily
precipitation fields, when considered individually, have a more
plausible appearance compared to those produced by the al-
ternative method. Additionally, the reconstructed dataset ex-
hibits climate-related statistical properties that closely reflect
those of the ground-truth counterpart.

The model selection part of the downscaling exercise, though
challenging due to the peculiarities of the GAN training process,
is important for the success of the downscaling task. There is no

guarantee that the same hyperparameters will be effective in an-
other geographical region or even for a dataset on a different
grid within the same region considered here. Therefore, the pro-
posed validation process must be repeated in these situations to
ensure the effective application of the methodology.

The downscaling exercise was conducted between resolutions
of 28 3 28 and 0.258 3 0.258, covering scales typical of climate
modeling. However, since the proposed methodology does not
rely on physical assumptions, there are no a priori limitations
on applying the architecture to higher spatial resolutions, tar-
geting storm-scale resolutions relevant for weather prediction.

The spatial resolution of the input field to be downscaled,
28 3 28, is commonly found in climate model projections. This
naturally raises the question of RainScaleGAN generalization
ability when applied to such projections. Two key factors influ-
ence this: 1) the accuracy of the climate model being down-
scaled and 2) the stationarity of the transfer function implicitly
learned by the generator under climate change. The first factor
arises because RainScaleGAN is not designed to correct large-
scale biases, while the second relates to its assumption, as a sta-
tistical downscaling method, that the relationship between
large-scale predictors and fine-scale predictands remains sta-
tionary. Consequently, a generator trained on coarsened ERA5
data should, in principle, perform similarly to the one in this
study when applied to a climate projection. However, verifying
this assumption requires further investigation. A sensitivity
analysis will be necessary to assess the model performance
across different temporal periods and climate scenarios.

FIG. 16. (top) Domain-averaged reliability diagrams for predicted drizzle (,1 mm day21) and extreme events (.95th percentile,
.99th percentile) for both RainScaleGAN and RainFARM. (bottom) The corresponding forecast frequency histograms (sharpness
diagrams), showing the relative frequency of forecast instances in each probability bin.
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From the point of view of statistical downscaling, the cur-
rently adopted perfect-model setup, which is standard in the
development phase, greatly simplifies the problem. As we
pointed out in section 3a, it circumvents the issue related to
biases between the predictor and the target dataset by adopting
a unique data source. By focusing solely on pure superresolu-
tion, this approach can be considered the first step in construct-
ing a proper downscaling system. However, classical statistical
downscaling methods consist of predictor–predictand relation-
ships that are calibrated against observations. Therefore, two
distinct datasets are involved: one at the low resolution and one
at the target resolution. For instance, in an operational context,
this could involve the output of a large-scale model simulation
and a fine-scale observational dataset. In such cases, the un-
avoidable presence of biases must be taken into account. As a
consequence, the downscaling method is also required to cor-
rect these biases, at least to some extent. Even though it is unre-
alistic to expect major location biases and wrong large-scale
patterns to be corrected without improving the large-scale
model, correcting the amount of precipitation at the local target
scale by nudging it toward observations is a realistic goal. An
extension of the methodology described here, which can also
address these types of biases, could have significant applications
in operational contexts, where it might complement or even re-
place the need for computationally expensive dynamical down-
scaling methods based on regional models. In this perspective,
we believe our work represents an interesting first step toward
this goal.

From the perspective of stochastic downscaling, which aims to
generate synthetic time series for meteorological variables,
RainScaleGAN shares several advantages with methods
in this category and appears to outperform RainFARM, a
well-established technique in the field. Like RainFARM,
RainScaleGAN relies on a single predictor}the precipitation
to be downscaled}without needing additional information at
either the large or small scale. In this context, RainScale-
GAN’s ability to accurately reconstruct precipitation statistics
at the target resolution, particularly climatology and higher
percentiles, is a notable achievement. The quality of the statis-
tics of the RainScaleGAN-generated precipitation dataset,
which surpasses that of the RainFARM-reconstructed dataset,
is particularly significant for climatological and hydrological
studies. For these applications, the accuracy of these statistics
often outweighs the precision of deterministic downscaling of
individual precipitation events. Moreover, RainScaleGAN
effectively captures local-scale precipitation characteristics
influenced by factors such as orography, which impacts
its spatial distribution over complex terrains. Orography is a
key time-invariant field considered in many downscaling techni-
ques. Some methods incorporate it implicitly (e.g., Mei et al.
2020), others explicitly as a predictor (e.g., Harris et al. 2022),
while certain approaches are entirely based on topographic in-
formation (e.g., Tesfa et al. 2020; Mital et al. 2022). Unlike
these techniques, RainScaleGAN achieves realistic precipita-
tion downscaling without requiring an orographic input.
Another strength stemming from the adoption of a single-
predictor framework is the potential applicability of the
technique to any geographical region, regardless of complex

orographic features or land–sea boundaries. Since the
model does not rely on explicit geographic or topographic
data, its primary limitation in this contest is the quality of
the precipitation dataset used for training.

Aiming to devise a stochastic downscaling method justifies
the adoption of a conditional GAN (cGAN), a deep learning
framework with a higher level of complexity compared to a de-
terministic neural network. The primary motivation for using a
cGAN is its ability to capture the inherent stochasticity of fine-
scale precipitation patterns. Unlike deterministic models, which
provide a single best-guess estimate, a cGAN can generate mul-
tiple plausible downscaled realizations, thus better capturing
the variability arising from unresolved subgrid processes. This
is particularly relevant for precipitation downscaling, where
small-scale features can show significant differences, even under
the same large-scale conditions. While generating an ensemble
was not the primary goal of this study, we leveraged this capa-
bility to construct the reliability diagrams and demonstrate how
the noise input to the generator influences the individual down-
scaled precipitation fields, as well as the probability distribution
of daily accumulated total precipitation (cf. Figs. 14 and 15).
The intention was not to conduct a full-fledged ensemble-based
study, but rather to illustrate the potential of using a stochastic
model to generate ensembles at a low computational cost.

The future prospects of this work include testing RainScale-
GAN in realistic use cases to verify its effectiveness in bias
correction, as discussed above. Another aspect to be explored
is the flexibility of RainScaleGAN in its application to differ-
ent spatial scales, up to the storm scale. In connection with
this, quantifying the maximum downscaling factor}the ratio
between the spatial resolution of the predictor and the target
dataset}is also to be investigated. Additionally, examining
the performance of the model across various geographical do-
mains will be essential to assess its robustness in different re-
gions. These investigations will contribute to a comprehensive
characterization of the proposed downscaling technique, as-
sessing its potential applicability as a complement or alterna-
tive to dynamical downscaling methods. Another aspect worth
further analysis is the effect of the noise source on the genera-
tor input. The capability to generate an indefinite number of
precipitation fields at the target scale, all compatible with the
large-scale structure prescribed by the coarse-resolution field,
paves the way for studies leveraging ensembles. This holds
significant potential for estimating errors in model predic-
tions and offers numerous advantages for climate projec-
tions and scenarios, enabling a cost-effective generation of
high-resolution precipitation field ensembles. Finally, investigat-
ing the extensibility of the proposed method to other meteoro-
logical variables, such as temperature, or more intriguingly, wind
and humidity, is another prospect that deserves exploration.
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APPENDIX

Description of the RainFARM procedure

The RainFARM approach can be summarized in the fol-
lowing steps:

• The spatial power spectrum of the low-resolution precipita-
tion field P to be downscaled is computed (the procedure
can be extended to the temporal component of the precipita-
tion field, which we neglect in this study).

• The spectrum is extrapolated to the small unresolved scales,
assuming that it approximately follows a power law.

• A Fourier spectrum with random uniform distributed phases g
is generated, encompassing wavenumbers corresponding to
unresolved scales. The inversion of this spectrum produces a
Gaussian field defined on the small scales, which is then nor-
malized to have unit variance.

• A nonlinear transformation of the small-scale Gaussian field
is used to generate a synthetic precipitation field p̃. When
using an exponential transformation, p̃ is lognormal.

• p̃ is constrained to match the low-resolution field P when
aggregated to the resolved scales. This alignment is achieved
through the definition of suitable weighting factors, to be ap-
plied to p̃:

This procedure is inherently stochastic, as varying the
phases of the Fourier spectrum g results in small-scale var-
iations of the outcomes.

Terzago et al. (2018) made an additional refinement to the
RainFARM procedure, introducing a method to obtain more
realistic fine-scale patterns of precipitation. The goal of this ad-
justment is to enhance the applicability of RainFARM in
climatological and hydrological applications. Additionally,
it aims to improve its ability to capture extreme events,
particularly in regions characterized by complex orography.
The method relies on the availability of a fine-scale precipitation

climatology, from which corrective weights for the downscaled
field are derived. The precipitation datasets downscaled with
this enhanced version of RainFARM exhibit significant im-
provements in climatology, featuring a greater presence of
fine-scale details not obtainable with the standard version,
as well as enhancements in the spatial detail, placement, and
magnitude of extreme values.

REFERENCES

Annau, N. J., A. J. Cannon, and A. H. Monahan, 2023: Algorithmic
hallucinations of near-surface winds: Statistical downscaling
with generative adversarial networks to convection-permitting
scales. Artif. Intell. Earth Syst., 2, e230015, https://doi.org/10.
1175/AIES-D-23-0015.1.

Arjovsky, M., S. Chintala, and L. Bottou, 2017: Wasserstein GAN.
arXiv, 1701.07875v3, https://doi.org/10.48550/arXiv.1701.07875.

Copernicus Climate Change Service (C3S), 2023: ERA5 hourly
data on single levels from 1940 to present. Copernicus Cli-
mate Change Service (C3S) Climate Data Store (CDS), ac-
cessed 31 July 2024, https://doi.org/10.24381/cds.adbb2d47.

Dibike, Y. B., and P. Coulibaly, 2005: Hydrologic impact of cli-
mate change in the Saguenay watershed: Comparison of
downscaling methods and hydrologic models. J. Hydrol., 307,
145–163, https://doi.org/10.1016/j.jhydrol.2004.10.012.

D’Onofrio, D., E. Palazzi, J. von Hardenberg, A. Provenzale, and
S. Calmanti, 2014: Stochastic rainfall downscaling of climate
models. J. Hydrometeor., 15, 830–843, https://doi.org/10.1175/
JHM-D-13-096.1.

Ferraris, L., S. Gabellani, N. Rebora, and A. Provenzale, 2003: A
comparison of stochastic models for spatial rainfall downscal-
ing. Water Resour. Res., 39, 1368, https://doi.org/10.1029/
2003WR002504.

Feser, F., B. Rockel, H. von Storch, J. Winterfeldt, and M. Zahn,
2011: Regional climate models add value to global model
data: A review and selected examples. Bull. Amer. Meteor.
Soc., 92, 1181–1192, https://doi.org/10.1175/2011BAMS3061.1.

Goodfellow, I., J. Pouget-Abadie, M. Mirza, B. Xu,
D. Warde-Farley, S. Ozair, A. Courville, and Y. Bengio,
2014: Generative adversarial nets. Advances in Neural
Information Processing Systems 27, NeurIPS, https://
papers.nips.cc/paper_files/paper/2014/hash/f033ed80deb
0234979a61f95710dbe25-Abstract.html.

}}, Y. Bengio, and A. Courville, 2016: Deep Learning. The
MIT Press, 775 pp.

}}, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley,
S. Ozair, A. Courville, and Y. Bengio, 2020: Generative ad-
versarial networks. Commun. ACM, 63, 139–144, https://doi.
org/10.1145/3422622.

Gulrajani, I., F. Ahmed, M. Arjovsky, V. Dumoulin, and A. Courville,
2017: Improved training of Wasserstein GANs. arXiv,
1704.00028v3, https://doi.org/10.48550/arXiv.1704.00028.

Harris, L., A. T. T. McRae, M. Chantry, P. D. Dueben, and T. N.
Palmer, 2022: A generative deep learning approach to sto-
chastic downscaling of precipitation forecasts. J. Adv. Model.
Earth Syst., 14, e2022MS003120, https://doi.org/10.1029/
2022MS003120.

Hersbach, H., and Coauthors, 2023: ERA5 hourly data on single
levels from 1940 to present. Copernicus Climate Change Ser-
vice (C3S) Climate Data Store (CDS), accessed 31 July 2024,
https://doi.org/10.24381/cds.adbb2d47.

I O T T I E T A L . 21JULY 2025

Unauthenticated | Downloaded 07/21/25 05:37 PM UTC

https://github.com/MclTTI/RainScaleGAN
https://doi.org/10.1175/AIES-D-23-0015.1
https://doi.org/10.1175/AIES-D-23-0015.1
https://doi.org/10.48550/arXiv.1701.07875
https://doi.org/10.24381/cds.adbb2d47
https://doi.org/10.1016/j.jhydrol.2004.10.012
https://doi.org/10.1175/JHM-D-13-096.1
https://doi.org/10.1175/JHM-D-13-096.1
https://doi.org/10.1029/2003WR002504
https://doi.org/10.1029/2003WR002504
https://doi.org/10.1175/2011BAMS3061.1
https://papers.nips.cc/paper_files/paper/2014/hash/f033ed80deb0234979a61f95710dbe25-Abstract.html
https://papers.nips.cc/paper_files/paper/2014/hash/f033ed80deb0234979a61f95710dbe25-Abstract.html
https://papers.nips.cc/paper_files/paper/2014/hash/f033ed80deb0234979a61f95710dbe25-Abstract.html
https://doi.org/10.1145/3422622
https://doi.org/10.1145/3422622
https://doi.org/10.48550/arXiv.1704.00028
https://doi.org/10.1029/2022MS003120
https://doi.org/10.1029/2022MS003120
https://doi.org/10.24381/cds.adbb2d47


Ioffe, S, and C. Szegedy, 2015: Batch normalization: Accelerating
deep network training by reducing internal covariate shift. Proc.
32nd Int. Conf. on Machine Learning, Lille, France, JMLR.org,
448–456, https://dl.acm.org/doi/10.5555/3045118.3045167.

Kingma, D. P., and J. Ba, 2017: Adam: A method for stochastic
optimization. arXiv, 1412.6980v9, https://doi.org/10.48550/
arXiv.1412.6980.

Kumar, B., R. Chattopadhyay, M. Singh, N. Chaudhari,
K. Kodari, and A. Barve, 2021: Deep learning–based downscal-
ing of summer monsoon rainfall data over Indian region. Theor.
Appl. Climatol., 143, 1145–1156, https://doi.org/10.1007/s00704-
020-03489-6.

Ledig, C., and Coauthors, 2017: Photo-realistic single image
super-resolution using a generative adversarial network. 2017
IEEE Conf. on Computer Vision and Pattern Recognition
(CVPR), Honolulu, HI, Institute of Electrical and Electronics
Engineers, 105–114, https://doi.org/10.1109/CVPR.2017.19.

Leinonen, J., D. Nerini, and A. Berne, 2021: Stochastic super-
resolution for downscaling time-evolving atmospheric
fields with a generative adversarial network. IEEE Trans.
Geosci. Remote Sens., 59, 7211–7223, https://doi.org/10.1109/
TGRS.2020.3032790.

Maraun, D., and Coauthors, 2010: Precipitation downscaling un-
der climate change: Recent developments to bridge the gap
between dynamical models and the end user. Rev. Geophys.,
48, RG3003, https://doi.org/10.1029/2009RG000314.

Mei, Y., V. Maggioni, P. Houser, Y. Xue, and T. Rouf, 2020: A
nonparametric statistical technique for spatial downscaling of
precipitation over High Mountain Asia. Water Resour. Res.,
56, e2020WR027472, https://doi.org/10.1029/2020WR027472.

Mirza, M., and S. Osindero, 2014: Conditional generative adver-
sarial nets. arXiv, 1411.1784v1, https://doi.org/10.48550/arXiv.
1411.1784.

Mital, U., D. Dwivedi, J. B. Brown, and C. I. Steefel, 2022: Down-
scaled hyper-resolution (400 m) gridded datasets of daily pre-
cipitation and temperature (2008–2019) for the East–Taylor
subbasin (western United States). Earth Syst. Sci. Data, 14,
4949–4966, https://doi.org/10.5194/essd-14-4949-2022.

Piani, C., J. O. Haerter, and E. Coppola, 2010: Statistical bias cor-
rection for daily precipitation in regional climate models over
Europe. Theor. Appl. Climatol., 99, 187–192, https://doi.org/
10.1007/s00704-009-0134-9.

Price, I., and S. Rasp, 2022: Increasing the accuracy and resolution
of precipitation forecasts using deep generative models.
Proc. 25th Int. Conf. on Artificial Intelligence and Statistics,
Valencia, Spain, PMLR, 10555–10 571, https://proceedings.
mlr.press/v151/price22a/price22a.pdf.

Ravuri, S., and Coauthors, 2021: Skilful precipitation nowcasting
using deep generative models of radar. Nature, 597, 672–677,
https://doi.org/10.1038/s41586-021-03854-z.

Rebora, N., L. Ferraris, J. von Hardenberg, and A. Provenzale,
2006: RainFARM: Rainfall downscaling by a filtered

autoregressive model. J. Hydrometeor., 7, 724–738, https://doi.
org/10.1175/JHM517.1.

Reichstein, M., G. Camps-Valls, B. Stevens, M. Jung, J. Denzler,
N., and Carvalhais, Prabhat, 2019: Deep learning and process
understanding for data-driven Earth system science. Nature,
566, 195–204, https://doi.org/10.1038/s41586-019-0912-1.

Rossa, A., P. Nurmi, and E. Ebert, 2008: Overview of methods
for the verification of quantitative precipitation forecasts.
Precipitation: Advances in Measurement, Estimation and
Prediction, S. Michaelides, Ed., Springer, 419–452, https://
doi.org/10.1007/978-3-540-77655-0_16.

Rummukainen, M., 1997: Methods for statistical downscaling of
GCM simulations. SMHI Tech. Rep. RMK 80, 44 pp.,
https://www.smhi.se/download/18.38e7941719209b36a1fc734/
1728370724723/RMK_80.pdf.

}}, 2010: State-of-the-art with regional climate models. Wiley
Interdiscip. Rev.: Climate Change, 1, 82–96, https://doi.org/10.
1002/wcc.8.

Schultz, M. G., C. Betancourt, B. Gong, F. Kleinert, M. Langguth,
L. H. Leufen, A. Mozaffari, and S. Stadtler, 2021: Can deep
learning beat numerical weather prediction? Philos. Trans. Roy.
Soc., A379, 20200097, https://doi.org/10.1098/rsta.2020.0097.

Sha, Y., D. J. Gagne II, G. West, and R. Stull, 2020: Deep-learning-
based gridded downscaling of surface meteorological variables
in complex terrain. Part II: Daily precipitation. J. Appl. Meteor.
Climatol., 59, 2075–2092, https://doi.org/10.1175/JAMC-D-20-
0058.1.

Terzago, S., E. Palazzi, and J. von Hardenberg, 2018: Stochastic
downscaling of precipitation in complex orography: A simple
method to reproduce a realistic fine-scale climatology. Nat.
Hazards Earth Syst. Sci., 18, 2825–2840, https://doi.org/10.
5194/nhess-18-2825-2018.

Tesfa, T. K., L. R. Leung, and S. J. Ghan, 2020: Exploring topography-
based methods for downscaling subgrid precipitation for
use in Earth system models. J. Geophys. Res. Atmos., 125,
e2019JD031456, https://doi.org/10.1029/2019JD031456.

Wang, F., D. Tian, L. Lowe, L. Kalin, and J. Lehrter, 2021: Deep
learning for daily precipitation and temperature downscaling.
Water Resour. Res., 57, e2020WR029308, https://doi.org/10.
1029/2020WR029308.

Wilby, R. L., and T. M L. Wigley, 1997: Downscaling general cir-
culation model output: A review of methods and limitations.
Prog. Phys. Geogr. Earth Environ., 21, 530–548, https://doi.
org/10.1177/030913339702100403.

}}, L. E. Hay, and G. H. Leavesley, 1999: A comparison of
downscaled and raw GCM output: Implications for climate
change scenarios in the San Juan River basin, Colorado. J. Hy-
drol., 225, 67–91, https://doi.org/10.1016/S0022-1694(99)00136-5.

Wilks, D. S., 2011: Statistical Methods in the Atmospheric Sciences.
3rd ed. Elsevier, 676 pp.

ART I F I C I AL I N TELL IGENCE FOR THE EARTH SY S TEMS VOLUME 422

Unauthenticated | Downloaded 07/21/25 05:37 PM UTC

https://dl.acm.org/doi/10.5555/3045118.3045167
https://doi.org/10.48550/arXiv.1412.6980
https://doi.org/10.48550/arXiv.1412.6980
https://doi.org/10.1007/s00704-020-03489-6
https://doi.org/10.1007/s00704-020-03489-6
https://doi.org/10.1109/CVPR.2017.19
https://doi.org/10.1109/TGRS.2020.3032790
https://doi.org/10.1109/TGRS.2020.3032790
https://doi.org/10.1029/2009RG000314
https://doi.org/10.1029/2020WR027472
https://doi.org/10.48550/arXiv.1411.1784
https://doi.org/10.48550/arXiv.1411.1784
https://doi.org/10.5194/essd-14-4949-2022
https://doi.org/10.1007/s00704-009-0134-9
https://doi.org/10.1007/s00704-009-0134-9
https://proceedings.mlr.press/v151/price22a/price22a.pdf
https://proceedings.mlr.press/v151/price22a/price22a.pdf
https://doi.org/10.1038/s41586-021-03854-z
https://doi.org/10.1175/JHM517.1
https://doi.org/10.1175/JHM517.1
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1007/978-3-540-77655-0_16
https://doi.org/10.1007/978-3-540-77655-0_16
https://www.smhi.se/download/18.38e7941719209b36a1fc734/1728370724723/RMK_80.pdf
https://www.smhi.se/download/18.38e7941719209b36a1fc734/1728370724723/RMK_80.pdf
https://doi.org/10.1002/wcc.8
https://doi.org/10.1002/wcc.8
https://doi.org/10.1098/rsta.2020.0097
https://doi.org/10.1175/JAMC-D-20-0058.1
https://doi.org/10.1175/JAMC-D-20-0058.1
https://doi.org/10.5194/nhess-18-2825-2018
https://doi.org/10.5194/nhess-18-2825-2018
https://doi.org/10.1029/2019JD031456
https://doi.org/10.1029/2020WR029308
https://doi.org/10.1029/2020WR029308
https://doi.org/10.1177/030913339702100403
https://doi.org/10.1177/030913339702100403
https://doi.org/10.1016/S0022-1694(99)00136-5

