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A B S T R A C T

Accurate precipitation at fine spatial resolutions is essential for hydrologic modeling and risk assessment, yet 
most precipitation data are available at coarse scales. Dynamical downscaling can improve spatial resolution but 
is computationally expensive while statistical downscaling struggles to reproduce high-resolution characteristics. 
Machine learning has been shown to offer an operational alternative for transforming coarse data into fine-scale 
fields, especially honoring spatiotemporal precipitation dependencies. Here, we show that combining machine 
learning with post-processing bias correction approaches—a form of “machine unlearning”— yields improved 
performance. We evaluate four machine-learning models—Linear Network (LNet), Fully Connected Network 
(FCNet), Convolutional Neural Network (UNet), and Wasserstein Generative Adversarial Network (WGAN)—for 
downscaling precipitation using synthetic benchmark storms with known marginal and spatiotemporal proper
ties. Using synthetic fields provides full control over storm characteristics and enables rigorous evaluation. Raw 
outputs from all models struggle to reproduce wet/dry boundaries, statistics, and extremes, and only WGAN 
captures the complex spatiotemporal structure of fine-scale storms. We then apply linear and nonlinear bias 
corrections to enforce zeros, match the mean of positive values, and align full marginal distributions, including 
tails. This demonstrates that post-processing is crucial for reliable neural network outputs in operational settings. 
The results highlight WGAN’s potential for operational downscaling while emphasizing the need for systematic 
post-processing and careful validation before real-world application.

1. Introduction

“Machines take me by surprise with great frequency.” ~ Alan Turing

Spatial downscaling of precipitation aims to generate high-resolution 
datasets from coarse-scale information. For example, climate models 
like those in CMIP6 (Coupled Model Intercomparison Project, Phase 6; 
Eyring et al., 2016) provide precipitation projections at resolutions 
ranging from 0.1◦ to over 1◦. Such resolutions are inadequate for 
regional applications requiring finer scales, typically below 4 km 
(Benestad, 2004; Lucas-Picher et al., 2021; Mamalakis et al., 2017; 
Rampal et al., 2024). Downscaling is thus critical for applications 
including evaluating extreme event risks, assessing vulnerabilities in 
various sectors, formulating adaptation strategies, facilitating 
governance-level decision-making, and supplying input data for 
specialized models (Benestad, 2010; Liu et al., 2023).

Spatial downscaling techniques are broadly categorized into statis
tical and dynamical methods (Rampal et al., 2024). Statistical 

downscaling uses relationships between large-scale atmospheric vari
ables and observed fine-scale precipitation. This includes regression- 
based models, weather typing, and analog methods (Maraun et al., 
2010; Themeßl et al., 2012; Wilby et al., 1998). A subset is super- 
resolution downscaling, transforming coarse precipitation fields to 
high-resolution counterparts without other predictors (Duncan et al., 
2022; Leinonen et al., 2021; Mamalakis et al., 2017). Dynamical 
downscaling employs high-resolution Regional Climate Models (RCMs), 
like the Weather Research and Forecasting (WRF) model (Powers et al., 
2017), nested within global models to simulate fine-scale atmospheric 
processes. Despite progress, challenges persist in both approaches. 
Dynamical downscaling is computationally expensive, making it 
impractical for applications requiring multiple runs, such as uncertainty 
quantification essential for reliable climate change impact assessment. 
Statistical downscaling, though less resource-intensive, often struggles 
to capture the high-resolution dependence structures of precipitation 
fields and has limited extrapolation capabilities (Maraun et al., 2015; 
Teutschbein & Seibert, 2013).
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Recently, machine learning (ML) and deep learning (DL) techniques 
have been explored to address these challenges (Boulaguiem et al., 
2022; Chen et al., 2024; González-Abad et al., 2023; Harris et al., 2022; 
Leinonen et al., 2021; Nishant et al., 2023; Rampal et al., 2022). ML 
applications include support vector machines, random forests, and 
neural networks for both dynamical and statistical downscaling. In 
dynamical contexts, ML models emulate physics-based models, offering 
computational efficiency once trained (Hobeichi et al., 2023). In sta
tistical downscaling, DL is promising due to its ability to capture 
nonlinear system behavior. Generative Adversarial Networks (GANs) 
and conditional GANs (Boulaguiem et al., 2022; Glawion et al., 2023b; 
Leinonen et al., 2021), in particular, have shown potential in capturing 
spatial structures of precipitation fields, although challenges like rep
resenting extremes remain (Maraun et al., 2015).

Here, we revisit the problem of downscaling precipitation fields, and 
specifically storms at fine spatiotemporal resolution, using machine and 
deep learning models. We conduct a comprehensive comparison of 
various neural network models tasked with downscaling fast-moving 
storm fields from a coarse 6 × 6 grid to a fine 60 × 60 grid—a tenfold 
downscaling representative of real-world needs (Rampal et al., 2024). 
We note that as a first step, we here use synthetic storms, so that we have 
complete control of the experiments (type of storms; velocity fields etc.) 
and sufficient sample size for training. Specifically, we use stochastically 
simulated benchmark storms generated by the Complete Stochastic 
Modeling System (CoSMoS; Papalexiou, 2018) and test the efficacy of 
downscaling models. For our assessment, we adopt several and thorough 
performance metrics, specifically relevant for precipitation. In consis
tency with previous research (see references above), our results show 
that GANs outperform other models in capturing spatiotemporal de
pendencies, yet they suffer with the reproduction of other key statistical 
properties of precipitation, including extremes. We then show that by 
combining machine learning and post-training bias correction ap
proaches — that can be viewed as a form of “machine unlearning” 
(Bourtoule et al., 2021; Li et al., 2024)—optimal performance can be 
attained, a particularly important result for operational applications.

We stress that we use the term machine unlearning in a broader, 
application-oriented sense to describe the post-processing correction of 
biases learned by neural networks, rather than the modification of 
network weights. In the broader ML literature, machine unlearning 
(MU) typically refers to methods designed to remove or alter previously 
learned information from trained models (e.g., for privacy, security, or 
fairness purposes; see e.g., Shaik et al., 2025). Our use of the term 
highlights that what has been learned by the network may still be biased, 
requiring systematic “unlearning” through output-level correction.

In the following sections, we start by presenting the algorithm that 
was used to generate the synthetic storm data and the models that were 
used for downscaling. In sections 4 and 5, we present the results and the 
post-training bias correction approaches that we recommend. We 
discuss our results in section 6, and in section 7, we state our 
conclusions.

2. Benchmark storms generated using CoSMoS

Here we aim to evaluate the performance of neural networks (NNs) 
in downscaling storms, or more generally, precipitation fields. To 
thoroughly investigate this objective, a fully controlled experiment is 
necessary for accurate assessment. We require fine spatiotemporal res
olution storm data, which we will then aggregate to coarser resolutions, 
using both fine and coarse fields to train the NNs. While radar fields or 
other observational spatiotemporal data could be utilized, they would 
not effectively serve the purpose of this study. This is due to potential 
data quality issues (e.g., Berne & Krajewski, 2013; Ochoa-Rodriguez 
et al., 2019; Villarini & Krajewski, 2010), and, most importantly, the 
difficulty in confidently assessing the statistical properties of storms 
without knowing whether they represent ground truth.

Specifically, storms at fine spatiotemporal scales have statistical 

properties that not only challenge simulation but also complicate their 
assessment and quantification (see e.g., Bacchi & Kottegoda, 1995; 
Houze, 2018; Moszkowicz, 2000; Niemi et al., 2014). At sub-hourly 
temporal scales and spatial resolutions, for example, below 10 km, 
storms exhibit: (1) Advection—storms move across regions with con
stant or varying velocities; (2) Anisotropy—there is often an axial 
preference, where storm properties vary depending on the direction of 
investigation in space; (3) Spatiotemporal intermittency—periods of no 
rainfall alternate between partially and fully wet regions, forming 
irregular boundaries between dry and wet areas; (4) Strong spatiotem
poral dependence—there is a high correlation with both previous in
stances and distant locations within the storm; and (5) Skewed and 
potentially heavy-tailed marginal distributions—positive intensity 
values follow positively skewed probability distributions (typically J- 
shaped) with subexponential tails, allowing for more frequent and 
intense extremes.

Several models in the literature address space–time modeling of 
precipitation (e.g., Bardossy & Plate, 1992; Leblois & Creutin, 2013; 
Papalexiou, Serinaldi, & Porcu, 2021; Paschalis et al., 2013; Pegram & 
Clothier, 2001; Peleg et al., 2017). Here, to generate synthetic storms, 
we use the Complete Stochastic Modeling System (CoSMoS), which 
defines storm properties through its marginal distribution, spatiotem
poral correlation, advection velocity, and anisotropy. CoSMoS 
(Papalexiou, 2018) is a flexible framework for simulating hydroclimatic 
processes like precipitation, temperature, and discharge, tailored to 
match observed or specified distributions and correlation structures. Its 
univariate version generates time series, while CoSMoS-2 s (Papalexiou, 
2022) enhances precipitation modeling through copula-based de
pendencies and dedicated wet-dry spells simulation. The multisite 
version (Papalexiou et al., 2023) models time series across locations, 
capturing local and large-scale variability. Additionally, CoSMoS can 
generate static spatiotemporal fields (Papalexiou & Serinaldi, 2020) and 
simulates spatially varying velocity fields and anisotropy for realistic 
storm dynamics (Papalexiou, Serinaldi, & Porcu, 2021).

We generate synthetic spatiotemporal storms characterized by a 
highly skewed distribution, strong spatiotemporal correlation, a con
stant velocity field, and affine anisotropy. Specifically, the storms have a 
theoretical probability of zero, p0 = 0.7, while the intensity of positive 
values follows the G E 4 distribution introduced in Papalexiou (2022)
with distribution function: 

FG E 4(x; β, γ1, γ2) = 1 −

((

exp
(

x
β

)γ2

− 1
)γ1/γ2

+ 1

)− γ2/γ1

(1) 

where β > 0 is a scale parameter and γ1 > 0 and γ2 > 0 are shape pa
rameters. Although Equation (1) is not simple, the G E 4 distribution 
intuitively extends the exponential family (the Exponential distribution 
is a special case), introducing two shape parameters that control the left 
and right tails and allow flexible representation of both light and heavy 
rainfall. Here we use (β, γ1, γ2) = (3,0.8, 1.2) resulting in a highly 
skewed J-shaped probability density function (Fig. 1a), consistent with 
previous studies on precipitation (e.g., Cavanaugh et al., 2015; Marra 
et al., 2023; Moustakis et al., 2021; Nerantzaki & Papalexiou, 2019; 
Papalexiou et al., 2018; Serinaldi & Kilsby, 2014).

This modeling approach uses parent Gaussian random fields (GRFs) 
or fields with different types of dependence, such as t-copula fields. 
These parent fields are transformed to exhibit desired characteristics, 
like advection and anisotropy. These transformations alter the original 
spatiotemporal correlation structure (STCS) of the parent GRF, often 
making the resulting STCS more complex and difficult to visualize (for 
more on STCSs see e.g., Gneiting, 2002; Hristopulos, 2020; Porcu et al., 
2020). In general, the generated storms are described by their marginal 
distribution, the STCS of the GRF, the advection velocity field, and 
anisotropy (for further details, see Papalexiou, Serinaldi, & Porcu, 
2021). Here we use the Ali-Mikhail-Haq-Weibull (AMHW) STCS, defined 
as: 
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ρAMHW(δ, τ) =
exp( − (δ/bS)

cs )exp( − (τ/bT)
cT )

1 − θ(1 − exp( − (δ/bS)
cs ) )(1 − exp( − (τ/bT)

cT ) )
(2) 

where bS and bT are scale parameters, while cS, cT, and θ are shape pa
rameters. The parameters used here for the STCS (Fig. 1b) of the parent 
GRFs are the (bS, cS, bT, cT, θ) = (25,1, 20,1, − 1). The storms in the 
model move with an advection velocity vx,y =

(
vx, vy

)
= (6, − 3) causing 

the field to move rightward and downward at an angle of − 26.6◦

(Fig. 1c) relative to the positive x-axis, covering a distance of about 6.7 
units per time step. To introduce anisotropy, we apply an affine trans
formation (e.g., Chilès & Delfiner, 2009): 
(

x̃
ỹ

)

=

(
κx 0
0 κy

)(
cosω − sinω
sinω cosω

)(
x
y

)

(3) 

where κx = 2.5 and κy = 1 are scaling factors for horizontal and vertical 
directions, respectively, and ω = − π/4 applies a counterclockwise 
rotation. This transformation induces anisotropy, as visualized by the 
distortion of a regular grid (Fig. 1d). The storm cells, elongated along the 
− 45◦ line (Fig. 1e), reflect this anisotropic effect, which is also apparent 
in the field’s movement (see Animation S1 in Supplementary Material). 
In simple terms, this transformation stretches the field horizontally, 
compresses it vertically, and then rotates it, producing storm structures 
that are elongated rather than circular—similar to how wind shear 
might distort a storm system.

In total, we generated 55,000 storm fields on a 60 × 60 grid, which 
were aggregated to a 6 × 6 grid (Fig. 1e). The 50,000 fine- and coarse- 
scale field pairs were used to train four NNs to downscale coarse fields 
to finer resolutions. The remaining 5,000 pairs were used to validate the 
models’ performance. Note that, although the storm fields in this study 
were generated by the CoSMoS model, we refer to these fields hereafter 
as “observed” or “benchmark” in all figures and text. This avoids am
biguity with the NN-downscaled fields, which are also simulated, and 
reflects a real-world scenario where one would rely on observations. A 
schematic overview of the full workflow, including storm generation, 
neural network training, and bias correction, is provided in Fig. A1.

3. Neural networks used to downscale storms

3.1. Linear networks (LNet)

The simplest network we consider is the Linear Network (LNet), 
which is used here as a baseline model. The LNet consists of multiple 
linear regression models that are independent of each other (i.e., they do 
not share any parameters; Fig. 2a) and are trained at the same time by 
minimizing the loss function; see Section 3.5. Specifically, if x̂(t) is the 
vectorized, downscaled high-resolution precipitation field at time t, then 
the LNet can be summarized as follows: 

x̂3600×1(t) = b3600×1 +w3600×36 y36×1(t) (4) 

with y(t) being the vectorized, coarse precipitation field at time t, and b 
and w being the parameters of the network to be estimated during 
training.

3.2. Fully connected networks (FCNet)

The second model we consider is a fully connected artificial neural 
network (FCNet; also known as dense network or multi-layer percep
tron). It consists of input and output layers and several hidden layers 
(see Fig. 2b). The input and output layers are vectorized versions of the 
coarse and high-resolution precipitation fields, i.e., y(t) and x̂(t), 
respectively. Each of the hidden layers consists of neurons where the 
outputs from all the neurons of the previous layer are used as inputs and 
passed through a nonlinear function, known as activation function. 
Specifically, if zm

q is the output of the neuron q in the previous layer m, 
then the output of the neuron r in the next layer m+1 is: 

zm+1
r = H

(

br +
∑

q
wqrzm

q

)

(5) 

where wqr is the weight connecting the neurons q→r and br is known as 
the bias term. These weights and bias terms for the entire network 

Fig. 1. (a) Probability density function (PDF) of the G E 4 distribution for precipitation amounts. (b) Ali-Mikhail-Haq-Weibull spatiotemporal correlation structure 
for the parent Gaussian random fields. (c) Velocity field for storm advection. (d) Transformed grid showing the affine anisotropy transformation (stretch, compress, 
rotate). (e) Generated storms used to benchmark NN downscaling performance, with corresponding aggregated storms at a coarser resolution for NN training. See 
also Animation S1.
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constitute the model parameters and are learned during training. The 
function H is a nonlinear function that is called activation function. 
There are many different choices that one could use for H, and although 
for specific applications some types might be more suitable than others, 
generally the choice is arbitrary, or it can be considered as a hyper
parameter. It is by using this nonlinear function H that fully connected 
networks can capture nonlinear system behavior. This is especially the 
case for deep networks with many hidden layers. After we experimented 
with a few different architectures, we chose to use an FCNet with two 
layers with 100 and 500 neurons, respectively. We chose to use the ReLU 
function as an activation function for the hidden layers and the “linear” 
function (Hlinear(u) = u) for the output layer. The ReLU function is a 
popular choice, and its formula is given by: 

HReLU(u) =
{

0, u⩽0
u, u > 0 (6) 

Note that the LNet is effectively an FCNet with no hidden layers.

3.3. Convolutional network (UNet)

A Convolutional Neural Network (CNN) is a type of DL model 
designed to process data with a grid-like structure, such as images or 
spatiotemporal fields, making it especially suited to pattern recognition 
and downscaling tasks (LeCun et al., 2015). A CNN is composed of layers 
that apply convolutional operations to extract hierarchical features from 
input data. The initial layers may capture simple patterns, like edges and 
textures, while deeper layers recognize complex features and structures, 
such as shapes or objects. Each convolutional layer utilizes a set of filters 
(also known as “kernels”) that slide over the input data, performing 
element-wise multiplications, summing the results and passing them 
through an activation function to produce feature maps. These element- 
wise multiplications are essentially similar to Equation (5), but wqr and 

br are fixed for each filter. Typically, in each convolutional layer, many 
filters are used, to allow for different types of edges or shapes to be 
captured. Similarly to the previous models, the parameters wqr and br of 
each filter of each layer are being estimated during training to maximize 
predictive performance.

Max pooling layers follow the convolutional layers to downsample 
the feature maps, by taking the maximum value from a 2 × 2 filter that 
slides over the entire feature map, reducing spatial dimensions and 
computational requirements while retaining critical information.

This hierarchical approach enables CNNs to capture spatial de
pendencies and complex, non-linear relationships within the data, 
making them highly effective for the downscaling task considered in this 
study. By adjusting the depth and number of filters, CNNs can be tailored 
to capture the intricate patterns within diverse data types. For the 
downscaling task, we aim to increase the resolution of the CNN input 
and we use a sequence of convolutional, pooling and reverse convolu
tional layers, as shown in Fig. 2c. The dimensions of the output feature 
map of each layer is given in Fig. 2c, and for each convolution or reverse 
convolution, we are using ReLU activation functions. Because of the 
shape of the architecture depicted in Fig. 2c, such a network is usually 
called UNet, due to its resemblance to the English letter “U”.

3.4. Wasserstein generative adversarial networks (WGAN)

We finally consider a Generative Adversarial Network (GAN). A GAN 
is a type of deep learning model composed of two neural networks: a 
generator and a discriminator. The generator’s job is to create new data 
instances that mimic real data, while the discriminator attempts to 
differentiate between real and generated data. The two networks engage 
in a “game” where the generator continuously improves its outputs to 
fool the discriminator, while the discriminator improves its ability to 
detect fake data. Over many iterations, this adversarial process helps the 

Fig. 2. Model architectures used in the study: (a) Linear Network (LNet), (b) Fully Connected Network (FCNet), (c) UNet – Generator (the generator component of 
the Wasserstein Generative Adversarial Network, WGAN), and (d) Convolutional Neural Network – Critic (CNN – Critic, the critic used in the adversarial training).

S.M. Papalexiou and A. Mamalakis                                                                                                                                                                                                        Journal of Hydrology 665 (2026) 134689 

4 



generator produce highly realistic outputs, making GANs popular for 
applications like generative AI, image synthesis, style transfer, and data 
augmentation.

Wasserstein GANs (WGANs) are a refined version of GANs designed 
to address issues such as training instability and mode collapse 
(Arjovsky et al., 2017; Gulrajani et al., 2017), where the generator might 
produce limited or repetitive outputs. WGANs employ the Wasserstein 
distance (Arjovsky et al., 2017; Gulrajani et al., 2017) instead of the 
standard binary cross-entropy loss used in regular GANs. This distance 
metric provides a more stable measure of similarity between the 
generated data and real data distributions. By using a critic network 
instead of a traditional discriminator, WGANs enable smoother training, 
leading to more stable and diverse outputs. These improvements make 
WGANs especially useful in engineering applications that require high- 
quality data generation, like synthetic creation for rare events, simu
lating complex physical systems, and climate downscaling (Glawion 
et al., 2023b; González-Abad et al., 2023; Leinonen et al., 2021).

The CNN architecture of the critic network is shown in Fig. 2d. Apart 
from the convolutional and max pooling layers, we also use fully con
nected layers as depicted in the figure. In this study, we use a conditional 
WGAN, where the critic considers both the high-resolution image (real 
or generated) and the corresponding low-resolution image and assesses 
if these two could be a realistic pair, based on the training data (Glawion 
et al., 2023; Leinonen et al., 2021). We use the trained UNet of the 
previous section as the initial version of the generator, to be further 
trained and refined through the adversarial game. After the adversarial 
training is finished, the final UNet (generator) is used to downscale 
coarse precipitation fields. For the remainder of the study, we refer to 
the results of the generator as “WGAN”. Note that during evaluation we 
fixed the latent vector z, making the generator mapping deterministic. 
Thus, all reported metrics are computed on a single realization per 
coarse field. Generating ensembles by resampling z is straightforward 
but was not pursued here to keep comparisons across models and post- 
processing steps strictly one-to-one.

3.5. Training process

To train the different networks, we used stochastic gradient descent 
(LeCun et al., 2015; Rumelhart et al., 1986) and a batch size of 32. The 
training data of 50,000 instances are split into training (40,000) and 
validation data (10,000). The validation data is used to determine the 
optimal values of the hyper-parameters (e.g., learning rate, drop-out 
probability) and the training data to estimate the parameters of each 
network. After the optimal hyper-parameters have been determined, 
each network is trained again from scratch, using 500 epochs and an 
early stopping algorithm, with the patience parameter being set to 30 
epochs. The early stopping algorithm monitors the validation loss 
function and terminates the training if there has been no decrease in the 
validation loss for 30 consecutive epochs, to avoid overfitting.

The loss function that we used for the LNet, FCNet and UNet is the 
mean squared error (MSE): 

MSE =
1
N
∑N

t=1

⃦
⃦x
(
t
)
− x̂

(
t
)
‖

2
2

3600
(7) 

where N is the batch size (i.e., in our case, N = 32), x(t) is the actual 
(ground truth) vectorized version of the high-resolution observed pre
cipitation field at time t, and x̂(t) is the prediction by the network.

For the WGAN, the generator and the critic are trained at the same 
time, aiming to minimize the corresponding losses. The loss functions for 
the critic and the generator, respectively, are (here, we drop the notation 
for the time dimension for simplicity): 

LC = C(G(y, z),y ) − C(x, y) + γ
( ⃦
⃦∇x̃C(x̃, y)‖2 − 1

)2 (8) 

with x̃ = (1 − ε)x + ε G(y, z)

LG = − C(G(y, z),y ) (9) 

where C is the critic network, x, y are the high resolution and low res
olution observed precipitation fields respectively, G is the generator 
network and z is the noise field. For the gradient penalty in the critic’s 
loss (Gulrajani et al., 2017), we use γ = 10, and samples x̃ are random 
weighted-averages between observed and generated high resolution 
precipitation fields. As such, ∊ is sampled from a uniform distribution 
between 0 and 1.

Conceptually, the Wasserstein loss functions aim for the critic to 
minimize its output for generated samples while maximizing it for real 
samples, effectively distinguishing between the two. The generator is 
trained to fool the critic. The gradient penalty in the critic’s loss enforces 
constraints on the critic’s output, limiting the likelihood of mode 
collapse and/or diverging solutions. For more details in training the 
WGAN, the reader is referred to Gulrajani et al., 2017; Leinonen et al., 
2021). We train the WGAN on the training data (40,000 instances) for 20 
epochs without applying early stopping, using a batch size of 32. In each 
training iteration, the critic’s parameters are updated three times (using 
three batches), while the generator’s parameters are updated once 
(typical practice; see Gulrajani et al., 2017; Leinonen et al., 2021).

Note that all model architectures, hyperparameters, optimizer set
tings, and regularization parameters used in this study are fully docu
mented in the accompanying Python code, which is openly available at 
https://github.com/amamalak/downscaling_biascorrection.

4. Assessing the neural network downscaled storms

4.1. Visual inspection

Each of the four trained NNs were applied to downscale 5,000 
aggregated storm fields from a coarse 6 × 6 grid to a finer 60 × 60 grid 
(Fig. 3 and Animation S1 in Supplementary Material). Note that in these 
visualizations, all generated negative values were set to zero, as none of 
the models produced exact zero values. Probably the NNs do not 
reproduce exact zeros because the output activations are continuous, 
making it statistically unlikely for the networks to generate a precise 
zero. Since precipitation is either zero or positive, this serves as an 
initial, straightforward post-processing step. The initial visual inspection 
of the fields generated by the NNs, compared to the original fields, 
demonstrates that all models successfully captured both low- and high- 
intensity regions. However, LNet, FCNet, and UNet exhibited a tendency 
to oversmooth storm cells, particularly along the boundaries between 
low- and high-intensity regions, as shown by the color scale in Fig. 3. 
These regions appear smoothed into elliptical shapes, indicating the 
anisotropic nature of the storms. Additionally, several high-intensity 
spots in the original fields (highlighted in purple) appeared with lower 
intensity, suggesting that these NNs might reduce extreme intensities. 
Among these three NNs, LNet produced noisier results, generating dry 
regions, albeit to a smaller extent compared to the original fields; FCNet 
exhibited excessive smoothing but appeared to more accurately repro
duce the dry regions, while in contrast, UNet did not generate any dry 
regions. On the other hand, the WGAN model produced spatial patterns 
that closely resembled the original fields. The boundaries between high- 
and low-intensity regions and their irregular patterns were faithfully 
reproduced by WGAN, and the extreme intensities appear to agree with 
the benchmark fields. However, a key limitation of WGAN is its failure to 
generate true dry regions, instead producing areas of very low intensity.

The initial visual inspection provides a preliminary assessment, 
revealing noticeable differences among the NNs. However, a more 
thorough analysis is necessary to evaluate their performance in detail, 
focusing on key statistical properties of the marginal distribution and of 
the spatiotemporal dependence. In this analysis, we apply several sta
tistics and use two error metrics to compare the observed and NN- 
downscaled fields, that is, the Bias and Root Mean Square Error 
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(RMSE). The Bias highlights systematic deviations (whether the model 
consistently over- or underestimates), while the RMSE provides a mea
sure of error magnitude by capturing both positive and negative de
viations. The formulas for these error metrics are as follows: 

Bias =
1
n
∑n

t=1
(Ŝs(t) − Ŝo(t) ) (10) 

RMSE =

(
1
n
∑n

t=1
(Ŝs(t) − Ŝo(t) )2

)1/2

(11) 

where ̂Ss(t) and ̂So(t) represent any of the statistics assessed here and are 
estimated from each simulated and observed field values, respectively, 
from time t = 1 to n = 5,000.

4.2. Negative values and probability of zero

The analysis of the individual fields showed that all four NNs pro
duced small negative values, though these values were generally close to 
zero. The average percentage of downscaled fields containing negative 
values was: LNet (32.9 %), FCNet (31.3 %), UNet (0.3 %), and WGAN 
(1.9 %). Notably, none of the networks generated exact zero values. To 
estimate the probability of zero (p0) for each field, we used the ratio of 
values less than or equal to zero out of the total 3600 values per field. 
Thus, the average p0 is equivalent to the percentage of negative values 
reported for each model, while the true average p0 of the benchmark 
fields is 70 %. Based on this definition, the analysis revealed a significant 
negative bias and high RMSE across all models, as shown in the scatter 

plots of Fig. 4, where the simulated points fall below the equilibrium 
diagonal. Each scatter plot and its corresponding density region were 
constructed from 5000 points (one from each field), representing the 
estimated p0 values from the simulated versus observed field data.

4.3. L-moments summary statistics

We estimated the mean, second L-moment (a measure of dispersion 
similar to the standard deviation), L-skewness (indicating asymmetry), 
and L-kurtosis (reflecting the heaviness of the tails) for the positive 
values in each simulated field (for more details on L-moments see 
Greenwood et al., 1979; Hosking, 1990; Sillitto, 1951). These statistics 
were then compared to those from the corresponding observed fields 
across the four NNs. To minimize sample variability, we calculated these 
statistics using only fields with more than 30 positive values. As previ
ously noted, the NNs struggled to capture zero values, resulting in many 
simulated values close to zero, which can impact the summary statistics. 
This limitation may also misrepresent dry periods as slightly wet, 
leading to overestimation of soil moisture or premature runoff genera
tion, thereby influencing flood and flash-flood modeling. The mean was 
consistently underestimated by all NNs, as evidenced by the clustering of 
points below the equilibrium diagonal in Fig. 4. LNet and FCNet per
formed similarly, with biases of − 0.79 and − 0.89, respectively. UNet 
showed the poorest performance, with a bias of − 1.16, while WGAN 
performed slightly better with a bias of − 1.05. The conclusions drawn 
for the mean also apply to the second L-moment. All NNs exhibit a clear 
underestimation of the second L-moment, as indicated by the negative 
bias, with all models performing similarly (Fig. 4).

The high percentage of values near zero, which led to 

Fig. 3. Downscaled storm fields from LNet, FCNet, UNet, and WGAN from 6× 6 to 60 × 60 resolution. The first row shows benchmark high-resolution fields, with 
subsequent rows displaying the downscaled fields from the four NNs. The color scale represents storm intensity. See also Animation S1.
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underestimation of the mean and dispersion in the NN-downscaled 
fields, had the opposite effect on L-skewness and L-kurtosis. These 
shape metrics, which assess asymmetry and tail heaviness more robustly 
than the classical skewness and kurtosis (Hosking, 1992; Vogel et al., 
2024), were significantly overestimated. This is due to the high fre
quency of values near zero, which increases asymmetry and makes 
simulated extremes to appear less frequent, artificially inflating thus the 
heaviness of the right tail which is reflected in L-kurtosis values. Inter
estingly, the NNs performed differently, with LNet showing a lower 
positive bias, while WGAN exhibited the worst bias. However, it is 
important to note that the performance of these shape metrics is heavily 
influenced by the model’s ability to accurately capture the proportion of 
positive values.

4.4. Temporal autocorrelation

Here, we assess the ability of the NN-downscaled storms to reproduce 
the temporal autocorrelation structure (ACS). The ACS is a key metric as 
it governs the persistence of values in the sequences of fields, leading to 
the clustering of high or low intensities—an important factor in esti
mating the risk of hazards such as flash flooding. To analyze the ACS, we 
construct time series for each grid cell, treating the sequence of the 5000 
fields as 3600 individual time series (corresponding to the 60 × 60 grid 
cells). To clarify, let xi,j(t) represent the value at the (i, j)-th grid cell at 
time t, and let {xi,j(t)} for t = 1,⋯,5, 000 denote the time series at this 
grid cell. For notational simplicity, hereafter we also use xi,j(t) to 
represent the time series, relying on context to indicate whether it refers 
to a single value or the entire series. The temporal correlation for the (i,
j)-th grid time series is then defined as Cor

(
xi,j(t), xi,j(t − τ)

)
where τ is 

the temporal lag. For each time series, we compute the autocorrelation 

Fig. 4. Scatter density plots comparing the probability of zero, mean, second L-moment, L-skewness, and L-kurtosis in observed and downscaled storm fields from 
LNet, FCNet, UNet, and WGAN. Red regions indicate higher point density.
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coefficient for τ = 1,⋯,5.
The box plots of the estimated ACS (each derived from 3600 esti

mates) reveal a clear overestimation of the ACS compared to that esti
mated for the observed fields (Fig. 5a). Nevertheless, the WGAN 
consistently outperforms the other three NNs, exhibiting significantly 
lower positive bias across all temporal lags. This highlights WGAN’s 
superior ability to capture the temporal evolution of storm events. 
Interestingly, despite its better performance in terms of bias, WGAN 
shows greater variability in the estimated ACS, as indicated by the wider 
range in the box plots (with whiskers representing the 95 % empirical 
confidence intervals). This suggests that while WGAN captures the 
average ACS more accurately, it introduces more variability in its pre
dictions, potentially reflecting a broader spread of storm characteristics 
across different grid cells. Moreover, WGAN achieves both a lower bias 
(Fig. 5b) and reduced RMSE (Fig. 5c) across all temporal lags, further 
confirming its advantage over LNet, FCNet, and UNet.

4.5. Spatial correlation

We evaluate the spatial correlation within each individual field by 
correlating the field values with those of the field shifted by a specific 
direction θ and distance δ. To clarify, let xi,j(t) denote the value at the 
(i, j)-th grid cell at time t, and let xi+k,j+l(t) represent the shifted value 
located k rows below and l columns to the right of xi,j(t). The direction 
(angle) from xi,j(t) to xi+k,j+l(t) is given by ϕ = tan− 1(l/k), and the dis
tance is δ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅
k2 + l2

√
. Using this rationale and notation, we denote the 

2D grid of the field values at time t as x(t) and the shifted grid as x(k,l)(t). 

The directional correlation of the field is then expressed as Cor
(
x(t),

x(k,l)(t)
)

where the direction θ and spatial distance δ are as previously 
defined. Since the generated storm fields are anisotropic (see Section 2) 
the strength of the spatial dependence varies not only with distance but 
also with direction. Here we estimate the directional correlation along 
the − 45◦ (for k = d, l = d) and 45◦ (for k = − d, l = d) diagonals, for 
d = 1,3,5,8,12. This results in spatial distances δ =

̅̅̅
2

√
,3

̅̅̅
2

√
,5

̅̅̅
2

√
,8

̅̅̅
2

√
,

12
̅̅̅
2

√
. We selected these two directions because the scaling factors (κx =

2.5, κy = 1) and the rotation (ω = − 45◦) that define the affine anisot
ropy introduced during the storm simulations (see Section 2) result in 
the strongest spatial dependence along this direction, while the weakest 
dependence occurs along the perpendicular 45◦ diagonal. To ensure 
robust estimates of directional correlation, we consider only fields with 
more than 20 % of positive values, resulting in over 3678 valid 
estimates.

The spatial correlation analysis, similar to the temporal correlation, 
demonstrates that the WGAN model excels in reproducing realistic 
spatial dependencies (Fig. 5). As expected from the earlier visual in
spection of spatial patterns (see Fig. 3), WGAN shows superior perfor
mance in capturing spatial correlations in both directions. Specifically, 
the directional correlation estimates of WGAN, represented by box plots 
(Figs. 5d,g), closely mirror those of the observed fields. This is evident 
not only in the mean values but also in the variability, as indicated by 
the similar spread of the box plot whiskers. In contrast, LNet, FCNet, and 
UNet display a consistent overestimation of spatial dependence, which 
aligns with their visually smoother spatial patterns that deviate from the 
observed ones. WGAN also shows minimal positive bias in both spatial 

Fig. 5. Performance of downscaled fields from LNet, FCNet, UNet, and WGAN in replicating temporal autocorrelation and spatial dependence of the observed storm 
fields. (a-c) Temporal autocorrelation estimates, bias, and RMSE across lags. (d-f) − 45◦ directional spatial correlation, bias, and RMSE across distances. (g-i) + 45◦

directional spatial correlation, bias, and RMSE. Box plots show estimates for individual fields, with whiskers indicating 95 % empirical confidence intervals.
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directions analyzed (Figs. 5e, h). For instance, in the − 45◦ direction, the 
bias peaks at a distance of approximately 5

̅̅̅
2

√
with a value of around 

0.03. In contrast, the other models have biases approximately seven 
times larger at the same distance. The RMSE results (Figs. 5f,i) also 
highlight WGAN’s superior performance, with consistently lower and 
less variable errors across spatial distances. As a final comment, all 
models successfully captured the stronger spatial dependence along the 
− 45◦ diagonal and the weaker dependence along the 45◦ diagonal, 
demonstrating that all NNs were able to reproduce anisotropy. However, 
only WGAN accurately reflected the true geometrical complexity of the 
wet-dry region borders, producing realistic spatial patterns, as noted 
earlier.

5. Bias correction of NN-downscaled storms

The analysis of NN-downscaled storms reveals several key issues. All 
models produced small negative values and failed to generate realistic 
dry regions, even when negative values were set to zero. A high per
centage of values near zero distorted the summary statistics, under
estimating the mean and second L-moment while inflating L-skewness 
and L-kurtosis. In terms of dependence structure, only WGAN, despite 
some positive bias, successfully reproduced both temporal and spatial 
correlations with realistic spatial patterns. These findings indicate that 
post-processing of raw outputs is clearly required before operational use. 
To address this, we explore and apply two bias correction (BC) meth
odologies: the first is a general linear bias correction (LBC), while the 
second is a fully nonlinear bias correction (NLBC) approach.

5.1. Linear bias correction (LBC) of downscaled storms

The most general linear transformation, that could be used for bias 
correction, includes translation and rescaling and can be applied to 
adjust the mean (μ) and standard deviation (σ) of a random variable. 
However, correcting μ and σ using a linear transformation is problematic 
for variables like precipitation, especially at fine scales, as it may result 
in negative or unrealistically low values. Thus, here we apply a linear 
bias correction (LBC) to adjust the probability of zero and the mean of 
positive values in the downscaled fields. First, we modify po by setting a 
proportion of positive values to zero to match the target po of the 
observed fields. This adjustment can result in minimum positive values 
above a certain threshold (α), which may seem unnatural for precipi
tation data. To mitigate this, we correct the lower limit by applying a 
translation, subtracting the threshold α. The translated variable is then 
rescaled to achieve the desired mean. Specifically, any simulated value 
xs:=xs|i,j(t) belonging to the (i, j)-th grid cell for the t-th NN–downscaled 
field, is corrected using the LBC as follows: 

x̃s =

⎧
⎨

⎩

0 xs ≤ α
μ̂o

μ̂s,α
(xs − α) xs > α

(12) 

where α = F̂
− 1
s (p0) is the threshold set to match the observed p0 and can 

be estimated by the empirical quantile function F̂
− 1
s (⋅) of simulations; 

and μ̂o and μ̂s,α are the estimated mean of the positive values in the 
observations and the translated by α simulations respectively. Note that 
while termed linear, this correction is linear only for values above the 
wet/dry threshold; adjusting the probability of zero makes the overall 
transformation nonlinear. In general, this bias correction is a special 
case of a distribution-mapping framework, where simulated values are 
transformed to match the reference distribution.

The estimated threshold values to match p0, by setting xs ≤ α to zero 
in the simulations for LNet, FCNet, UNet, and WGAN, are 0.46, 0.31, 
0.22, and 0.14, respectively. These thresholds indicate significantly 
higher-than-zero values as the lower bounds, which justifies and ne
cessitates the translation approach to bring the lower limit to zero, the 

natural lower bound for precipitation. The rescaling factors μo/μs,α for 
the four NNs are estimated as 1.27, 1.21, 1.19, and 0.95, respectively, 
indicating values significantly greater than 1 for all cases except for 
WGAN. Based on this approach, all linear bias corrected downscaled 
simulations (hereafter denoted as LBC fields) now match the probability 
of zero and the mean of positive values of the observed fields. To avoid 
any misunderstanding, the LBC is not applied to each individual field; 
instead, it corrects the p0 and the mean of positive values for the entire 
simulation, equivalent to merging all field values. We stress that all 
correction parameters (the p0 threshold and mean rescaling factor) were 
derived from the training/validation dataset to ensure that no infor
mation from the test set was used during bias correction, maintaining 
full independence between model training and evaluation.

The LBC fields (Fig. 6 and Animation S2 in Supplementary Material) 
show the expected improvement in capturing wet and dry regions 
compared to the uncorrected downscaled fields (Fig. 3), as the proba
bility of zero is now matched which is reflected in the individual fields. 
All negative values have been eliminated and set to zero, effectively 
addressing this limitation in the uncorrected fields. Additionally, a vi
sual inspection of several fields suggests that high- and low-intensity 
regions are represented more accurately relative to the observations. 
While the LBC method enhances certain features, the smooth field pat
terns seen in LNet, FCNet, and UNet remain, as LBC is not designed to 
modify spatial smoothness but rather to correct the probability of zero 
and the mean of positive values.

The linear bias correction had a profound impact on the statistical 
properties of the downscaled storms generated by the NNs. The scatter 
density plots (Fig. 7) show a marked improvement in the accuracy of key 
metrics, such as the probability of zero, mean, second L-moment, L- 
skewness, and L-kurtosis, compared to the uncorrected outputs (Fig. 4). 
Specifically, the probability of zero in the LBC-corrected fields is now 
accurately represented across all NNs, as evidenced by the alignment of 
scatter points along the equilibrium diagonal (Fig. 7). This contrasts 
with the uncorrected fields, where significant negative biases were 
present, particularly in WGAN and UNet (Fig. 4). The mean values of the 
LBC-corrected fields also now exhibit minimal bias, particularly for 
WGAN, which shows near-perfect alignment with the diagonal (bias of −
0.01 and RMSE of 0.17). Similarly, the second L-moment is significantly 
improved, with WGAN demonstrating very low bias (0.01) and RMSE 
(0.10). LNet, FCNet, and UNet still show slight underestimations, with 
density regions positioned slightly below the equilibrium line. The LBC 
also drastically corrected L-skewness and L-kurtosis, which were artifi
cially inflated in the uncorrected fields due to an overrepresentation of 
near-zero values. These metrics are now more aligned with the corre
sponding metrics of the observed fields, particularly in WGAN, which 
exhibits near-zero bias and low RMSE for both.

Regarding the dependence structure, the LBC fields (Fig. 8) display 
largely similar properties to the uncorrected ones (see Fig. 5), with 
minor improvements. This is expected, as linear transformations 
generally do not alter correlation properties. However, it is important to 
note that the component of the LBC transformation that adjusts negative 
values to zero to match the p0 in the benchmark fields is not strictly 
linear. While its impact is not significant in this instance, it has the 
potential to affect the strength of spatiotemporal dependence (see 
Papalexiou, 2018 for a detailed discussion on the influence of nonlinear 
transformations on correlation).

The overall improvements across all tested metrics demonstrate the 
robustness of this simple yet effective transformation. The field-by-field 
analysis confirms that the LBC method successfully corrected the 
distributional properties of the downscaled fields. However, when we 
use all positive values from the benchmark and LBC fields to construct 
empirical probability plots (Fig. 9) we observed tail deviations even 
after the LBC. Specifically, the empirical distribution of the positive 
values from the uncorrected downscaled fields (Fig. 9a) deviate signif
icantly from that of the benchmark values as it was anticipated from the 
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summary statistics analysis (see Section 4). Specifically, LNet, FCNet, 
and UNet underestimate the exceedance probabilities, while WGAN 
overestimates the exceedance probabilities for extreme values. In 
contrast, the exceedance probabilities of the LBC fields (Fig. 9b) show 
substantial improvement. The right tails of the probabilities produced by 
LNet, FCNet, and UNet align closely with the observed tail, with a slight 
overestimation, which could be attributed to random fluctuations, as 
tails are sensitive to such variations. However, WGAN still overestimates 
extremes, producing a heavier tail. It is important to note that, by 
definition, a linear transformation cannot alter the asymptotic behavior 
of the tail (loosely speaking its curvature as visualized in probability 
plots). This indicates that a nonlinear transformation may be necessary 
to more accurately capture the behavior of extremes and requires further 
investigation.

5.2. Nonlinear bias correction (NLBC) of downscaled storms

The previous analysis and application of the LBC demonstrated that, 
despite significant improvements in the statistical properties of the 
simulated storm fields, all NNs did not reproduce the tail of the bench
mark fields accurately. Especially WGAN, which was the most realistic 
NN in reproducing spatial patterns, tended to overestimate extremes. To 
address this, we explore the use of a nonlinear bias correction (NLBC) 
transformation, which corrects the entire distribution. This approach 
maps one mixed-type distribution to another. The transformation is 
nonlinear by design, targeting discrepancies in shape and distribution 
tails that linear transformations cannot address.

The NLBC process starts similarly to the LBC. To match the proba
bility of zero p0 in the observed fields, we determine a threshold α for 

each NN-downscaled field. We set all values below α to zero and subtract 
α from the remaining values (i.e., xs − α). Let Fo(x) denote the fitted 
distribution to the positive values of the observed fields, and Fs,α(x)
denote the fitted distribution to the translated values of the simulated 
fields. The nonlinearly bias-corrected values x̃s are given by: 

x̃s =

{
0 xs ≤ α

F− 1
o
(
Fs,α(xs − α)

)
xs > α

(13) 

where α = F̂
− 1
s (p0) matches the probability of zero p0 in observations, 

estimated using the empirical quantile function F̂
− 1
s (⋅) of the NN- 

downscaled data. The function F− 1
o (⋅) is the quantile function of the 

fitted distribution to the observed values. Thus, the nonlinear bias 
correction is a generic distribution-mapping employing a quantile-based 
nonlinear transformation, conceptually related to approaches used in 
climate model bias correction (e.g., Rajulapati & Papalexiou, 2023).

Apparently, the thresholds to match the probability of zero in the 
NN-downscaled fields are the same as those estimated in the previous 
section for LBC. After subtracting the corresponding threshold from the 
NN-fields, all positive values are used to fit a continuous parametric 
distribution. As described in Section 2, the marginal distribution used to 
describe positive precipitation in the synthetic generation of the storms 
was the Generalized Exponential Type IV (G E 4). However, in practice, 
this information is often unknown. To apply the NLBC framework 
without relying on prior knowledge that is not available in practice, we 
instead fit the Generalized Exponential Type I (G E 1) distribution 
(Papalexiou, 2022) by minimizing the squared error norm between the 
theoretical quantiles and the positive values of observations and 

Fig. 6. Linear bias-corrected downscaled storm fields from LNet, FCNet, UNet, and WGAN from 6 × 6 to 60 × 60 resolution. The first row shows benchmark high- 
resolution fields, followed by the LBC downscaled fields from the four NNs. The color scale represents storm intensity. See also Animation S2.
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simulations. The G E 1 distribution function is given by: 

FG E 1(x; β, γ1, γ2) = 1 − exp
(

1 −

(

γ2

(
x
β

)γ1

+ 1
) 1

γ2
)

(14) 

where β > 0 is a scale parameter and γ1 > 0 and γ2 > 0 are shape pa
rameters. Note that preliminary Monte Carlo tests confirmed that the 
least-squares quantile fitting procedure applied yields stable and reliable 
parameter estimates. Clearly, any other fitting method can be used.

The fitted G E 1 distributions (solid lines in Fig. 10a) consistently 
describe the empirical distributions of positive values (dots in Fig. 10a) 
for both the benchmark and the NN-downscaled fields. After applying 
the NLBC, as outlined in Equation (13), we estimated the empirical 
distribution function of the NLBC fields. As shown in Fig. 10b, the 
empirical distributions now closely overlap with the distribution of the 
benchmark fields, demonstrating the effectiveness of the NLBC in 

correcting the distribution tail.
Similar to LBC, NLBC is applied collectively to all positive values of 

the NN-downscaled fields rather than on a field-by-field basis. Conse
quently, it is important to examine its effects on individual fields, as 
previously done. Visually, the NLBC fields (Fig. A2 and Animation S3 in 
Supplementary Material) resemble the LBC fields shown in Fig. 6; both 
methods produce identical wet/dry regions, with only subtle differences 
in high intensities noticeable upon careful inspection. As expected, the 
NLBC fields preserve the probability of zero well across all networks 
(Fig. A3). Interestingly, NLBC introduces a slightly larger mean bias for 
LNet, FCNet, and UNet, while WGAN achieves minimal bias and near- 
perfect alignment (Fig. A3). The second L-moment indicates that 
WGAN performs best under both methods, showing minimal bias, 
whereas LNet, FCNet, and UNet exhibit larger negative biases compared 
to LBC. In terms of L-skewness, NLBC improves WGAN’s alignment with 
observed values, with scatter point densities better aligned along the 

Fig. 7. Scatter density plots comparing the probability of zero, mean, second L-moment, L-skewness, and L-kurtosis in observed and LBC downscaled storm fields 
from LNet, FCNet, UNet, and WGAN. Red regions indicate higher point density.
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Fig. 8. Performance of LBC downscaled fields from LNet, FCNet, UNet, and WGAN in replicating temporal autocorrelation and spatial dependence of the observed 
storm fields. (a-c) Temporal autocorrelation estimates, bias, and RMSE across lags. (d-f) − 45◦ directional spatial correlation, bias, and RMSE across distances. (g-i) +
45◦ directional spatial correlation, bias, and RMSE. Box plots show estimates for individual fields, with whiskers indicating 95 % empirical confidence intervals.

Fig. 9. Empirical exceedance probability distribution based on positive values from the benchmark and NN-downscaled fields. (a) For uncorrected fields. (b) For 
LBC fields.

Fig. 10. (a) Empirical exceedance probability distributions of positive values for benchmark (observed) and uncorrected downscaled fields, along with the corre
sponding fitted G E 1 distributions. (b) Empirical exceedance probability distributions for NLBC fields.
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diagonal, although the other networks display similar biases under both 
methods (Fig. A3). L-kurtosis follows a similar pattern, with WGAN 
exhibiting low negative bias and superior performance. Overall, 
NLBC—particularly for WGAN, the only model with strong operational 
potential—not only corrects tail behavior by accurately matching ex
tremes but also preserves individual field properties with high precision.

Regarding autocorrelation, the differences between the LBC (Fig. 8) 
and NLBC (Fig. A4) downscaled fields are minimal. NLBC seems to 
slightly improve the bias of WGAN while slightly worsening the bias of 
the other neural networks. For spatial correlation, WGAN shows subtle 
improvements under NLBC, exhibiting nearly zero bias in both − 45◦

and + 45◦ directional spatial correlations (Fig. A4). Overall, although 
the differences between LBC and NLBC are not substantial across all 
models, NLBC slightly enhances WGAN’s performance, making it the 
most promising model for replicating both temporal and spatial de
pendencies with minimal bias and error. We stress that while both LBC 
and NLBC target marginal distribution correction, changes in depen
dence structures (e.g., temporal and spatial correlations) arise indirectly 
as a by-product through the bias correction transformation.

6. Discussion

It is important to acknowledge that the performance of the NNs in 
this study may be influenced by specific parameter settings used during 
training. While we employed standard implementations representative 
of each NN architecture, variations in hyperparameters, learning rates, 
or training epochs could potentially enhance or reduce the performance 
before any bias correction is applied. Therefore, the results presented 
here should be seen as indicative of typical NN behavior, but not 
necessarily the optimal configuration. Future research could investigate 
alternative parameter settings to further improve performance and 
explore models that may eliminate the need for bias corrections 
altogether.

However, a critical question remains: what exactly are the NNs 
learning? The straightforward answer is that we do not know with 
certainty what these models have learned. Future research should focus 
more on exploring downscaling schemes that integrate interpretability 
and explainability tools (Holzinger et al., 2022; Mamalakis et al., 2022a, 
Mamalakis et al., 2022b; Mamalakis et al., 2023; McGovern et al., 2019; 
Rampal et al., 2022, 2024; Toms et al., 2020). Despite the theoretical 
results that some of the models used herein are based on (Arjovsky et al., 
2017; Gulrajani et al., 2017), the distributional properties and the 
spatiotemporal structure produced by these models were shown to be 
critically biased. In this context, post-processing the NN outputs serves 
as a form of “machine unlearning,” applied to ensure that we have 
knowledge, at the very least, of the theoretical properties of the distri
bution describing intensities. We note here that “machine unlearning” is 
a known term in computer science, that is used to describe (among 
others) the post-training removal of biases and inaccuracies that neural 
networks might learn during training (Bourtoule et al., 2021; Li et al., 
2024). In the broader ML literature, it also refers to methods designed to 
remove or alter previously learned information from trained models, 
often for reasons of privacy, security, or fairness (see e.g., Shaik et al., 
2025). The bias correction methods adopted in this study are purely 
statistical and do not re-estimate the parameters of the network (as done 
in typical “unlearning” methods), we nevertheless emphasize that such 
post-processing is necessary. Nonlinear bias correction provides full 
control over the final distribution, including its desired tail behavior, 
which is crucial. The tail governs the frequency and magnitude of ex
tremes, and thus, having control over it ensures more accurate risk es
timates and informed decision-making.

A key question and challenge that must be discussed is how we can 
ensure that bias correction will have the desired effect. The linear bias 
correction, as applied here, by definition, corrects the probability of zero 
and the mean of positive rainfall. However, nonlinear bias correction 
requires more caution, as it is technically more complex and may pro

duce unintended effects. If the distribution fitted to the raw outputs of 
the neural networks is poorly chosen and does not represent the data 
well, its mapping to the data will not result in a uniform distribution of 
probabilities, leading next to inaccurate quantile mapping (see Equation 
(13)). This also applies to the distribution fitted to the observations, 
which must accurately describe the data; otherwise, the bias correction 
will adjust the NN outputs incorrectly. Therefore, nonlinear quantile 
mapping can be particularly challenging, especially when dealing with 
real-world data that often have quality issues, leading to poorly fitted 
distributions. This challenge also explains why the NLBC caused slightly 
higher bias in the mean and second L-moment in the first three NNs 
(Fig. A3). Their empirical distribution was not as well captured by the 
fitted G E 1 distribution leading to increased bias in these two metrics.

Among the NNs tested, WGAN stands out as the only model with 
operational potential. The primary limitation of LNet, FCNet, and UNet 
in reproducing storms was their tendency to generate overly smoothed 
spatial patterns, failing to capture the fine-scale structure of storms, 
particularly at wet/dry boundaries. This issue cannot be easily corrected 
through post-processing. In contrast, WGAN showed a clear advantage 
in accurately capturing the complex geometry of wet/dry borders and 
intensity fluctuations within storm cells, as demonstrated both by visual 
inspection of the downscaled fields and its superior performance in 
reproducing spatiotemporal dependence metrics, as outlined in the 
analysis. From a technical perspective, WGAN’s use of the Wasserstein 
distance provides a more robust and meaningful measure of differences 
between real and generated data compared to the traditional loss 
functions used in the other networks. This allows WGAN to preserve the 
finer details necessary to replicate the complex spatial patterns of 
storms. The misrepresentation of the probability distribution by WGAN, 
including the probability of zero and tail behavior, is not a concern for 
operational use, as we have shown that post-processing, in the form of 
linear or nonlinear bias correction, can effectively resolve this issue.

Our controlled experiments indicate that generative models like 
WGAN can reproduce temporal and spatial dependence with compara
tively low bias, yet residual discrepancies often persist in higher-order 
distributional statistics and in the occurrence of exact zeros. This sug
gests a principled two-stage workflow: representation first (learning 
realistic structures), followed by calibration (post-processing “machine 
unlearning”) to enforce marginal properties—including zeros and tail 
behavior—needed for hydrologic use. We stress that this is not an ad hoc 
fix but a standard, interpretable step analogous to bias correction widely 
applied to climate-model outputs. Even after several generations of 
global and regional climate models, their raw precipitation fields still do 
not reproduce statistics with full accuracy and therefore require sys
tematic bias correction before use. Following a similar approach for 
neural networks is both practical and necessary until loss functions and 
architectures explicitly encode marginal constraints (e.g., zero inflation, 
L-moment, or tail targets). Recent studies have begun to explore 
extreme-aware loss formulations within GAN frameworks (e.g., Lee & 
Park, 2025) representing a promising complementary direction. In 
contrast, our controlled experiments demonstrate that statistical bias 
correction can be systematically coupled with neural networks to ach
ieve reliable, operationally usable results—an aspect not yet addressed 
in purely data-driven implementations. Controlled synthetic bench
marks therefore remain essential to reveal strengths and weaknesses that 
may be obscured in observational evaluations.

Overall, this study offers not only a technical evaluation but also a 
conceptual message: even the most advanced neural networks require 
systematic post-processing to achieve reliable, bias-free outputs. Until 
architectures or loss functions inherently encode physical and statistical 
constraints, coupling neural networks with robust bias-correction 
methods remains an operationally sound and transparent approach
—mirroring decades of practice in climate modeling. We hope this 
perspective encourages a more critical and systematic assessment of 
neural-network-based downscaling frameworks in hydrologic and 
climate applications.
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We stress that our results are derived from controlled synthetic 
storms where the true marginal and dependence properties are known. 
This design has the advantage of isolating what the networks learn and 
consequently what post-processing can fix. Translating to operational 
application using observations will introduce challenges such as mea
surement noise and detection limits (affecting p0), data sparsity for ex
tremes in short records, orographic and representativeness effects in 
many regions, and potentially climate nonstationarity. For operational 
use, we propose specific steps that should be considered: (1) quality- 
control of inputs (outlier, flags, etc.) and define a wet/dry threshold 
consistent with instrument limits and current practice; (2) retrain the 
network on historical reference fields, for example, using radar fields or 
fine scale regional climate model outputs; (3) estimate all bias- 
correction parameters from the training set only as we applied in this 
study; (4) assess in detail outputs using both distributional and depen
dence diagnostics; and (5) monitor and assess potential drifts and re- 
calibrate as the climatology changes. Such a framework we deem pre
serves the workflow of using NNs coupled with statistical bias correction 
and could address observational uncertainties and nonstationarity.

For future research, training WGAN on larger spatial domains pre
sents both a challenge and an opportunity, particularly because storms 
can move at varying velocities and exhibit spatially varying anisot
ropies, which could affect the model’s ability to accurately capture 
storm dynamics. Incorporating a binary layer specifically designed to 
assess the geometry of wet/dry regions could improve the representa
tion of these critical boundaries or of other physical constraints (Harder 
et al., 2023). Future efforts could also focus on leveraging information 
from multiple spatiotemporal scales to better capture both small- and 
large-scale storm features. Additionally, integrating exogenous vari
ables, such as temperature, could enhance the potential to assess 
changes in storm behavior under varying climate conditions. Down
scaling coarse fields to fine-scale storms remains challenging for all these 
reasons; however, the promising results suggest that other important 
hydrometeorological variables, such as wind or temperature, could also 
be effectively downscaled using WGAN, creating a more versatile 
framework for broader climate and risk applications.

7. Conclusions

Advanced hydrologic modeling relies on precipitation data at fine 
spatiotemporal scales. Despite advancements in radar technology and 
regional climate models, most observed and simulated precipitation 
data remain at coarse scales, limiting their utility for risk assessment and 
decision-making. Machine learning methods offer a promising solution 
by transforming coarse-scale data into the fine-scale information 
necessary for accurate hydrologic assessments. However, neural 
network outputs have limitations that must be rigorously evaluated 
before operational use. Their “black-box” nature complicates under
standing specific performance aspects, and strong results on cases 
similar to the training set may not reliably extend to unseen or extreme 
scenarios.

In this study, we conducted a controlled experiment to evaluate the 
potential of machine learning methods for downscaling storms to fine 
spatial resolutions. Using CoSMoS, we generated synthetic storm fields 
emulating real-world storms with skewed distributions, strong spatio
temporal correlations, advection, and anisotropy. We aggregated these 
fine-scale fields to coarse scales to represent typical observational data 
and trained four neural networks (LNet, FCNet, UNet, and WGAN) to 
assess their performance in downscaling back to high-resolution 
outputs. 

• Raw Downscaled Outputs Had Limitations: In general, all models 
reproduced low- and high-intensity regions. However, LNet, FCNet, 
and UNet oversmoothed storm cells, resulting in unrealistically 
smooth intensity boundaries. All models produced small negative 
values and did not match the observed probability of zero resulting 

in inaccurately representing wet and dry regions. The high frequency 
of near-zero values skewed summary statistics for positive precipi
tation: the mean and second L-moment were underestimated, while 
L-skewness and L-kurtosis were overestimated. Additionally, LNet, 
FCNet, and UNet overestimated temporal and spatial correlations. In 
contrast, WGAN accurately captured spatiotemporal dependencies.

• Linear Bias Correction (LBC) Improved Performance: We applied 
LBC to adjust the probability of zero and the mean of positive values. 
This correction eliminated negative values and led to accurate rep
resentation of wet and dry boundaries. Additionally, LBC signifi
cantly improved summary statistics: the mean and second L-moment 
were close to observed values, and the severe overestimations in L- 
skewness and L-kurtosis were almost eliminated. LBC also resulted in 
minor improvements in spatiotemporal dependence structures due to 
the correction of the probability of zero in the downscaled fields. 
WGAN continued to exhibit superior performance, but discrepancies 
in tail behavior suggested the need for exploring nonlinear bias 
correction methods to better capture extreme values.

• Nonlinear Bias Correction (NLBC) Improved Extremes: We 
applied a nonlinear bias correction (NLBC) to adjust the entire dis
tribution and correct the tail behavior that LBC could not address. 
NLBC effectively aligned the empirical distributions with benchmark 
data, significantly improving the representation of extreme values. 
The representation of wet/dry regions was similar to that achieved 
with LBC, and summary statistics were also well reproduced. Spe
cifically, for WGAN, NLBC resulted in minimal mean bias, better 
alignment in L-skewness and L-kurtosis, and additional slight en
hancements in spatiotemporal dependencies, exhibiting nearly zero 
bias in spatial correlations.

Generative models such as WGAN show great potential in capturing 
the complex spatiotemporal variability of storms, offering valuable tools 
for high-resolution hydrologic modeling. However, our study un
derscores the need for post-processing as a “machine unlearning” step to 
refine results, particularly for accurately representing extremes that can 
otherwise be missed. The two bias correction methods presented 
here—linear and nonlinear—drastically improved model outputs, 
enhancing WGAN’s ability to replicate both distributional properties 
and fine-scale dependencies critical for climate resilience and risk 
management.

In practical terms, a reliable application requires a two-step process: 
first, use a generative model to reproduce the fine-scale spatial and 
temporal structure, and then apply bias correction to ensure realistic 
zeros and accurate distribution tails. This approach follows the long- 
established practice in climate modeling, where outputs from global 
and regional models are routinely bias-corrected before use. Following a 
similar philosophy helps reduce residual biases and makes the results 
suitable for operational hydrologic applications, while future work can 
focus on models that better capture these properties directly.
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