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ABSTRACT

Providing timely and accurate small-scale information about weather and cli-
mate is challenging — especially for variables strongly controlled by processes that
are unresolved by low-resolution (LR) models. Motivated by this challenge, this
thesis employed emerging artificial intelligence methods from the fields of computer
vision and deep learning for the statistical downscaling of surface wind variables to
convection-permitting scales. Specifically, Generative Adversarial Networks (GANs)
were conditioned on LR inputs to deterministically generate possible arrangements of
high-resolution (HR) surface wind patterns using super-resolution (SR). SR models
were trained over several subregions in the contiguous United States and southern
Canada, allowing for a systematic analysis of the methods. In addition to matching
the statistical properties of the target dataset, GANs generate fields with impressive
realism and computational efficiency, making them attractive for operational statisti-
cal downscaling. However, objectively assessing the realism of the SR models required
a careful selection of evaluation metrics. Using power spectra successfully revealed
how altered GAN configurations changed spatial structures in the generated fields,
where biases in variability originate, and the role of including additional LR covari-
ates in the SR methods. Inspired by recent work in the computer vision field, a novel
methodology that separates spatial frequencies in HR fields was used in an attempt to
optimize the SR, GANs further. This method, called frequency separation, ultimately
deteriorated the realism of the generated HR fields. However, frequency separation
revealed how spatial structures are influenced by the metrics used to optimize the
SR methods. A covariate-sensitivity analysis was also performed, illustrating how
physical relationships between the large and small scales are mirrored in the GANs.
Furthermore, a methodology was used to evaluate serial dependence in the SR meth-
ods. Even without explicitly including temporal information while training, serial
dependence in the fine-scale structures of the generated fields was present. Although
this thesis did not use fully-stochastic SR models (as has been done in existing work),
the results provide valuable insights into variability, biases, covariates, and the opti-

mization problem of SR.
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Chapter 1
Introduction

Weather and climate consist of highly variable components that directly influence
the habitability of communities. Consequently, providing accurate information about
weather and climate saves lives, protects ecosystems, and helps practitioners and
decision-makers plan for the future. However, accurately representing all aspects of
these dynamic and chaotic components in computational models is a challenging task
with imperfect solutions. As a result, relevant climate and weather information is not
always available to practitioners. Addressing this problem is the core motivation for
this thesis.

Atmospheric patterns exist at spatial scales ranging from micrometres to thou-
sands of kilometres, and temporal scales from microseconds to decades. Accurately
representing this range of patterns in climate models forms a massive challenge for
computational simulations, especially since patterns at these scales are not necessarily
independent of each other. In other words, large-scale circulations can both influence
and be influenced by, small-scale processes (Thompson, 1957)). Nevertheless, since
variability is more pronounced in large-scale atmospheric patterns (e.g. continen-
tal variations in weather are more pronounced than inter-city variations), simulating
large-scale processes is a necessary starting point.

Earth System Models (ESMs), for example, integrate a host of complex physical
Earth System interactions to represent large-scale processes on the order of 100 km.
ESMs are invaluable tools for understanding past, and future climate conditions and
scenarios (Stocker], |2014). However, variables in ESMs that are strongly influenced by
surface heterogeneities (e.g., wind and precipitation), contain significant biases since
dominant small-scale processes are unresolved (Whiteman, [2000; [Kharin et al., 2007}
Stephens et al., |2010; Sillmann et al. 2013 [Song et al., [2020)).



Explicitly simulating small-scale processes is particularly difficult due to compu-
tational constraints, so methods for dealing with this difficulty form the research area
of downscaling. Downscaling aims to develop models with accurate small-scale infor-
mation by exploiting the relationships between large scales and small scales and is
separated into two approaches: dynamical downscaling and statistical downscaling.

Traditionally, dynamical downscaling broadly includes models that operate by
numerically integrating partial differential equations that describe physical processes
provided initial and boundary conditions (Giorgi and Mearns|, |1991)). These condi-
tions are usually provided by low-resolution (LR) climate models, like ESMs. In order
to get smaller-scale information, Regional Climate Models (RCMs), for instance, dy-
namically downscale ESMs to a finer horizontal resolution on the order of 10 - 100 km
(Plummer et al. [2006). RCMs help reduce biases in ESMs due to higher-resolution
representations of physical processes and complex topography (Frei et al., [2003; Ban
et al., 2015 Torma et al.| 2015; [Schlager et al., 2019)). Nevertheless, biases persist in
RCMs because they do not resolve mesoscale and smaller processes, such as mesoscale
convective systems (MCSs), and because complex topography is still not adequately
represented on their 10 - 100 km horizontal scales (Déqué et al., 2007; Prein et al.,
2015; Liu et al., |2017). For the purposes of the present work, ESMs and RCMs are
both considered LR models.

On the other hand, statistical downscaling seeks to exploit empirical links between
large-scale and small-scale processes using statistical models (Maraun and Widmann,
2018). Meteorological stations, for instance, offer point-wise observations that are
not subject to misrepresentations of simulated small-scale processes in models. They
can also be interpolated onto gridded datasets using statistical downscaling to pro-
duce higher-resolution datasets. However, stations often have incomplete historical
records and highly heterogeneous spatial distributions that pose a significant chal-
lenge for statistical models. Addressing these incompleteness issues, reanalysis data
combines past weather forecasts, remote sensing, and station observations through
data assimilation to interpolate onto a gridded dataset (Dee et all 2011 Hersbach
et al., 2020)). Reanalyses products fill in gaps in station observations and provide a
complete global record of past weather and climate. Like RCMs, these products often
have a grid-spacing on the order of 10 - 100 km and can be used for statistical or
dynamical downscaling, and for bias correction of RCMs and ESMs (Liu et al., [2017}
Turco et al) 2017). However, like stations, reanalyses alone cannot represent future

conditions.



Since localized assessments of climate conditions are required for adaptation and
impact research, additional methods that can effectively model small-scale processes
are thus required.

High-resolution (HR) models, such as convection-permitting models (CPMs), dy-
namically downscale LR models while using them as initial and boundary conditions.
At < 4 km horizontal grid-spacing, CPMs offer improved representations of small-
scale variability over ESMs, RCMs, and reanalyses, owing to the explicit resolution
of convection and better representations of orography (Kopparla et al., 2013; Prein
et al., 2016} Innocenti et al., 2019). While CPMs offer a complete spatiotemporal
record of climate variables, due to their computational cost, domains are currently
limited to regional to continental scales, and simulations cover relatively short peri-
ods. Furthermore, this computational cost does not allow for multiple realizations in
large ensemble experiments, which are highly desirable for climate impact studies.

Localized assessments of climate conditions require fast and reliable statistical
downscaling methods that can properly represent small-scale processes (Wilby and
Wigleyl 1997; |Cannon, 2008; |Sobie and Murdock], 2017; |Li et al.; |2018). As such,
statistical downscaling methods remain an important area of study for researchers,
especially as the changing climate threatens infrastructure, societies, entire cultures,
and the health of ecosystems (Seneviratne et al., 2012; |Watt-Cloutier} 2016; Bush and
Lemmen, 2019)). The reliability of statistical downscaling, however, depends on the
variable and method employed (Maraun and Widmann| 2018)).

Machine learning (ML) and deep learning (DL) are branches of artificial intelli-
gence (Al) concerned with getting computers to “learn” how to perform certain tasks.
Corresponding models used in DL, such as artificial neural networks (loosely modelled
after how biological brains process information), can be used as highly non-linear and
flexible statistical models (Gardner and Dorling, 1998). DL models can also be de-
signed to be optimized to perform certain tasks. For example, Convolutional Neural
Networks (CNNs) are a class of DL models that are optimized for images and spatial
fields (Krizhevsky et al., [2012). CNNs, owing to their capabilities with spatial fields,
show promise for use as a downscaling method for several climate variables.

One such promising method, called single-image super-resolution (SISR or simply
SR), aims to develop models that produce plausible HR details from LR inputs, and
using CNNs, SR has achieved significant improvements (Dong et al., 2014} Ledig et al.,
2017; Zhang et al., 2018} Zhu et al., 2020). This present work aims to evaluate SR

models from computer vision for the multivariate statistical downscaling of surface



wind patterns from a reanalysis product to CPM scales.

Downscaling wind field patterns are chosen for this study because of their improved
representations in CPMs compared to LR models. They are also multivariate and
highly variable in nature — posing a challenge for statistical downscaling methods so
that SR method capabilities and limitations can be examined. As such, the SR models
considered in this work can be useful for a variety of practical applications, such as fire
weather danger and wildfire behaviour, pollutant and pollen dispersal, infrastructure
design, and wind-turbine siting — situations where dynamically downscaled CPMs

may be unavailable.

1.1 The Challenge of Super-Resolution

From the computer vision field, SR is often concerned with enhancing the resolution
of images in a deterministic manner. This determinism implies that, given unique
arrangements of LR patterns, there are unique arrangements of HR grid cells or pixels
that are produced by the method — i.e. there is exactly one output image for one
input image. Similarly, statistical downscaling is often performed deterministically.
However, since both SR and statistical downscaling are concerned with enhancing
spatial resolution, they are both inherently ill-posed in the presence of a scale gap;
the set of possible arrangements of HR patterns associated with fixed arrangements
of LR patterns is infinite.

For HR images, this indeterminacy of fine-scale features can be considered an un-
desirable limitation of SR because only one true reference image exists. However, for
CPMs (i.e. the “true” reference in the present work) driven with unique LR models as
boundary conditions, non-unique fine-scale features are produced if provided different
initial conditions. Since initial conditions are not perfectly known, CPMs produce
fine-scale features that could exist in the real atmosphere. The reader will note that
“true” is put in quotations to highlight that CPMs do not represent the real atmo-
sphere exactly, rather, they show possible approximate representations. It follows
that generating fine-scale features (e.g. weather in climate fields) through statistical
downscaling that could exist in climate fields is a requisite outcome of SR, and can
therefore be considered a desirable feature of the method.

In the computer vision field, generating these fine-scale features using SR has
been likened to hallucinating details that could exist in the data used to train the

models, but do not necessarily exactly match on a pixel-to-pixel basis (Zhang et al.



2020)). Although deterministic SR does not sample from the full set of possible HR
arrangements associated with given LR fields, it does generate a possible individual
realization from this set of arrangements. This work designs deterministic SR methods
that, when conditioned on unique LR patterns, generate unique arrangements of HR
patterns that could exist — even if not explicitly found in the climate simulation.
These possible arrangements of HR patterns motivates the careful consideration
of error metrics to assess the downscaled fields. Grid-point-based (or pixel-wise)
metrics, such as mean squared error (MSE) or mean absolute error (MAE) between
SR generated and “true” HR field pixels are frequently exclusively used to optimize
and evaluate SR methods in both climate and computer vision contexts. However,
when using these metrics to compare fine-scale features in CPMs, enforcing strict
adherence to pixel-wise errors penalizes physically realizable — but non-congruent
(i.e. mismatched) — high-frequency patterns. This problem is similar to limitations of
grid-point based error measures for precipitation fields, known as the double penalty
problem (Rossa et al.j Michaelides|, 2008; |[Harris et al., 2022)). This present work uses
novel ML methods from the computer vision field that evaluate both distributional
distances and grid-point-based metrics to help mitigate the double penalty problem.
Another challenge of SR and statistical downscaling lies in the relationship be-
tween the LR and HR patterns. Implementations of SR in previous computer vision
studies frequently coarsen HR images by a factor of four in each spatial dimension to
produce the LR inputs for training, i.e. an HR image with dimensions 128px x 128px
would be coarsened to 32px x 32px. This coarsening approach guarantees bias-free
pairs of LR and HR fields for training. Idealized coarsening is generally not a realistic
feature of climate datasets since LR and HR patterns may be produced separately in
different models — even if they are synchronous in time. When the scale separation
is large, the variability of the small-scale features embedded within the large-scale
features is also large, leading to a larger range of different kinds of HR fields that LR
patterns can produce. This present work involves a scale factor of eight, resulting in
the LR scales having weaker control on the HR scales (e.g. the LR fields have only
s_is ~ 1.56% of the number of grid-points in the HR fields), and also uses LR and
HR fields that come from different climate models so that the different scales are not
necessarily bias-free. In other words, the spatial representation of features in the HR

and LR fields may not match exactly.



1.2 Contributions

This thesis aims to evaluate the suitability of DL-based SR methods for statistical

downscaling in detail, and considers the following topics:

1. Multivariate SR DL models that generate HR horizontal wind field components

are designed and trained.

2. The double penalty issue is addressed in this work by using a distribution-
based metric (i.e., the Wasserstein distance) in combination with grid-point-
based metrics to optimize SR methods. This allows more freedom to generate

non-congruent small-scale details.

3. Objectively evaluating the fidelity of the SR models is challenging and requires
careful selection of metrics. Spatial frequency scales are utilized to validate the
accuracy of generated variability across scales and are found to be sensitive to

spatial properties of the generated HR fields.

4. Three climatologically distinct regions of identical size are isolated for SR ap-
plications. An additional continental-scale region is considered. By changing
regions, the performance of the SR methods in different climatologies (and dif-

ferent HR scale variability) is determined.

5. Sensitivity of results to LR covariates for climate-related SR has not previously
been rigorously evaluated. This work proposes a methodology for evaluating
the sensitivity of SR wind fields to the inclusion of covariates, thus evaluating

the importance of these LR input fields.

6. In this work, SR models are designed and trained that are not explicitly stochas-
tic, i.e. the DL models do not produce a distribution of HR fields when condi-
tioned on unique LR fields. Instead, this work considers SR models that produce
unique realizations of HR fields given unique LR conditioning fields. However,
the DL models presented here place features where they could be, rather than
where they are in the “true” fields. Subsequently, this work identifies sources
of biases in this generated variability. As such, it is an important step towards

fully stochastic generative DL models.



1.3 Terminology

Before proceeding, it is important to acknowledge that computer vision literature
generally has its own nomenclature that differs from the climate sciences — even for
identical or very closely related concepts. In the present work, what the computer
vision field refers to as images will be referred to as fields to be more consistent with
climate science terminology. Downscaling (upsampling in the computer vision field)
refers to the enhancing of spatial resolution, and upscaling (downsampling in the
computer vision field) refers to the coarsening of spatial resolution. Colour channels
are used to describe the non-spatial axis of the input/output images in the computer
vision literature. In this context, channels can be thought of as conditioning climate
field variables, or covariates. Pizels in computer vision naturally refers to grid-bozxes
or grid-points in climate models. Further, the terms fine-scale, small-scale, and high-
frequency will be used interchangeably in the context of spatial scales. Similarly,

large-scale, and low-frequency will be used interchangeably.



Chapter 2

Background

2.1 Convolutional Neural Networks

CNNss are a class of highly flexible ML models optimized to represent locally connected
structures in data such as those found in images or climate model fields (Krizhevsky
et al., [2012)). They consist of numerous “trainable” parameters (i.e., weights and
biases) to be optimized that are organized as filters (or kernels). Their purpose is to
activate in the presence of certain structures (e.g., edges or shapes) in the input data
by performing hierarchical convolutional operations that communicate this activated
information through the network (Karpathy, 2022). Importantly, these filters are not
defined before training. Rather, they are “learned” by the CNN during training to
detect features that are relevant to the data.

Depending on the design of the architecture, these filters define layers in the CNN,
which usually consist of a convolutional layer followed by an activation or transfer
function that collectively form convolutional blocks. Activation functions are typically
a simple function, such as tanh, sigmoid, or Rectified Linear Unit (ReLU), that trans-
form the output of convolutional layers and are essential for introducing non-linearity
into neural networks to help better represent complex patterns (Murphy), 2022} 424-
425). The output of a convolutional block is a filtered and activated representation
of the input data, with a unique representation for each unique filter. The filtered
representations are themselves filtered in subsequent layers in the CNN, i.e., outputs
from one layer are used as inputs in the next. In practice, CNNs typically have many
layers and hence are a form of DL. All of the weights and biases in the CNN are

tuned to minimize a loss function using some form of gradient descent, where gradi-
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Figure 2.1: An example of a CNN processing input data (with arbitrary shapes and
dimensions) for illustrative purposes. Each set of squares represents a convolutional
block or layer in the CNN. Connecting lines are meant to demonstrate that previous
layers inform the dimensions of subsequent layers as the convolutional blocks trans-
form the shape of the data. The final layers are vectors that are rich in information
extracted from the input data. This figure was produced using a tool developed by

LeNail| (2019).

ents with respect to these weights and biases are calculated through a process called
backpropagation (Rumelhart et al., |1986).

CNN architectures themselves are very flexible, and can both downsample and/or

upsample data to different representations. A general example of the former is
shown conceptually in Figure (reading left to right), where input data starts
at a high-dimensional representation and is downsampled through the network to a
lower-dimensional representation. The latter configuration can be thought of as the
reverse version of Figure (reading right to left) and can be adapted to generate HR
fields from LR inputs in SR tasks. Combinations of these architectures can form the
backbone of generative DL models (Radford et al., 2015; Pu et al., 2016). CNNs are

used extensively in this work; specific CNN architectures and how they are trained

are discussed in more detail in Section B

2.2 Generative Adversarial Networks

Substantial improvements have been made in the SR field by using CNNs ,
2015)), and by adopting conditional generative adversarial networks (GANs) (Good-
fellow et al., [2014; Mirza and Osindero, [2014) for SR tasks (Ledig et al. 2017} [Zhu
et al, [2020). GANs are an ML architecture that consists of duelling functions (often

CNNs) trained simultaneously with opposing objectives. These objectives shape two

networks that communicate with each other, namely, the Generator, which aims to
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generate realistic information, and the Discriminator, which aims to judge or critique
this generated information and provide feedback to the Generator. The main idea
behind GANs comes from the use of the Discriminator to provide an adaptive loss
term — the adversarial loss — that increases in capacity for evaluating detail as train-
ing proceeds. As a result, the Generator receives increasingly relevant feedback as
it generates increasingly realistic information. A more detailed discussion of GANS,
and how they are adopted for SR problems is included in Section [3.1]

2.3 Relevancy of Super-Resolution in the Climate

Sciences

Generating SR fields with realistic textures has been a core challenge in the SR field
(Ledig et al., [2017) that remains relatively unaddressed for climate fields. In statis-
tical downscaling, there are existing techniques that generate conditional small-scale
variability, such as stochastic weather generators (SWGs). SWGs are concerned with
generating random sequences of atmospheric variables that are loyal to the observed
patterns and distributions of these variables. There exists a vast statistical down-
scaling literature that includes SWG methods varying from Markov chain models
(Gabriel and Neumann), [1962; Richardson and Wright| 1984) to models for estimat-
ing conditional occurrence and intensity of precipitation from parametric distribu-
tions (Katz, 1977, Chandler and Wheater, 2002; San-Martin et al., |2017). Multi-site
weather generators aim to generate spatially-correlated random weather sequences;
however, incorporating local variability is a complicated task for multiple sites (and
variables) due to the high-dimensional nature of the problem (Chandler| 2005} |Can-
non, 2008; Jeong et al., 2012; Maraun and Widmann, 2018). Furthermore, the HR
information has a high degree of spatial inhomogeneity which makes specifying the
distributional structures of the small scales challenging for spatially homogenous mod-
els that do not account for spatial non-stationarity (Wilks and Wilby, |1999; Ailliot
et al., 2015, [Maraun and Widmann, 2018). SR methods — specifically those emerg-
ing from ML computer vision fields like GANs using CNNs — are sufficiently flexible
for use in a variety of different applications not limited to computer vision. Their
ability to represent complex spatial patterns is an attractive feature when modelling
high dimensional inter-site dependencies, like those encountered when using SWGs for

spatially-correlated weather sequences. Importantly, unlike many SWG approaches,
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SR methods do not make assumptions about the underlying distributional nature
of the atmospheric variables considered. As such, SR methods can be viewed as

non-parametric SWGs.

2.4 Existing Work

SR methods have been applied to climate fields with success. For example, GANs
have been employed for super resolving wind (Singh et al.|, [2019; [Stengel et al.| [2020)),
and solar irradiance fields (Stengel et al., [2020). Sha et al.| (2020) downscales tem-
perature using CNNs over western continental United States, and Wang et al. (2021))
uses a deep residual network for downscaling daily precipitation at a variety of reso-
lution gaps for two climatologically unique regions in the continental United States.
Additionally, Kumar et al.| (2021)) uses Super-Resolution Convolutional Neural Net-
work (SRCNN) to downscale rainfall data for regional climate forecasting. However,
each of these above studies uses idealized, coarsened versions of the HR data to de-
terministically downscale the LR fields.

GANs adopted for SR in the climate sciences have also successfully produced
ensembles of super-resolved fields using coarse covariates as well as noise to stochas-
tically generate HR fields. This approach has shown promise for precipitation in
Leinonen et al.| (2020)), however, again with idealized LR/HR pairs. Recently, [Har-
ris et al. (2022)) demonstrated that GANs are an attractive stochastic downscaling
method for non-idealized pairs, as is a novel Variational Auto Encoder GAN (VAE-
GAN) method. A similar approach to Harris et al.| (2022)) was taken by [Price and
Rasp) (2022)) for stochastic SR with precipitation fields. The present work considers
non-idealized LR and HR pairs using advancements in GAN architectures for deter-
ministic SR, although stochastic methods will be revisited for discussion in Section
5]

2.5 Super-Resolution Considerations

As discussed earlier, one important consideration when using SR methods is the scale
gap between the LR covariates and the HR fields, i.e how many pixels in the HR fields
are contained within an LR pixel. Typical applications of SR in the computer vision
field achieve a 4x scaling (Dong et al., 2015; [Ledig et al., 2017; Wang et al., 2018;
Cheng et all [2020)). For the climate sciences, the scale gaps (or scale factors) that
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exist between the available LR and HR datasets often exceed 4x (Stengel et al., 2020;
Leinonen et al., 2020; Harris et all 2022)). For technical reasons depending on the
CNN architectures used, these large-scale factors pose an additional challenge to the
GAN networks because more parameters need to be fitted to overcome the scale gap
and generate HR images. A further discussion on the networks used in this present
work is included in Section [3.5

Another consideration is how the LR and HR pairs are determined in the first
place. Many of the examples used to train GANs for SR in both the computer vision
and climate fields come from an artificial coarsening of the HR fields to produce the
LR conditioning fields (Dong et al., 2015; [Ledig et al.l |2017; Wang et al., 2018} Singh
et al.l 2019; Sha et al., 2020; |Cheng et al., 2020; [Stengel et al., |2020; Wang et al.|
2021}, [Kumar et al., 2021)). This approach guarantees synchronous LR and HR pairs
that have idealized consistencies between the scales with no differences at large scales.
In practical downscaling applications, the LR fields may not be coarsened versions of
the HR fields, so there will be some differences at large scales. Perfect agreement in
these coarse scales is unrealistic in this sense. In this study, the Weather Research
and Forecasting (WRF) model over the High-Resolution Contiguous United States
(HRCONUS) domain (Liu et al. 2017) supplies the HR fields, with synchronous
European Centre for Medium-Range Weather Forecasts Re-Analysis (ERA-Interim)
(Dee et al., 2011) providing the LR fields. A further discussion of the climate models
used can be found in Section 3.3

This work aims to demonstrate the feasibility of GANs for downscaling when chal-
lenged by these considerations; that is, large-scale factors and non-idealized LR/HR
field pairs. In doing so, it also aims to demonstrate how GAN SR methods have prop-
erties resembling those of statistical downscaling and SWG approaches. Inspired by
novel work in the computer vision field, it also attempts to improve the performance
of GANs for non-idealized pairs by changing the roles of the terms in the objective

functions introduced in Section B.4.11
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Chapter 3

Data and Methodology

3.1 Utilizing the Wasserstein Distance

The early GAN formulation from |Goodfellow et al.|(2014)) contains duelling objectives
in a min-max game between a Generator and Discriminator CNN. In the min-max
game, the purpose of the Generator, denoted G, is to generate realistic samples that
fool the Discriminator, denoted D. The Discriminator’s purpose is then to distinguish
between the “true” and generated samples. Mirza and Osindero| (2014)) reframed the
GAN so that the Generator is supplied conditional information to exert control on
generated samples. This conditional approach was adopted by |Ledig et al. (2017)
in the seminal super-resolution GAN (SRGAN), where LR samples condition the
Generator to produce HR samples. If y is a sample drawn from the “true” distribution,
y ~ P,, and G(x) is a sample drawn from the generated distribution, G(x) ~ P,, then
(G’s purpose is to generate samples conditional on samples from the LR distribution,
x ~ P., that are indistinguishable from y. The optimal GAN in this formulation
properly estimates the Jensen-Shannon (JS) divergence between P, and P, through
the Discriminator and minimizes it through the Generator.

The success of GANs for SR can be attributed to minimizing a distributional dis-
tance between “true” and generated HR samples; rather than, for example, grid-point
metrics like the MAE or MSE. However, in practice, the convergence of the min-max
game of the early GANs is not guaranteed. Early GANs are notoriously difficult to
train and suffer from issues such as vanishing-gradients, and mode-collapse (Salimans
et al, 2016; |Arjovsky et al.; [2017). The former occurs when the Discriminator vastly

outperforms the Generator and does not provide relevant feedback, and the latter
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occurs when the Generator exploits “blind spots” in the Discriminator resulting in
a significant lack of diversity in the generated fields (i.e. lack of variability in the
generated distributions).

Arjovsky et al.| (2017)), emphasizing how the choice of distance metric can improve
GAN behaviour, changed the objective of the GAN to estimate and minimize the
Wasserstein distance between P, and P,. The resulting GAN is known as WGAN and
is structurally similar to early GANs in that optimal WGANSs estimate a distributional
distance with a “criticizing” network and minimize this distance with the Generator.
Using the Wasserstein distance has the main advantage of more stable convergence
without suffering from vanishing gradients resulting from the theoretical benefits of
the metric. This improvement in stability can be attributed to the altered role of the
Discriminator, which, instead of distinguishing between y and G(x) and estimating
the JS divergence, is optimized to estimate the Wasserstein distance. This change
of role of the Discriminator is reflected in a new name for the network in WGAN
contexts, namely, the Critic, denoted C.

For a more illustrative interpretation, if the distributions P, and IP; are analogous
to mounds of gravel with the same total mass, the Wasserstein distance is the mini-
mum ‘“effort” required to move gravel within the generated mound to match the target
one. The Wasserstein distance can be thought of as measuring the most efficient way
of rearranging gravel to have it appear identical to a target distribution. For this rea-
son, the Wasserstein distance is sometimes referred to as the earth mover’s distance,
or optimal transport, for discrete probability distributions.

One important advantage of using the Wasserstein distance that contributes to its
stability in WGANS is that it remains continuous when there is no overlap between
P, and P,. This fact was illustrated in |Arjovsky et al. (2017) for non-overlapping
distributions on low-dimensional manifolds, where the JS divergence shows discon-
tinuities in such situations while the Wasserstein distance does not. Due to these
various advantages, within the climate science community, the Wasserstein distance
has also been proposed as a means of comparing climate models (Ghil, 2016} [Vissio
et al., 2020).

If P, and P, are the “true” and generated distributions respectively, the Wasser-

stein distance can be written as:

W(P,P) = inf Egaum [ly =Gl (3.1)

€T (P, Py)
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where II(P,,P,) is the set of all joint distributions, ¥(y,G(x)) with marginals P,
and P,. In practice, calculating the infimum in Equation is intractable to calcu-
late the entire set of possible joint distributions, but can be reformulated using the
Kantorovich-Rubinstein duality (Kantorovich, 2006; Villani, 2009 |Arjovsky et al.,
2017, |Gulrajani et all, 2017):

W(P,,Py) = sup Ey.p [f(y)] — Ecm~r, [f(G(X))] (3.2)

F%s!
where sup is the supremum of all 1-Lipschitz functions. For f to be 1-Lipschitz, it

must satisfy:

|f(x1) = fwa)] < |oy — 2], V20 €R (3.3)

In other words, 1-Lipschitz constrains the gradients of f to be no more than 1 every-
where.

The Kantorovich-Rubinstein duality in Equation [3.2]is a theorem that enables eas-
ier estimations of the Wasserstein distance by changing it from a minimization over
all joint probabilities, to a maximization over 1-Lipschitz functions (Villani, 2009;
Arjovsky et al., 2017, |Gulrajani et al., 2017). In practice, f is the Critic, and is
optimized to find 1-Lipschitz functions that estimate the Wasserstein distance. More
intuitively, f enhances small differences between samples from the “true” and gener-
ated distributions, and the Lipschitz constraint prevents f from enhancing differences
that are too small. As the loss function decreases in the training, the Wasserstein
distance gets smaller and the Generator model’s output grows closer to the “true”
data distribution.

Enforcing 1-Lipshcitz is a key requirement of using the Kantorovich-Rubinstein
duality, which Arjovsky et al.| (2017)) satisfies through gradient clipping. The use
of gradient clipping to satisfy 1-Lipschcitz was superseded by WGAN with gradient
penalty (WGAN-GP) (Gulrajani et al., 2017)), which uses a softer and more practical
approach to constrain gradients of the Critic. WGAN-GP is the form of GAN used
in this work; specific loss functions and further details about the gradient penalty are

discussed in the next section
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3.2 Adapting WGAN-GP for Super-Resolution

Providing conditional information translates an unconditional GAN into a supervised
DL task that can take advantage of the Critic. This frames the GAN as an advanced
regression model that can be deterministic or stochastic depending on the stochastic-
ity of the conditioning information. As discussed earlier, the present work considers a
deterministic approach, but the extension to stochastic approaches will be considered
in Section [p] Stochastic approaches to climate field SR have already been considered
in |Leinonen et al.| (2020); Price and Rasp| (2022); Harris et al.| (2022]).

The Critic and Generator each have an objective (or loss) function that, when
minimized, optimizes their respective weights. For the Critic, the objective function
has a Wasserstein distance component and a gradient penalty term that discourages

violations of the 1-Lipschitz requirement:

Lo = Egporp, [C(GX))] = Eyp, [C(9)] + AEsep, [([IVC ()|l — 1)) (34)
Wassersteinvcomponent Gradier:tr Penalty

where )\ is a tuneable hyperparameter, and X is a randomly synthesized field interpo-

lated on a straight line between “true” and generated samples as

%= ey +(1-)G(x) (3.5)

where € is a random number drawn from uniform noise, ¢ ~ UJ0, 1], and G(x) is
the generated field with LR covariates synchronous with y. A further discussion on
the gradient penalty term is in included in Appendix [A.1] Importantly, Equation
optimizes the Critic to learn 1-Lipschitz functions that estimate the Wasserstein
distance.

For the Generator, the objective function is as follows:

L6 = — Boteyor, [C1G(0)] + 0 Eyr, Ly, G30) (3.
Adversarial C:mponent /loss Cont;gt loss

where « is a hyperparameter that weights the relative importance of the content
loss, [., and the adversarial loss. The content loss is meant to guide the generated
fields towards y and is necessary for stability while training the SR models. As will
be discussed in Section [3.4.1] in climate applications the content loss should ensure
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consistency of only the large-scale features of the HR fields with the conditioning LR
fields, since the HR fields will necessarily have grid-point differences at small scales.

This present work uses the mean absolute error (MAE) for the content loss as follows:

l(y, G(x)) = Z > lyiy — G(x)igl (3.7)

i=1 j=1
where W and H are the width and height of the field in pixels.

In contrast to the supremum in Equation minimizing Equation also esti-
mates the Wasserstein distance by simply switching the signs of the C(y) and C(G(x))
terms. Furthermore, in order to provide the best estimate of the Wasserstein distance
(or adversarial component of the Generator’s loss), C' in Equation should be op-
timal. (Gulrajani et al.| (2017) therefore, updates the weights and parameters of C' a
number of times for every update of the Generator’s weights and parameters to ensure
that C' reasonably estimates the Wasserstein distance. The number of updates is an
additional tuneable hyperparameter.

For the Generator’s loss, the generated part of the Wasserstein component in
Equation has an opposing role in Equation [3.6, where it forms the adversarial
loss that G aims to minimize. Since Equation [3.4] is minimized, larger values of C'
correspond to more “realistic” fields because of the negative sign on C'(y). In order to
guide the Generator to produce more realistic fields, the sign of C(G(x)) is changed
in the Generator’s objective, and the second term of Equation is dropped as its
role is redundant and adds unnecessary computational cost.

Importantly, the adversarial component of Equation does not compare grid
points between “true” and generated fields but is directly related to the distributional
distance between collections (i.e. batches) of fields measured by C. Because L con-
tains both a distributional and grid-point-based component, even if G(x) is produced
without stochastic conditioning information, the adversarial component in Equation
[3.6] is responsible for generating similar variability to y, putting fine-scale features

where they could be, but not necessarily where they are in the “true” HR fields.

3.3 Datasets

With the methodology introduced in the preceding sections, deterministic WGAN-
GP SR models are developed that generate near-surface wind component fields sim-

ulated by the Weather Research and Forecasting (WRF) model over subregions in
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the High-Resolution Contiguous United States (HRCONUS) domain (Rasmussen and
Liu) [2017; |Liu et al., 2017). In these simulations, WRF HRCONUS is configured as a
CPM (4 km grid spacing) that is driven using data from six-hourly ERA-Interim (80
km grid spacing) (Dee et al. 2011) as its boundary conditions and initial conditions.
Using GANs for SR, this work aims to generate HR fields — conditioned on ERA-
Interim input (with the exception of one of these covariates, as discussed in Section
— that are consistent with WRF HRCONUS.

Through its boundary forcing, and spectral nudging at large scales above the
boundary layer, WRF HRCONUS is synchronous with ERA-Interim during the his-
torical period October 2000 to September 2013 (Rasmussen and Liu, 2017). This
synchronization creates reasonable agreement at large scales between ERA-Interim
and WRF HRCONUS. However, due to upscale energy transfers, they may not match
exactly since smaller scales can evolve freely. Therefore, WRF HRCONUS and ERA-
Interim are well positioned for evaluating the ability of GANs to generate fine-scale
details present in WRF HRCONUS through SR.

Using these models also means that LR inputs are not generated by simply apply-
ing a coarsening function to the HR fields; thus they represent a non-idealized LR/HR
pair. This non-idealized pairing places more responsibility on the GAN to correctly
produce details that are consistent with the CPM, thereby testing the extent to which
the Critic captures the characteristics of these features and enables the Generator to

produce them. Data preparation will be discussed in Section [3.3.2]

3.3.1 Training and Test Sets

From WRF HRCONUS, six-hourly 10 m zonal and meridional wind fields, denoted by
u10 and v10 respectively, are selected as the target fields for the GANs to generate.
Large-scale variables from ERA-Interim are used as conditioning fields (or covariates).
It is noted that WRF HRCONUS is archived at an hourly time step, however, in order
for synchroneity with ERA-Interim, six-hourly is used here. There are a total of 18991
available fields in the 2000 - 2013 historical simulation period. Of these fields, 80%
are used for training (15704 fields), and 20% (3287 fields) are used for testing and
evaluation.

Although wind fields are spatially highly variable, sampling time steps randomly
and uniformly could result in dependence between test and training sets due to serial

autocorrelation. For example, a wind field in the training set may have very similar
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features to an adjacent wind field six hours later that is randomly assigned as a test
field. In order to account for this serial dependence and long-term non-stationarity
in the wind field patterns, three separate years are used (2000, 2006, and 2010) for
testing.

3.3.2 Data Preparation

WRF HRCONUS outputs are not on a regular lat/lon grid by default. So, to begin,
WRF HRCONUS is re-gridded to a regular grid through nearest neighbour interpo-
lation. While the native WRF HRCONUS grid spacing is ~4 km, WRF HRCONUS
is re-gridded to ~10 km, resulting in a scale factor of eight with respect to ERA-
Interim’s 80 km grid spacing. Nearest neighbour interpolation is intentionally used
to limit unintended smoothing by other methods, such as bilinear interpolation. Once
prepared, the LR and HR field shapes are 16 x 16 grid cells and 128 x 128 grid cells
respectively.

A total of seven covariate fields from reanalysis products were identified for the
SR models to generate simultaneous HR %10 and v10 fields. These are provided
to the modified Generator as extra colour channels (see Section for a further
discussion of the CNNs used). From ERA-Interim, the covariates include coarse u10,
v10, topography, land-sea fraction, surface pressure, and surface roughness length.

Due to the unavailability of convective available potential energy (CAPE) in ERA-
Interim at six-hourly time steps, CAPE from ERAS is used instead (Hersbach et al.,
2020)) and is interpolated from the native 30 km grid spacing to 80 km. Using ERAS
in this manner increases the potential for mismatches between both ERA-Interim and
WRF HRCONUS. However, ERA5 and ERA-Interim represent the same historical
atmospheric conditions and so it is assumed that this mismatch is small with both
WRF and ERAS5 as well as ERA-Interim and ERA5. The motivation for including

each additional covariate is the following:

e CAPE is selected for its influence on wind conditions in convective systems, like
MCSs;

e topography is a coarse digital elevation map, selected for its role in influencing

wind speed and direction;

e land-sea-fraction indicates the ocean-to-land fraction of a coarse grid and influ-

ences wind patterns around coastlines;
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e surface roughness length provides valuable information about the vertical wind

profiles and the physical features at the surface; and

e surface pressure is selected for its role as a pressure gradient force in the surface

wind momentum budget.

From the WRF HRCONUS domain, four subregions are identified, each with dif-
ferent climatological conditions. Figure shows a representative instance of the
wind speed field for the WRF HRCONUS domain, as well as the subregions consid-

ered, including;:

e the Western region, which covers southern British Columbia, Washington State,
and Oregon, is characterized by complex topography that includes mountainous

terrain and complex shorelines;

e the Central region, which covers North and South Dakota, as well as Minnesota
and northern Iowa, southern Manitoba and southwestern Ontario (not to be
confused with the geographical southeastern area of Ontario locally referred
to as: “Southwestern Ontario”), has a continental climate with large lakes and

relatively frequent fine-scale convective features;

e the Southeast region, which includes Florida, Cuba, and adjacent waters, is

subject to tropical cyclones and frequent fine-scale convective features; and

e the Continental region, which includes the entire Central region, southern prairies
of Canada, and the northern section of Mexico with patterns influenced by
complex topography, shorelines, inland waterways, and fine-scale convective
features. The Continental region is evaluated separately from the other regions

to preserve consistency.

Each "true" HR and LR variable is standardized to have a mean of zero and a
standard deviation of one. The land-sea-fraction covariate is an exception since it is

already bounded. The mean of a given variable is calculated over all pixels as:

H W T
Mo = WET Z Z Z ei,j,k (3'8>

i=1 j=1 k=1
where 6 represents a variable in y or x, T" is the number of fields or time-steps, H is
the height of the fields, and W is the width of the fields in the dataset. The standard

deviation can be determined similarly, as
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Figure 3.1: Sample wind speed map of WRF HRCONUS for September 28, 2002, at
12:00:00 UTC. Regions selected for this work are in white boxes with their respective
names. The southwest and southeast corners of this figure show edge effects caused
by the nearest-neighbour interpolation to a regular lat/lon grid.
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H w T

WHT (3.9)
The standardized set of fields, #’, can be computed as
0; 1 —
T L (3.10)
o9

Since the models are trained on the standardized variables, the generated HR pixels

in, G(x) are de-standardized as:

Hmk = Qg,j,kdg + Lo (3.11)

using the respective o and p from the “true” HR fields. For notational simplicity, this
work will not explicitly distinguish between standardized or de-standardized vari-
ables. However, the reader should assume that all variables used while training are
standardized, and all results are de-standardized as in Equation before they are

reported so that they are in the original units of m/s.

3.4 Configuring and Training the Super-Resolution
Models

3.4.1 Frequency Separation

Section summarized how the SRGAN framework can be adapted for use with
WGAN-GP using Equations and An important consideration of state-of-the-
art SR methods (such as SRGAN) is that they have limited generalization capabilities
in practical situations when LR fields suffer from, for instance, aliasing effects, sensor
noise, or compression artifacts. This limited capability stems from idealized pair-
ings between the LR and HR fields used for training, as discussed in Section [2 and
manifests in the super-resolved HR fields as high-frequency artifacts and distortions
(Shocher et al., 2018).

While climate models may not suffer from identical challenges to those that impact
LR images in computer vision, LR and HR fields from climate models can contain
differences at large scales with one another that impact the generalization capabilities
of the SR methods. [Fritsche et al.| (2019)) recognized how non-idealized LR and HR



23

pairs of images can negatively impact SR methods, and proposed a modification to
the objective function that delegated spatial frequencies of the HR fields into a high
and low-frequency pair to which the adversarial loss and content loss were applied
respectively.

The main idea of frequency separation (FS) is to simplify the task of the Critic
by recognizing that low-frequency information in the fields is more appropriately
evaluated using the content loss (i.e. grid-point error metrics). By focusing only on
the high frequencies of the image, the Critic network is no longer tasked with learning
potential mismatches in the large scales between the LR and HR fields. Instead, this
task is delegated (in the low frequencies) to the content loss. This approach led to
perceptually improved results in computer vision with images and is adopted into this
present work to examine its influence on wind fields.

More formally, if £ represents a low pass filter, the low-frequency and high-

frequency fields are determined with the following:

Y=y —Z(y)

(3.12)
G(x)n = G(x) - Z(G(x))

where [ and h subscripts indicate low and high-frequency counterparts after applying
FS to the HR field.

For this work, .Z is set as a spatial averaging kernel. Square matrices are centred
on a pixel in the image, and the spatial average of all overlapping pixels is computed.
The central pixel value is then replaced with this average. This step pools surrounding
pixels and smooths details in the image. More specifically, .Z is a 2D averaging kernel
applied to the input with stride one (meaning it is applied to each pixel successively).
Alternatively, the smoothing of the 2D averaging kernel can be viewed as a convolution
operation using a square filter, with each weight set as 1/N.

The total number of elements in the square averaging kernel with shape N x N
influences the extent of smoothing. As a result, N should be considered a tuneable hy-
perparameter in the GAN configuration, with values considered for this present work
summarized in Table [3.1] Kernels with smaller values of N allow higher frequency
information through the filter, and vice versa. The effect of N on image smoothing
is shown in Figure [3.2]

For fields with FS (designated with %), a reflection pad corresponding to the
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half-width of the averaging kernel is applied to preserve the same size between the low-
frequency and original fields. Reflection padding extends the boundaries of the image
by mirroring pixels close to the edge of the boundary. It offers a more continuous
boundary for smoothing than, for example, zero padding.

It should also be noted that by separating these frequencies, the Wasserstein
distance is now computed on a different probability distribution that contains the
high frequencies only. These modified samples can be noted as y;, ~ P,; for high
frequency “true” fields, and G(x); ~ P, for high frequency generated fields. In the

objective function of the Critic, this becomes

Lo =B~ [C(GX)n)| —Ey, ~p,, [C(y)]+AEx, <y, [V, C (%) |l2—1)*] (3.13)

with X, representing random samples from the high frequency fields only, i.e. X, =

ey, + (1 — €)G(x)p,. Similarly, for the Generator,

L6 = ~Ecpger,, [CG] + 0Byor, (L), Z6(G(0))  (314)
Adversaria?rcomponent Cont;:t loss

3.4.2 Training the Super-Resolution Models

The models are trained using a single NVIDIA GTX 1060 GPU with 6 GB of VRAM
and with training hyperparameters summarized in Table 3.1 Many of the hyperpa-
rameters here are taken directly from existing work, except for o which is discussed
in more detail later in this section.

GPUs help optimize DL tasks, and their utilization allows the potential of DL
methods to be realized for fast climate impact assessments. The Adam optimizer, a
form of stochastic gradient descent (SGD) (Kingma and Baj, [2017)), is used to train
the models. As discussed in Section [3.2] the Critic in WGAN-GP requires a number
of updates for each update of the Generator. Following Gulrajani et al.| (2017), this
present work updates the Critic five times for each update to the Generator. Each
GAN takes approximately 48 hours to complete 1000 passes (i.e., epochs) through
the entire training set.

As discussed earlier, o weighs the importance of the content loss relative to the
adversarial component. While the magnitude of L4 is unimportant for its optimiza-

tion, the relative magnitudes of the adversarial component and the content loss are



Figure 3.2: Various examples of frequency separation applied to a «10 field in the
Southeast region. Each row has a different configuration of the filter designated
with Zy. The left panel is the unaltered input, the center panel has an average 2D
pool filter applied to the input, and the right panel shows the high-frequency field
determined by the difference between the left and center panels.
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Training Hyperparameters Adam Optimizer Frequency Separation Avg2DPool
A @ Epochs Batch Size Critic iterations Learning rate ;[ Filter size (N) Stride Reflection Padding
FS GANs  10.0 500 1000 64 5 1x107° 0.9 0.99 59,13 1 2,4,6
NFS GANs 10.0 500 1000 64 5 1x107° 0.9 0.99 NA NA NA
Pure CNNs 10.0 1 1000 64 5 1x107° 0.9 0.99 NA NA NA

Table 3.1: Summary of hyperparameters.

important. The value chosen for this work is selected such that the content loss and
raw output from the Critic are roughly the same magnitudes. Although no optimal
values of o are searched for in this present work, the value used here — summarized
in Table — results in stable training and good performance. Future work will
require further investigation of these hyperparameters and this topic will be revisited
in Section [Bl

For each of the regions, three different values of N are used for £y to test var-
ious amounts of FS smoothing. These GANs will be collectively referred to as FS
GANSs and are optimized using Equations and .14l Additionally, a no-frequency
separation GAN (NFS GAN;, optimized using Equations and and pure CNN
are also trained for each region. The pure CNN is configured identically to the NFS
GAN, however, it is optimized using only the content loss from Equation (i.e. the
adversarial loss is excluded from the objective function). The pure CNN model is
meant to test the role of the adversarial loss on the generated wind fields, and it can
be viewed as an extreme case of F'S whereby all frequencies are delegated to the con-
tent loss, and no frequencies are delegated to the adversarial loss. The reader should
note that the content loss in Equations [3.6] and [3.7] is applied to all pixels in the HR
fields — covering all frequencies — and is the form frequently used (as either the MAE
or MSE) in SR in both the computer vision and climate science fields (Ledig et al.,
2017; Sha et al.| 2020; |Stengel et al., 2020; [Harris et al., 2022).

3.5 Critic and Generator Networks

The Critic is adopted from the SRGAN Discriminator of [Ledig et al.| (2017)), but
with some modifications. The batch normalization layers were omitted entirely, as
their removal is required for the gradient-penalty term to operate on individual fields
rather than batches (Gulrajani et all 2017)). For this work, removing batch normal-
ization is empirically found to stabilize training. Another modification is made to
the final linear layer of the SRGAN Discriminator/Critic architecture. Due to GPU
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Critic Network
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Figure 3.3: Outline of the networks used with WRF HRCONUS (Critic) and ERA
(Generator) with WGAN-GP. The inputs to each network are two-dimensional fields.
The label for each Conv2D layer describes its function. k indicates the size of the
square kernel/filter used, e.g. a kernel size of 3 has 9 trainable parameters (plus one
if a bias parameter is fit for that particular filter). n represents the total number
of filters in the layer, and s is the stride at which it is applied to the input. Where
relevant, the shape of matrices/vectors is included on top of the input and linear
layers to indicate the dimensions of the data representations at these stages.

memory constraints, in order to maintain a batch size of 64, the number of linear
layer weights is reduced from 1024 in the original SRGAN implementation to 100 in
this implementation.

The Generator is very similar to the SRGAN Generator but is adjusted to accept
additional covariates and an additional upsampling block that downscales the fields
by a scale factor of eight. A diagram of each network is shown in Figure The
various software packages that implement the CNNs used for SR with WGAN-GP
are summarized in Appendix [A.4] along with a link to the code repository developed

to produce the results in this thesis.
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Chapter 4

Results

4.1 Visual Quality of Generated Fields

A representative set of the 10 and v10 wind field maps produced using the SR models
on October 5th, 2000 at 12:00 UTC are shown in Figure [4.1] and [4.2] respectively. For
this particular time-step, Tropical Storm Leslie (a subtropical cyclone forming over
eastern Florida) is prominent in the Southeast region; inland features (such as lakes)
are found to influence the wind patterns in the Central region; and strong land-sea
contrast is shown in the West region with clear evidence of the influence of topography
on the flow.

While there are broad consistencies at large scales between WREF HRCONUS and
ERA-Interim, differences in the locations of certain structures are present in the fields.
For example, the negative u10 wind feature in the northeast part of the Southeast
region is oriented slightly differently in WRF HRCONUS and ERA-Interim.

The CNN does not represent the fine-scale variability seen in the WRF HRCONUS
field for the Southeast and Central region. This fact is most obvious in the Southeast
region where fine-scale convective features are not produced by the model and the
results appear too smooth. As a pixel-based metric, the MAE alone does not allow
the CNN to “hallucinate” fine-scale features. This effect can also be observed in
the Central region, although to a lesser extent. The West region shows generally
good agreement between the CNN and WRF HRCONUS, in particular with the
inland topographical features. However, the CNN for the West region is lacking some
of the sharp and well-defined topographical details found in WRF HRCONUS. An
interpretation of these CNN results will be revisited in detail in Section [5
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GANs with and without FS show little perceptual difference for the West and
Central regions; both show an improvement in fine spatial structure over the pure
CNN. In the GAN with % FS for the Southeast region, a noticeable reduction in
power in the medium and low spatial frequencies surrounding organized spatial struc-
tures in the northeast can be seen (e.g., as illustrated for u10 in Figure and for
v10 in Figure[4.2). This effect can be seen as isolated fine-scale features in the %5 FS
GANs when compared to WRF HRCONUS.

GANs with %, 43, and no FS (NFS) show little perceptual difference in quality
in the realizations. Importantly, these realizations demonstrate that despite each
GAN being conditioned on the same coarse ERA-Interim fields, they produce fine-
scale structures at different locations than the WRF HRCONUS, and are placing
fine-scale weather where it could be, but not necessarily exactly where it is in the
WRF HRCONUS fields.

This differing placement of fine-scale structures in the GANs highlights a desirable
consequence of using the adversarial loss in L, which does not penalize grid-point
errors. Furthermore, the increase in the perceptual quality of the GAN-generated
fields can be attributed to the Critic’s ability to capture the realism of the HR fields.
A more extensive set of example patterns can be found in Figures to[B.7

4.2 FEvolution of Performance Metrics While Train-
ing

Several metrics were monitored during the training of the network configurations
used here. Among them are the MAE, MSE, Multi-scale Structural Similarity Index
(MS-SSIM), and the Wasserstein distance as approximated by the Critic. MS-SSIM
is a metric taken from the computer vision field to objectively measure the quality
of images across multiple scales (Wang et all [2003). A more detailed discussion of
MS-SSIM is included in Appendix [A.2]

Figure shows the evolution of the MAE and the Wasserstein distance on the
test sets during the training process while Figure [B.1] shows the training evolution on
both the test and train sets for MAE, MSE, MS-SSIM, and the Wasserstein distance.
v10 and u10 fields are combined for each of these pixel-wise metrics, so only a single
value is calculated for both wind components. One important note about the metrics
used is that the MAE, MSE, and MS-SSIM are calculated over all frequencies between
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Figure 4.1: Example fields of 10 only. Each field is the same time step, on October
5th, 2000 at 12:00:00 UTC. The top row shows the Southeast region, the middle row
is the Central region, and the bottom row is the West region. From left to right: the
corresponding 410 field from LR ERA-Interim, the pure CNN, FS GAN with a %y
kernel, NFS GAN, followed by WRF HRCONUS. As can be seen in these panels,
fine-scale features are not exactly co-located between the GANs as well as the WRF
HRCONUS, demonstrating how the GANs generate features that could occur at the
fine scales.
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Figure 4.2: Example fields of v10 only. Each field is the same time step, on October
5th, 2000 at 12:00:00 UTC. The top row shows the Southeast region, the middle row
is the Central region, and the bottom row is the West region. From left to right: the
corresponding v10 field from LR ERA-Interim, the pure CNN, FS GAN with a %y
kernel, NFS GAN, followed by WRF HRCONUS. As can be seen in these panels,
fine-scale features are not exactly co-located between the GANs as well as the WRF
HRCONUS, demonstrating how the GANs generate features that could occur at the
fine scales.
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pairs of generated and “true” fields, while the Wasserstein distance is approximated
between the generated batch and the “true” batch using the Critic. Furthermore, the
estimate of the Wasserstein distance is not the same as the value of £ in Equation
or [3.13] rather, it is estimated using the form of Equation [3.2] without the gradient
penalty as

Eyr. [C(¥)] = Eopnr, [C(G(x))] (4.1)

Individual curves in the Wasserstein distance evolution shown in Figure 4.3 cannot
be compared, since applying F'S changes the distributions to which the Wasserstein
distance estimation is applied. Furthermore, the Wasserstein distance here is an
approximation, and so its shape is what deserves attention, rather than the actual
values. As such, it has been re-scaled as a ratio of the initial distance encountered for
the particular training configuration. Importantly, the Wasserstein distance evolution
shows that there is no overfitting of this metric on the test data for any region or
GAN, which demonstrates the stability of the WGAN-GP framework even after many
epochs.

Conversely, while the MAE reaches a minimum value in the test set after ~200
epochs for the Southeast and Central regions, the West region does not. This is
indicative of overfitting of the Generator in these two regions since no minimum is
found in the evolution of MAE on the training set (Figure . At late epochs,
the test set MAE does not grow substantially, so overfitting of the MAE is minimal.
Interestingly, this result is only present in pixel-wise metrics, not the Wasserstein
distance. The slightly larger MAE at later epochs for the Southeast and Central
regions may be indicative of the Generator learning to correct large-scale differences
or biases specific to the training set only, while not generalizing to the test set. The
topic of large-scale differences and biases in variability will be discussed in more detail
in Section (.5

For the evolution of the MAE, (also in the evolution of MSE, and MS-SSIM to
some extent as well, e.g., Figure , there is a clear ordering of performance of the
different SR models that is robust across the regions. As shown in Figure [£.3], the best
performing model in the MAE sense is the pure CNN, followed by the %%, %, and
Z3 FS GANs, and finally the NF'S GAN shows the largest MAE. This ordering can
be explained by examining the role of the components of the Generator’s objective

function in Equation [3.14]
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For example, in pure CNNs, there is no adversarial loss, and the network’s weights
and parameters are optimized solely to minimize the MAE. For the FS GANs, the
amount of smoothing dictates the range of frequencies that the content and adversarial
loss will receive and subsequently dictates how the networks are optimized. When
there is less smoothing, the optimization problem tends to be more similar to the
pure CNNs since a large range of frequencies are delegated to the content loss. This
explains why the %5 kernel has the lowest MAE, and why including any FS leads to
a lower MAE than the NFS GAN.

For the NFS GAN, the adversarial loss component of Equation encounters the
full range of frequency scales of the fields; it is not limited to reproducing pixel-wise
variability of the WRF HRCONUS exactly. In a sense, NF'S GAN has more freedom
to conditionally generate variability across scales. For conditional image generation —
where the “hallucination” of fine-scale weather should be encouraged — this increases
the MAE because of the double penalty problem.

Additionally, when there is more smoothing in the FS GANSs, a larger range of
frequencies are delegated to the adversarial loss, which allows for the generation of
fine-scale weather across a larger range of frequencies. This explains why the .Z3
kernel has the highest MAE of the FS GANSs for each region. More fundamentally,
the ranking shown in Figure demonstrates how the double penalty problem is
linked to the generated fine-scale features that are encouraged by the adversarial loss.

A more detailed discussion on FS is included in Section [l

4.3 Climatological Statistics

4.3.1 Marginal Distributions

The marginal distributions determined over all test set time and space points of the
u10 and v10 components, as well as wind speed, are shown in Figure for each
training configuration. For both wind components, the overall shape, extremes (1st
and 99th percentiles), 1st and 3rd quartiles, as well as median show reasonable agree-
ment between the “true” and the trained models, especially between the 1st quartile,
median, and 3rd quartile. These distributions reveal that all the SR models have
small biases in the variance of the wind components that lead to a more pronounced
negative bias in the quartiles and 99th percentile when the components are trans-
formed non-linearly to the wind speed. The CNN produces ©10 and v10 fields that
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Figure 4.3: Evolution of the MAE (top row) and the Wasserstein distance (bottom
row) for 1000 epochs on the test data. Each SR model is indicated in the legend. The
MAE is calculated pixel-wise for all pixels combined from the ©10 and v10 HR fields.
Note that no Wasserstein distance is calculated for the CNN baseline since no Critic

network is trained to calculate it. The Wasserstein distance estimate is scaled by the
initial distance.
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Figure 4.4: Violin plots of each pixel in the test set for each region and model.
Each distribution (or “violin”) is split vertically with the SR model on the left, and
WRF HRCONUS on the right. From lowest value to largest value, horizontal ticks
indicate the 1st, 25th, 50th, 75th, and 99th percentile values from the test sets of
their respective distributions.

have a low-variance bias due to the lack of high spatial frequency information in the
fields. Conversely, the GAN fields generate more fine-scale variability, so the low-
variance bias is smaller. The quality of the spatial structure of the generated fields,

however, is not shown in these marginal distributions.

4.3.2 Maps of Biases

The panels of Figure show maps of biases between the WRF HRCONUS and
generated fields for the temporal mean, standard deviation, and the 90th percentile
of the wind speed for the Central region test set. Wind speed offers a more stringent
test of the biases since it is a non-linear function of the wind components.

Good agreement is found between the statistics of the generated fields from the
SR models and WRF HRCONUS, with a spatial mean bias < 1 m/s for each panel,
and each statistic. Figure|4.5[shows that the spatial mean bias is consistently smallest
in the NFS GAN. However, more importantly, the panels reveal systematic patterns

of biases in the statistics of each grid.
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Figure 4.5: Map of the Central region wind speed bias in the mean (top row), stan-
dard deviation (middle row), and 90th percentile (bottom row) for each SR model.
Statistics are calculated along the temporal dimension of the test set. The spatial
mean of the bias is reported in the title of each panel.

Land features and coastlines can be clearly identified in the maps, indicating a bias
associated with these features in the field. These identifiable land features, such as the
western tip of Lake Superior (and smaller lakes to the north) are more pronounced in
the CNN model (the left-most column of Figure and tend to be less prominent in
the NFS GAN, with each FS GAN showing improvement over the CNN. This result
can be attributed to the role of the adversarial loss in reducing the low-variance bias
of the generated fields, especially for these fixed features.

Just as in Figure [£.4] a negative bias in the spatial mean can be seen in all the
wind speed panels, and can be explained by a low-variance bias of the generated wind
components (rather than biases at particular locations) under the transformation from

components to speed. Similar results were found for the Southeast and West region

(Figures and [B.9).
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4.4 Power Spectra

As noted previously, quantifying the perceptual quality of the generated fields is
challenging, given that the fine-scale features of the SR fields are not necessarily
captured by the MAE and MSE, and those that perform well on these metrics show
larger biases in the fields and lower qualitative fidelity. The HR spatial patterns
reflect spatial correlation structures that can instead be naturally measured using the
power spectra of the HR fields.

For wind fields, measures of spatial correlation through power spectra can be used
to evaluate the trained models as done previously for wind field SR (Singh et al.,
2019; Stengel et al., [2020; Kashinath et al., 2021). In the wind components, large-
scale (low spatial frequency) processes have large power at small wavenumbers, while
small-scale (high spatial frequency) processes have low power at large wavenumbers.
Each wind component for each time step has its own power spectrum which is then
averaged to produce a final mean spectrum shown in Figure [4.0, A more detailed
discussion of the power spectrum methodology is provided in Appendix [A.3]

Figure shows the power spectra of each SR model, including WRF HRCONUS
as a reference field. At large scales, each model generally agrees with the WRF
HRCONUS spectrum; however, the CNN is clearly lacking power at the small scales,
which is consistent with the qualitative assessment of the field realizations in Section
[4.1] The reduction of small-scale power is owed to the missing adversarial loss in the
pure CNN’s objective function since the adversarial loss is responsible for generating
fine-scale weather.

The power reduction in the pure CNN at small scales is more pronounced in the
Central and Southeast regions where fine-scale convection is more common. The NFS
GAN consistently provides the closest match to the WRF HRCONUS spectrum for
each region and wind component, with the FS GAN’s spectra falling between those
of the CNN and NFS GAN. Here, the consequences of changing the optimization
problem with FS become more apparent. The %5 GAN delegates a larger portion of
the field’s frequencies to the MAE, and so it tends to match the CNN spectrum at large
to medium scales. However, it “breaks away” from the CNN curve at the frequency
cutoff point (dictated by the size of the F'S kernel) where it becomes more consistent
with the small-scale structures found in the NFS GAN and WRF HRCONUS.

The high-spatial frequency details are delegated to the adversarial loss for the
NFS GANs, which leads to this variability being more accurately produced in these
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models. The “breaking away” from the WRF HRCONUS spectra can be clearly seen
in Figure by taking the ratio relative to WRF HRCONUS spectra.

This behaviour is robust across each region for each wind component. As the
cutoff frequency changes as the FS kernel size increases, the range over which the
respective NFS GAN more closely matches the CNN shifts to larger scales. This
shifting to match larger scales is a robust result shown for both the .2y and %3
kernels for each region and wind component.

Furthermore, the power spectra of each SR model show a reduction in the energy
across all scales — particularly visible in the Central region. This scale-wide reduction
in energy is another representation of the observed biases of the variance discussed
earlier. As will be discussed in the next section, as well as Section [5] the cause of
this bias across scales can be attributed to differences in the large scales between
ERA-Interim and WRF HRCONUS. Most importantly, Figure reveals that the
generated fields more accurately match WRF HRCONUS when the adversarial loss
is provided with the full range of frequencies, despite the increase in pixel-wise metric
errors when doing so. The GAN SR models, therefore, produce the right amount of
high-frequency variability but do not necessarily place the corresponding features in
the exact location as in WRF HRCONUS (i.e., it puts them where they could occur).

4.5 Idealized Covariates

The power spectra are a valuable tool for evaluating the relative performance of the
generated fields. They provide scale-dependent information about variability biases
between the WRF HRCONUS and DL models, as shown in the FS experiments and
pure CNNs. For example, large-scale differences are present between ERA-Interim
and WRF HRCONUS due to the CPM’s freedom to produce fine-scale features. In
other words, the upscale energy transfer from the fine scales results in a mismatch
at coarse scales between ERA-Interim and WRF HRONCUS. This mismatch is a
clear demonstration that large-scale processes are not fully independent of small-scale
processes.

To test the extent to which differences between ERA-Interim and WRF HRCONUS
may impact the performance of GANs, two additional NFS GANs were trained using
just the u10 and v10 fields as coarse covariates. One of these GANs is conditioned
with ERA-Interim, just as before but without the additional covariates, and the other
uses artificially coarsened (by a scale factor of eight) WRF HRCONUS u10 and v10
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Figure 4.6: Power spectra of the SR models and WRF HRCONUS represented as
lines. The top row shows the u10 component, and the bottom row shows the v10
component. Each column is a separate region.
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HR fields. The resulting “coarsened WRF” LR fields are unbiased at large scales
with the HR WRF HRCONUS fields. The latter configuration simulates approaches
common to both the computer vision and climate literature (Ledig et al.l [2017; Singh
et al.l 2019; [Sha et al.| 2020; Leinonen et al., [2020; Stengel et al.| 2020; [Kumar et al.|
2021, [Wang et al., [2021)).

Although not explicitly shown in this work, idealizing the coarse covariates re-
sulted in a training evolution of the MAE and MSE without signs of overfitting. The
MAE and MSE simply plateau at late epochs. This result is in contrast to the overfit-
ting seen in Figure[4.3]and Figure and supports the hypothesis that the SR models
are overfitting large-scale differences between ERA-Interim and WRF HRCONUS in
the training set only.

Figure shows the power spectra ratio (relative to WRF HRCONUS) of «10
and v10 wind fields with the idealized GAN (GAN with Coarsened WRF'), the GAN
with just 10 and v10 ERA-Interim covariates (GAN with ERA), and the NFS GAN
from earlier with all seven covariate fields (GAN with ERA +).

For GANs that use the ERA-Interim covariates, at small wavenumbers |k, there
is a difference in the power compared to WRF HRCONUS. Namely, there is less
power (i.e. a “low-power bias”) at these scales when compared to the coarsened WRF
covariate GAN.

This result is due to large-scale differences between WRF HRCONUS and ERA-
Interim and is shown clearly in Figure [4.7]where the low-power bias at small wavenum-
bers almost entirely vanishes in the coarsened WREF GAN. At high frequencies, there
is less of a difference seen between the coarsened WRF GAN and ERA GAN with
just 10 and v10.

Interestingly, by including all seven covariates (GAN with ERA + in Figure .7)),
there is a minor improvement in this bias at large scales, but more importantly, there
is a significant improvement in the small scales. This demonstrates that the additional
covariates are improving the Generator’s ability to reconstruct realistic high spatial
frequency information. This is a robust result seen in both the 410 and v10 fields for

each region.

4.6 Covariate Sensitivity of GAN Spectra

As shown in Figure[4.7] covariates play an important role in the generation of realistic

fine-scale features of the generated fields. To further explore this result, an experi-
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lines. The top row shows the u10 component, and the bottom row shows the v10
component. Each column is a separate region.
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ment is devised to perturb four covariate fields of the already-trained NFS GAN, and
measure across wavenumbers the resulting changes in the spectra. Since perturbing
time-invariant fields results in no changes, only ©10, v10, surface pressure, and CAPE

are isolated in this way. The experiment proceeds:

1. From the test set, isolate a covariate to modify and replace each time step with
a randomly sampled one from somewhere else in the test set. This modifies the
selected covariate to have six correct covariate fields, and one randomly sampled

one from another time-step in the set.

2. Generate HR fields with the modified covariate input and compute the power
spectrum for each realization in the test set. Simultaneously compute an un-

modified power spectrum of the field as a baseline.

3. Repeat Steps 1 and 2 25 times to generate many HR fields with randomly

sampled covariates.

4. For each wind component, as well as each generated HR field with randomly
sampled covariates, calculate the relative differences, RD, between the power
spectra of the modified, P,(k), and unmodified baseline, P,(k) as

log P;(k) — log P (k)
log P (k)

RD(P,, P,) = (4.2)
5. Compute the variance in RD as VE;‘[RD(PS,P())] at each wavenumber as a

measure of model sensitivity.

6. Repeat Steps 1 - 5 for each isolated coarse covariate field.

The resulting variance at each wavenumber for each perturbed covariate is shown in
Figure 4.8

The methodology reveals the role that the covariates play for each region, and
how a region’s climatology dictates the sensitivity of the covariates. For example,
110 and v10 wind components are most sensitive to changes to the respective coarse
©10 and v10 covariates, especially at large scales. This is not surprising given that
the large scales in WRF HRCONUS are synchronous with ERA-Interim, and so the
networks are making direct use of this large-scale information. This same result can

be seen for each region and each wind component.
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Interestingly, the degree to which each wind component is sensitive to the other
(i.e. the sensitivity of HR v10 fields to LR u10 fields, and vice versa) is less than
that seen for some of the other covariates, such as CAPE in the Southeast region.
This particular result is expected since CAPE is highly correlated with convective
processes that dominate the high spatial frequencies of the generated wind compo-
nents (Houze Jr, 2004)) in the Southeast region where fine-scale convective features are
common. Surface pressure also plays a moderate role in the Southeast region, possi-
bly correlating with weather systems that are accompanied by small-scale variability
caused by squall lines or multi-cell storms.

For the West region, the generated fields are most sensitive to the 410 and v10
coarse covariates but are not sensitive to CAPE and surface pressure. This result
can also be understood in the context of the West region’s climatology, where convec-
tive storms are rare. Instead, strong influences of land-sea boundaries and complex
topography are better predicted by the coarse u10 and v10 fields themselves.

The Central region shows sensitivity to ©10, v10, and CAPE. Like the Southeast
region, convective features are also common in the Central region, which explains
the observed sensitivity to CAPE. The frequency of convective systems in WRF
HRCONUS in the Central region may not be quite as high as in the Southeast region,
which could explain why there is a slightly higher relative sensitivity in the Southeast

region.

4.7 Continental Scale Super-Resolution

The size of the regions selected for this work is limited by practical GPU memory
constraints. To test the scalability of the SR methods used in this work, a state-of-
the-art GPU (NVIDIA A100) with 40 GB VRAM is utilized to develop a GAN that
can generate HR fields at the continental scale.

Here, the configuration of the hyperparameters is the same for the smaller sub-
regions, with the exception of batch size which is reduced to 32 to reduce memory
requirements. The region chosen is 3040 km x 3040 km at the same resolution gap
as earlier (i.e. 80 km LR grids, 10 km HR grids). Although training requires a
larger-memory GPU, the generation of these fields can be done on smaller-memory
GPUs in seconds. An example realization is shown in Figure [4.9 A similar analysis
is repeated for this continental scale GAN, with biases shown in Figure and
the power spectra shown in Figure [B.12] These results are similar to those for the
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Figure 4.9: Random example realization of continental scale SR for the 10 wind
component. The left panel shows ERA-Interim, the center panel shows the results of
the NFS GAN, and the right panel shows WRF HRCONUS.

smaller regions, and importantly, show that the WGAN-GP framework can be scaled

to continental-scale regions.

4.8 Super-Resolving a Serially Dependent Covariate
Space

Results from the GAN SR models presented thus far have demonstrated that the
characteristics of generated fine-scale features are quite similar to those simulated
by WRF HRCONUS. However, actual weather evolves continuously through time at
a range of scales, and so far, this characteristic has not been demonstrated by the
deterministic SR models trained in this work. Inspired by seminal methods from
Radford et al| (2016) using Deep Convolutional GANs (DCGANS), the following
section explores interpolated GAN inputs and asks the question: is the Generator

locally continuous around neighbouring LR fields? Using the NFS GAN, generated

fields can be manipulated by interpolating temporally adjacent covariate fields to
simulate the evolution of actual weather. In doing so, the continuity (or discontinuity)
of the small-scale features produced by the GANs can be assessed.

By exploiting the temporal persistence in the large-scale features, linear interpo-

lation between adjacent six-hourly LR covariates is performed as
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Xi=1-6X;+eXiq; 0<e<1 (4.3)

where X; denotes the interpolated coarse set of covariates, X; represents covariates at
time ¢, and X;,, represents the covariates six hours later. By conditioning the GAN
on Xj, a temporal interpolation can be performed in the HR fields via G(Xj). Before
proceeding, it should be clear that no claims are made about the physical plausibility
of generated temporal persistence, and doing so would require further investigation
beyond the present scope of this thesis.

An animation of HR wind speed is made by interpolating the six hourly covariates
to five minutes using Equation for the continental scale GAN. To view this video,
see this link, or go to https://youtu.be/2-InALQLb-A (for best results, please set
the video playback to a high-resolution). The interpolated fields are compared to the
native hourly WRF HRCONUS fields and reconstruct realistic fine-scale features that
continuously evolve through time — much like the actual evolution of weather. The
continuity of the fine-scale features is particularly interesting since no information
about serial dependence is used during training. In other words, serial dependence
in the HR fields is inherited only from the simulated serial dependence of the condi-
tioning LR fields.

Another demonstration of this serial dependence is shown in Figure where
the NFS GAN is used with the LR fields interpolated to hourly for direct comparison
with hourly WRF HRCONUS. Figure [4.10[ shows how the temporal evolution evolves
continuously in the NFS GAN in a similar fashion to the hourly WRF HRCONUS.
The time series is broadly consistent with the six-hourly ERA-Interim time series;
however, both the NFS GAN and WRF HRCONUS series demonstrate their own
variability in time. This variability demonstrates temporal evolution that could exist,
but doesn’t necessarily occur exactly in WRF HRCONUS.

Deterministic GANs demonstrate that there is continuity and serial dependence
of the fine-scale features. Stochastic GANs, that produce fine-scale features stem-
ming from random draws, may not show this property unless temporal dependence
is somehow incorporated into the methodology. For example, |Leinonen et al.| (2020),
uses ConvGRU layers which are a special convolutional layer that incorporates tem-
poral dependence of the fields during optimization (Ballas et al., 2015]). As discussed
earlier, (and in contrast to the aforementioned work that utilizes ConvGRU layers),

no explicit serially dependent information is included while training the GAN from


https://youtu.be/2-InALQLb-A
https://youtu.be/2-InALQLb-A

47

—
o
1

Lat: 25.26°N, Lon: -94.43°E

ot
]
‘.\'
o
)
i
[ )

10 4 Lat: 48.561°N; Lon: -109.43°E

10 4 Lat: 40.26°N; Lon: -99.68°E

Wind Speed [m/s]

24 25 2'6 27 28
Jun
2010
6-Hourly ERA-Interim 6-Hour Interval
—— Hourly GAN NFS === Hourly WRF HRCONUS
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Chapter 5
Discussion

Adopting GANs for SR shows impressive capabilities in downscaling multivariate
wind fields to convection-permitting scales. Importantly, the GANs generate fine-
scale variability that is statistically very similar to the “true” variability simulated
by the CPM. Extensive dynamical downscaling by CPMs is operationally infeasible
due to computational costs, which makes statistical downscaling using GANs a very
attractive and practical alternative.

Once the GANs are trained to mimic the CPM, multivariable HR fields can be
produced very quickly (on the order of seconds). As such, the SR models for wind
fields considered in this work can be useful for a variety of practical applications, such
as: estimating fire weather danger and wildfire behaviour, modelling pollutant and
pollen dispersal, infrastructure design, and wind-turbine siting.

While the SR methods can be configured with various variables as covariates and
predictands, multivariable wind fields offer a challenge due to the high degree of
spatial inhomogeneity in the fields. The success of the GANs with multivariate wind
fields (Singh et al., 2019} Stengel et al | 2020)), as well as other spatially inhomogeneous
fields such as precipitation (Leinonen et al., 2020; Harris et al., 2022; |Price and Rasp,
2022)), bodes well for their operational feasibility in statistically downscaling other
variables as well.

Important improvements to GAN architectures that are often overlooked or taken
for granted in existing work are those benefits provided by WGAN-GP over the classi-
cal min-max game from early GANs. As shown in this work, minimizing the Wasser-
stein distance between generated and “true” samples leads to impressive training
stability. This stability is persistent despite altering loss functions, regions, and con-

ditioning fields. WGAN-GP therefore serves as a solid framework for continuing work
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in building stochastic implementations of SR, like in |Leinonen et al.| (2020); Harris

et al.| (2022); Price and Rasp| (2022).

5.1 Frequency Separation

In addition to adopting WGAN-GP for SR applications of wind fields, a novel appli-
cation of spatial F'S is introduced that acknowledges the strengths and limitations of
terms in the loss functions used in SR tasks. FS recognizes that generated large-scale
features should match “true” large-scale features. The MAE applied to low-frequencies
is therefore appropriate, with a caveat about coarse scale differences between the LR
and “true” HR fields to be discussed later in this section. Conversely, evaluating the
generated fine-scale features leads to the double penalty problem using grid-point-
based metrics.

The adversarial loss is not a grid-point-based metric. In FS, it evaluates the
Wasserstein distance between the generated and “true” high-frequency fine-scale fea-
tures only — it is, therefore, responsible for generating high-frequency variability that
could have existed in the “true” HR fields. It is shown, however, that FS alters the
optimization problem of SR — and not necessarily for the better.

As discussed in Section the CNN consistently performs best in terms of MAE,
whereas the performance of the FS GANs scale with kernel size, with NFS GAN
showing the largest MAE. The ranking can be explained by considering how FS
changes the optimization problem to “converge” to the CNN depending on the range
of frequencies that are delegated to the content loss. The results of F'S can therefore
be deceiving if one fails to consider how variability is generated across spatial scales
for example as shown in Figures and where the NFS GAN (with largest
MAE) best matches the variability of WRF HRCONUS across all spatial scales and
regions.

This altering of the optimization problem discussed above can be compared to
more classical statistical downscaling approaches. Pure deterministic CNN SR models
can be viewed as a classical regression problem that provides a single predicted value
from the conditional distribution. If optimized to find the lowest MAE, this predicted
value can be viewed as the conditional median of the predictive distribution (with
the lowest MSE, corresponding to the conditional mean) (Hsieh} [2009, 127-132). This
leads to a more spatially smooth arrangement of predictions — as can be clearly seen in

the pure CNN approach — since only the median of the conditional distribution is taken
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as the predicted value. Much like SWG regression models, where random variability is
introduced by sampling from a distribution defined by the residuals about the best-fit
predicted value, deterministic SR GANs are analogous to generating a single predicted
value (provided by the content loss) with a residual component that superimposes an
instance of random variability sampled from the conditional distribution (provided
by the adversarial loss) onto this predicted value. One important difference between
many SWG regression approaches and SR GANs is that the adversarial component
in the latter can model the entire distribution, without assuming a parametric form
of the conditional distribution from which to sample the random variability.

The goal of the content loss in the Generator’s objective function is to get single
realizations to look like the conditional median, which drives the output to appear
more like the pure CNN by suppressing variability in the single realizations. Simul-
taneously, using the Critic, the goal of the adversarial loss is to ensure that single
realizations are drawn from the entire distribution of possible draws. Crucially, for
the deterministic GANs, only a single realization is provided (i.e. one sample from the
conditional distribution), which provides a poor estimate of the conditional median,

and explains why the MAE is larger than the pure CNN cases.

5.2 Stochastic Super-Resolution

Stochastic SR can be achieved by introducing noise into the conditioning information.
One approach is to simply add a noise-only LR field (with the same shape as the LR
covariates) to the set of fixed LR covariates. Providing multiple realizations of noise
fields (with fixed LR covariates) would then ideally allow for the sampling of multiple
representations of fine-scale features from the conditional distribution.

Harris et al.| (2022)) using a stochastic approach for precipitation fields, calculates
the content loss (in this case, using the MSE) on the ensemble mean of generated fields
sampled from the conditional distribution. This sampling of multiple realizations
provides a better estimate of the conditional mean; small-scale features are averaged
out so that the ensemble mean is not over-penalized. Therefore, extending this work
stochastic SR should include calculating the content loss between the “true” HR fields
and the ensemble mean of realizations, rather than individual SR-generated HR fields.

Furthermore, the lack of freedom in deterministic SR to generate more variability
imposed by the content loss demonstrates a key limitation in weather and climate and

explains why biases may persist in the power spectra of deterministically generated
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fields.

Indeed, applying the content loss to the ensemble average in stochastic SR is simi-
lar to smoothing a single realization using a low-frequency filter, since high-frequency
differences between realizations in a stochastic approach would smooth out given
multiple realizations. However, the smoothing effect of the content loss is different
from frequency separation, since in Harris et al. (2022)) all frequencies are included
in the adversarial component, whereas F'S in this present work supplies only the high
frequencies.

One possible way to “mimic” the effect of ensemble averaging in deterministic
approaches would be to apply FS and delegate the low frequencies to the content
loss while allowing all frequencies to be passed to the adversarial loss, resulting in
a “partial” FS GAN (the term “partial” implying that only part of the Generator’s
objective function uses FS). A “partial” F'S approach is expected to result in power
spectra similar to the NFS GANs, however, with a reduced bias in the power spectra
since the content loss is not suppressing valuable variability. At the same time, values
of the MAE (calculated over all frequencies) may show a similar ordering as the FS
GANSs reflecting how the size of the low-frequency filter changes the optimization.
In a sense, “partial” FS may also help identify the limits of the GANs’ ability to
correct large-scale differences between the LR and HR training fields. Training and

evaluating such “partial” FS GANSs is left for future work.

5.3 Low-power Biases in the Spectra

As can be seen in Figure a more prominent low-power bias exists between
WRF HRCONUS and the FS GANs than WRF HRCONUS and the NFS GANs
in each region. This occurs for the same reason that pure CNNs exhibit low-power
bias. The absence of the adversarial loss at larger scales means that variability is
not sampled from the conditional distribution. In plainer terms, the adversarial loss
more successfully produces variability that it “sees” during training than the content
loss. F'S, in a sense, blinds the adversarial component of the model to this variability,
which is undesirable.

There is also a low-power bias between WRF HRCONUS and the NFS GAN (GAN
with ERA +) shown in Figure . This bias is separate from the low-power bias at low
frequencies caused by predicting the conditional median (seen at low wavenumbers in

the FS GANs and the pure CNN) since the adversarial loss does allow for sampling
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of variability at the large scales. To an extent, this sampling “corrects” the low-power
bias of the generated fields to match WRF HRCONUS more closely. But still, why
does a reduced bias persist at these scales? These biases likely result from differences
in the large scales between the WRF HRCONUS and ERA-Interim wind components.

To test this idea, additional GANs are trained with only ©10 and v10 LR fields
from coarsened WRF HRCONUS (i.e. the “idealized” version) and are compared
to GANs trained with only u10 and v10 LR fields from ERA-Interim. Idealized
coarsening is common to SR applications in climate sciences and computer vision,
and Figure [4.7] demonstrates how coarsening changes the power spectra biases at low
frequencies. Namely, idealized coarsening dramatically reduces the low-power bias at

large scales (low wavenumbers).

5.4 The Role of Additional Covariates

To the best of the author’s knowledge, this is the first application of SR to climate
fields that demonstrates the value of including additional covariates. Namely, a ro-
bust reduction in low-power bias is seen across all frequencies as a result of including
additional covariates — especially at high frequencies. This result is seen clearly in Fig-
ure [4.7] Interestingly, low-power biases at high frequencies are quite similar between
the idealized and non-idealized GANs using just 10 and v10 as the LR covariate
fields suggesting that additional covariates play an important role in generating high-
frequency variability.

The observed low-power bias for each SR model is consistent with biases in the
spatial patterns of the means, standard deviations, and 90th percentiles of wind speed,
as well as the marginal distributions of 410 and v10. However, these low-power biases
are shown more clearly in the power spectra.

Additionally, a methodology is proposed to determine the relative importance
of some of the coarse covariates. This sensitivity of the generated fields on these
coarse variables appears consistent with the climatological characteristics of each
region. For example, in the West region, surface pressure and CAPE appear to play
a minimal role in the generated spectra, so including them may not be necessary for
this region. Meanwhile, the Southeast region where fine-scale convective features are
common appears to be very sensitive to CAPE. It is noteworthy, however, that the
method developed to analyze the covariate sensitivity does not translate to invariant

covariates, such as the surface roughness length, topography, or land-sea-mask, which
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may play an important role in properly representing high-frequency variability. Future
work that analyzes the power spectra of new GANs by eliminating those covariates
may reveal their importance. While novel CNN architectures in GANs that make use
of HR invariant covariates may significantly improve generated fields (as in [Harris
et al.| (2022) for topography), a comparison with and without these additions has not
yet been demonstrated to the best of the author’s knowledge.

Importantly, small-scale bias is reduced by providing relevant covariates to the
Generator. This improvement is an important finding for designing SR models for
climate and weather fields; the physical relationships between covariates and the
predictands are mirrored in the GANSs.

Over the Continental region in the video provided in Section [4.§ longer-living
organized convective systems in WRF HRCONUS do not appear to be represented as
well in the evolving generated fields. Vertical wind shear can play an important role
in organized and long-living convection, severe gusts, and tornadoes (Pucik et al.
2021). Including the appropriate vertical wind shear information (in the form of
LR covariates) could improve the SR methods’ ability to generate realistic convective
structures. Further, since high-frequency details are especially sensitive to well-chosen
covariates, adding wind shear may improve the low-power biases by representing
convective systems associated with strong vertical wind shears.

In existing studies, stochastic methods have demonstrated under-dispersion in the
rank statistics of the generated fields for both idealized (Leinonen et al., [2020), and
non-idealized (Price and Rasp) [2022; Harris et al. [2022)) LR and HR pairs. Harris
et al.| (2022) performed an idealized experiment using covariates derived from the
HR fields (similar to this work), which revealed that idealized covariates improve the
calibration and continuous ranked probability score (CRPS). Moreover, Harris et al.
(2022) attributed large-scale differences between the LR and HR fields as being the
main limiting factor in the GAN performance. Such an interpretation is consistent
with the results found here after examining the power spectra of several SR mod-
els. The differences between LR and HR that lead to low-power biases suggest that
correction to the LR fields prior to SR is a reasonable approach to help alleviate
this issue, and indeed Price and Rasp| (2022) includes an additional corrector step to
correct the variability of the LR patterns resulting better performance compared to
the “pure” SR GAN implementation. The results from these stochastic SR methods
indicate that reducing the low-frequency bias can improve the range of generated

variability in the stochastic HR fields. This present work complements these results
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from stochastic methods by using deterministic GANs to carefully examine how the
low-frequency bias is represented in the spectra of the generated fields, and, impor-
tantly, how the content loss can influence this bias. Additionally, since appropriately
chosen covariates help with high-frequency biases, choosing the proper covariates may
play an important role in the rank statistics of stochastic methods and may help limit
under-dispersion or poor CRPS scores.

Besides bias-correcting, the LR fields to reduce low-power bias at large scales
(Price and Rasp, [2022), and including appropriate covariates to reduce high-frequency
bias, one additional way to help overcome the biases in the spectra may be to include
an additional loss term that directly evaluates spectra of batches of generated and
“true” fields. Such an approach was introduced in Kashinath et al.| (2021]) by replacing
the adversarial loss entirely with this “spectral loss”. This approach performs well, but
its implementation in [Kashinath et al|(2021)) comes with caveats — i.e. it was tested
with idealized covariates and a scale gap of 4x. Moreover, the success of this approach
may also be strongly dictated by the regional climatology of the fields considered,
e.g. regions with plentiful unresolved fine-scale convective features in the LR fields
demand more generated variability from the SR models. For WGANSs, leaving out
the adversarial loss means not evaluating the Wasserstein distance, which is a critical
component for converging to the entire target distribution and for generating fine-
scale features in the presence of a large-scale gap. In future work, rather than replace
components of the Generator’s loss function entirely, this “spectral loss” could serve
an auxiliary role that supports the generation of variability across spatial scales in
addition to the content and adversarial components. If successful, this could lead to

better CRPS and rank statistics of the generated ensembles in stochastic approaches.

5.5 Tuning the GANs

One caveat of this work is that hyperparameter tuning is not used to find the optimal
SR model. While this should not affect the main insights provided here, the SR
models should not be considered “optimal”. For instance, reducing the content loss
weighting in Equation or may result in different power spectra than those
presented here — specifically, in the reduction of the low-power bias present across
the regions. In other words, weighting the adversarial loss in the Generator’s loss
function more heavily may promote the generation of variability across scales and

reduce some of the biases found in the spectra. Removing the content loss entirely
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from Equation (i.e. relying solely on the adversarial loss), although not reported
here, leads to stability issues while training and results in generated fields with poor
quality. Clearly, a trade-off between GAN stability and increased variability must
be met. Future work can balance the stability of the SR method with the weighting
of the content loss, potentially improving the biases that the adversarial loss helps
alleviate.

It should be worth noting that Enhanced SRGAN (ESRGAN) from |Wang et al.
(2018)) is a state-of-the-art improvement to SRGAN; however, it introduces additional
complexity to the Generator network that increases GPU hardware requirements and
pushes the GPU used in this work beyond its practical capabilities. The SRGAN
Generator is used in the present work purely for practical reasons. However, as
demonstrated in previous work (e.g. Wang et al. (2018); [Fritsche et al.| (2019)),
improvements to the quality of reconstructed fields may be found by using ESRGAN

instead.

5.6 Extrapolation and Projected Periods

Despite the successes of SR methods for climate fields thus far, it remains unknown
how SR models can extrapolate to projected periods (given anthropogenic forcing)
when trained using model outputs from a historical period (Chantry et al) 2021).
An important consideration for developing SR models that generalize to different
climate states is the careful choice of covariates. If the LR covariates have a strong
physical relationship with the predictand, and this relationship does not change in
the future, then the SR models have a better chance of generalizing to “new” climate
conditions. Further, there is still a deficiency in the limited availability of synchronous
(but non-idealized) pairs of LR and HR climate models due to the availability of HR
models, such as CPMs. In this work, covariates from ERA-Interim which supplied
boundary conditions to WRF HRCONUS were selected to maximize synchroneity and
reduce differences. However, as demonstrated, ERA-Interim and WRF HRCONUS
still show some differences that are represented in the generated fields. Even with
these differences, however, the GANs perform very well in generating realistic HR
fields.
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5.7 Using a Different Reanalysis Model

ERAS5 (from which CAPE is taken) is a reanalysis that has superseded ERA-Interim
and exists at a higher-spatiotemporal resolution (i.e. hourly and ~30 km). While
ERA5 does not drive WRF HRCONUS, it may serve as a good LR option since it
reduces the scale gap, and is archived at the same hourly time-step as the WRF
HRCONUS fields. Although ERA5 and ERA-Interim may have slight differences, the
benefits of a reduced scale gap and more training data may outweigh these differences
when it comes to the quality of the generated fields — especially since the GANs
demonstrate an ability to overcome some of the ERA-Interim to WRF HRCONUS
differences. Since the differences are most prevalent in the large scales of the generated
fields, ERA5’s better spatiotemporal resolution may very well actually improve these

large-scale low-power biases of the generated fields.

5.8 [Ethical Artificial Intelligence and the Limitations

of Super-Resolution

SR methods are capable of generating results with uncanny realism. Here, the gen-
erated surface wind fields are particularly impressive since the SR methods required
only minor modifications for compatibility with climate models. As such, the adapt-
ability of the SR methods presents exciting opportunities for use beyond computer
vision and climate sciences (e.g., Yamashita and Markov| (2020)). However, SR can
potentially be misused, and this brief section aims to acknowledge this possibility.

In some existing operational applications of Al, algorithmic biases can reflect or
reinforce societal biases. For instance, algorithmic biases have been found in facial
recognition software (Klare et al., 2012; Buolamwini and Gebru, 2018]), tools for crim-
inal justice and law (Angwin et al., [2016; Yeung et al., 2021)), and even in healthcare
settings (Obermeyer et al., [2019).

As discussed in detail in McGovern et al.| (2022)), Al methods in the environmen-
tal sciences are not immune to algorithmic biases that can manifest iMuch like SWG
regression models, where random variability is introduced by sampling from a distri-
bution defined by the residuals about the best-fit predicted value, deterministic SR
GANSs are analogous to generating a single predicted value (provided by the content

loss) with a residual component that superimposes an instance of random variability
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sampled from the conditional distribution (provided by the adversarial loss) onto this
predicted value. One important difference between many SWG regression approaches
and SR GANSs is that the adversarial component in the latter can model the en-
tire distribution, without assuming a parametric form of the conditional distribution
from which to sample the random variability.n various ways and are exacerbated if
practitioners misplace confidence in the objectivity of the methods. As Al becomes
more advanced and interdisciplinary, researchers should be transparent and clear in
communicating the limitations of their methods — especially if said methods could
introduce or reinforce societal biases that lead to discriminatory practices (O’Neil,
2017; Benjamin|, 2019; Cataleta;, [2020)).

Perhaps the most obvious limitation of SR in the environmental sciences concerns
limitations within the target data. With WGAN-GP and SR, the goal is to minimize
the Wasserstein distance between the generated distribution and the target distribu-
tion. Therefore, shortcomings in the HR target data itself could lead to shortcomings
in the generated HR data, described as coded bias (O’Neil, 2017, McGovern et al.,
2022)). For example, there are deficiencies in WRF HRCONUS like the central United
States dry bias in mid-summer rainfall and the under-representation of wintertime
heavy-precipitation events in the southeast (Liu et al.| 2017)). These biases could sim-
ply be replicated if using SR for precipitation. Outside of climate and weather, one
could also imagine coded biases in environmental science datasets stemming from the
non-representative geographies, populations, or observations leading to misleading or
poor results. As models and frameworks increase in their capacity to represent target
data, they could commensurately embody coded biases. This is a key consideration
when using SR, and recognizing shortcomings in the target data could help avoid its
misuse.

Furthermore, misunderstandings may arise if complicated AI methods are not
interpretable or appear as black-boxes to practitioners. Efforts that help reveal how
complicated AT models process information (and subsequently help reduce algorithmic
biases) form the research area of explainable AI (XAI) (Vedaldi et al. 2019). The
sensitivity analysis in this thesis is inspired by XAI techniques and illustrates how
relevant physical information can help generate more realistic fields. Although the
analysis does not fully explain how the CNNs process information, the results are still
useful for interpreting how variability is generated and is therefore a step towards a
more interpretable implementation of SR.

Another limitation may occur when humans interpret SR-generated data, espe-
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cially because it could appear quite realistic even without the use of physical con-
straints (e.g., without the right set of covariates). For climate and weather fields,
appearing realistic is not necessarily the same as being physically realistic. In the
absence of physical constraints, this distinction should be made clear. In this work,
although physical relationships between the LR and HR covariates are mirrored in
the GAN by additional covariates, no explicit physical constraints were imposed on
the SR models while training. Incorporating explicit physical constraints on 2D fields
— especially on small scales — is a challenging task that depends on the variables con-
sidered. As a result, end-users should not misplace confidence in the realism of any
single SR-generated field. Fully stochastic SR methods that provide uncertainty es-
timates if properly calibrated, and also impose physical constraints can help increase
confidence in the realism of these SR-generated realizations. As such, fully stochastic
SR that makes use of physical constraints is an important research area for future
methods.



60

Chapter 6
Conclusions

This work has put forward a comprehensive analysis of deterministic SR models for
surface wind fields applied to different regions in a convection-permitting model. The
GANs used with the WGAN-GP framework show impressive realism and feasibility
for practical applications. Despite only training deterministic SR GANSs, the findings
from this work can be generalized to stochastic methods.

Large scale gaps demanded the generated fields to contain fine-scale features that
could exist in WRF HRCONUS, rather than necessarily the fine-scale features that
did exist in the training data, putting forward challenges in selecting appropriate
error metrics. This work demonstrated that the content loss can negatively influence
the variability of the generated fields for deterministic applications of SR. Utilizing
power spectra is critically important for understanding biases in the variability.

Additionally, this work introduced a novel application of frequency separation to
climate fields — based on work in the computer vision field — that delegated low and
high spatial frequency information to terms in the Generator’s objective function.
Frequency separation did not result in a more realistic GAN but did reveal how mod-
ifying the Generator’s objective function changed the power spectra of the generated
fields.

The role of covariates was closely examined in the power spectra of the generated
fields. Specifically, this work revealed that sources of biases can come from existing
LR/HR differences that become represented in the generated fields. This work also
showed that carefully chosen covariates help reduce biases at all spatial scales, but
especially in the fine-scale features.

To further investigate the role of covariates, a sensitivity experiment was con-

ducted to demonstrate the value added to spatial structures in the generated fields
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by each of the covariates. The importance of the covariates differed between regions,
providing an interpretation consistent with their respective climatology.

The GAN SR model was scaled up to an additional continental-size task, demon-
strating the stability of WGAN-GP with the SR methods used, and showing impres-
sive fidelity in spatial patterns of their bias of multiple statistics, as well as power
spectra. Interestingly, performing a temporal interpolation of the LR fields results in
serial dependence of the generated continental scale fields despite the lack of explicit
serial dependence information used for training the GAN networks. Such a temporal
interpolation is novel to GAN SR for climate sciences,

Finally, future avenues of work have been identified, namely: (1.) stochastic meth-
ods, that can estimate the ensemble mean/median, could be used in training to reduce
biases associated with the content loss; (2.) for deterministic approaches, a better
estimate of the conditional median can be mimicked using low frequencies for the con-
tent loss and might improve the biases in the power spectra; (3.) a sensitivity analysis
by systematically omitting invariant covariates like the topography, surface roughness
length, and land-sea mask in the training of new GANs may help reveal their impor-
tance (especially by examining their power spectra), (4.) novel CNN architectures
that can make use of HR invariant information might improve GAN performance and
generalization capabilities; (5.) an explicit “spectral loss” that measures differences in
spectra of batches may help reduce some of the low-power biases found in this work;
(6.) using newer GAN networks, like ESRGAN, may show some benefits over the SR~
GAN networks used; (7.) how well GANs might generalize to future periods remains
to be seen, but carefully chosen covariates might help; and (8.) newer datasets, like
ERAS5, may be well-suited for GAN SR with WRF HRCONUS especially since ERAS
and WRF HRCONUS are both hourly and provide a much larger training and test

set.
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Appendix A

Additional Descriptions of Methods

A.1 Gradient Penalty

The gradient penalty term introduced in Equation [3.4] will be discussed in more detail
here. WGAN-GP replaces weight-clipping from |Arjovsky et al.| (2017) as a way to
restrict the gradients of C' to be 1-Lipschitz (1-Lipschitz is a requirement of utilizing
the Kantorovich-Rubinstein duality). Weight-clipping leads to vanishing or exploding
gradients, as well as the Critic learning simple functions (Gulrajani et al., 2017). For
WGAN-GP, gradients are calculated on the output of the Critic with respect to
the inputs, &, as V;C(z). The optimal Critic has unit gradient norm everywhere,
however in practice, the gradients are computed on straight lines between P, and P,.
As discussed in the main text, loss functions, £, are provided batches of data from
the training set. For the gradient penalty term, a single randomly sampled field,
T = ex + (1 — €)G(x) with € ~ UJ[0,1], is produced for each batch member. The

gradient penalty term is then taken as

GP = Einr,[(||ViC(2)]|2 — 1)7] (A1)

where it can be seen that deviations from unit gradient norm contribute a positive

value to the minimization posed in Equation [3.4]

A.2 Multi-Scale Structural Similarity Index

The Multi-Scale Structural Similarity Index (MS-SSIM) is an extension of the Struc-

tural Similarity Index (SSIM), which are metrics developed in the computer vision
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field for an objective measurement of the quality of images relative to a reference im-
age (Wang et al |2003)). SSIM uses a single spatial scale (or window size) to quantify
three components of image quality: a luminance, contrast, and structure term that
are combined. MS-SSIM builds on SSIM by iteratively downsampling and apply-
ing low-pass filters to the input images. Downsampling provides multiple scales for
which the SSIM can be evaluated and combined to produce the MS-SSIM. MS-SSIM
is thought to be an improvement to measurements like peak signal-to-noise ratio
(PSNR) and mean squared error (MSE) which don’t correlate well with perceived
quality (Eskicioglu and Fisher, [1995; Zhou Wang and A. C. Bovik, 2002; Wang et al.|
2004)). Compared to SSIM, MS-SSIM requires less configuration of parameters which

makes it a more generalized approach.

A.3 Power Spectra

Consider a field = with horizontal (longitudinal) and vertical (latitudinal) axis ¢ and
0 respectively such that x(¢,#). The 2D Fourier transform changes the basis to the

frequency domain x with frequency components [ and k with:

x(1, k) = / h / h (¢, 0)e 2RO g dp (A.2)
¢ =1 (A.3)
0=k (A4)

x(l, k) < z(0,0) (A.5)

where, x(l,k) is complex with frequency amplitudes |x(l,k)|*> (Press, [1986). As-
suming zero mean amplitude, |x(l,k)|? represents the variance across pixels for a
given wavenumber, |k| = ([, k). To compute the power spectral density, P(k), the
amplitudes are then weighted by the total pixel surface area (number of pixels per

wavenumber) and binned and averaged by wavenumber.

A.4 Software Packages

Here is a summary of the main software packages used in this thesis from the open-

source community. The code-base for this thesis, titled DOwnscaling WassersteiN
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Generative Adversarial Network (DoWnGAN) can be found at this URL: https:
//github.com/nannau/DoWnGAN.

e Python version 3.8.10 (Van Rossum and Drake, 2009)

e PyTorch version 1.12.1 (Paszke et al., [2017)

e MLflow version 1.27.0 (Chen et al., 2020)

e Matplotlib version 3.5.3 (Hunter| 2007)
e SciencePlots version 1.0.9 (Garrett] [2021)

e NumPy version 1.23.1 (Harris et al.| [2020)

e SciPy version 1.9.0 (Virtanen et al. 2020)

e Climate Data Operators (CDO) version 2.1.0 (Schulzweida;, 2022)

An exhaustive list can be found in the DoWnGAN repository.


https://github.com/nannau/DoWnGAN
https://github.com/nannau/DoWnGAN

Appendix B

Additional Figures
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Figure B.1: Training evolution of the MAE, MSE, MS-SSIM, and Wasserstein distance
for 1000 epochs on both the test and training data. Each SR model is indicated in
the legend. The MAE, MSE, and MS-SSIM are calculated grid-wise with combined
u10 and v10 HR fields. The Wasserstein distance estimate is scaled by the initial
distance. Note that no Wasserstein distance is calculated for the pure CNN; since no
Critic network was trained. This figure is supplementary to Figure [3.2]
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Figure B.2: Example realizations of ©10 wind for the Southeast region. Fach row
represents a randomized time step from the test set, while each column is a different
model considered in this work.
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represents a randomized time step from the test set, while each column is a different
model considered in this work.
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71

ERA-Interim CNN GAN % GAN .%, GAN 25 GAN NFS WRF

=
S

| o
&
Meridional Wind [m/s]

@

o
Meridional Wind [m/s]

|
1)

o
Meridional Wind [m/s]

M
&
nal Wind [m/s]

o

o
Meridional Wind [m/s]
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Figure B.7: Example realizations of v10 wind for the West region. Each row represents
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considered in this work.
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