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ABSTRACT: Although downscaling models are typically trained on historical data and then applied to future projections,
this practice raises concerns about their ability to reproduce nonstationary climate signals. While such limitations are ex-
pected for traditional statistical approaches, deep learning models have the potential to learn a more generalizable down-
scaling relationship, separating the transformation task from the nonstationary signal. In this study, we examine the
sensitivity of deep learning-based downscaling to nonstationarity using Wasserstein generative adversarial networks
(WGANS) to downscale hourly precipitation from 50 to 4 km over the Canadian Prairies. We trained two models on
convection-permitting Weather Research and Forecasting (WRF) simulations: one on a historical period (2000-15) and another
on a future period (2086-2100). Four setups were considered: hh (trained/tested on historical), ff (trained/tested on future), th
(trained on future/tested on historical), and hf (trained on historical/tested on future). Within-climate models (hh and ff) repro-
duced spatial heterogeneity more effectively, with better spatial correlations and realistic variability, while all four reproduced
temporal autocorrelation. Extremes remain a challenge, yet with negative biases, in terms of hourly precipitation upper percen-
tiles (75th, 95th, 99th, and 99.9th) and daily maxima. The hh and ff cases performed best; the th case benefited from exposure to
stronger extremes during training, while hf performed poorest due to weak generalization. Importantly, however, cross-climate
model biases (hf and fh) were not substantially larger than within-climate ones. These findings highlight the challenge of training

on stationary data for nonstationary climates but also demonstrate the potential of WGANSs to mitigate such limitations.
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1. Introduction

Climate models known as general circulation models (GCMs)
are designed to simulate large-scale interactions within Earth’s
climate system, including the distribution of water and energy
around the globe. The most recent generation, developed under
the CMIP6 initiative, has shown notable improvements over its
predecessor, CMIPS5, particularly in simulating overall precipita-
tion amounts (Chen et al. 2020; Luo et al. 2022; Song et al.
2021). Despite this progress, GCMs still face challenges in cap-
turing the finer details of precipitation patterns, especially local-
ized, short-duration events like convective storms, due to their
relatively coarse spatial resolution (Chen et al. 2021; Demott
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et al. 2007; Yang and He 2021). This limitation has important
implications for infrastructure planning and management, as
underestimating the intensity and frequency of such events can
lead to inadequate design standards and increased vulnerability
to flooding and stormwater impacts. To mitigate these resolu-
tion limitations, climate models use parameterization techni-
ques to approximate the effects of small-scale phenomena, such
as convection, which occur at the subgrid scale (Gregory 1997;
Jakob and Klein 2000). However, because these approxima-
tions depend on simplified physics, empirical data, and observa-
tional tuning, they often introduce uncertainties, particularly in
regions dominated by convective activity. Consequently, the
limited spatial resolution of GCM outputs restricts their direct
use in local-scale impact assessments and decision-making.

To bridge the gap between the coarse resolution of GCMs
and the fine-scale information needed for local applications,
downscaling methods are essential. These approaches gener-
ally fall into two categories: physical downscaling, which em-
ploys regional models to simulate finer-scale processes; and
statistical downscaling, which uses data-driven methods to relate
large-scale predictors to local climate responses. One widely
used physical approach is dynamic downscaling, which utilizes
GCM outputs to develop regional climate models (RCMs) or
convection-permitting models (CPMs) that simulate physical
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processes at spatial scales finer than those of GCMs. RCMs
typically operate at resolutions with a grid dimension between
10 and 50 km, while CPMs resolve atmospheric processes at
even finer scales, down to 4-10 km, making them capable of ex-
plicitly representing mesoscale phenomena such as convective
systems, yet at a high computational cost (Chan et al. 2013;
Dickinson 1995). Hence, outputs from CPMs are limited in the
space and time domains. The Weather Research and Forecast-
ing (WRF) Model is a state-of-the-art CPM designed for both
atmospheric research and operational forecasting applications.
Developed by the National Center for Atmospheric Research
(NCAR) and a community of collaborators, WRF offers a flex-
ible, modular framework that supports a wide range of appli-
cations, from idealized simulations to high-resolution regional
climate modeling (Skamarock et al. 2005). WRF outputs are
primarily available at 4 km X 4 km resolution across various
regions in North America.

Recent innovations in statistical downscaling have been mo-
tivated by the integration of deep learning approaches that can
capture the complex spatial and temporal dynamics inherent in
climate data, particularly the fine spatiotemporal precipitation
fields. These methods aim to mitigate the resolution of coarse
GCM outputs by learning sophisticated mappings to fine-scale
atmospheric patterns. Deep learning architectures comprise
multiple interconnected layers that excel at identifying hierar-
chical structures in high-dimensional datasets (Liu et al. 2017).
Among these layers, convolutional neural networks (CNNs) have
proven particularly effective for spatial analysis, as they can detect
localized features, textures, and spatial dependencies within
gridded datasets (Albawi et al. 2017; Bouvrie 2006; O’Shea
and Nash 2015). When time-dependent processes like evolv-
ing precipitation patterns are considered, the use of convolutional
long short-term memory (ConvLSTM) layers becomes essential.
These hybrid structures leverage the spatial processing strength of
CNNs with the sequential learning capability of recurrent net-
works, making them ideal for modeling weather dynamics.

Generative adversarial networks (GANs) are designed to
synthesize data samples by training a generator and a discrimi-
nator within a competitive framework (i.e., adversarial). They
have been proved to perform well in downscaling various hydro-
climatic variables (Goodfellow et al. 2016; Iotti et al. 2025; Liu
et al. 2025). Conditional GANs include a generation process
which is restricted to specific inputs, such as low-resolution cli-
mate fields, making them particularly suitable for downscaling
tasks (Mirza and Osindero 2014). Despite their promise, GANs
frequently face obstacles like training instability and limited di-
versity in outputs (mode collapse; Saxena and Cao 2021; Zou
et al. 2023). These challenges are alleviated by the Wasserstein
GAN (WGAN) model, which uses a loss function based on the
Wasserstein distance to smooth gradient flows and increase the
convergence robustness during training (Leinonen et al. 2021).
In the WGAN framework, the generator seeks to reconstruct
high-resolution fields from coarse inputs, while the critic (in
place of a traditional discriminator) evaluates the realism of
the outputs by comparing them with actual high-resolution
observations. During training, the two networks compete, driv-
ing each other toward convergence. This adversarial learning
structure is especially beneficial for downscaling precipitation
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data, which are characterized by sharp gradients, localized ex-
tremes, and non-Gaussian variability, features that simpler inter-
polation or regression methods are unable to replicate accurately
(Saxena and Cao 2021).

WGANSs have shown strong potential in generating high-
fidelity, spatially coherent precipitation fields (Annau et al.
2023; Chaudhuri and Robertson 2020). For example, a WGAN
model was used to downscale hourly precipitation from the Inte-
grated Forecasting System (IFS) at a 10-km resolution to the
finer 1-km resolution of the NUMROD radar network across
mainland United Kingdom during 2016-20. The model was
evaluated under various conditions, including extreme rainfall
events, and was found to be consistently reliable (Harris et al.
2022). In another study, a WGAN was applied to downscale
tropical cyclone precipitation across five major ocean basins
(North Atlantic, west Pacific, east Pacific, South Pacific, and
south Indian) from 1979 to the present. Using paired samples
derived from an observational dataset (i.e., low-resolution in-
puts aggregated to 100 km and target fields at 10 km), the
model successfully captured detailed spatial features, with
mean biases within 5% of the observations, as well as showing
an excellent skill in reproducing extreme storms (Vosper et al.
2023).

More recently, a conditional WGAN was also employed to
refine ERAS reanalysis data (~25 km; Hersbach et al. 2020)
to 1-km resolution using the Multi-Radar Multi-Sensor (MRMS)
dataset over the northeastern United States, focusing on the wet-
test months between 2018 and 2023 in a region highly susceptible
to both extreme rainfall and drought. The model showed strong
performance across multiple evaluation metrics, effectively cap-
turing hourly precipitation patterns and extremes (Lee and Park
2025). Similarly, Reddy and Matear (2025) demonstrated the po-
tential of a WGAN model to downscale hourly ERAS precipita-
tion to the 4.4-km resolution over Tasmania, Australia, while
explicitly examining sources of uncertainty such as input variabil-
ity, noise seed, and model generation.

Although downscaling models are typically trained on histori-
cal data, given their wide availability, and then applied to future
climate projections, this approach inevitably raises concerns
about their ability to reproduce nonstationary signals, particu-
larly for extremes. It is well understood that conventional sta-
tistical methods perform poorly under such conditions, as they
implicitly assume stationarity (e.g., Lanzante et al. 2018; Tefera
et al. 2024). However, deep learning-based models can, in prin-
ciple, learn the downscaling relationship independently of the
underlying nonstationary statistics of the field, allowing them to
better capture the magnitude of future extremes.

Despite the advances of GAN-based downscaling methods,
the question of whether these methods can model nonstationar-
ity in climate fields remains unanswered. In this study, we aim
to address this question by training a WGAN model to down-
scale coarse-resolution fields (50 km) to a finer 4-km resolution
using convection-permitting WRF simulations over the Canadian
Prairies as a training dataset. The dataset includes 15 years of
historical simulations and 15 years of future simulations. Two
separate WGAN models were trained: one on the historical pe-
riod and another on the future period. Each was evaluated on
its ability to reproduce various properties of precipitation fields
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FIG. 1. The study region within the Canadian Prairies, mainly cov-
ering the provinces of Alberta and Saskatchewan.

across both time domains, including wet/dry occurrence proba-
bilities, advanced general statistics (i.e., L-moments), spatial and
temporal dependence, distributional properties, and extremes.
This experimental design allowed us to investigate whether the
downscaling task is sensitive to nonstationarity.

2. Data
a. Study area

In Canada, severe precipitation events commonly occur as
intense thunderstorms lasting a few hours during the warmer
seasons of spring and summer (Hanesiak et al. 2022; Milrad
et al. 2011). These storms can lead to sudden, localized flood-
ing, causing significant disruptions to agricultural productivity,
overwhelming drainage systems, and damaging critical infra-
structure, especially in smaller watersheds. Moreover, the chang-
ing climate is increasing the frequency and intensity of these
extreme weather events across Canada, making them a growing
concern for sustainable food production, water management, ur-
ban planning, and disaster risk reduction (Brooks 2013). Such
events highlight the need for improved understanding of the fu-
ture patterns of subdaily precipitation at the scale of small water-
sheds. Accordingly, we focus on a region within the Canadian
Prairies to investigate the nonstationarity effects on the down-
scaling task implemented by GAN-based models. The Prairie re-
gion, characterized by its semiarid climate and dependence on
agriculture, is especially susceptible to the impacts of extreme
precipitation. The geographic extent of the study ranges from
121° to 100° west and from 48° to 61° north (Fig. 1).

b. Simulations

For the reference dataset, we use the outputs of the convec-
tive-permitting model, WRF, at a spatial resolution of 4 km
and an hourly time step over the Canadian Prairies (Li et al.
2019). The WREF simulations were configured over a domain
encompassing mountainous and prairie regions, with physics
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schemes optimized for cold-season processes. Two scenar-
ios are considered: 1) a historical simulation for the period
2001-15 and 2) a pseudoglobal warming (PGW) simulation
representing future conditions from 2086 to 2100, in which cli-
mate change signals from CMIP5 models (scenario RCP8.5)
were added as boundary and initial conditions. The historical
WREF output was evaluated against station-based and gridded
observational datasets, demonstrating good agreement in captur-
ing the spatial and seasonal patterns of precipitation, though with
a consistent wet bias over mountainous areas. These WRF sim-
ulations serve as a physically realistic benchmark for downscal-
ing and model evaluation under current and future climate
conditions.

The WREF precipitation fields used in this study consist of
214032 grid cells (588 longitudes X 364 latitudes), covering the
study domain at a spatial resolution of approximately 4 km
in a single grid dimension. To emulate a coarse resolution
of a high-resolution GCM and typical RCM outputs, these
fields are spatially averaged and resampled to a coarser grid
of 1092 cells (42 longitudes X 26 latitudes), corresponding to a
roughly 50-km resolution. The deep learning model is trained to
learn the mapping from these low-resolution (50 km) inputs to
their high-resolution (4 km) counterparts using the WRF data as
the training dataset. The input data comprise hourly precipitation
fields structured as 3D tensors (longitude X latitude X 24 hourly
time steps); therefore, the model is trained to downscale 1 day at
a time. The WGAN model is designed to process these spatio-
temporal inputs and reconstruct high-resolution precipitation
fields while preserving temporal dynamics, effectively per-
forming superresolution downscaling with the same temporal
resolution.

3. Methods
a. Model structure

Recent studies have already demonstrated the advantages
of GAN-based models over traditional statistical and alterna-
tive deep learning approaches for precipitation downscaling,
particularly in their ability to reproduce realistic spatial structure
and variability (e.g., Abdelmoaty et al. 2025a; Leinonen et al.
2021; Papalexiou and Mamalakis 2025). Building on these ad-
vances, the present study does not aim to benchmark WGANs
against baseline models but instead focuses on evaluating their
sensitivity and robustness when applied within and across dis-
tinct climate periods. Figure 2 illustrates the architecture of
the WGAN model used in this study, including the structure
of the generator and critic networks. A key feature of this de-
sign is the use of residual blocks, each comprising two convo-
lutional layers followed by activation functions. These blocks
apply transformations to the input and then add the original in-
put back to the output, allowing the network to deepen while
avoiding the issue of gradient shattering (Balduzzi et al. 2018).
When the weights in a residual block are close to zero, the
block effectively acts as a pass-through, leaving the input un-
changed. As training progresses, the model selectively activates
more blocks to capture deeper features. Although adding more
residual blocks increases computational demands, it does
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FIG. 2. The structure of the generator and critic networks used for the WGAN models. Each box represents the ten-
sor dimensions as data pass through the network, expressed as (time steps, number of latitudes, number of longitudes,
and number of channels). Convolutional layers use 3 X 3 kernels with ReLU activation unless otherwise stated; resid-
ual blocks comprise two such layers. Upsampling in the generator is performed at a scale factor of 2, followed by con-
volution, and the generator output uses a linear activation. Single numbers indicate the number of channels after flat-

tening the remaining dimensions.

not negatively impact model performance (Leinonen et al.
2021).

The generator in the WGAN model is implemented as a
U-Net architecture, defined by its encoder—decoder framework
with skip connections that facilitate the learning of spatial
patterns in the precipitation fields. The encoder compresses
the input by reducing its spatial resolution while capturing
multiscale features, and the decoder upsamples this repre-
sentation to reconstruct high-resolution outputs. The genera-
tor network integrates a ConvLSTM layer that allows the
model to map low-resolution precipitation inputs to high-
resolution outputs while capturing temporal dependencies.
The generator also includes a thresholding layer, ensuring
that generated precipitation fields do not include negative
values and effectively distinguishing between zero and non-
Zero precipitation regions.

The critic network begins by processing the low-resolution
and high-resolution inputs through two separate branches,
each containing multiple residual blocks. These branches are
then merged, and the combined representation is passed through
an additional residual block and convolutional layers. This design
enables the critic to extract and integrate spatial features from
both input resolutions effectively. While the critic does not in-
clude explicit temporal layers, it handles the temporal dimension
using fully connected layers that flatten and process the third
(time) dimension, allowing it to evaluate the realism of gener-
ated sequences.

b. Model training

WREF simulations for the historical and future periods each in-
clude 5386 days of hourly precipitation fields, from January 2001
to September 2015 and from January 2086 to September 2100,
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FIG. 3. Key statistics of historical and future 15-yr WREF precipitation blocks. (a) Dry ratio (fraction of dry grid cells per hourly field),
(b)—(e) hourly L-moments, spatial correlations along (f) longitudinal and (g) latitudinal lags, (h) temporal autocorrelation up to 5 h, and
(i) exceedance probability of pooled hourly nonzero precipitation. Boxplots show medians, interquartile ranges, and *+1.5 IQR whiskers;

error bars show medians (points) with 95% confidence intervals.

respectively. Given the relatively short duration of these 15-yr
datasets, we allocated the first 4846 days (approximately 90%)
for training the deep learning models and reserved the remain-
ing 540 days (approximately 10%) for evaluation. The historical
model was therefore trained on the first 90% of the historical pe-
riod and the future model on the first 90% of the future period.
Evaluation was consistently performed using the final 540 days
from each respective period, meaning that the same subsets (last
540 historical days and last 540 future days) were used across all
experiments to ensure comparability of evaluation metrics.

Given the limited temporal extent of the datasets and the
inherent variability of hourly precipitation, formal statistical
tests for nonstationarity [e.g., Kwiatkowski-Phillips—Schmidt—
Shin (KPSS) or Mann-Kendall test] may lack robustness and
power in this context. Consequently, direct estimation of cli-
mate change signals (e.g., A future-historical) from these short
records is also subject to considerable uncertainty. Instead, we
treat the historical and future periods as distinct, stationary
blocks and assess changes in distributional characteristics be-
tween them. This approach is further justified by the fact that
each period is relatively short, while the temporal gap between
them is sufficiently long, allowing nonstationarity to be inferred
by directly comparing the historical and future distributions.
The observed shifts in the precipitation distributions, particu-
larly the emergence of heavier tails in the future period, sug-
gest a departure from stationarity and an evolution through
time of the underlying precipitation-generating processes (see
section 4a, Fig. 3).

The U-Net model was not used as a stand-alone model but
rather to preinitialize the generator of the WGAN. This strate-
gic initialization provided the generator with physically mean-
ingful weights, which improved convergence speed and reduced
training time. The key advantage of the WGAN framework lies
in its use of the Wasserstein loss, which estimates the diver-
gence between the real and generated data distributions to bet-
ter capture variability and extremes. By utilizing two competing
networks, the generator and critic, trained in an adversarial
manner, the WGAN is more complex to train and more sensi-
tive to hyperparameters than U-Nets. To enhance stability, we
adopted the U-Net-based initialization strategy, in which the
generator weights were initialized using a pretrained U-Net model
trained to reproduce high-resolution precipitation fields from low-
resolution inputs. This initialization provides the generator with
a physically meaningful starting point, reducing early stage in-
stability and accelerating convergence, as demonstrated in prior
studies (Abdelmoaty et al. 2025a; Frégier and Gouray 2021;
Ham et al. 2020).

For the WGAN models, training was guided by optimizing
the generator and critic using the Wasserstein loss with gradient
penalty, as proposed by Gulrajani et al. (2017). This approach
improves upon the original Wasserstein loss by replacing weight
clipping, which was previously used to enforce the Lipschitz
constraint but often led to limited model capacity and unstable
training. The gradient penalty provides a more effective solution
by encouraging the critic’s gradients to maintain a norm close to
one, thereby ensuring compliance with the Lipschitz condition.
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This modification significantly enhances training stability and
convergence (Leinonen et al. 2021). The training parameters
were selected based on an iterative tuning process informed by
established practices in the GAN literature (e.g., Bhatia and
Dahyot 2019; Gulrajani et al. 2017; Leinonen et al. 2021; Radford
et al. 2016; Tirel et al. 2024). The models were coded using
TensorFlow—Python and trained on a high-performance com-
puting cluster with graphics processing unit (GPU) acceleration.
The training parameters are listed in Table S1 in the online sup-
plemental material.

¢. Evaluation analysis

We independently trained two models: one using historical
simulations and the other using future simulations. To account
for stochastic variability in the training process (e.g., random
noise inputs, weight updates, and batch shuffling), each model
was trained 10 times independently, starting from the same
U-Net-initialized weights. The training performance followed
the expected WGAN pattern with a gradient penalty (Fig. S1),
with a steadily decreasing critic loss and a gradient penalty term
that stabilized over epochs (Gulrajani et al. 2017; Petzka et al.
2018), with only a couple of runs exhibiting rising penalties,
which were removed from further analysis steps. Each of
these 10 realizations was then evaluated against both histori-
cal and future data held out for evaluation. Therefore, we
have four evaluation scenarios: 1) hh—trained and tested on his-
torical data, 2) hf—trained on historical data and tested on fu-
ture data, 3) ff—trained and tested on future data, and 4)
fh—trained on future data and tested on historical data. Each
of the 10 model realizations was assessed across these four sce-
narios to evaluate their ability to reproduce key precipitation
characteristics. Field-based characteristics included wet/dry oc-
currence probabilities, L-moments estimated for each hourly
precipitation field, and spatial dependence across grid cells,
while time series—based characteristics included temporal de-
pendence, distributional properties, and extremes.

A threshold of 0.1 mm h™! was applied to the hourly pre-
cipitation data to filter out trace amounts that fall below the
detection capabilities of standard rain gauges and model resolu-
tion. This approach ensures that the quantification of loss met-
rics and other evaluation statistics focuses on meaningful
precipitation events, minimizing distortion from spurious light
rainfall. The 0.1 mm h™! cutoff is widely adopted in observa-
tional and modeling studies to define “wet hours” and enhance
statistical robustness (e.g., Lauer et al. 2023; Lei et al. 2022;
Thomassen et al. 2022). Values below this threshold were set to
zero, and thus all other statistics were derived using only the
nonzero precipitation data (i.e., values exceeding 0.1 mm).

1) WET/DRY OCCURRENCES

To assess the ability of the downscaled fields to replicate the
occurrence of wet and dry conditions, we evaluate the ratio of
dry cells [Rg as shown in Eq. (1)], defined as the proportion
of grid cells with precipitation below the wet/dry threshold
(0.1 mm h™1) in each hourly field across the study domain. To
quantify the deviation of the R in the downscaled fields from
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the original ones, we calculated the bias as the average differ-
ence between the two fields:

_ number of cells with P < 0.1
total number of grid cells

1

0

where P is the precipitation.

2) L-MOMENTS

For each hourly precipitation field, we computed the mean,
second L-moment, L-skewness, and L-kurtosis for both the
downscaled and reference fields, reflecting the spatial distribu-
tion across grid cells with nonzero precipitation. L-moments
were chosen over traditional moments due to their superior
robustness and reliability in characterizing the statistical prop-
erties of precipitation, particularly in the presence of skewed
or heavy-tailed distributions (Hosking 1990). Similarly, we
calculated the bias as the average difference between the cor-
responding statistical measures of the downscaled and original
fields.

3) SPATIAL AND TEMPORAL DEPENDENCE

The Pearson correlation coefficient [r; Eq. (2)] was computed
between all grid values of the hourly precipitation field and the
spatially shifted version of itself, in both the longitudinal (up to
10 gridcell lags, approximately 500 km) and latitudinal (up to
5 lags, approximately 250 km) directions. A shifted field refers
to the original field displaced spatially by a specified number
of grid cells in a particular direction. This approach is concep-
tually similar to temporal autocorrelation, where a value at a
certain time is compared with its counterpart at a later time
but applied here in the spatial domain. Spatial correlations
are computed using all grid values in the precipitation field,
including zero precipitation to evaluate the spatial coherence
of the full precipitation field, including dry regions, which play
an important role in the spatial organization of hourly precipi-
tation. The spatial correlation diagnostic reflects the degree to
which the downscaled fields preserve the spatial coherence and
large-scale structural organization of precipitation in the ref-
erence dataset. To assess small-scale spatial variability, we ad-
ditionally computed a high-wavenumber spectral power ratio,
defined as the ratio of radially averaged power spectra at high
spatial wavenumbers between the downscaled and reference
fields [Rpigh—«; Eq. (3)]. Values of this ratio close to unity indi-
cate that the downscaled fields retain a similar amount of
small-scale variance as the reference, while values below unity
indicate attenuation of fine-scale variability (spatial smooth-
ing). Values above unity indicate excess small-scale variance,
which may reflect unstructured or noisy fine-scale features
rather than physically coherent structure (Harris et al. 2022;
Totti et al. 2025). For the overall similarity between the down-
scaled and reference precipitation fields, we also estimated the
structural similarity measure. To complement the scale-dependent
diagnostics, we also estimated the structural similarity index
measure (SSIM) as a measure of overall similarity between
the downscaled and reference precipitation fields (Tie et al.
2024).
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In addition, traditional autocorrelation coefficients were calcu-
lated for both the downscaled and original time series to assess
temporal dependence. Again, we estimated the bias to evalu-
ate the deviation between the correlations of the downscaled
and original fields:

N
;w—ﬂ@—@

T
\/2 (X, - Y)Z
i=1

where N is the number of grids, X; is the shifted field value, O;
is the original field value, X is the average of the shifted field
values, and O is the average of the original field values:

, @
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where Pyg(k) and P..(k) denote the radially averaged two-
dimensional power spectrum obtained from the fast Fourier
transform for the downscaled and the reference datasets, respec-
tively; and Kpign represents the upper 30% of resolved spatial
wavenumbers corresponding to the smallest spatial scales.

4) DISTRIBUTIONAL PROPERTIES

First, we computed the Hellinger distance (H) to quantify the
overall similarity between the probability density functions
(PDFs) of the downscaled and original fields during the testing
period (Hellinger 1909). The H distance is a well-established
and robust method for comparing two PDFs [Eq. (4)]. The
squared H distance takes values from 0 to 1, with 0 indicating a
perfect match. Second, the Kolmogorov-Smirnov (KS) test sta-
tistic [Eq. (5)] was used to evaluate the similarity between the
empirical cumulative distribution functions (CDFs) of the non-
zero hourly time series from the simulated and reference fields
during the testing period. The KS statistic ranges from 0 to 1,
with 0 indicating a perfect match. PDFs were estimated using
normalized histograms with fixed bin widths, and CDFs were
obtained as the cumulative sums of these histograms. This ap-
proach provides an empirical, histogram-based approximation
of the underlying distributions, computationally efficient for
large datasets (~11 GB for each downscaled generation of
hourly precipitation corresponding to the evaluation period):

2
2. =3[ Vot~ Vaal. @
KS = sup |Fy(x) — F,(x)l, %)

where p(x) and g(x) are the two PDFs of the original and sim-
ulated data, respectively; Fx(x) is the simulated PDF; Fp(x) is
the original PDF; and sup, is the supremum (maximum) over
all values of x.

5) EXTREMES

To evaluate the model’s ability to capture extreme precipi-
tation behavior, the upper tail of the distribution was analyzed
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using the 75th, 95th, 99th, and 99.9th percentiles of hourly
nonzero precipitation during the testing period, as well as the
daily maxima. Percentiles are computed from the pooled dis-
tribution of nonzero hourly precipitation values across all grid
cells and the entire test period (i.e., a space—time marginal dis-
tribution). In contrast, daily maxima are obtained by comput-
ing the maximum hourly precipitation within each 24-h period
at each grid cell. By comparing these extreme indices for the
downscaled and original fields, we assess the models’ skill in re-
producing moderate to extreme precipitation events. This ap-
proach provides a straightforward and distribution-independent
evaluation of extremes, capturing changes in intensity and fre-
quency without assuming a specific parametric form. Biases
were computed as the mean difference between the percentiles
of the downscaled and original fields, highlighting any over- or
underestimation of extreme values across varying intensities.

4. Results

a. Comparison between historical and future WRF
simulations

Before evaluating the downscaled fields from the different
experiments, we first examine the raw WRF outputs to high-
light the shift toward nonstationarity in the future simulations
relative to the historical period. The future simulations exhibit
a slight increase in the magnitude of key distributional charac-
teristics, including the mean, second L-moment, L-skewness,
and L-kurtosis (Figs. 3b—¢). These results suggest a shift toward
higher, more variable, and more asymmetric precipitation distri-
butions with heavier tails. In contrast, the probability of dry cells
(Fig. 3a) remains largely unchanged between the historical and
future periods. This lack of change in dry spell frequency may
reflect limitations of the modeling framework in capturing po-
tential shifts in wet/dry spell dynamics under future climate con-
ditions (Abdelmoaty et al. 2025b; Tabari et al. 2021; Vrac et al.
2007). Figures 3f and 3g show a slightly faster decay of spatial
correlation under future conditions, both longitudinally and lati-
tudinally, accompanied by larger spread across realizations. This
indicates a modest reduction in spatial coherence of precipita-
tion fields, consistent with a tendency toward smaller or less or-
ganized storm cells in a warmer climate. However, temporal
autocorrelation (Fig. 3h) remains relatively consistent be-
tween the two periods across multiple lags, suggesting that
the persistence of precipitation events over time may not
substantially change. The most prominent distinction appears
in the extremes, as highlighted by the exceedance probability
curves (Fig. 3i). The future distribution shows clear domi-
nance in the upper tail, indicating more frequent extreme
hourly precipitation events, and is perhaps the most promi-
nent mark of nonstationarity.

b. Assessment of wet/dry occurrence

Turning to the evaluation of the WGAN downscaled outputs,
we first assess wet/dry occurrences within the hourly fields.
When the model is trained and tested within the same climate
period (i.e., hh and ff cases), it tends to reproduce the propor-
tion of dry grid cells with relatively low bias proportion
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FIG. 4. Evaluation of wet/dry grid downscaling. (a) Bias in dry ratio (fraction of grid cells = 0.1 mm h™!) between original and down-
scaled fields; negative values indicate a dry bias, and positive values indicate a wet bias. Boxplots show medians, interquartile ranges, and
+1.5 IQR whiskers across all hourly fields and 10 realizations. Time series of dry ratio for each case showing the first 2000 time steps:
(b) ff (future—future), (c) hf (historical-future), (d) hh (historical-historical), and (e) fh (future-historical), averaged over 10 realizations,

with original values shown for comparison.

(medians of 0.040 and —0.018, respectively; Fig. 4a) and good
agreement with the reference probability dry time series
(Figs. 4b,d). This consistency indicates the model’s ability to
learn and replicate the wet/dry occurrence patterns under the
same climatic conditions. In contrast, models evaluated under
a different climate regime than the one used for training (fh
and hf cases) show a slight underestimation of the dry ratio
(with proportion bias medians of —0.064 and —0.068, respec-
tively), suggesting challenges in generalizing across shifting
climate conditions for dry/wet conditions. This performance is
also reflected in their respective time series (Figs. 4c,e), which
closely follow the fluctuations of the original dry probabilities,
though with pronounced troughs at certain time steps that lead
to underestimation. Overall, these results highlight the model’s
reasonable ability to reproduce wet/dry characteristics across
all evaluation setups, with particularly strong performance of
the within-climate cases (hh and ff) and notable generaliza-
tion capacity in cross-climate cases (hf and fh), despite minor
biases, demonstrating the framework’s adaptability to both
historical and future climate conditions.

c. Assessment of L-moments

When evaluating the L-moments, the th and hf cases, where
models are tested on a different climate period than they were
trained on, demonstrate the least spread in bias for both the mean
and second L-moment (Figs. 5a,b). The interquartile range (IQR)
of biases spans from —0.15 to —0.04 for the th case and from
—0.23 to —0.11 for the hf case, compared to —0.14 to 0.08 and
—0.27 to —0.05 for the hh and ff cases, respectively. This result
highlights that cross-climate cases consistently stay within a bias
range of less than 0.2. This narrower spread in the cross-climate
cases (hf and fh) likely reflects a smoothing effect, while the
within-climate models (hh and ff) produce more heterogeneous
patterns (Figs. Se.f). Examples are shown in Figs. Se and 5f, and
more examples are shown in Figs. S2 and S3. Overall, all four
cases exhibit small but consistently negative biases, indicating
that the downscaled fields tend to slightly underestimate the
central tendency and variability of hourly precipitation com-
pared to the original fields. Biases in higher-order moments
(Figs. 5c,d) are also minimal: L-skewness interquartile ranges
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for four cases: ff (future—future), fh (future-historical), hf (historical-future), and hh (historical-historical). Example hourly fields: (e) historical
simulations predicted by hh and fh models, and (f) future simulations predicted by ff and hf models.

span roughly from —0.09 to 0.00, and L-kurtosis ranges from
approximately —0.08 to 0.00 across all hourly fields and the 10
realizations for the four cases, corresponding to changes within
about *0.05 from the median. Given that typical L-skewness
and L-kurtosis values for precipitation are in the range of ~0.2-0.3
and ~0.1-0.25, respectively (Sankarasubramanian and Srinivasan
1999), these biases represent relatively minor deviations. Collec-
tively, these results indicate that the models are broadly effective
in reproducing not only the central tendency but also the shape
of the precipitation distribution across the field, maintaining
reliable performance even when applied across different cli-
mate periods.

increase almost linearly with distance, reaching ~0.2 at 250 km
for hf compared to <0.1 for hh and ff. While hh and ff configu-
rations exhibit better reproduction of the spatial correlation,
spectral diagnostics reveal a modest attenuation of small-scale
power relative to the reference. In contrast, cross-climate con-
figurations (hf and fh) sometimes display comparable or higher
high-wavenumber power, reflecting increased small-scale vari-
ance (Fig. S5a). However, this excess power does not necessar-
ily correspond to physically coherent fine-scale structure and is
often associated with noisier textures. SSIM values are consis-
tently high across all configurations, indicating strong overall
structural similarity between the downscaled and reference
precipitation fields (Fig. S5b). Together, these results suggest

d. Assessment of temporal and spatial autocorrelations

Models trained and tested within the same climate period
(hh and ff) consistently exhibit the lowest biases in reproduc-
ing spatial autocorrelations, with values remaining below 0.22
for the longitudinal and 0.1 for the latitudinal directions across
all lags (Figs. 6a,b). Notably, in these cases, longitudinal correla-
tion biases peak at 0.16 and 0.22 for the hh and ff models, re-
spectively, at distances of 150-200 km. In contrast, cross-climate
applications (hf and fh) display noticeably larger positive
biases, particularly at medium to long distances: Longitudinal
correlation biases peak at 0.32 for hf and 0.27 for fh around
200-300 km before gradually declining, while latitudinal biases

that within-climate training better preserves coherent spatial
organization, while cross-climate application may introduce un-
structured small-scale variability. For temporal autocorrelation
(Fig. 6¢), all cases exhibit similar patterns: an initial underesti-
mation at short lags (from —0.25 to —0.08 at 1 h) followed by
convergence toward zero bias beyond ~4-5 h.

e. Assessment of the overall distribution

Quantitying the distributional similarity using the H distance
and KS statistic, the hh case exhibits the lowest values for both
metrics (median H = 0.079, KS = 0.077) with relatively narrow
variability (Figs. 7c,d), indicating strong agreement between
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tions and the corresponding observed values. Full correlation structures are shown in Fig. S4.

the downscaled and original distributions for the within-
climate cases. The ff case shows slightly higher metrics (median
H = 0.092, KS = 0.092) but maintains relatively stable perfor-
mance, reflected by the low variability. In contrast, the cross-
climate cases (hf and fh) display noticeably larger values (median
H = 0.134 and = 0.122; KS = 0.175 and = 0.160, respectively)
and wider spreads, reflecting increased uncertainty in training
and prediction when applied to a different climate regime. Ex-
amination of the nonexceedance probability curves (Figs. 7a,b)
shows that the same-period models (hh and ff) more closely
track the original distributions across the low- to moderate-
precipitation range, while the cross-climate cases deviate more
noticeably, particularly in the low-precipitation range (<1 mm).
This finding indicates that distributional mismatches in cross-
climate models are more pronounced in the central portion of
the distribution.

f- Assessment of extremes

All models systematically underestimate extreme precipita-
tion values compared to the raw WRF simulations, with the
negative bias becoming more pronounced toward the upper
percentiles (Fig. 8a). Biases are minimal at the 75th percentile
(from —0.47 to 0.25 mm across cases) but deepen substantially
at higher quantiles, reaching approximately —4.3 mm at the
99th percentile and as much as —9.9 mm at the 99.9th percentile
for models trained or evaluated on future data (ff and hf). In
contrast, models evaluated on past data (hh and th) exhibit
slightly smaller underestimations at these extremes (—2.7 and
—7.1 mm at the 99th and 99.9th percentiles, respectively), re-
flecting both the generally less intense historical extremes and
a better model fit to those conditions. Notably, the bias gap
between future- and past-period evaluations grows with per-
centile level, indicating that nonstationarity amplifies model

limitations at the most extreme events. Although training on
future data (as in ff) reduces bias compared to hf at some quan-
tiles, it remains insufficient to fully correct underestimations at
the rarest events. The daily maxima show a similar performance
pattern: best performance with the hh model, followed by fh, ff,
and hf, respectively (Figs. 8c,d). It was expected that models
trained on the future and tested on the past would reproduce
historical extremes; however, the model trained and tested on
historical data showed the best performance. Models tested on
future data (ff and hf) had slightly higher (more negative) biases,
consistent with the more heavy-tailed future distributions. Over-
all, all models show small biases in reproducing the daily max-
ima, ranging from —0.21 to —0.57 mm.

5. Discussion

The WRF Model represents one of the most advanced de-
velopments in convection-permitting modeling, offering some
of the finest spatial resolutions currently available for regional
climate simulations (Prein et al. 2015). The WRF Model data-
set from Li et al. (2019) used in this study exhibits nonstatio-
narity in the PGW simulations for the future period, arising
from the imposed climate change perturbations. In their setup,
future boundary conditions were generated by adding monthly
CMIP5-derived change signals to ERA-Interim reanalysis, in-
troducing both seasonally varying mean shifts and altered verti-
cal moisture and temperature profiles. This modification not
only changes the central tendency of key meteorological varia-
bles but also reshapes their probability distributions (Fig. 3), re-
flecting a departure from stationarity. Similar behavior has been
reported in other PGW studies; for instance, Lenderink et al.
(2025) reported that extreme rainfall in convection-permitting
PGW experiments intensified beyond Clausius—Clapeyron
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expectations, accompanied by spatial shifts in heavy precipitation
patterns. Similarly, Tahara et al. (2025) found out that PGW in
the WRF Model intensifies precipitation at high resolution under
various warming signals, highlighting the nonstationarity shifts in
extreme precipitation. However, an inherent limitation of the
PGW framework, as highlighted by Li et al. (2019), is that it does
not account for changes in circulation patterns or shifts in storm-
track frequency, which could further influence the manifestation
of nonstationarity in the future climate. Therefore, while the da-
taset confirms significant statistical shifts in precipitation charac-
teristics under PGW forcing, the true extent of nonstationarity
may be even greater when considering dynamic changes not cap-
tured by the method.

The proportion of dry hours in the WRF Model simulations
(Fig. 3a) remains essentially unchanged between the historical
and future periods; however, this does not imply stationarity in
wet/dry dynamics. Li et al. (2019) show that future precipita-
tion shifts toward fewer light events and more intense ex-
tremes, with longer interevent intervals in summer, meaning
that dry-hour fractions can remain stable even as intensity and
sequencing change. Similar behavior has been documented in

previous studies, where warming leads to heavier events sepa-
rated by longer dry spells (Ficklin et al. 2022; Trenberth et al.
2003), and regional studies show that aggregation across seasons
or basins can mask significant increases in summer dry-spell
length (Zolina et al. 2013). The apparent stability in dry-hour
probability may also stem from limitations of the PGW frame-
work and model configuration in representing shifts in wet/
dry spell dynamics under future climate conditions (Abdelmoaty
et al. 2025b; Tabari et al. 2021; Vrac et al. 2007), as well as from
threshold sensitivity, trace precipitation biases that inflate wet-
hour counts in both periods (Maraun 2013; Piani et al. 2010),
and PGW’s omission of large-scale circulation or storm-track
changes (Rasmussen et al. 2011). Thus, while this metric ap-
pears unchanged, the underlying precipitation occurrence
processes could still be nonstationary.

Across the four cases of training the models using historical
and future simulations and testing them within- and across-
climate periods, precipitation statistics show a slight underesti-
mation (Fig. 5), primarily for events likely driven by small,
localized, intense storms that occupy only a single or a few 4-km
grid cells. While the 50-4-km downscaling effectively captures
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larger organized systems that span multiple grid cells, the most
localized convective bursts remain more difficult to reproduce.
These small-scale events have sharp spatial gradients and short
lifespans, making them challenging to learn from the available
training data, especially if their representation is sparse in the
historical record. In our WGAN-based downscaling, small,
highly localized convective bursts tend to be slightly underesti-
mated, likely because deep learning architectures often prioritize
broader-scale structural consistency over isolated high-intensity
peaks (Reddy and Matear 2025; Wang et al. 2021). In our case,
the underestimation is minor, indicating that the WGANSs repro-
duce the overall precipitation distribution well, but smoothing at
the upper tail may occur for the most localized extremes. Tar-
geted data augmentation, specialized loss components focusing
on localized intensity features, or stepwise downscaling could
further improve performance for these rare, small-footprint
events.

The within-climate WGAN models (hh and ff) appear more
skillful at reproducing the heterogeneous spatial patterns of
precipitation, resulting in slightly noisier downscaled fields

compared to the smoother outputs from the cross-climate
models (hf and fh) as shown in Fig. 5. This increased spatial
variability likely reflects a closer alignment with the fine-scale
heterogeneity present in the target WRF Model precipitation
fields, which can enhance spatial correlation performance (Vandal
et al. 2019). Indeed, the better performance of hh and ff models
in reproducing spatial correlations (Figs. 6a,b) suggests that
they are better able to replicate the heterogeneous spatial dis-
tribution of precipitation, potentially because the spatial cor-
relation structure is more consistent within the same climate
period and diverges slightly between historical and future
WREF Model simulations.

Because the spatial correlation metric primarily reflects large-
scale spatial structure and coherence, it may overlook small, iso-
lated storm features, whereas the radial power spectrum at high
wavenumbers is designed to capture small-scale spatial variabil-
ity. In this sense, the two diagnostics provide a complementary
overview of the spatial organization. Consistent with this inter-
pretation, while the within-climate models slightly outperform
in capturing large-scale spatial organization, the cross-climate
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models tend to preserve small-scale variance somewhat better,
although all four model configurations remain close to unity, in-
dicating relatively modest differences (Fig. S5).

By contrast, cross-climate models may be smoothing fields
more aggressively due to a mismatch between the spatial sta-
tistics learned during training and those required for predic-
tion, which is a reasonable outcome given that within-climate
models focus on learning the target distribution, whereas
cross-climate models introduce additional smoothing of spa-
tial features. This behavior has been noted in previous deep
learning downscaling studies, where training—prediction climate
differences degrade spatial structure reproduction (Bafio-Medina
2020; Pan et al. 2019).

In contrast, the temporal autocorrelation is well reproduced
in all cases (Fig. 6¢), which is expected given that the autocor-
relation structure of hourly precipitation appears relatively
unchanged between the historical and future WRF Model
simulations. This stability suggests that temporal persistence
characteristics are less sensitive to nonstationarity than spatial
patterns, aligning with previous findings in both physical and
statistical downscaling frameworks (Cannon et al. 2015; Wang
et al. 2021). Finally, the hh and ff models also reproduce the
overall precipitation distributions more accurately (reflected
in their lower H distance and KS statistics with less variability;
Fig. 7) likely because the distributions are more similar within
a climate period than across climates. This within-climate sim-
ilarity reduces the distributional shift between training and
prediction datasets, a factor known to improve statistical fidel-
ity in generative and deep learning downscaling approaches
(Bafio-Medina 2020; Vandal et al. 2019).

Regarding extremes (Fig. 8a), the hh model (trained and
evaluated on the historical simulation) shows the smallest
biases across the 75th, 95th, 99th, and 99.9th percentiles, con-
sistent with expectations that within-climate training/testing
reduces distributional mismatch and yields more reliable re-
production of precipitation extremes. Biases increase with
percentile across all models, reflecting the statistical difficulty
of capturing rare events from a limited sample size. The fh
model (trained on future, evaluated on historical) ranks sec-
ond, likely because exposure to a more extreme future climate
during training improved its ability to capture high-end quan-
tiles in the milder historical climate; similar results are obtained
when testing daily precipitation downscaled by a GAN-based
model over New Zealand (Rampal et al. 2024). The ff model
also shows relatively low bias at higher percentiles but with
considerably higher variability and uncertainty, which may
stem from the more skewed and variable nature of the future
precipitation distribution. By contrast, the hf model (trained on
historical, evaluated on future) exhibits the largest biases,
highlighting the challenges of applying models trained on
less-skewed distributions to predict more variable and extreme
future climates. The daily maximum precipitation analysis
(Figs. 8b,c) further confirms these results. All four models exhibit
low mean biases in daily maxima, indicating that they reproduce
overall intensity distributions reasonably well. However, the
ranking of performance mirrors the percentile-based analysis: hh
performs best, followed by fh, with ff and hf showing progres-
sively weaker skill. This pattern reflects the well-known dilemma
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of nonstationarity: Models trained within the same climate re-
gime perform best, while cross-climate applications suffer from
distribution shift and degraded tail performance (Bafio-Medina
2020, Pan et al. 2019; Vandal et al. 2019).

These findings suggest that future applications of deep
learning downscaling must explicitly account for nonstationar-
ity in climate distributions. Training exclusively on historical
data may underestimate the intensity and variability of future
extremes, while training only on future data may inflate vari-
ance and uncertainty (Rasp and Thuerey 2021; Vandal et al.
2019). Hybrid or transfer-learning strategies that combine his-
torical and future training samples could mitigate these issues
by broadening the model’s representation of both typical and
extreme conditions (Bafio-Medina 2020; Beucler et al. 2024).
Moreover, given the increasing skewness of precipitation under
warming (Papalexiou and Montanari 2019), extreme-aware loss
functions or tail-sensitive generative methods may be necessary
to capture upper-percentile behavior better (Reddy et al. 2023).
Importantly, however, our results also show that the biases of
cross-climate models were not substantially larger than those of
within-climate models across the evaluation metrics. Even for
extremes, the differences largely fell within the uncertainty range
of hh and ff. This indicates that WGANSs have promising poten-
tial, offering partial transferability of the downscaling relation-
ship across climates. In practical terms, this challenge has direct
consequences for infrastructure design and risk assessment,
where underestimation of rare extremes can lead to significant
underpreparedness (Allan and Soden 2008; Fowler et al. 2021).
Thus, improving model robustness under distribution shifts re-
mains a key research frontier for deep learning approaches in
hydroclimate applications.

6. Conclusions

In this study, we examined the dilemma of training deep learn-
ing models for downscaling hourly precipitation under the as-
sumption of stationarity and then applying them to nonstationary
future conditions. Specifically, we developed and tested two
WGAN models: one trained on historical data (2000-15) and an-
other on future data (2086-2100), both derived from convection-
permitting WRF simulations over western Canada. Our objective
was to assess how sensitive the WGAN-based downscaling task is
to nonstationarity by evaluating the models within and across
climate periods. This resulted in four experimental cases: hh
(trained and tested on historical data), ff (trained and tested
on future data), fh (trained on future and tested on historical
data), and hf (trained on historical and tested on future data).
The key findings can be summarized as follows:

¢ Within-climate models (hh and ff) achieved stronger overall
performance across most metrics, reproducing more heteroge-
neous and realistic spatial precipitation patterns, albeit with
slightly higher variability in the mean and variance. However,
the biases for all cases were comparable.

Spatial autocorrelations in the longitudinal and latitudinal di-
rections, as well as the probability of dry hours, were slightly
better captured by within-climate models, reflecting their abil-
ity to represent the spatial heterogeneity of precipitation.
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e The temporal autocorrelation structure was consistently re-

produced across all four cases, supported by the relatively

stable autocorrelation structure between historical and fu-
ture climates.

Regarding extremes, all four cases underestimated extremes

in terms of percentile during the testing period and the daily

maxima, though with important distinctions:

Within-climate models (hh and ff) performed best, but the ff

case exhibited high variability due to the skewness (heavy

right tail) of the future data distribution.

e The th model also performed reasonably well, likely benefit-
ing from training on future data that contained stronger
extremes.

e The hf model performed poorest for extremes, underscoring
the difficulty of transferring models trained on milder histori-
cal climates to more variable and skewed future climates.

Our findings highlight the fundamental challenge of nonstatio-
narity in climate downscaling: Models trained in one climate re-
gime do not always generalize well to another, particularly when
the distribution of precipitation becomes more skewed and
heavy-tailed in the future. While within-climate training provides
the best performance, this strategy is impractical for real-world
applications where only historical observations are available. Im-
portantly, however, our results also show that the cross-climate
models did not perform substantially worse than the within-
climate models, particularly for L-moments, dry probability, and
temporal autocorrelation, and even for extremes, their differ-
ences generally fell within the uncertainty range of the hh and ff
models. These findings suggest that WGANSs offer a potential
for at least partial transferability of the learned downscaling rela-
tionship across climates. However, this robustness is likely depen-
dent on the degree of nonstationarity present: If the distributional
shifts were much more pronounced than in our application, the
performance of WGANSs could deteriorate considerably. A con-
trolled set of experiments, for example, using synthetic data with
prescribed forms and magnitudes of nonstationarity, would be
valuable to systematically assess the limits of model generaliza-
tion. These insights underscore the need for approaches that ex-
plicitly address distribution shift, such as transfer learning, hybrid
training with both historical and projected simulations, or
climate-invariant representations that can generalize across
changing regimes. In addition, methods that place greater em-
phasis on extremes, through tail-sensitive loss functions, sto-
chastic downscaling components, or integration with extreme
value theory, may help reduce underestimation at the highest
percentiles.
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