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G R A P H I C A L A B S T R A C T

H I G H L I G H T S

WRF simulations were generated to explore AI-based downscaling of wind forecasts.
A sequential U-Net-based downscaling model leverages static fields (e.g. topography).
A composite Wiener-L1 loss function improves high-frequency signal reconstruction.
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A B S T R A C T

High-resolution wind speed forecasts are of great importance to the wind energy industry, from short-term
energy forecasting and trading to longer-term resource assessment and planning. Generating high-resolution
regional wind forecasts currently requires compute-intensive numerical models to downscale from a global
forecast. Black-box AI models, once trained, can produce results in a fraction of the time and cost; however,
they tend to produce smoothed outputs, are not interpretable and generalise poorly. The domain-informed AI
architecture presented in this work seeks to address these problems by incorporating prior static fields directly
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Energy and AI 20 (2025) 100485 
into the model architecture. Specifically, the proposed approach combines two sequential U-Nets – the first
upsamples the input wind fields and expands the number of feature maps, a fusion layer then injects prior static
data such as topography, and a second U-Net generates the final output wind field. This approach improves
all performance metrics versus a baseline U-Net model and generalises better to out-of-sample scenarios. In
addition, this study compares the performance of several loss functions, including standard pixel-wise measures
such as mean-squared error, structural similarity and frequency-focused functions, and a function based on
Wiener filter theory. All loss functions, with the exception of the Wiener loss, perform comparably and tend to
attenuate higher-frequency detail. Although the Wiener loss encourages higher frequencies, it over-estimates
amplitudes. A composite Wiener-L1 loss function balances generating high-frequency detail and correctly
predicting amplitudes.
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1. Introduction

1.1. Motivation

Numerical weather prediction (NWP) provides a wide variety of
important benefits to society, from predicting natural disasters to fore-
asting solar energy production. NWP also plays a number of crucial
oles in the wind energy industry, from short-term energy forecasting to
onger-term farm maintenance, planning and array design [1–3]. NWP

is an initial value problem: given the current state of the atmosphere,
the equations governing atmospheric motion and evolution must be
integrated forward in time to predict the future state [4]. This requires
state-of-the-art numerical models and supercomputing resources. The
patial and temporal resolution of global NWP models is therefore
imited by the computing resources available, with some of the world’s
argest supercomputers required to generate forecasts. As a result,
any key atmospheric features cannot be directly represented by the
odel and must instead be parameterised; and finer details of the
eather field are not resolved, for example, the flow around a wind

arm. Increasing the resolution of forecasts is therefore a key goal of
he weather and climate community. To generate higher resolution
orecasts, NWP models can be run at higher resolutions over limited
reas, an approach commonly known as nesting or dynamical down-
caling [5]. Whilst this has proven effective, it is also computationally

intensive [6].
The exponential growth in the field of Artificial Intelligence (AI)

presents an opportunity to develop alternative methods. Once trained,
AI-based downscaling ‘‘super-resolution’’ models have the potential
o be significantly faster than an equivalent numerical downscaling
odel. This could allow for faster forecasts and increased resolution

perationally versus traditional numerical approaches. Despite this,
here are significant challenges in applying AI to emulate dynamical
ownscaling models. Super-resolution is a challenging and generally ill-
osed problem, and standard AI-based approaches tend to over-smooth

output predictions and generalise poorly [7,8]. This is of particular
concern when predicting high-resolution wind fields over potentially
omplex terrain. This work addresses this problem by incorporating
omain-specific knowledge and data into the modelling framework,

and investigating alternative loss functions that have the potential to
ncourage high-frequency detail reconstruction.

1.2. Related work

AI has been successfully applied across many areas within weather
orecasting – including data pre-processing and data assimilation, em-
lating parameterisation schemes, post-processing NWP outputs, and
ully AI-based forecast models such as FourCastNet and Pangu-Weather

[6,9–11]. AI methods have also been widely used across the wind
nergy industry, including in energy forecasting [12], turbine condition

monitoring and fault detection [13,14], and wake modelling and farm
ayout optimisation [3,15].

Dynamical downscaling in the field of NWP is the process of in-
reasing the resolution of a forecast using numerical models. A lower-
esolution model provides the initial and boundary conditions; then
2 
either a single higher-resolution domain or multiple nested domains at
progressively higher grid resolutions, can be used to smoothly transi-
tion to a significantly greater resolution than the initial model through
integrating the governing differential equations forward in time. This is
required when the resolution of a global NWP model is insufficient for
the target application, e.g. resolving the finer-scale weather at a wind
farm. Due to the large computational resources needed to run such
downscaling models, they are generally only run over small regions of
the Earth and at limited spatial and temporal resolutions. A number
of works have shown AI can be used to downscale a wide variety of
weather and climate data [7,16–20]. [16] applied a stacked convolu-
tional neural network (CNN) model to downscale daily precipitation
from 100 km to 12.5 km, and also included high-resolution static
data. [21] applied CNNs to super-resolution of Landsat data. They com-
pared the Super-resolution CNN (SRCNN) architecture of [22] against
a deeper CNN that used residual learning, deep connectivity, and
residual connections, finding the latter model performed better. [23]
applied a generative model to downscaling WRF wind speed data.
They generated the coarse inputs by downsampling the high-resolution
target wind speeds by a factor of four. They modified a Generative ad-
versarial Network (GAN) architecture, the Enhanced Super-resolution
GAN (ESRGAN) model [24], replacing the adversarial loss with a
power spectral density (PSD) loss that penalises differences between the
energy spectrum of the prediction and ground truth data. [25] showed
he effectiveness of CNNs in generating high-resolution (4 km) near-
urface temperature and precipitation data from coarse ERA-interim
approx. 81 km) input data at a daily scale between the years 1981
nd 2010. [26] applied an adversarial approach to super-resolving wind

and solar fields from global climate models by up to a factor of 50,
using a modified version of the super-resolution GAN (SRGAN) model
presented by [27]. [28] investigated several CNN architectures of vary-
ing complexity for spatially downscaling near-surface wind fields from
27 km to 9 km. They concluded that a U-Net-based model performed
optimally and found that including static high-resolution data, such as
the land–sea mask and topography, further improved performance. [7]
applied CNNs to spatio-temporal downscaling of temperature and pre-
cipitation fields. They considered both predicting the high-resolution
fields directly, and an error-predicting approach; and apply an image
gradient term to the loss function to combat over-smoothing. [29] ap-
plied a U-Net-based architecture to spatially reconstruct flow data from
atellite observations. They considered a number of additional terms in

the loss function, including the velocity Jacobian, a vorticity term, and
a zero-divergence term. [30] downscaled from a NWP model to radar
precipitation observations, using the complete set of available NWP
variables as input. They compared several deep-learning architectures,
including U-Nets and Conditional GANs (CGANs), and found CGANs
performed optimally. Although generative adversarial approaches have
shown promise, such as in [26,30], they are also known to hallucinate
detail and tend to be unstable during training [31,32]. Recent work
y [33] employed a two-step approach to atmospheric downscaling

of several variables alongside new channel synthesis, using a U-Net
o predict the mean and a corrector diffusion model to predict the
esidual.

Physics-informed neural networks (PINNs) have gained substantial
attention for solving PDE-based problems, including those in fluid
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dynamics [34]. By embedding governing physical laws directly into
he loss function, PINNs can effectively use prior knowledge of the

system and perform well in limited-data scenarios. Furthermore, in
contrast to traditional numerical methods, PINNs are mesh-free and
can easily integrate sparse or noisy measurements [35]. Despite these
dvantages, training PINNs poses a number of challenges. The PDE
onstraints can lead to a complex optimisation landscape that is highly
ensitive to the choice of hyperparameters [36–38], and networks

can struggle to propagate information from the initial or boundary
conditions to unseen regions or future timesteps [38]. PINNs have
been empirically shown to often fail where PDE solutions exhibit high-
frequency or multi-scale structure [38–42]. Scaling PINNs to tackle
large-scale or high-dimensional problems can also present significant
challenges [43]. [38] address some of the limitations of PINNs with
the introduction of the physics-informed neural operator (PINO), where
they combine PDE constraints in the loss function with neural operator
models.

Much work on physics-informed approaches thus far has focused on
comparatively simple systems. The NWP downscaling problem exam-
ined here involves a complex set of fully compressible, non-hydrostatic
atmospheric PDEs, with various additional parameterisation schemes to
consider (e.g., microphysics, radiation, boundary-layer physics) [44].
Additionally, the present study focuses on emulating the spatial aspect
of downscaling only, at the hub-height of wind turbines, with the nu-
merical model providing a low-resolution physically-consistent spatial
grid at each required timestep. Thus, the benefits of using physics-
informed approaches here become less obvious. This study therefore
concentrates on U-Net-based architectures and loss functions without
formal PDE constraints, that could be of immediate practical use in the
wind energy industry and quickly re-applied to other NWP setups.

1.3. Problem setup

The generic super-resolution problem is outlined here, where 𝑋 ∈
R𝑙 is a low-resolution input and 𝑌 ∈ Rℎ is a high-resolution output

ith ℎ > 𝑙. The forward map 𝑓 and inverse map 𝑓−1 are then given by:

𝑓 ∶ Rℎ → R𝑙

⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟
coarsening

, 𝑓−1 ∶ R𝑙 → Rℎ

⏟⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏟
downscaling

. (1)

The forward map 𝑓 provides a unique mapping, but the inverse
roblem 𝑓−1 is generally ill-posed, meaning there are multiple possible
igh-resolution outputs for a given low-resolution input [7]. In the field
f AI, the inverse map 𝑓−1 is parameterised by a data-driven model such
s a neural network:

𝑓−1
𝜃 ∶ R𝑙 → Rℎ, (2)

𝜃∗ = ar gmin
𝜃

(𝜃), (3)

where 𝜃 is a set of learned network parameters and  represents a
oss function to be minimised. To limit complexity and computational

requirements, the problem is constrained to the 2-D horizontal domain,
i.e. downscaling in space only, at a single altitude. There are therefore
𝑥𝑖, 𝑦𝑖)𝑁 pairs of input and output data, where 𝑥𝑖 is a low-resolution
mage patch with 𝐶 × 𝑃 × 𝑄 grid points and 𝑦𝑖 is the corresponding
igh-resolution patch with 𝐶̄ × 𝑃 × 𝑄̄ grid points, 𝑘𝑥 and 𝑘𝑦 are the
ownscaling factors such that 𝑃 = 𝑘𝑥𝑃 and 𝑄̄ = 𝑘𝑦𝑄, and 𝑁 is the
umber of samples. Each pair (𝑥𝑖, 𝑦𝑖) is defined at a single point in time
and height 𝑧; 𝐶 corresponds to the channels, here the wind vector
omponents with 𝐶̄ = 𝐶.

2. Methodology

2.1. Data generation

The Weather Research and Forecasting (WRF) model was used in
his study to generate high-resolution simulations centred over the
3 
Table 1
Summary of the final WRF setup used in this work.

WRF

Version 4.4.1
Initialisation data ERA5
Projection Lambert
Domains 3: D01, D02, D03 (Fig. 1(a))
Horizontal grid spacing 27 km, 9 km, 1.8 km
Timestepa 90 s, 40 s, 8 s
Horizontal grid size 129 × 129, 163 × 163, 291 × 291
Vertical levels 62, with top at 5000 Pa
Simulation length 24 h, plus 12 h spin-up (total 36 h)
Simulation period 01/01/2008–12/31/2008

Physics and dynamics schemesb

Microphysics Goddard 4-ice
Cumulus Multi-scale Kain-Fritsch (D01, D02 only)
Surface Layer MM5 surface layer
Land Surface Noah-MP
Planetary boundary layer Yonsei University (YSU)
Long-wave radiation Goddard LW
Short-wave radiation Goddard SW
MYNN TKE advectionc False

a Starting timestep in adaptive scheme.
b Unless specified, the scheme is the same for all domains.
c Tested during sensitivity study, requires MYNN PBL scheme.

German Bight region of the North Sea (Fig. 1(a)). This location is a
ajor hub for wind farm development, so is an appropriate choice

or investigating downscaling NWP models for wind energy appli-
ations (Fig. 1(b)). WRF is a fully compressible non-hydrostatic at-
ospheric model, and supports massively-parallel computation across
any platforms [44,45]. The WRF setup used in this paper is based

on published best-practices and previous work (e.g. [46–50]), and was
established following a sensitivity study of the key physical parameter-
isation schemes (not shown). The final chosen setup is summarised in
Table 1. WRF simulations were run from 01/01/2008 to 31/12/2008.
ECMWF’s ERA5 reanalysis dataset was used to generate initial and
boundary conditions for the WRF simulations [51]. A simulation was
initialised every 24 h starting at UTC 00:00 and lasting for a total
of 36 h. The first 12 h were discarded as spin-up time, resulting in
consecutive 24-hour simulations for the year. Three nested domains
were used, at horizontal grid resolutions of 27 km, 9 km and 1.8
km resolution (D01, D02 and D03, Fig. 1(a)). To evaluate the AI
models and assess their generalisation ability across different locations,
an additional WRF dataset configured identically but centred over a
different area was generated for the period 01/12/2008–31/12/2008
(D03_T2, Fig. 1(a)).

To assess AI model performance across several scales and complexi-
ies, processed datasets are generated from the WRF data at multiple
ownscaling factors. In each case, the inner domain D03 is patched
o arrays of 256 × 256 grid points, and average pooling is applied to
educe the patch sizes by factors of 2, 4, 8 and 16 in each dimension.
hese patches are extracted at single slices in time and at 100 m
eight above sea/ground, as this is a standard wind turbine hub-height.
he resultant datasets are summarised in Table 2. Every increase in

the downsampling factor, from 2 to 16, represents more data loss
and therefore a more challenging downscaling problem. Each resultant
dataset is split into training (01/01/2008–30/04/2008, 01/06/2008–
30/11/2008), validation (01/05/2008–31/05/2008) and two testing
sets (01/12/2008–31/12/2008), one at the same location as during
training (D03) and the other centred over a different area (D03_T2).
The input and target variables are the three components of the wind
vector - 𝑢, 𝑣, and 𝑤; the high-resolution land–sea mask and topography
variables are used as additional inputs to the domain-informed models.
Channel-wise min–max normalisation is applied to the datasets, based

on the training data statistics.
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Fig. 1. WRF domain configuration and relevant wind farms located in the inner WRF domain (see [52]).
Table 2
Summary of the different datasets generated. In each case, the number of channels
(variables) is not changed, being the three components of the wind vector for the
input and target, plus the high-resolution land–sea mask and topography.

Input grid
(Width × Height)

Target grid
(Width × Height)

Downsampling
ratio

Total samples
(train./val./test.)

128 × 128 256 × 256 1:2 57624/5684/6076
64 × 64 256 × 256 1:4 57624/5684/6076
32 × 32 256 × 256 1:8 57624/5684/6076
16 × 16 256 × 256 1:16 57624/5684/6076
4 
2.2. Models

2.2.1. Bilinear interpolation
Bilinear interpolation of the input grid is included as a naive base-

line approach for super-resolution. Bilinearly interpolating an array 𝐗
to a given coordinate (𝑎, 𝑏) can be written as a weighted sum of the four
discrete neighbouring points ⌊𝑎, 𝑏⌉ [53]:

𝐗(𝑎, 𝑏) =
∑

(𝑥,𝑦)∈⌊𝑎,𝑏⌉
𝑤𝑥𝑦 ⋅ 𝐗[𝑥, 𝑦], (4)

where 𝑤𝑥𝑦 are the weighting coefficients based on the relative distances
between coordinates (𝑎, 𝑏) and (𝑥, 𝑦). This simple approach preserves
spatial structure but attenuates higher frequency features, resulting in
smoothed output predictions [53].
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Fig. 2. Example U-Net and upsampling structure in the case of an input of size 32 × 32, with the maximum channels capped at 256. The U-Net takes an input of size 32 × 32
with 3 channels and outputs an image of the same size, but with 32 channels. This is followed by an expansion block containing several inter-leaved residual blocks (blue) and
upsampling layers (yellow) to increase the array size and reduce the number of channels, giving an output of 256 × 256 and 3 channels.
2.2.2. U-Net
The U-Net model is a well-known encoder–decoder CNN architec-

ture originally developed for segmenting structures in medical im-
ages [54]. The U-Net architecture used in this study is similar to that
used by [55], consisting of a contractive part with multiple stages of
convolutional residual blocks and max-pooling layers, followed by an
expansive part where max-pooling is replaced with bilinear upsam-
pling. The model architecture is summarised in Fig. 2. Each residual
block is composed of 3 convolutional layers (1×1, 3 × 3, 1×1), and Leaky
Rectified Linear Unit (LReLu) activation functions between each con-
volution. In addition, channel-wise dropout is incorporated within the
residual blocks, i.e. where entire channels are switched off randomly
with probability 𝑝 sampled from a Bernoulli distribution. Dropout is
not applied in the first and last blocks of the model, to avoid overly-
strong regularisation. Skip connections (Fig. 2, purple arrows) are used
to avoid loss of information during the encoding process by concate-
nating features from the corresponding layer in the encoder with the
upsampled features in the decoder. This procedure allows the model to
access information at different scales.

2.2.3. W-Net
The topography and the land–sea mask are static, and known in

advance of a forecast at a high-resolution. Wind speed is strongly
correlated with topography near the surface, and wind fields display
different characteristics over sea versus land; therefore it follows that
injecting these fields has the potential to improve model predictions
5 
and generalisability to different areas. To incorporate these fields into
the standard ‘‘black-box’’ U-Net architecture, the model is expanded to
use two sequential U-Nets and a fusion layer is developed to add the pri-
ors, i.e. the topography and land–sea mask, in an explainable way. This
approach, termed a ‘‘W-Net’’ here, is summarised in Fig. 3a. The first U-
Net receives the low-resolution array as input and generates an output
array at the target grid size, as shown in Fig. 2, whilst also increasing
the number of channels. A fusion layer then combines this with the
priors (Fig. 3b), before passing the output onto the second U-Net which
generates the final prediction. The fusion layer consists of a residual
block that expands the priors to the same number of channels as the
output of the first U-Net. These are then concatenated together and
passed through a channel-wise attention mechanism (CAM), followed
by a second residual block to reduce the number of channels.

The attention mechanism is based on the channel attention module
outlined in [56]. However, here a softmax function is instead used dur-
ing attention, such that each learned channel weight can be interpreted
as a relative importance and explicitly indicates the value added by
incorporating the priors versus the low-resolution input wind fields. In
the CAM, the input is reduced to a single pixel but retains the same
number of channels, via max-pooling and average pooling, to give 1D
arrays which are passed to a shared multi-layer perceptron (MLP). The
outputs are added together and passed through a softmax activation
function, and at this point can be considered learnt channel weights
which are used to weight each channel of the input 𝑋 (Fig. 3b).
𝑖𝑛
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Fig. 3. The W-Net architecture proposed in this work. The first U-Net upsamples the low-resolution wind variables to a larger number of feature maps 𝑋𝑓 ; this is then fused with
the prior static variables 𝑋𝑝, and finally 𝑋 is passed through a second U-Net to generate the high-resolution wind prediction. The number of channels is denoted by 𝑐 in part (b).
𝑥

2.3. Loss functions & evaluation metrics

2.3.1. Mean absolute error & mean squared error
Two standard loss functions for super-resolution problems in AI are

the Mean Absolute Error (MAE) 𝓁1
and Mean Squared Error (MSE)

𝓁2
, which for a single image pair are defined as:

𝓁1
(𝑦, 𝑦̂) = 1

𝑁

𝑁
∑

𝑖=1
|𝑦̂𝑖 − 𝑦𝑖|, (5)

𝓁2
(𝑦, 𝑦̂) = 1

𝑁

𝑁
∑

𝑖=1
(𝑦̂𝑖 − 𝑦𝑖)2, (6)

where 𝑖 is the index of the pixel, 𝑦̂ is the predicted image and 𝑦
is the ground-truth. However, these loss functions assume pixel-wise
independence and that all data points are of equal importance [57,58].
As a result, these functions tend to be insensitive to global structure
and texture, and instead focus on properties of individual pixels with-
out considering neighbouring pixels [59]. This also tends to result in
blurring of the output predictions of the model.
6 
2.3.2. Structural similarity index measure
One approach to combat this is to consider measures that penalise

differences in image structure, such as the Structural Similarity Index
Measure (SSIM). Specifically, the SSIM consists of three components – a
luminance (mean) term 𝑙, a contrast (variance) term 𝑐, and a correlation
term 𝑠 [60]:

𝑙(𝑥, 𝑦) = 2𝑥̄ ̄𝑦 + 𝑐1
𝑥̄2 + 𝑦̄2 + 𝑐1

, (7)

𝑐(𝑥, 𝑦) = 2𝑠𝑥𝑠𝑦 + 𝑐2
𝑠2𝑥 + 𝑠2𝑦 + 𝑐2

, (8)

𝑠(𝑥, 𝑦) = 𝑠𝑥,𝑦 + 𝑐3
𝑠𝑥𝑠𝑦 + 𝑐3

, (9)

with the Structural Similarity Index Measure defined as:

SSIM(𝑥, 𝑦) = 𝑙(𝑥, 𝑦)𝑐(𝑥, 𝑦)𝑠(𝑥, 𝑦). (10)

̄ , 𝑦̄, 𝑠2𝑥, 𝑠2𝑦, and 𝑠𝑥,𝑦 represent, respectively, the local mean of 𝑥 and 𝑦,
the local variance of 𝑥 and 𝑦, and the local covariance between 𝑥 and 𝑦.
Constants 𝑐1, 𝑐2, and 𝑐3 characterise the saturation effects of the visual
system at low luminance and contrast regions and maintain numerical
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stability when the denominators approach zero [60]. Choosing 𝑐3 =
𝑐2∕2, the SSIM is as follows [60]:

SSIM(𝑥, 𝑦) = (2𝑥̄ ̄𝑦 + 𝑐1)(2𝑠𝑥,𝑦 + 𝑐2)

(𝑥̄2 + 𝑦̄2 + 𝑐1)(𝑠2𝑥 + 𝑠2𝑦 + 𝑐2)
, (11)

where −1 ≤ SSIM(𝑥, 𝑦) ≤ 1 and SSIM(𝑥, 𝑦) = 1 ⟺ 𝑥 = 𝑦, i.e. the more
similar 𝑥 and 𝑦 are to each other, the closer SSIM(𝑥, 𝑦) is to 1. The SSIM
is computed over local patches of the images, and then averaged to
produce an overall SSIM. Means and standard deviations are computed
using a Gaussian filter 𝐺𝜎𝐺 with standard deviation 𝜎𝐺 [61]. Here, a
kernel size of 11 is used, with 𝜎𝐺=1.5, 𝑐1 = (𝐾1𝐿)2 and 𝑐2 = (𝐾2𝐿)2,
where 𝐿 is the dynamic range of the pixel values, 𝐾1 = 0.01 and
𝐾2 = 0.03 [62]. The overall Mean SSIM (MSSIM) across the whole
image is then:

MSSIM(𝑥, 𝑦) = 1
𝑀

𝑀
∑

𝑖=1
SSIM(𝑥𝑖, 𝑦𝑖), (12)

where 𝑥𝑖 and 𝑦𝑖 are the image contents at the 𝑖th local window and
𝑀 is the number of local windows covering the full image. Whilst the
SSIM is generally used as a metric, it is differentiable and therefore can
be used within a loss function, which is defined here as:

   (𝑦, 𝑦̂) = 1 − MSSIM(𝑦, 𝑦̂)
2

. (13)

2.3.3. Focal frequency loss
An alternative approach is to consider differences in the frequency

domain. [23] penalise differences in power spectral density (PSD),
yet this only accounts for errors in amplitudes. Instead, motivated by
the idea that penalising differences in the frequency domain could
improve image quality and that more attention should be paid to hard-
to-synthesise frequency components, [63] propose the Focal Frequency
loss (FFL). The FFL function considers both amplitude and phase,
and adaptively focuses on hard-to-synthesise frequency components by
down-weighting easy ones. Their derivation of the FFL is summarised
below; for additional details and a PyTorch implementation the reader
is referred to [63]. [63] first propose a distance metric to quantify
the difference between predicted and target images in the frequency
domain, based on the 2D discrete Fourier transform. Defining the 2D
discrete Fourier transform as follows [63]:

𝐹 (𝑢, 𝑣) =
𝑀−1
∑

𝑥=0

𝑁−1
∑

𝑦=0
𝑓 (𝑥, 𝑦) ⋅

[

cos 2𝜋
( 𝑢𝑥
𝑀

+
𝑣𝑦
𝑁

)

− 𝑖 sin 2𝜋
( 𝑢𝑥
𝑀

+
𝑣𝑦
𝑁

)]

, (14)

where the image size is 𝑀×𝑁 ; (𝑥, 𝑦) denotes the coordinate of an image
pixel in the spatial domain; 𝑓 (𝑥, 𝑦) is the pixel value; (𝑢, 𝑣) represents
the coordinate of a spatial frequency on the frequency spectrum; 𝐹 (𝑢, 𝑣)
is the complex frequency value. Letting 𝑅(𝑢, 𝑣) = 𝑎 and 𝐼(𝑢, 𝑣) = 𝑏 be
the real and the imaginary part of 𝐹 (𝑢, 𝑣) respectively, 𝐹 (𝑢, 𝑣) can then
be written as:

𝐹 (𝑢, 𝑣) = 𝑅(𝑢, 𝑣) + 𝐼(𝑢, 𝑣)𝑖 = 𝑎 + 𝑏𝑖. (15)

[63] then map each frequency value to a Euclidean vector in two-
dimensional space, where the real and imaginary components corre-
spond to the 𝑥-axis and 𝑦-axis, respectively. Given the frequency value
at the spectrum coordinate (𝑢, 𝑣) of a real image 𝐹𝑟(𝑢, 𝑣) and correspond-
ing predicted image 𝐹𝑓 (𝑢, 𝑣) (Eq. (15)), their respective vectors are then
given as 𝐫𝑟 and 𝐫𝑓 (Fig. 4). Considering the definitions of amplitude and
phase:

|𝐹 (𝑢, 𝑣)| =
√

𝑅(𝑢, 𝑣)2 + 𝐼(𝑢, 𝑣)2 =
√

𝑎2 + 𝑏2, (16)

∠𝐹 (𝑢, 𝑣) = ar ct an
(

𝐼(𝑢, 𝑣)
𝑅(𝑢, 𝑣)

)

= ar ct an
( 𝑏
𝑎

)

, (17)

it follows that amplitudes are given by the vector magnitudes |𝐫𝑟| and
|𝐫𝑓 |, and phases by the angles 𝜃𝑟 and 𝜃𝑓 (Fig. 4). The distance for a
single frequency is then:
( )

‖ ‖

2
| |

2

𝑑 𝐫𝑟, 𝐫𝑓 = ‖

‖

𝐫𝑟 − 𝐫𝑓‖
‖2

= |

|

𝐹𝑟(𝑢, 𝑣) − 𝐹𝑓 (𝑢, 𝑣)|
|

. (18)

7 
Fig. 4. Frequency distance (purple line, Eq. (18)) between the vectors 𝐫𝑟 and 𝐫𝑓
mapped from corresponding real and predicted frequency values 𝐹𝑟(𝑢, 𝑣) and 𝐹𝑓 (𝑢, 𝑣).
Figure is from [63].

[63] then define the overall frequency distance between the real and
predicted images as:

𝑑
(

𝐹𝑟, 𝐹𝑓
)

= 1
𝑀 𝑁

𝑀−1
∑

𝑢=0

𝑁−1
∑

𝑣=0

|

|

|

𝐹𝑟(𝑢, 𝑣) − 𝐹𝑓 (𝑢, 𝑣)||
|

2
. (19)

Next, [63] introduce a spectrum weight matrix to down-weight fre-
quencies that are easier to predict. This matrix is dynamically de-
termined by a non-uniform distribution on the current loss of each
frequency during the training process, with the matrix weight element
for the spatial frequency at (𝑢, 𝑣) defined as [63]:

𝑤(𝑢, 𝑣) = |

|

|

𝐹𝑟(𝑢, 𝑣) − 𝐹𝑓 (𝑢, 𝑣)||
|

𝛼
, (20)

where 𝛼 is a scaling factor (𝛼 = 1 here) and matrix values are
normalised into the range [0,1]. The final FLL loss function is then
given by [63] as:

   = 1
𝑀 𝑁

𝑀−1
∑

𝑢=0

𝑁−1
∑

𝑣=0
𝑤(𝑢, 𝑣) ||

|

𝐹𝑟(𝑢, 𝑣) − 𝐹𝑓 (𝑢, 𝑣)||
|

2
. (21)

2.3.4. Wiener loss
[59] present an alternative novel loss function utilising Wiener

filter theory. Commonly used in image processing for denoising and
deblurring applications, [59] instead apply Wiener filters to compare
data samples in a globally correlated manner. The intuition behind their
approach is briefly outlined here, and the reader is referred to [59]
for a full theoretical derivation and to their publicly available PyTorch
implementation for practical details. Defining a Wiener filter 𝐯 as the
convolutional filter providing the best least-squares match between two
signals 𝐱 and 𝐲, expressed as column vectors, calculating this filter 𝐯
corresponds to minimising the following expression with respect to 𝐯:

min
𝐯

1
2
‖𝐘𝐯 − 𝐱‖2, (22)

where 𝐘 is a Toeplitz matrix that represents a convolution with signal
𝐲. Eq. (22) can be solved efficiently in the Fourier-domain as follows:

𝐯(𝐱, 𝐲) = −1
{

{𝐱}⊗ {𝐲} + 𝜆
{𝐱}⊗ {𝐱} + 𝜆

}

, (23)

where  represents the fast Fourier transform (FFT), ⊗ represents the
Hadamard product, the vinculum (horizontal line) represents
Hadamard division, and 𝜆 is a pre-whitening scalar used to stabilise
the deconvolution. If 𝐱 and 𝐲 are identical, then the Wiener filter best
matching them is given by the Dirac delta function 𝜹 (the identity
function of the convolution operation). This is illustrated in Fig. 5
where in the bottom row 𝐱 and 𝐲 are equal and thus 𝐯 is equal to 𝜹.

To move predicted model samples towards the target samples in a
global sense, [59] seek to define a loss that maximises the likelihood
of 𝛿 under a multivariate Gaussian distribution with a mean defined
as data-matching full-lag Wiener filters, this likelihood is defined as
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Fig. 5. An illustration of the Wiener loss approach (Eq. (26)) applied to the MNIST dataset, modified from [59]. Top: matching sample 𝑦 to random noise 𝑥. Bottom: matching 𝑦
to 𝑥 where 𝑥 = 𝑦, showing that the Wiener filter 𝐯 is the Dirac delta function when 𝑥 = 𝑦. The matrix 𝐖 shown in Eq. (26) is given as a Laplace density function here.
follows:

𝑝(𝜹 ∣ 𝐯) =
∏

𝑖=1


(

𝜹 ∣ 𝐯
(

𝐱(𝑖)𝜃 , 𝐲(𝑖)
)

,Σ
)

, (24)

where 𝐱(𝑖)𝜃 is the 𝑖th predicted sample from a model with parameters 𝜃,
𝐲(𝑖) is the 𝑖th target sample, and 𝜮 is the covariance matrix. Taking the
negative log-likelihood and neglecting terms that are not dependent on
the Wiener filters yields:

− log 𝑝(𝜹 ∣ 𝐯) ∝
∑

𝑖=1
w

(

𝐱(𝑖)𝜃 , 𝐲(𝑖)
)

, (25)

where the Wiener loss w is defined as:

w
(

𝐱𝜃 , 𝐲
)

= 1
2
‖

‖

‖

𝐖
{

𝐯
(

𝐱𝜃 , 𝐲
)

− 𝜹
}

‖

‖

‖

2
, (26)

with the inverse covariance matrix decomposing as 𝜮−1 = 𝐖𝑇𝐖. The
matrix 𝐖 can be considered a whitening matrix that is tuneable; in
this work a two-dimensional Laplace density function is used after [59]
(shown in Fig. 5). The resultant Wiener loss function retains a number
of desirable optimisation qualities, including smoothness, convexity
and differentiability [59].

2.3.5. Composite loss
Any of these individual loss functions (Eqs. (5), (6), (13), (21) and

(26)) may complement each other and be combined into a composite
loss function:

 = (1 − 𝛼)𝐴 + 𝛼𝐵 , (27)

where 𝛼 is a tuneable hyperparameter representing the relative weight
between two loss functions 𝐴 and 𝐵 .

2.3.6. Evaluation metrics
For performance evaluation, in addition to reporting the MAE, MSE

and SSIM, the peak signal-to-noise ratio (PSNR) is also provided. For a
given image 𝑦, the PSNR is defined as:

PSNR(𝑦) = 10 ⋅ log10
(

𝑀 𝐴𝑋2
𝐼 (𝑦)

𝓁2
(𝑦̂, 𝑦)

)

, (28)

where 𝑀 𝐴𝑋𝐼 is the maximum possible pixel value of the image and
𝓁2

is the loss defined by Eq. (6).

2.4. Training procedure & hyperparameters

Pytorch’s DistributedDataParallel framework was used to distribute
model training and hyperparameter optimisation across multiple Nvidia
8 
Table 3
A summary of the final tuned hyperparameters used for the U-Net and
W-Net architectures, where 𝑁𝑓 is a cap for the maximum number of channels in a
given convolutional layer, 𝛼 is the weight for the Wiener-L1 composite function, and
Max Norm refers to the maximum gradient norm value used in gradient clipping. Note
that 𝑁𝑓 was capped to limit the number of model parameters, and 𝛼 was chosen
heuristically.

Hyperparameter Value

Batch size 32
Learning rate 5 × 10−4
Dropout probability 0.1
𝑁𝑓 (max channels) 256
Activation function LReLU
Optimiser Adam
Epochs 200
𝛼 0.3
Max Norm (clipping) 10

A100 40 GB GPUs on a DGX cluster. Just-in-time compilation and
mixed precision training were used to reduce training time and memory
requirements. A random search approach was applied to tune hyperpa-
rameters in the Weights & Biases (wandb) framework, the final set of
tuned hyperparameters for the U-Net and W-Net models is presented
in Table 3. Due to computational limitations, hyperparameters were
tuned for models downscaling by a factor of eight, and assumed to be
reasonable for all factors. A learning rate of 5 × 10−4 was used with the
Adam optimiser, and models were trained for a total of 200 epochs.
Unless specified otherwise, a 𝓁1

loss function (Eq. (5)) was used. The
maximum number of channels for each U-Net/W-Net was capped at
256 and the first residual block expanded all inputs to 16 channels.
A channel-dropout probability of 𝑝 = 0.1 was identified, and applied
within all residual blocks, except the first and last blocks in each U-Net,
and the first block in the fusion layer. For the composite Wiener-
L1 function (Section 3.2), the relative weight of each term 𝛼 = 0.3
(Eq. (27)) was chosen heuristically, giving a weighting of 0.3 and 0.7
for the Wiener and L1 terms respectively.

3. Results & discussion

3.1. Model variants

Summary metrics of model performance on each unseen test dataset,
derived from WRF domains D03 and D03_T2 as shown in Fig. 1(a), are
shown in Tables 4 and 5 respectively, with the best metrics for each
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Table 4
Summary of the results for each downscaling factor for test set D03. Each model was
rained using a L1 loss function. For each factor, the best result is highlighted in bold.
Model Factor MSE MAE PSNR SSIM

U-Net 2 4.75 × 10−6 1.08 × 10−3 53.5 0.998
W-Net 2 𝟏.𝟔𝟎 × 𝟏𝟎−𝟔 𝟕.𝟕𝟐 × 𝟏𝟎−𝟒 𝟓𝟖.𝟐 𝟎.𝟗𝟗𝟗
Bilinear 2 3.57 × 10−5 3.07 × 10−3 44.9 0.981

U-Net 4 4.55 × 10−5 3.81 × 10−3 43.7 0.973
W-Net 4 𝟐.𝟓𝟗 × 𝟏𝟎−𝟓 𝟐.𝟗𝟖 × 𝟏𝟎−𝟑 𝟒𝟔.𝟓 𝟎.𝟗𝟖𝟑
Bilinear 4 1.05 × 10−4 5.74 × 10−3 40.2 0.943

U-Net 8 1.14 × 10−4 6.68 × 10−3 39.9 0.934
W-Net 8 𝟗.𝟑𝟖 × 𝟏𝟎−𝟓 𝟓.𝟗𝟔 × 𝟏𝟎−𝟑 𝟒𝟎.𝟗 𝟎.𝟗𝟒𝟒
Bilinear 8 1.66 × 10−4 7.75 × 10−3 38.3 0.921

U-Net 16 1.73 × 10−4 8.37 × 10−3 38.2 0.920
W-Net 16 𝟏.𝟓𝟑 × 𝟏𝟎−𝟒 𝟕.𝟖𝟑 × 𝟏𝟎−𝟑 𝟑𝟖.𝟗 𝟎.𝟗𝟐𝟗
Bilinear 16 2.29 × 10−4 9.50 × 10−3 37.0 0.914

downscaling factor highlighted in bold. Metrics are reported based on
he normalised data. Example predictions are shown for each down-
caling factor in Figs. 6–9 for test set D03, and Figs. 11–14 for test set

D03_T2.

3.1.1. Test set D03
The first test set is derived from WRF domain D03, which is the

same domain as used for training the downscaling models. In every
case, the W-Net model outperforms all other methods across all metrics,

hilst the U-Net model also significantly improves upon baseline bilin-
ear interpolation. Performance drops for all models as the downscaling
factor is increased. At lower downscaling factors (≤ 4×, Figs. 6–7), more
etail is retained in the input and simpler models can still perform
ell, with bilinear interpolation achieving a SSIM value of 0.981 at
2× factor, and the U-Net and W-Net values of 0.998 and 0.999

espectively. Differences are also observed in other metrics, e.g. MSE
alues of 3.57 × 10−5, 4.75 × 10−6 and 1.60 × 10−6 for bilinear, U-Net
nd W-Net models respectively (Table 4). At higher downscaling factors

(≥ 8×, Figs. 8–9), the U-Net model tends to produce overly smooth
predictions. However, the W-Net predictions feature a greater level of
high-frequency detail, which is attributed to the use of the channel-
wise attention mechanism allowing high-resolution topography and
land–sea mask data to be incorporated within the model.

Examining the kinetic energy spectrum allows us to identify dif-
erences in the distribution of energy across a range of wavenumbers

(Fig. 10). A 𝑘−5∕3 dependence is anticipated in the mesoscale; the
effective resolution is defined as the point at which the model spectrum
decays relative to this expected spectrum [64]. The spectral tail past
this point is attributed to aliasing, thus interpretation should be limited
to before this point, which occurs at a wavenumber of ∼ 10−4 m−1 in
Fig. 10. All approaches, including bilinear interpolation, closely match
he target spectrum at a downscaling factor of 2×. Differences between

spectra increase at higher factors and, in all cases, the W-Net spectrum
is closer to the target, although at factors > 4× it also struggles to
predict the kinetic energy at higher wavenumbers.

3.1.2. Test set D03_T2
The second test set is derived from WRF domain D03_T2, which

overs a different location to domain D03 with only a small overlap.
hile data from domain D03 was used for model training, data from

omain D03_T2 is from a previously unseen region. In general, the U-
et and W-Net models perform worse on test set D03_T2 than test set
03. This is expected since models were trained on data generated over

he same geographic area as test set D03. Inference on D03_T2 data is a
ore challenging problem, as the topography and land–sea area differ

rom the training set, as might the wind regime.
At a lower resolution (≤ 4×, Figs. 11, 12), both the U-Net and

-Net models still perform well, better than bilinear interpolation.
At higher downscaling factors (≥ 8×, Figs. 13, 14), the U-Net model
 t
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Table 5
Summary of the results for each downscaling factor for test set D03_T2. Each model
was trained using a L1 loss function. For each factor, the best result is highlighted in
bold.

Model Factor MSE MAE PSNR SSIM

U-Net 2 1.09 × 10−5 1.61 × 10−3 50.4 0.994
W-Net 2 𝟒.𝟖𝟖 × 𝟏𝟎−𝟔 𝟏.𝟐𝟒 × 𝟏𝟎−𝟑 𝟓𝟑.𝟕 𝟎.𝟗𝟗𝟖
Bilinear 2 3.02 × 10−5 3.09 × 10−3 45.6 0.98

U-Net 4 7.47 × 10−5 4.95 × 10−3 41.9 0.954
W-Net 4 𝟐.𝟗𝟒 × 𝟏𝟎−𝟓 𝟑.𝟒𝟒 × 𝟏𝟎−𝟑 𝟒𝟓.𝟔 𝟎.𝟗𝟖𝟐
Bilinear 4 8.43 × 10−5 5.61 × 10−3 41.2 0.945

U-Net 8 1.44 × 10−4 7.65 × 10−3 39.0 0.923
W-Net 8 𝟕.𝟕𝟔 × 𝟏𝟎−𝟓 𝟓.𝟗𝟐 × 𝟏𝟎−𝟑 𝟒𝟏.𝟒 𝟎.𝟗𝟓𝟑
Bilinear 8 1.34 × 10−4 7.63 × 10−3 39.1 0.926

U-Net 16 1.95 × 10−4 9.44 × 10−3 37.6 0.917
W-Net 16 𝟏.𝟑𝟐 × 𝟏𝟎−𝟒 𝟖.𝟎𝟔 × 𝟏𝟎−𝟑 𝟑𝟗.𝟏 𝟎.𝟗𝟒𝟐
Bilinear 16 1.92 × 10−4 9.57 × 10−3 37.6 0.919

generalises poorly, with metrics comparable to bilinear interpolation
(Table 5). Some artefacts are visible within Figs. 12–14 for the U-

et model, and topography-related features from the original D03
omain are also visible (e.g. bottom-right corner). In contrast, the
orresponding W-Net model appears to generalise better, displaying
o visible artefacts and producing coherent high-frequency structures
elated to the local topography. This improved generalisation capability
nd model stability is attributed to the CAM architecture within the
-Net (Section 2.2.3) allowing high-resolution prior data fields (to-

pography and land–sea mask) from the previously unseen region to be
directly incorporated during inference. Overall, the W-Net maintains a
significant improvement over other methods at all downscaling factors,
indicating improved generalisation ability. However, at 16×, the W-Net
fails to reconstruct much of the finer flow characteristics (Fig. 14), but
is still able to make corrections in areas of complex topography. When
nalysing the kinetic energy spectra (Fig. 15) similar trends to test set

D03 are noted. In general, the W-Net spectra continue to match the
target spectra better than other approaches, although as the resolution
factor is increased, the spectra of all models diverge from the target.

3.2. Loss function variants

The performance of a number of loss functions is evaluated for
downscaling by a factor of 8× using the W-Net model. The results for
test sets D03 and D03_T2 are summarised in Tables 6 and 7, with
he best metrics highlighted in bold. Example predictions for each loss

function variant are shown in Figs. 16 and 17, and KE spectra are shown
in Figs. 18 and 19.

In this work, it is found that the L1, L2, SSIM and FFL functions
all perform comparably. This is reflected both in the metrics and in
the energy spectra. Although the SSIM is often cited as a perceptual
measure (e.g. [61]) capable of emulating the human visual system,
everal works have shown this not to be the case and that it is closely

related to the MSE and PSNR [65]. To our knowledge, this is the first
tudy, after its introduction by [59], that applies and compares the

Wiener loss to other functions. The performance of the Wiener loss
differs significantly from the L1, L2, SSIM and FFL loss functions. It
tends to generate higher-frequency detail, which is reflected in the
improved KE spectrum (Figs. 18–19). However, amplitudes tend to be
over-estimated, resulting in significantly poorer metrics in comparison
to other loss functions (Tables 6–7). To combat this, a composite

iener-L1 function (𝛼 = 0.3) is used that yields both improved metrics
ersus the standard Wiener loss, as well as improved higher-frequency
etail reconstruction and a closer KE spectrum in comparison to other

loss functions.
The optimal choice of loss function may vary with the use-case. If

nly the large-scale structure of the wind field is required then L1 or L2
ay suffice. However, if high-frequency detail is a priority, as may be

he case for wind energy applications, then a Wiener-based function
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Fig. 6. Example predictions for test set D03, for a downscaling factor of 2. Top to bottom show the 𝑢, 𝑣, and 𝑤 components of the wind field. Left to right show input, target,
U-Net, W-Net, and bilinear interpolation.

Fig. 7. Example predictions for test set D03, for a downscaling factor of 4. Top to bottom show the 𝑢, 𝑣, and 𝑤 components of the wind field. Left to right show input, target,
U-Net, W-Net, and bilinear interpolation.
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Fig. 8. Example predictions for test set D03, for a downscaling factor of 8. Top to bottom show the 𝑢, 𝑣, and 𝑤 components of the wind field. Left to right show input, target,
U-Net, W-Net, and bilinear interpolation.

Fig. 9. Example predictions for test set D03, for a downscaling factor of 16. Top to bottom show the 𝑢, 𝑣, and 𝑤 components of the wind field. Left to right show input, target,
U-Net, W-Net, and bilinear interpolation.
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Fig. 10. Kinetic energy spectrum comparison over all downscaling factors (2× top-left to 16× bottom-right) for test set D03.
Table 6
Summary of the results on test set D03 for a W-Net model trained using each loss
function and downscaling by a factor of 8×. The best result is highlighted in bold.

Model MSE MAE PSNR SSIM

L1 𝟗.𝟑𝟖 × 𝟏𝟎−𝟓 𝟓.𝟗𝟔 × 𝟏𝟎−𝟑 𝟒𝟎.𝟗 𝟎.𝟗𝟒𝟒
L2 9.44 × 10−5 6.01 × 10−3 𝟒𝟎.𝟗 𝟎.𝟗𝟒𝟒
SSIM 1.11 × 10−4 6.91 × 10−3 40.1 𝟎.𝟗𝟒𝟒
FFL 9.60 × 10−5 6.07 × 10−3 40.8 0.943
Wiener 6.28 × 10−4 1.85 × 10−2 33.1 0.918
Wiener-L1 1.26 × 10−4 6.60 × 10−3 39.7 0.937
Bilinear 1.66 × 10−4 7.75 × 10−3 38.3 0.921

should be considered. It should also be noted that there are other
possible permutations of loss functions, and although any tuneable
parameters specific to the function were investigated, such as the kernel
size in the SSIM function or the filter size in the Wiener function, this
was not fully exhaustive and it is possible that other combinations will
yield different results. In particular, the Wiener loss has a number of
12 
Table 7
Summary of the results on test set D03_T2 for a W-Net model trained using each loss
function and downscaling by a factor of 8×. The best result is highlighted in bold.

Model MSE MAE PSNR SSIM

L1 7.76 × 10−5 𝟓.𝟗𝟐 × 𝟏𝟎−𝟑 41.4 0.953
L2 𝟕.𝟔𝟗 × 𝟏𝟎−𝟓 5.93 × 10−3 𝟒𝟏.𝟓 𝟎.𝟗𝟓𝟒
SSIM 1.26 × 10−4 8.03 × 10−3 39.6 0.952
FFL 7.75 × 10−5 6.01 × 10−3 41.4 0.952
Wiener 5.34 × 10−4 1.67 × 10−2 34.4 0.913
Wiener-L1 1.14 × 10−4 6.97 × 10−3 39.7 0.941
Bilinear 1.34 × 10−4 7.63 × 10−3 39.1 0.926

tuneable parameters that may result in further improvements, such as
optimising the design of its penalty function. It is also possible that
results will vary for different downscaling factors and for different
models. Further investigation of these aspects is beyond the scope of
this study but will be considered in future work.
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Fig. 11. Example predictions for test set D03_T2, for a downscaling factor of 2. Top to bottom show the 𝑢, 𝑣, and 𝑤 components of the wind field. Left to right show input,
target, U-Net, W-Net, and bilinear interpolation.

Fig. 12. Example predictions for test set D03_T2, for a downscaling factor of 4. Top to bottom show the 𝑢, 𝑣, and 𝑤 components of the wind field. Left to right show input,
target, U-Net, W-Net, and bilinear interpolation.
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Fig. 13. Example predictions for test set D03_T2, for a downscaling factor of 8. Top to bottom show the 𝑢, 𝑣, and 𝑤 components of the wind field. Left to right show input,
target, U-Net, W-Net, and bilinear interpolation.

Fig. 14. Example predictions for test set D03_T2, for a downscaling factor of 16. Top to bottom show the 𝑢, 𝑣, and 𝑤 components of the wind field. Left to right show input,
target, U-Net, W-Net, and bilinear interpolation.
14 
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Fig. 15. Kinetic energy spectrum comparison over all downscaling factors (2× top-left to 16× bottom-right) for test set D03_T2.
15 
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Fig. 16. Example W-Net predictions for each loss function for test set D03, for a
downscaling factor of 8×. From left to right - 𝑢, 𝑣, and 𝑤 components of the wind field;
from top to bottom - input, target, L1, L2, SSIM, FFL, Wiener, Wiener-L1, bilinear.
16 
Fig. 17. Example W-Net predictions for each loss function for test set D03_T2, for a
downscaling factor of 8×. From left to right - 𝑢, 𝑣, and 𝑤 components of the wind field;
from top to bottom - input, target, L1, L2, SSIM, FFL, Wiener, Wiener-L1, bilinear.
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Fig. 18. Comparison of kinetic energy spectra for each loss function, for the W-Net at an 8× downscaling factor for test set D03.

Fig. 19. Comparison of kinetic energy spectra for each loss function, for the W-Net at an 8× downscaling factor for test set D03_T2.
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4. Conclusion

This work demonstrates how U-Nets can be applied to spatially
downscale WRF simulations in the North Sea at several different res-
olutions, up to a factor of 16. A W-Net architecture is presented that
incorporates prior fields through the use of two sequential U-Nets
and a fusion layer which utilises a channel-wise attention mecha-
nism. The advantages of this approach over a standard U-Net archi-
tecture are demonstrated through improvements in all performance
metrics and enhanced generalisation capability across different geo-
graphical domains, a benefit that becomes increasingly apparent at
higher downscaling factors.

No significant difference in performance is identified between W-
Net models trained using standard pixel-wise loss functions (L1 and L2),
structural similarity or frequency-focused functions. However, a Wiener
loss function promotes the generation of higher-frequency detail, which
is reflected in the KE spectra, but also introduces a tendency in the
model to over-estimate amplitudes. A Wiener-L1 composite loss pro-
vides a balance between generating high-frequency detail and correctly
predicting amplitudes.

Further work could include applying the model to different geo-
raphical regions, exploring the addition of physics-based constraints

within the loss function, extending downscaling to the 3D spatio-
temporal domain, and comparison against other cutting-edge architec-
ures such as vision transformers and neural operators. This work also
aises the question of what is the ‘‘best’’ metric to assess performance in
ownscaling wind fields, which may vary depending on the application.
tandard metrics such as the MAE and MSE may not be sufficient on
heir own. KE spectra should also be considered in this domain.
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