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ABSTRACT

Adapting to the changing climate requires accurate local climate information,

a computationally challenging problem. Recent studies have used Generative Ad-

versarial Networks (GANs), a type of deep learning, to learn complex distributions

and downscale climate variables efficiently. Capturing variability while downscaling

is crucial for estimating uncertainty and characterising extreme events—critical in-

formation for climate adaptation. Since downscaling is an undetermined problem,

many fine-scale states are physically consistent with the coarse-resolution state. To

address this ill-posed problem, downscaling techniques should be stochastic, able to

sample realisations from a high-resolution distribution conditioned on low-resolution

input. Previous stochastic downscaling attempts have found substantial underdisper-

sion, with models failing to represent the full distribution. I propose approaches to

improve the stochastic calibration of GANs in three ways: a) injecting noise inside

the network, b) adjusting the training process to explicitly account for the stochas-

ticity, and c) using a probabilistic loss metric. I tested models first on a synthetic

dataset with known distributional properties, and then on a realistic downscaling

scenario, predicting high-resolution wind components from low-resolution climate co-

variates. Injecting noise, on its own, substantially improved the quality of conditional

and full distributions in tests with synthetic data, but performed less well for wind
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field downscaling, where models remained underdispersed. For wind downscaling,

I found that adjusting the training method and including the probabilistic loss im-

proved calibration. The best model, with all three changes, showed much improved

skill at capturing the full variability of the high-resolution distribution and thus at

characterising extremes.

Investigating the stochastic GAN framework with other variables, I show that it

successfully downscales temperature, specific humidity, and precipitation. I also find

that the stochastic framework substantially improves the downscaling of extreme pre-

cipitation. Next, I find that while multivariate downscaling can improve dependence

structures between downscaled variables, it leads to blurry downscaling of individ-

ual variables. I demonstrate that including high-resolution topography as an input

improves spatial structure for most variables. Finally, I test the generalisability of

the GAN framework to a new location with a different climate, and show that while

the GAN performs well for temperature and humidity, it fails for precipitation due

to mismatches between the low- and high-resolution data. These results represent

important techniques and insights towards operational GAN-based downscaling.
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Chapter 1

Introduction

I grew up in a family of ecologists and modellers who frequently use gridded climate

data as a tool for ecological modelling and decision making. Climate data is used

as an input to nearly all ecological models, but it is often taken for granted. While

there are a range of types, scales, and qualities of climate data, I have found accessing

accurate and local-scale climate data to be a consistent challenge. In our changing

climate, reliable climate information is crucial.

There are two main sources of climate information for local adaptation: observa-

tional data (usually from weather stations), and climate model output [10]. Earth

System Models (ESMs), resolve large-scale physical processes across the globe in grids

of the surface and atmosphere. These large-scale models can be combined with station

observations and remote sensing data to correct model biases, and create reanalysis

datasets, providing good information for historic climates [15]. ESMs can also be

used to project future climates, crucial for planning and decision-making, However,

ESMs operate at too large a spatial scale to be directly applicable to most local-

scale projects, as they do not resolve convective processes. Numerical climate models

can be run at higher spatial and temporal resolutions to resolve finer-scale processes.

Convection permitting models are an important class of higher resolution numeri-

cal weather models, which use a spatial resolution of 3-6 km and can resolve some

large convective processes [37]. However, due to their computationally complexity,

convection-permitting models are not generally applicable to large regions or time

scales. Thus, downscaling of ESM output to a higher resolution is often necessary.

Climate downscaling is challenging: low-resolution (LR) inputs contain insuffi-

cient information to fully specify a downscaled output; i.e., there are many potential

high-resolution (HR) climate states consistent with a given set of LR information,
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leading to an underdetermined problem [34]. Nevertheless, various methods of cli-

mate downscaling have existed for decades. While some methods perform well for

certain applications, existing techniques are either a) highly computationally expen-

sive, b) perform poorly at projecting extremes, or c) show limited success for variables

with spatially inhomogeneous statistics, such as precipitation [7]. Recently, research

teams have developed new downscaling approaches using artificial intelligence; these

models potentially perform much better for downscaling extremes and non-stationary

variables, while being computationally feasible for large areas [e.g., 3, 14, 31]. When

I learned about an opportunity to be involved in this research, I was immediately

interested.

Over the past two years, my Masters’ research has focused on downscaling cli-

mate variables in British Columbia, Canada from LR reanalysis data (about 30-km

resolution) to HR convection permitting scales (4-km resolution) using deep learning,

a form of artificial intelligence which uses many-layered artificial neural networks to

learn complex patterns. Specifically, I use a Generative Adversarial Networks (GAN),

an algorithm which has been well used in computer vision fields, and was recently

adopted by the climate downscaling community. This research follows that of Annau

et al. [3], who developed a deterministic GAN framework for successfully downscaling

wind components to convection permitting scales.

My research investigates using a probabilistic framework for downscaling, where

the GAN attempts to learn the distribution of HR downscaled variables conditional

on (i.e., consistent with) a set of LR climate fields, and then sample multiple reali-

sations from the HR distribution for each set of LR fields. Since downscaling is an

underdetermined problem, it makes sense to consider it in a probabilistic framework.

Not only does the probabilistic framework allow quantification of downscaling uncer-

tainty, but sampling the tails of the distributions should obtain better estimates of

extremes.

In Chapter 2, I develop a stochastic GAN framework which allows the model to

sample multiple realisations from the HR distribution. I first investigate the ability

of the model to sample representative realisations using synthetic data, and then

apply the model to a realistic wind downscaling scenario. My results show that the

stochastic GAN framework can both quantify variability and improve estimates of

extremes for wind components.

Chapter 3 follows directly from Chapter 2, investigating questions needed to ap-

ply the stochastic GAN framework to operational downscaling. Specifically, I extend
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the stochastic GAN to temperature, specific humidity, and precipitation, and test its

performance in different geographic locations. My results suggest that the stochas-

tic GAN framework could likely be applicable to operational downscaling projects,

although challenges with mismatched LR and HR training data will require more

consideration.

Chapter 2 is under review for publication in Artificial Intelligence for Earth Sys-

tems, and we intend to submit the contents of Chapter 3 to the same journal. This

research is part of the ClimatEx program, a collaborative project funded by the BC

Ministry of Forests, with the goal of improving the quality of and access to down-

scaled climate variables over BC and North America. I have been fortunate to work

with colleagues at UBC, UVic, and the provincial government as part of this research.
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Chapter 2

Capturing Climatic Variability:

Using Deep Learning for Stochastic

Downscaling

The contents of this chapter are under review for publication in Artificial Intelli-

gence for Earth Systems as Capturing Climatic Variability: Using Deep Learning for

Stochastic Downscaling (Daust and Monahan, 2024).

2.1 Introduction

As society tries to adapt to Earth’s changing climate, access to accurate, local-scale

climate information is essential. Earth System Models (ESMs) provide state-of-the-

art projections on a global scale, but provide insufficient spatial resolution for regional

analyses. Thus, downscaling - creating high-resolution climate information from low-

resolution, large-scale data - is an important practical tool. Spatially and temporally

high resolution fields of climate data over large scales are important for many ap-

plications, including simulation of extreme events at local scales [e.g. fires, floods,

storms; 10], local planning, and making climate informed ecological decisions such as

tree species selection [26]. Hence, accurate and computationally efficient downscaling

methods are crucial for local climate adaptation.

Strategies for downscaling coarse-resolution climate model simulations to regional

scales can be broadly classified into dynamic downscaling and statistical downscaling.

Dynamic downscaling employs a limited-area numerical climate model to resolve fine-
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scale features, driven by large-scale weather patterns from the low resolution ESM

[37]. Dynamic downscaling can capture complex spatial patterns at smaller scales,

and can provide high-accuracy downscaling. However, it is highly computationally

intensive, and can only be used for relatively short time periods. Statistical downscal-

ing develops statistical relationships between low-resolution (LR) and high-resolution

(HR) climate variables. Statistical downscaling can be applied either at individual

points, often using a combination of bias correction and transformation of statistical

moments [27], or can be used to downscale entire fields. Common techniques for the

latter include parametric approaches (e.g., Gaussian Process/kriging), where covari-

ances are specified to allow analytic solutions. While these approaches have shown

some success, climate-field downscaling methods make strong assumptions about the

distribution and homogeneity of statistics, which are often not satisfied [7]. Also,

many current methodologies struggle to accurately downscale spatially complex vari-

ables (i.e., variables with non-linear dependence on elevation or spatially heteroge-

neous dependence structures) and capture extremes [14]. Recently, a new strategy

for statistical downscaling over climate fields has been developed that uses deep (i.e.,

many layered) learning algorithms to learn a mapping from LR to HR paired climate

fields [3]. It has been found that this strategy can produce downscaled fields with

much higher accuracy than traditional statistical downscaling, and does not require

the prohibitive computation required for dynamic downscaling.

Downscaling is intrinsically an underdetermined problem with a distribution of

possible HR realisations physically consistent with any given LR input [2]. This is

especially true since weather is sensitive to initial conditions: minute differences can

result in drastically different outcomes due to development of internal variability [25].

Stochastic Weather Generators, which attempt to sample from the distribution of

weather states, have been used to try and account for this variability [44]. Being

able to capture the full variability of a downscaling problem is crucial for quantifying

uncertainty, and for characterising extreme events. Ideally, downscaling techniques

would allow sampling from the HR distribution, conditioned on the LR input.

Deep learning methods are a promising approach for such distributional down-

scaling problems. Generative Adversarial Networks (GANs) have been successful in

various generative AI fields, especially computer vision applications [13]. GANs gen-

erally use two separate deep neural networks during training: a Generator network

which is given input and attempts to create plausible counterfeits of the training

data; and a discriminator or Critic network which is provided training data mixed
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with Generator output and attempts to distinguish between the counterfeits and the

real data. During training, the two networks play a minimax game: the Generator

tries to improve its output to “fool” the discriminator and the discriminator tries

to improve its ability at distinguishing between real and generated samples. In the

last few years, GANs have been introduced to deep-learning-based downscaling and

have shown success in drawing realizations from high-dimensional non-Gaussian dis-

tributions with complicated dependence structures . Conditional GANs, developed

by Mirza and Osindero [30] allow the GAN to draw realisations from distributions,

conditioned on covariates.

Much of the development of GANs for climate downscaling builds on work from

the computer vision field of super resolution. Most studies in computer vision use

conditional GANs, where the networks are provided LR information and learn to

sample from the HR conditional distribution [19]. With the introduction of GANs to

climate downscaling, difficulties with instability during training [42] were improved

by the introduction of the Wasserstein GAN [WGAN; 4]. In the WGAN, instead of

using a Discriminator network to estimate the probability of individual realisations

being real, a Critic network estimates the Wasserstein distance between the true HR

distribution and the generated distribution. Intuitively, the Wasserstein distance is a

critic score, specifying the quality of the downscaled fields compared to the training

data. Not only does this substantially improve stability during training, but for

downscaling, it conceptually makes sense to focus on convergence in distribution of

generated and truth fields.

The initial formulation of (unconditional) GANs used a stochastic approach where

the only input to the Generator was Gaussian noise, generating different realisations

for each different noise input. With the development of conditional GANs [30, 19],

and the subsequent Super Resolution GAN (SRGAN) and Enhanced Super Resolu-

tion GAN (ESRGAN) frameworks from the field of super resolution, the noise input

was replaced by the conditioning fields, leading to a semi-deterministic network. In

this setting, each trained Generator would still draw a realisation from the conditional

distribution, but it would always draw the same realisation for each set of conditioning

fields (theoretically, one could draw a different realisation by training a new model).

A few studies successfully used variations of this architecture for downscaling climate

fields; for example, Stengel et al. [38] adapted the SRGAN model to create very high-

resolution downscaled wind fields by first downscaling to a moderate resolution, and

then further downscaling to the final HR. Recently, studies have investigated meth-
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ods for allowing explicit stochasticity in conditional GANs, usually using variations of

adding noise covariates, stacked with the LR conditioning fields. Price and Rasp [31]

concatenated a noise layer part way through their Generator network, while Harris

et al. [14] concatenated multiple noise inputs with the conditioning information at the

beginning of the network. Both studies found that the stochastic results were under-

dispersive: trained models were unable to capture the full range of variability, often

only sampling from the centre of the conditional distribution. Recent advancements

in Super Resolution [e.g. nESRGAN+, 32] have improved stochastic calibration, but

have not yet adapted it to climate downscaling. Furthermore, many downscaling

studies using stochastic GANs have focused their analyses on image quality; to our

knowledge, no research in climate downscaling has fully investigated the ability of

stochastic GANs to learn and sample from the conditional HR distribution.

We aim to fill this gap by improving stochastic GAN frameworks for climate

downscaling. Most of this work builds on Annau et al. [3]. While their model showed

success for downscaling wind fields, it was not stochastic as each model only produced

one output. We use a similar model architecture as Annau et al. [3] adapted for full

stochasticity. An obvious challenge with testing distributional quality in a downscal-

ing setting is the lack of a truth conditional distribution, as in most applications we

only have access to a single truth realisation for each timestep. To address this chal-

lenge, we first consider an idealised approach based on synthetic data with known

distributional properties. Based on these experiments, we test a “noise injection”

method, where hundreds of noise fields, at different spatial resolutions, are injected

into the latent layers of the network. This approach provides excellent stochastic

calibration on the synthetic data. We then test our modification on a real-world

downscaling problem, predicting HR wind components from LR conditioning data.

Challenges with underdisperison on the wind data lead to development of an updated

loss function using a probabilistic error function and modification of the training

method to fully utilise the stochasticity. Our final model is successful at capturing

variability, and improves estimates of moderate extremes.

2.2 Methods

All models in this paper use the same basic super-resolution structure. We train

the models on paired sets of LR conditioning fields (covariates) and HR truth fields.

The GAN then learns a mapping to the HR fields from the input covariates. For
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consistency, we keep the same resolution and size of fields across all models: HR

fields are 128×128 pixels, and LR fields are 16×16 pixels, resulting in a downscaling

factor of eight.

2.2.1 Data

Synthetic Data

Evaluating the distributional quality of stochastic realisations on realistic downscaling

problems is challenging, as there is rarely more than one realisation of the “ground

truth” to compare with for a given sample of the conditioning field. While certain

metrics can provide information on model calibration, it is often not possible to

directly compare conditional distributions. We thus created a simple synthetic dataset

with known distribution properties. To make the HR fields, we added a mean zero

Gaussian field with a specified covariance structure to a specified non-stationary mean

(exponential in one axis and sigmoidal in the other). This sum was then squared to

generate a field with pointwise chi-square marginal distributions. That is, we drew

realisations from rij where

Y ∼ N (⃗0,Σ) (2.1)

sij =
5exi

1 + e−8yj
+ Yij (2.2)

rij = s2ij (2.3)

where r is the output HR field, x and y are the axis values, and Σ is a 128 x 128

covariance matrix with correlations decreasing linearly to zero over four pixels along

both directions. To ensure large scale structure varied between samples, we randomly

scaled and reflected the x and y axis, as follows: for each field, we drew realisation

of random variables A1, A2, B1, B2 from a uniform distribution over -1,0,1, such that

A1 ̸= A2 and B1 ̸= B2 and then rescaled x and y as

xn = A1 +
n(A2 − A1)

128
, n ∈ {0, 1, ..., 128} (2.4)

yn = B1 +
n(B2 −B1)

128
, n ∈ {0, 1, ..., 128}. (2.5)

To create the LR input fields, we spatially averaged 8 x 8 regions of the HR fields.

GANs commonly struggle to capture multi-modal distributions and tend to con-



9

verge on the conditional mean, a phenomenon known as mode collapse [e.g., 35]. To

test the ability of our GANs to learn multi-modal distributions, we generated a sec-

ond set of realisations of bimodal fields using a Gaussian Mixture Model where δ is a

Bernoulli random variable:

X ∼ N (⃗5,Σ) (2.6)

Y ∼ N (⃗1,Σ) (2.7)

δ ∼ B(n = 1, p = 0.35) (2.8)

sij =
5exi

1 + e−8yj
+Xδ

ij · Y 1−δ
ij (2.9)

rij = s2ij. (2.10)

For all synthetic data experiments, training used 5000 pairs of fields; 2000 addi-

tional pairs were reserved for testing. To compare marginal distributions, we created

a set of 500 fields with the same large-scale spatial pattern (i.e. same x and y scale and

rotation), so that the only difference was the added Gaussian/mixture field. These

could then be interpreted as ensembles of truth realisations given the same condi-

tioning field, and were used to test generated pixel-wise marginal distributions. Note

that since all LR input fields were create by coarsening the HR fields, these datasets

result in pure super resolution setups, with no need to bias correct the LR inputs.

To investigate the effects of spatial complexity on the generated fields, we created

three further synthetic datasets with three different levels of spatial heterogeneity.

We used a field of complex topography from the south-coast of British Columbia,

and added the same Gaussian field described above. To vary spatial complexity, we

scaled the topography with 3 different weights. That is,

sij = wZij + Yij, w ∈ {0.1, 1, 10} (2.11)

rij = s2ij (2.12)

where Z is the topography field, scaled to zero mean and unit standard variance.

We used weights of 0.1 (field dominated by original dataset) for low heterogeneity,

1 for moderate heterogeneity, and 10 for high heterogeneity (dominated by added

topography).
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Convection-Permitting Regional Model Case Study

Since this research aims to improve deep-learning based downscaling of climate data,

it is important to test results on more realistic settings. Here, we modelled HR

zonal (u) and meridional (v) wind components using LR wind components, pressure,

temperature, and HR topography. Our architecture follows that of Annau et al.

[3] with the exceptions that: (i) HR topography is included as a covariate in the

Generator, and (ii) all covariates are also passed to the Critic. Wind is an important

climate variable for various applications, but it is often challenging to model due to

having complex mesoscale patterns. We consider a square region covering the coastal

mountains, in southwestern Canada (49◦ to 53◦ N, 122◦ to 126◦ W), as its high degree

of topographic complexity represents a realistically challenging downscaling scenario.

HR wind fields were obtained from WRF runs produced for the WCA (Western

Canada) simulation driven by ERA-Interim [21], which contains hourly data for a 14

year period. LR covariates were from ERA5 [15], a state of the art global reanalysis

product. While ERA-Interim was used to drive the WRF model at the boundary

conditions, both ERA5 and ERA-Interim represent the same realisation of the climate

system, so it is reasonable to use ERA5 in the paired LR data.

This HR and LR pairing represents a practical application of downscaling, where

the LR and HR fields are from different models [as in 3]. Many previous studies in

deep-learning based downscaling have used idealised pairings, where the LR fields are

created by coarsening the HR fields, resulting in perfectly matched pairing (note that

this was the approach we used for the synthetic data experiments). As a consequence

of natural internal variability, some of the meteorological features on scales common

to both resolutions will differ between the LR and HR fields, so our model has to

account for such differences, in addition to downscaling.

To preprocess the data, we first transformed the WRF fields to the ERA5 pro-

jection, and then remapped the HR fields to the specified downscaling factor. We

then standardised the data to mean zero and unit variance across time and space,

and within each covariate, as a standard normalization technique in machine learn-

ing studies [3]. As the standardisation occurs across all timesteps, the diurnal and

seasonal patterns are preserved. Finally, we selected three apparently unexceptional

years (no El Niño-Southern Oscillation (ENSO) or evident seasonal extreme wind

events) for training (2003, 2008, and 2013), and two years as an unseen test set (2005

and 2012). Hourly data over three years resulted in 26304 samples; sample number
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was limited by computational constraints. Data were randomly shuffled during the

training process. All models were trained on a single NVIDIA RTX 4090 GPU with

24 Gb VRAM.

2.2.2 Model

This work utilizes conditional GANs [30], which have shown success at learning the

mapping between low resolution variables and the desired output variables. Specif-

ically, we use the Wasserstein Conditional GAN formulation [4], where the Critic

network learns to estimate the Wasserstein distance between the high-dimensional

distributions of the generated and true fields (Pð and Pr respectively).

Architecture

Most GAN network architectures employ dense convolutional blocks, which have been

shown to be excellent at extracting representative features from images. Our network

architecture is based on the Enhanced Super-Resolution GAN [ESRGAN; 43] setup,

using Residual in Residual Dense Blocks (RRDB) as the main convolutional blocks

in the Generator. RRDBs, introduced by Zhang et al. [45] employ densely connected

convolutional layers to extract important features, while also maintaining direct con-

nections from previous layers to all convolutional layers to create a contiguous mem-

ory. Specifically, we adapt the architecture employed in Annau et al. [3] to allow noise

input and multiple covariate streams, as follows.

Unlike other applications of super resolution, climate downscaling often has ac-

cess to pertinent HR information during training. A common example of such HR

information is topography, which influences local climate strongly. While many pre-

vious studies have included topography as a covariate, it has often been input at

low resolution with climate covariates, discarding potentially useful information. We

therefore created a Generator architecture which allowed us to fully utilise the HR

covariates. Using a strategy similar to Depthwise Separable networks [16] we created

two input streams within the Generator, one stream for each resolution. Each stream

has equivalent convolutional blocks applied in parallel, and after the LR stream has

passed through the upsampling blocks to increase the resolution, the two streams are

concatenated and passed through a final convolutional block (figure 2.1).

In the standard super-resolution formulation, the Critic network is only given

samples of the predictands (either generated or from the training data). However,
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Figure 2.1: Architecture of GAN networks showing Residual in Residual Dense Block
(RRDB) with noise injection. Green denotes locations where noise is added into the
network. Rectified Linear Units (ReLU) are used to introduce non-linearity.

Harris et al. [14] found that passing all available covariates to the Critic network can

improve its predictions, and in the Wasserstein GAN formulation, it is important that

the Critic network is able to make relevant estimates of the Wasserstein distance.

Given that we want the Generator to sample from a conditional distribution, we

thus want the Critic to make use of conditioning information when quantifying this

distribution. Similarly to the Generator, we adapted the Critic network to include

a separate input stream for the LR covariates, which is concatenated after the HR

stream has been downsampling via strided convolution (figure 2.1).

Noise Injection

To improve the model’s ability to sample across the entire range of the conditional

distribution, we adjusted the Generator architecture to inject noise directly into the

latent representations produced by the convolutional layers. Specifically, we based
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our approach on nESRGAN+ [32], and concatenate uncorrelated, mean zero, unit

variance Gaussian noise fields with the latent layers inside each Dense Block (figure

2.1). With our architecture, this leads to six noise injection instances in each Resid-

ual Dense Block, and 18 noise injections in each Residual in Residual Dense Block

(RRDB). Our full noise Generator contains 14 RRDB in the LR input stream, 2 in

the HR input stream, and one after concatenation, resulting in 252 LR noise layers

and 54 HR noise layers.

To test the effect of the number of noise injection layers, we replaced some of

the stochastic RRDB with deterministic RRDB (i.e., RRDB with no noise injection).

Altogether, we tested three different levels of noise injection: low (2 stochastic RRDB-

LR, 0 stochastic RRDB-HR), moderate (7 stochastic RRDB-LR, 0 stochastic RRDB-

HR), and full noise (14 stochastic RRDB-LR, 2 stochastic RRDB-HR). As a baseline

model, we also considered the more standard noise-covariate approach [similar to

that used in 20], for which a Gaussian noise field is concatenated with the LR input

covariates before passing through the Generator network.

Losses

In Wasserstein GAN training, the Critic tries to maximise the difference in the dis-

tributional distance between true fields and generated fields, while the Generator

attempts to minimize this distance (i.e., it attempts to make it difficult for the Critic

to distinguish the generated fields from the training data). Previous studies have

found that solely relying on the Critic loss (adversarial loss) for the Generator train-

ing can lead to instability, such that the training process does not converge [43]. Here,

we use the common approach of adding an extra content loss term to the Generator -

a pixel-wise error metric between the training data and the generated fields, intended

to aid convergence at large scales.

We experimented with two different content loss functions: mean absolute error

(MAE), and cumulative rank probability score (CRPS). MAE is commonly used as a

content loss in deep learning, but is a deterministic measure. CRPS is defined as

CRPS(F, x) =

∫ ∞

−∞

(
F (y)−H(y − x)

)2

dy (2.13)

where F represents the CDF of the predicted distribution, H is the Heaviside func-

tion, and x is the ground truth value. The CRPS metric returns lower values to
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distributions whose mass is centred around the ground truth value. In a determinis-

tic setting, the PDF of y is a delta functtion, and the CRPS reduces to MAE, so is

appropriate to use as a content loss. To apply the CRPS, we calculated an empir-

ical CRPS metric for each pixel, using the ground truth value and values from the

stochastic sampling realisations, and then took the mean across pixels.

Training

Since our goal is to sample realisations from the entire conditional distribution of HR

fields, we do not want the loss function to force the Generator to create copies of

the training data - we consider the ground truth as one realisation of the conditional

distribution. Ideally, we would expect generated realisation to have similar statistics

and large-scale features as the training data, but not be identical. Over-reliance on

content loss (particularly deterministic measures) can degrade model performance, as

it overly penalises small deviations in feature location/presence. In situations where

features are spatially shifted, pixel wise error metrics such as the content loss will pe-

nalize the model twice: once for the feature not occurring where it does in the ground

truth, and once for the feature occurring where it is not in the ground truth. This

double-penalty problem is a well-known issue with pixel-based losses in generative

networks [34], and results in overly blurry output, where the model converges on the

conditional median, thus suppressing small-scale features and extremes [3]. While the

adversarial loss in GANs (in our case the Wasserstein distance) is not a pixel-wise

metric and does not constrain the network in the same way, the use of content losses

can suppress variability.

We considered two training techniques in our models to address the double penalty

problem while rewarding convergence at large scales: frequency separation, and

stochastic sampling. Frequency separation, introduced by Annau et al. [3], coarsens

HR fields to only provide low frequencies to the content loss, whereas the full HR

fields are used for the adversarial loss. Theoretically, this approach allows the model

to more freely develop high frequency patterns by removing some of the content loss

constraints. Stochastic sampling is an approach modified from Harris et al. [14],

where multiple stochastic realisations are passed to the content loss, which uses an

ensemble metric to assess calibration (Alg 1). In each Generator training step, we

generate six stochastic realisations of each field in the batch, and pass these to the

content loss. In the MAE loss case, this approach averages over generated fine scale
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features and only applies the content loss on the patterns which are expected to be

consistent across realisations. Both frequency separation and stochastic sampling

allow generated variability at small scales but encourage convergence at large scales.

With the stochastic sampling method, our Generator loss function is

LG = −EG(x)∼PgC[G(x)]︸ ︷︷ ︸
Adversarial Loss

+αEy∼Pr lc[y,G(x)1, G(x)2, ..., G(x)6]︸ ︷︷ ︸
Content Loss

(2.14)

where x represents LR conditioning fields, y is the HR ground truth, α is the content

loss weighting, lc is the content loss function, and G and C represent the Generator

and Critic network respectively. Note that an ensemble of i stochastic realisations

are passed to the content loss.

Algorithm 1 Pseudocode for Stochastic Sampling algorithm, using CRPS metric.
Note that we chose six stochastic realisations as the maximum number that fit in
GPU memory.

nRealisation← 6
for i ∈ 1 : nBatch do

LRBatch = LRBatchesi
HRBatch = HRBatchesi
adversarialLoss← −mean(Critic(LRBatch))
for j ∈ 1 : nSample do

subBatch← repeat(LRBatchj, nRealisation)
subRealisations← Generator(subBatch, invariant)
CRPSBatchj ← mean(pixelwiseCRPS(subRealisations,HRBatchj))

end for
contentLoss← mean(CRPSBatch)
loss← adversarialLoss+ contentLoss

end for

Throughout this paper, we will use the following naming conventions to specify

models:

TrainingContent Loss
Noise Level ,

where Training is represented respectively by F or S for frequency separation and

stochastic sampling, and noise level is represented by NC for noise covariate, and low,

medium, and full for noise injection. For example, SCRPS
full specifies a model using

stochastic sampling, the CRPS content loss, and full noise injection. Note that we

have not investigated all combinations of Generator parameters, as some only make

sense in combination or in specific settings. Model training parameters are presented
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in table A.1.

2.2.3 Validation

Quality assessment in image generation problems often poses a challenge, because

there are multiple, often competing, metrics that could be used. Potential metric pri-

orities include convergence in realization (pixelwise or at large scales), or convergence

in statistical features such as spatial covariance or pixelwise marginal distributions.

In general, we will consider a combination of these factors, depending on the prob-

lem. As noted earlier, while deterministic pixel-wise error metrics are important, they

should not be relied on too much due to the double-penalty problem. Following from

Harris et al. [14], Annau et al. [3] and Ravuri et al. [33], we used a Radially Averaged

Spectral Power metric (RASP) for comparing spatial variance of different scales (or

alternatively, the covariance structure) between the generated fields and the ground

truth. We calculated RASP by first performing a 2-dimensional Fourier transform

on each field, averaging the amplitudes within annular rings centred at wavenumber

zero, and then averaging power densities across at least 1000 fields. Ideally, spectral

power at each spatial scale should be the same in the generated and truth fields; to

aid in visual comparison, we standardised amplitudes at each wavenumber by the

amplitude of the ground truth field in the corresponding bin. A value below one

represents less spectral power at the given wavenumber in the generated field than

in the ground truth, and a value above one suggests more spectral power than in the

ground truth field. This quantity allows assessment of biases across spatial scales.

To assess the quality of stochastic realisations for a given conditional distribu-

tion, we compared pixel-wise marginal distributions (where possible), and used rank

histograms. For the synthetic data, we estimated the true marginal distributions

using Kernel Density Estimates of 500 realisations sampled from the truth distribu-

tions, and compared these pixelwise to the equivalent marginal distributions of 500

stochastic realisations from the trained model. To test pixelwise convergence across

the whole domain, we calculated the empirical Kolmogorov-Smirnov statistic (KS) at

each pixel and investigated the distribution of these KS statistics for a given model.

The KS statistic is defined as

D = sup
x
|G(x)− T (x)|
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where G and T represent the CDFs of the generated and true distributions, respec-

tively.

We calculated rank histograms by generating 96 stochastic realisations of HR fields

for each of 50 randomly selected LR conditioning fields, and determined the pixelwise

rank of the truth field in the ensemble of generated fields. That is, for each pixel, we

calculated

kn = rank(x, ⟨g1, ..., g96⟩) (2.15)

where x is the truth value for the pixel, and g are the ensemble forecast members.

We then used CDFs of histograms to investigate the distribution of the ranks. If

the model is well calibrated, the truth field should be indistinguishable from any

ensemble member, and so the rank histogram should estimate a uniform distribution,

corresponding to a linear CDF. Conversely, if the CDF has more weight at the tails,

corresponding to a U-shaped histogram, then the model is underdispersive (most

truth points fall outside the range of generated realisations).

The rank histogram described above is computed using the rank of each pixel.

However, since calibration of extremes is often most important, we used a modified

rank histogram to assess performance with regards to spatial extremes. Here, we

randomly selected 400 samples from the test set, generated 100 stochastic realisations

of each, and then calculated the 0.999 and 0.001 quantiles across the 16384 pixels in

each field. We then produced a rank histogram of true quantiles compared to the 96

generated quantiles, for each sample:

mn = rank(q(x), ⟨q(g1), ..., q(g96)⟩) (2.16)

where q represents the quantile over the field.

For analyses investigating distributions of extremes, we tested multiple percentiles

(0.1 and 99.9; 0.01 and 99.99; and 0.001 and 99.999). These choices allowed us to

investigate near tails of the distributions, without having to invoke extreme value the-

orems. Unless specified, results were similar across all extreme percentiles. Generally,

we show 0.01 and 99.99 quantiles as a representation of nearer extremes.

2.3 Results

In this section, we investigate results pertaining to two main classes of distributions:

the distribution of HR fields conditioned on LR covariates, and full HR fields across
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samples. Consideration of the conditional distribution, p(HR|LR) allows investigation
of the stochastic calibration: given a set of LR covariates, what is the distribution of

the HR fields? The full distribution,

p(HR) =

∫
p(HR|LR)p(LR) dLR ≈ 1

n

∑
k∈LR

p(HR|LRk) (2.17)

represents the full distribution across LR conditioning sets, where n is the number of

conditioning sets (in our case, timesteps) being considered. Throughout the results,

we focus on four models: FMAE
nc (the baseline; partial frequency separation with noise

covariates and MAE content loss), FMAE
full (partial frequency separation with full noise

injection and MAE content loss), SMAE
full (stochastic sampling with full noise injection

and MAE content loss), and SCRPS
full (stochastic sampling with full noise injection and

CRPS content loss).

2.3.1 Synthetic Data

Noise Injection

Models with full noise injection performed substantially better overall than the base-

line models at matching the true marginal distribution. A representative example of

pixelwise marginal distributions for the truth and generated fields is shown in figure

2.2a. The baseline FMAE
NC model produced highly underdispersive distributions, while

noise injection models were able to match the true distributions well. This result

held across all pixels: KS statistics comparing the true marginal distributions with

those from noise injection models were significantly smaller than with the baseline

model (figure 2.2b). Both S class models had slightly larger median KS statistics

than FMAE
full , but still showed good distributional matching.

Decreasing the number of noise injection layers in the Generator decreased perfor-

mance of conditional distributions (figure 2.2b). Low noise injection (FMAE
low ) showed

slight improvement over the baseline model, but still produced underdispersive re-

sults. Medium noise injection (FMAE
med ) had improved statistics, but was still generally

underdispersive, and full noise injection (FMAE
full ) created results with the best agree-

ment of pixelwise marginal distributions.

Rank histograms provide another tool for investigating calibration of conditional

distributions, averaged across multiple conditioning fields. Rank histograms showed

good calibration for all models with full noise injection, and severe underdispersion for
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Figure 2.2: a) Kernel density estimates (KDEs) of marginal distributions of p(HR|LR)
for the unimodal synthetic dataset for one example pixel (i = 5, j = 5) for the true
distribution and generated distributions. KDEs are based on 500 realisations for a
single conditioning field for each distribution. Dashed line shows true marginal dis-
tribution. Inset figure shows full y-axis range. b) Violin plot showing KS statistic
values comparing generated marginal conditional distributions to ground truth dis-
tributions for all pixels. Statistics are calculated for each pixel individually, using
500 realisations of a single conditioning field. Lines show 0.25, 0.5, and 0.75 quan-
tiles, respectively. c) CDF of rank histogram on unimodal synthetic data, with four
models, showing calibration of conditional distributions. Dashed line shows reference
uniform distribution. Rank histograms were calculated across 100 randomly selected
conditioning fields, with 96 HR realisations generated for each. d) KDEs of marginal
conditional distributions for one example pixel of a bimodal dataset, comparing true
(dashed line) and generated distributions. Distributions were estimated using the
same approach as in a).



20

Figure 2.3: Spatial fields of median and 99.9 percentiles of the full distributions across
samples for ground truth, and generated data from two models, using the unimodal
synthetic dataset (equations 2.1 to 2.3).

the baseline model (figure 2.2c). The SMAE
full model showed almost perfect calibration,

but all noise injection models performed well.

Learning multimodal distributions is challenging for GANs; they tend to show

mode collapse, in which distributions are collapsed to the conditional mean [35]. We

found that using the bimodal dataset (equations 2.6 to 2.10), the FMAE
full model could

learn both modes of the marginal distributions. The baseline models usually showed

mode collapse and could not meaningfully recreate any of the marginal distributions

(figure 2.2d).

Investigating results of the full distribution, p(HR), statistics of generated fields

had fewer artifacts and were closer to the ground truth statistics using the FMAE
full

model than the baseline model (figure 2.3). Even after training metrics had con-

verged, the baseline model showed noticeable traces of the convolutional filters as

checkerboard artifacts, which were not apparent in the FMAE
full model. The baseline

model also substantially underestimated the 99.9 percentiles, especially at the highest

values. These were better captured (although not perfectly) by the FMAE
full model.
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Figure 2.4: Radially averaged spectral power (RASP) for four models. Values are
standardised to amplitudes of ground truth wavenumbers, so perfectly matched spec-
tral power occurs at one. Solid lines and shaded regions respectively show mean and
+/- one standard deviations across 1200 randomly selected samples. Dashed line
indicates wavenumber corresponding to LR pixel size.

As well as better capturing pixelwise marginal variability, all noise injection models

performed better at representing covariance patterns. The RASP metrics (figure

2.4) demonstrate that the baseline model showed too little power for a range of low

wavenumbers, and then spurious spikes at other wavenumbers. The FMAE
full did not

show the spikes, but still had a lower power bias at low wavenumbers. Both S class

models substantially improved the representation of power at low wavenumbers, and

in general were the closest to the true spectral power accross all wavenumbers. There

was no obvious difference in spectral power between the two S class models using this

metric.

Overall, synthetic data experiments showed that models using full noise injec-

tion were substantially better at capturing conditional distributions than the base-
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line model. In general, all models with noise injection performed comparably well.

There was also noticeable improvement in the quality of the full distributions using

noise injection, and the S class models showed improved ability to represent spatial

dependence.

2.3.2 Wind Downscaling Case Study

As above, we first present results for conditional distributions, before moving to the

full distributions across time. Note that while all models predicted both zonal (east-

ward) and meridional (northward) wind components, results were generally similar,

and unless otherwise stated, we only show results for meridional components.

Even with noise injection, the F class models applied to a realistic downscaling

problem produced underdispersive results (figure 2.5). While the FMAE
full model showed

substantial improvement over the baseline model, it did not fully capture the condi-

tional variability. Both SMAE
full and SCRPS

full models had better calibration than the F

class models; the SCRPS
full model, while still showing some underdispersion, performed

best among the models considered (figure 2.5).

With the SCRPS
full model, individual realisations were visually realistic, and showed

noticeable differences in spatial patterns given a single set of conditioning fields (figure

A.5). Examples of standard deviation fields showed that the conditional distribution

varies substantially with the state of the conditioning fields. Realisations of moderate

wind component extremes did not show noticeable bias, and were similar to the

ground truth WRF fields. None of the other models performed as well (see A);

all models, and especially the FMAE
NC , had substantially lower conditional standard

deviations. The SMAE
full model generated realisations that were overly fuzzy, and the

FMAE
NC model generated realisations that did not match the WRF fields as well.

Looking at the full distribution, spectral power was also better calibrated with

the S class models (figure 2.7). The baseline model produced low spectral power

at both low and high wavenumbers; performance of the FMAE
full model was better

but followed similar patterns and showed a substantial high bias at intermediate

wavenumbers. The SCRPS
full model generally had the most similar distribution of spec-

tral power to the truth fields, although it showed a modest high power bias at low

and high wavenumbers, especially for meridional wind components. All models using

the MAE loss function showed low-power bias at high wavenumbers, consistent with

the suppression of fine-scale features by this deterministic metric.
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Figure 2.5: CDFs of rank histograms for meridional wind components, using four
different models. Rank histograms were calculated across 100 randomly selected
conditioning fields, with 96 HR realisations Generator for each. Dashed line shows
reference uniform CDF.
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Figure 2.6: Example meridional and zonal wind fields for coastal BC using the SCRPS
full

model. First two rows show hours representative of 0.01 quantiles, middle two rows
show randomly selected hours from the full test set, and bottom rows show hours
representative of 0.99 quantiles. Columns show, from left to right, WRF (i.e. ground
truth), ERA5 (input conditioning field), three generated realisations, and the condi-
tional standard deviations across 500 realisations.
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Figure 2.7: RASP metric (mean +/- 1 SD) standardised to ground truth values for
zonal and meridional wind fields. Spectral powers are calculated across 1200 randomly
selected fields. Dashed line shows wavenumber corresponding to LR grid size.
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Figure 2.8: Pixelwise median and inter-quartile range (IQR) of full distribution of
the test dataset for meridional wind fields. The first column shows truth statistics,
followed by difference fields for each of the four models (truth - model).

All models produced visually realistic downscaled HR fields, and pixelwise marginal

statistics of full distributions generally matched the true statistics well (figure 2.8).

Differences in median and inter-quartile range were spatially smoother with the S

class models, suggesting these models were able to capture fine spatial patterns bet-

ter. The baseline model substantially underestimated inter-quartile range (IQR) in

many locations. This bias was improved with the FMAE
full model, although it overesti-

mated IQR in certain areas, and the S class models further improved the results.

Investigating the tail behaviour of the full distributions, we found that models

that were better at learning conditional distributions performed better at predicting

accurate extremes (figure 2.9). Comparing moderately large marginal extremes (99.99

and 0.01 percentiles) across pixels, the SCRPS
full model had the least biased estimate of

extremes while biases from the FMAE
nc were largest, underestimating 99.99 percentiles

and overestimating 0.01 percentiles (figure 2.9a). This pattern is also apparent in

difference maps of the extremes (cf. 0.01 percentile in figure 2.9b). The map for

FMAE
nc is almost negative everywhere, whereas the map for SCRPS

full shows reduced

systematic bias and is fairly well centred around zero for the 0.01 percentiles. We

also investigated less extreme 0.01 and 99.9 percentiles, and more extreme 0.001 and

99.999 percentiles; all extreme percentiles showed the same pattern.

Calibration of spatial extremes was also improved in the S class models (figure



27

Figure 2.9: Calibration of moderate extremes for meridional wind fields over full
distributions. a) Boxplots of distributions of difference in 99.99 and 0.01 percentiles
of ground truth and generated realisations for four models, based on 500 realisations
for each of 350 randomly selected conditioning fields. Values below zero represent
model overestimation; values above zero represent underestimation. b) Difference
maps of 0.01 percentiles of ground truth and generated realisations for four models.
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Figure 2.10: CDFs of rank histograms based on 0.01 and 99.99 percentiles of merid-
ional wind fields over 400 conditioning fields, with 96 realisations of each field. Dashed
lines represent CDF of a uniform distribution.

2.10). Here, rank histograms represent stochastic calibration of models in regards

to spatial extreme values (i.e., large or small quantiles of values across the domain).

Rank histograms of 0.01 and 99.99 percentiles across wind fields showed that the

SCRPS
full model was the least underdispersive, and had less bias than the other models

(figure 2.10). By contrast, the rank histogram of the baseline FMAE
NC model showed

the model systematically overpredicted 0.01 percentiles, and underpredicted 99.99

percentiles.

To investigate why the FMAE
full model showed excellent calibration on the synthetic

dataset, but was underdispersive when used to generate high-resolution wind fields,

we tested the effect of increased spatial heterogeneity on synthetic data models (cf.

Section 2a). Models trained on datasets with high heterogeneity showed a greater de-

gree of underdispersion than those with low or moderate heterogeneity (figure 2.11).

Investigating the KS statistics of the pixelwise marginal distributions showed that

distributions from datasets with high heterogeneity had very large ranges in quality,

whereas those from low heterogeneity data were more consistent and better matches

on average (figure 2.11b). The rank histograms of the results from these datasets

showed similar patterns - the low heterogeneity model was relatively well calibrated,

and the high heterogeneity model was underdispersive. Interestingly, while the mod-

erate level model did not show as much underdispersion, it showed the most bias,
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Figure 2.11: Comparison of stochastic calibration of the FMAE
full model based on syn-

thetic data with low, moderate and high spatial heterogeneity. a) CDFs of rank
histograms based on all pixels of 50 random conditiong fields with 96 realisations of
each. b) Distribution of pixel-wise KS statistics between generated and true marginal
distributions, using 500 stochastic realisations for a single conditioning field.

more often than not overestimating values. These results suggest that the F class

models struggle to produce good stochastic calibrations when there is a high degree

of spatial heterogeneity in the fields - as is often the case in a realistic setting.
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2.4 Discussion and Conclusions

This paper discusses three main classes of GAN-based downscaling models distin-

guished by: noise type (noise covariate vs noise injection), training method (frequency

separation vs stochastic sampling) and content loss type (deterministic MAE vs prob-

abilistic CRPS). We aim to improve stochastic calibration, creating models that can

successfully sample from the full range of the conditional distribution (i.e., for a given

large-scale atmospheric state, we want the model to generate the full range of local

weather possibilities). We first present a novel network architecture, where many lay-

ers of noise at different resolutions are injected into the Generator. Compared to the

baseline FMAE
NC model, our architecture performs better at capturing the conditional

variability of the data (thus reducing underdispersion), and achieves good calibration

on synthetic data. We then introduce a stochastic training method which greatly im-

proves stochastic calibration and spatial structure, especially when combined with the

probabilistic CRPS metric in the SCRPS
full model. The SCRPS

full model shows improved

skill at estimating marginal conditional distributions, as well as marginal and spatial

statistics of the full distribution. Using this model, we successfully downscale wind

fields and show that ensembles of generated realisations are well calibrated. Although

individual realisations of wind fields are often visually quite similar, we do not expect

wind fields to have as large a conditional distribution as some other fields, especially

precipitation. All models we investigate here use a GAN architecture with a separate

stream for HR topography, as initial tests showed substantially improved results. The

overall advantages of this approach is tested in detail in Chapter 3.

Most conditional GANs in super resolution are deterministic, and recent attempts

at reintroducing stochasticity have added noise fields as additional covariates [e.g.,

20]. Our approach of injecting noise directly into the convolutional layers fundamen-

tally differs in that it adds noise to latent representations deep inside the network,

instead of to the input. When noise is introduced as a covariate at the beginning

of the network, we hypothesise that the network will learn low weights for the noise

layers in order to optimise the loss function. By adding noise to the latent represen-

tations, we slightly alter features inside the network, leading to better representation

of conditional and full distributions. It would be interesting to investigate the math-

ematical basis of noise injection and its relationship to calibration of the marginal

distributions. We adopted noise injection as a pragmatic approach in the absence of

theoretical guidance. Our approach is similar to the nESRGAN+ architecture [32]
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which injects noise inside the Residual in Residual Dense Blocks, but we inject noise

one level deeper, inside the Dense Blocks, to alter the output of the basic convolu-

tional layers. In contrast to the nESRGAN+, we also use noise injection at both

the low and high resolution, allowing for more scales of stochasticity. Interestingly,

we never experienced problems with overdisperison as we increased the number of

noise injection layers; marginal distributions were closest with the maximum possible

number of noise injection layers for a given architecture.

Stochastic sampling is an approach adapted from Harris et al. [14], in which the

content loss function is calculated on a set of stochastic realisations. While the

FMAE
full model showed excellent calibration on the synthetic data and much improved

performance than the FMAE
NC model, it still failed to fully capture the variability in

the wind downscaling application. The S class models, especially in combination

with the CRPS loss function, resulted in substantially improved performance. This

improvement could be the result of a few different factors. First, by using multiple

realisations of each field in the loss function, the network has more information to

use for backpropagation. Second, CRPS is a stochastic metric which aims to quantify

distributional matching; it seems reasonable that it thus improves the stochastic

calibration. In some cases, the SCRPS
full model produced too much variability at very

fine spatial scales. Since CRPS is a pixelwise metric, we hypothesise that the improved

pixelwise calibration may be a cause of this pixel-scale variability. In contrast to

our study, Harris et al. [14] did not find an improvement with using CRPS in the

loss function. This difference in results could be due to differences in Generator

architecture. As Harris et al. [14] did not use noise injection, perhaps the generated

stochasticity was less suitable to optimisation with the CRPS metric.

All models considered in this study use a separation of spatial scales in the content

loss in an effort to address the double penalty problem inherent in the ill-conditioned

nature of climate downscaling. In our synthetic data experiments, we found that

partial frequency separation (PFS), as described in Annau et al. [3], resulted in well

calibrated output. However, this method did not perform as well in the realistic

setting of wind component downscaling, motivating consideration of the stochastic

sampling approach. Fundamentally, PFS and stochastic sampling have similar goals:

allowing the adversarial loss freedom to create small-scale features, while reward-

ing consistency between generated and conditioning fields at large scales. While

PFS achieves this by only sending low frequency information to the content loss, the

stochastic sampling approach applies the content loss function across an ensemble of
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stochastic realisations, thus “smoothing out” the smaller scale features of the gen-

erated fields. The stochastic sampling approach is likely more accurate than PFS

- instead of arbitrarily choosing a frequency for separation, the sample conditional

means define the transition from conditioning scales to sampling scales. Indeed, we

found that for downscaling wind components, stochastic sampling always outper-

formed models using PFS. A practical challenge with stochastic sampling is that

it uses more computational resources during training than PFS models, as each of

the stochastic realisations have to be used during backpropagation. Most notably,

stochastic sampling nearly doubled the amount of memory required during training,

and it increased training time by about 50% (using a stochastic batch size of six).

In practice, the choice of training approach will likely depend on the desired out-

come and computational resources available. While the stochastic sampling models

performed substantially better at capturing conditional and full distributions, they

only performed slightly better at capturing the spatial patterns of single conditioning

fields. Thus, if the goal is to produce downscaling without needing to capture condi-

tional variability, it may be prudent to use PFS and reduce training requirements. It

is of course possible that the improvement gained from using stochastic sampling on

capturing the conditional distributions will depend strongly on the fields being con-

sidered. It should be noted that we did not conduct formal hyperparameter tuning

in this study, and used similar values to those in Annau et al. [3]. While we believe

the architecture and setup are similar enough that these settings are reasonable, it

may be prudent to tune important hyperparameters with our stochastic framework.

Wind fields show a high level of spatial heterogeneity, which we expect is respon-

sible for the difficulties experienced by the FMAE
full model in capturing the conditional

variability. Our experiment with spatial heterogeneity showed that even with syn-

thetic data, increasing heterogeneity lead to increased underdispersion and bias in

conditional means. High heterogeneity will generally lead pixel-wise metrics to be

more sensitive - slight shifts in features from the truth fields will tend to result in poor

pixel-wise metrics compared to similar shifts in fields with low heterogeneity. Future

work could consider wind fields and other pertinent physical fields across areas with

different degrees of spatial heterogeneity. It will also be important to consider the

impact of stochasticity on temporal dependence. In the current framework, correla-

tions between timesteps are only introduced through the LR conditioning fields. Since

substantial stochasticity occurs at sub-grid scales, there is no mechanism for enforc-

ing consistency of small features between timesteps. Future research could adapt the
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network to include a recurrent architecture, such as the convolutional gated recurrent

unit used by Leinonen et al. [20].

It will also be important to properly account for temporal dependence of the gen-

erated realizations. In the current framework, correlations between timesteps are only

introduced through the LR conditioning fields. Since substantial stochasticity occurs

at sub-grid scales, there is no mechanism for enforcing consistency of small features

between timesteps. Future research could adapt the network to include a recurrent

architecture, such as the convolutional gated recurrent unit used by Leinonen et al.

[20]. It would also be interesting to incorporate temporal dependence into the injected

noise, although this approach may not lead to improved temporal dependence in the

final downscaled fields.

From a theoretical standpoint, stochastic downscaling is an appealing approach

as it provides a way to quantify the range of solutions to the underdetermined prob-

lem of climate downscaling. In addition, we have found that improved distributional

estimates lead to better representation of extreme events, both spatially and tempo-

rally. A model which is able to accurately sample from a distribution will sometimes

draw samples from the tails of the distribution, whereas models with substantial un-

derdispersion will tend to only sample from the conditional mean. Harris et al. [14]

found that their models were underdispersive when applied to extremes; it would

be interesting to see if the improvements made here could improve their analysis of

precipitation downscaling.

An important avenue for future research involves comparing stochastic downscal-

ing across different classes of deep-learning models. In particular, diffusion models

have recently been introduced to many applications, and recent research by Mardani

et al. [29] has shown impressive results using diffusion models for stochastic atmo-

spheric downscaling. While diffusion models have been favoured for being easier to

train than GANs, the Wasserstein GAN is a conceptually different approach to train-

ing, and in our experience shows excellent stability. While diffusion models may have

benefits over Wasserstein GANs (an in particular, may be able to address the slight

underdispersion we observed even in the final model), they are also substantially more

computationally intensive to train. For reference, the model developed in Mardani

et al. [29] took 21,504 GPU hour to train, while our GAN models only required about

36 hours. Depending on the situation, Wasserstein GANs may be more suitable due

to their relative efficiency.

Modelling extreme events is of utmost importance to climate adaptation, and these
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events are often more challenging to model than averages [39]. Infrastructure needs

to handle precipitation and wind extremes; most heat-related human health issues

occur during extreme heat waves [17]. Generally, statistical downscaling has not been

successful at capturing extreme events, and while dynamical downscaling can perform

better, it is too computationally intensive for some practical applications. Our study

has shown that by improving the ability of GANs to make distributional estimates,

we are able to obtain better estimates of extremes, both spatially and temporally,

often with a marginal increase in computational cost. Hence, deep-learning based

downscaling shows promise as a statistical downscaling strategy with the ability to

more accurately capture extremes. Further research will be required to determine

whether these results generalise to a non-stationary climate (e.g., across time periods).

If so, deep-learning downscaling could become an essential part of climate adaptation

for estimating future extremes.
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Chapter 3

Generative Adversarial Networks

for Deep Learning Downscaling of

Temperature, Humidity, and

Precipitation

3.1 Introduction

Accurate, local-scale climate information is essential support for societal efforts to

adapt to anthropogenic climate change. Earth System Models (ESMs) provide state-

of-the-art projections on a global scale, but at insufficient spatial resolution for local

planning [24]. Thus, downscaling - creating high-resolution climate information from

low-resolution, large-scale model output - is an important practical tool for planning

and decision making. Spatially and temporally high resolution fields of climate data

over large scales are important for many applications, including simulation of extreme

events at local scales [e.g. fires, floods, storms; 10], local infrastructure planning, and

extreme event attribution [41]. Unfortunately, accurate downscaling is often limited

by computational constraints. Ideally, we would like downscaling techniques to be

computationally efficient, accurate over regions with different climates, and capable

of capturing extremes. The latter requirement also suggests that we should be able

to generate ensembles of downscaled fields, to sample the full range of meteorological

states.

Strategies for downscaling coarse-resolution climate model simulations to regional
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scales can be broadly classified into dynamic downscaling and statistical downscaling.

Dynamical downscaling employs a limited-area numerical climate model to resolve

fine-scale features, driven by large-scale weather patterns from the low-resolution ESM

[37]. Statistical downscaling develops statistical relationships between low-resolution

(LR) and high-resolution (HR) climate variables, using a variety of strategies rang-

ing from simpler bias correction methods [28], to more complex methods using con-

structed analogs [1] or multivariate quantile mapping [6]. Both dynamical and statis-

tical downscaling approaches have strengths and weaknesses. Statistical downscaling

is generally much more computationally efficient than dynamical downscaling, but

can have limited capacity to downscale variables with complex dependence structures

and/or non-stationary evolution through time. Also, traditional statistical downscal-

ing usually requires observations to calibrate models properly.

Dynamical downscaling is necessary for capturing effects that violate the assump-

tion of temporal or spatial stationarity (e.g., elevation dependent warming) as it uses

physical models of the atmosphere. It can be implemented at multiple spatial scales,

and different classes of downscaling often lend themselves to different model specifica-

tions. Regional climate models (RCMs), a form of dynamic downscaling, have existed

for decades, and are usually used to downscale ESM or reanalysis products to a 20-40

km resolution. More recent convection-permitting models usually operate on a 1 - 4

km resolution, and have numerous advantages in representing fine-scale weather pat-

terns which could not otherwise be effectively captured, including lake effects, valley

effects on winds, valley inversions and elevational gradients in mountainous terrain

[23]. However, due to the computational expense of convection-permitting models,

they are of limited use for exploring climate change uncertainty, and are often not

practical for operational products.

Over the past few years, deep learning has been introduced as a new statistical

downscaling strategy which can potentially capitalise on the benefits of both tradi-

tional statistical and dynamical downscaling. Specifically, deep neural networks can

be trained on HR output from dynamical downscaling, and the network learns to

emulate the dynamical downscaling, given a suite of LR climate information. So far,

deep-learning methods have demonstrated potential for creating downscaled fields of

similar quality to dynamical methods, but with the efficiency of standard statisti-

cal methods [31]. The deep-learning downscaling we present in this paper attempts

to emulate the results of convection-permitting models, downscaling to high spatial

resolution at hourly timesteps.
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An inherent challenge with downscaling of any form is its underdetermined nature.

A set of LR climate fields does not have sufficient information to fully specify a sin-

gle corresponding HR field; rather, there exists a conditional distribution of possible

HR fields that are physically consistent with the LR input. In order to quantify the

uncertainty inherent in the downscaling process, it is necessary to sample multiple

realisations from this conditional distribution. In a dynamic downscaling context,

sampling from the HR conditional distribution is theoretically simple, since each new

run with slightly different initial conditions will create different realisations. However,

dynamical downscaling to convection-permitting scales is generally too computation-

ally expensive to allow more than one run. In traditional statistical downscaling

methods, the probabilistic nature has to be parametrically modeled. A simple exam-

ple of this would involve sampling from the error distribution of a linear regression.

While there are a growing number of probabilistic downscaling techniques that allow

sampling from the conditional HR distribution [e.g., 11], most deep-learning down-

scaling to date has not been explicitly probabilistic. However, recent research in

Chapter 2, and by Leinonen et al. [20], Harris et al. [14] has worked on creating fully

probabilistic models which can sample multiple realisations from the HR conditional

distribution, conditional on the LR climate input fields. This study further explores

the applications of stochastic deep-learning downscaling.

Most of the recent research in generative deep learning based downscaling has

employed conditional Wasserstein Generative Adversarial Networks (GANs). GANs,

first introduced by Goodfellow et al. [13], adapted into a conditional version by Mirza

and Osindero [30] and adapted to the Wasserstein GAN (wGAN) by Arjovsky et al.

[4], contain two deep convolutional networks, the Generator and the Critic. During

training, these networks compete; the Generator tries to fool the Critic by producing

output similar to the training data, and the Critic assesses the distributional similarity

of the generated output compared to the training data. In the wGAN, the Critic

estimates the Wasserstein distance between the distribution of generated samples,

and the distribution of training data. Theoretically, the GAN will learn to sample

from the conditional distribution of the HR variables, conditioned on the LR fields.

Annau et al. [3] developed a GAN framework which produced accurate downscaling

of wind components. Chapter 2 adapted this framework to be stochastic, allowing the

GAN to sample multiple realisations from the learned conditional distribution. Our

research showed that when applied to downscaling wind components, the stochastic

GAN was well calibrated and was better at predicting extremes. This current work
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uses the stochastic GAN framework developed in Chapter 2.

While substantial research has investigated GAN downscaling, there are multiple

questions that should be addressed prior to use in an operational setting. First, most

studies to date have focused on downscaling single variables. Many studies [e.g.,

14, 20, 31] have focused on precipitation, and Annau et al. [3] and Chapter 2 focused

solely on downscaling wind components. However, operational downscaling is often

required to provide a suite of variables. Temperature, humidity, precipitation, and

wind are essential variables for a broad range of applications including fire weather,

hydrology, ecology, and urban planning. The stochastic GAN developed in Chapter 2

produced accurate downscaling of wind components, but its ability to extend to other

variables has not previously been assessed. Multiple studies [14, 20] have shown that

GANs can struggle to capture extreme precipitation events, a task which is crucial for

adaptation planning [12]. Our research in Chapter 2 found that the stochastic GAN

was better at capturing extremes in wind components than an equivalent deterministic

model. Since many traditional statistical downscaling methods succeed for means, but

struggle to capture extremes, it will be important to ascertain the extent to which

GAN downscaling can capture important extremes.

Downscaling of multiple climate variables invites the possibility of using fully

multivariate GANs, where multiple variables are predicted from one model. Such

an approach could improve measures of dependence structures between variables, es-

pecially at small scales. While some dependence between variables will be inherited

from the LR conditioning fields, multivariate models may be able to create correct de-

pendence of fine-scale generated features, leading to improved consistency. However,

most studies so far have only used univariate GANs [14, 20, 31], and while Annau

et al. [3] and Chapter 2 showed success with multivariate downscaling of wind compo-

nents, it is uncertain what the costs and benefits of multivariate prediction might be

when extended to more variables. Wind components are very closely physically linked

with similar distributions and dependence structures, so are not a challenging mul-

tivariate downscaling problem. From an operational perspective, multivariate GAN

downscaling is desirable, as it decreases the number of models requiring training.

Commonly, GANs used in downscaling research input all the conditioning infor-

mation (i.e., covariates) at LR. While this is necessary for variables coming from LR

models, there is often pertinent surface information (such as topography) available

at high resolution. Intuitively, providing surface information at a higher resolution

should improve the performance of the model. However this hypothesis has not been
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systematically tested, and it requires adjusting the architecture of the Generator net-

work from that using only LR covariates. Harris et al. [14] included HR topography

information by first convolving it down to LR and then concatenating with the cli-

mate variables - essentially trying to fit more information into the LR architecture.

Chapter 2 used a different approach with two parallel Generator streams for covari-

ates of different resolution. It is important to assess how these architectural changes

impact the results.

Most studies investigating GAN downscaling use relatively small domains for com-

putational reasons, and the portability of GAN frameworks over large spatial regions

has yet to be assessed. Applying GAN downscaling over large contiguous areas poses

many challenges. Computational constraints aside, it is necessary to assess how well a

GAN framework (i.e., the model architecture and training method) developed in one

region performs in other locations, as most research to-date has developed and tested

GAN frameworks in a single region. Showing that a GAN framework can succeed in

multiple locations is a first step to developing models capable of downscaling large

regions.

This current study aims to address these questions and investigate the applicability

of stochastic GANs to future operational downscaling. Specifically, we apply the

stochastic GAN framework to temperature, humidity, precipitation, as well as both

wind components. Initial analyses are conducted in the region of complex topography

in southwest British Columbia (including Vancouver Island, the Coast Mountains, and

the Interior Plateau) considered in Chapter 2. We then investigate the advantages

and disadvantages of univariate versus multivariate prediction, and assess the utility

of providing HR topography to the GAN. Finally, we test the GAN framework on

all five variables in a second region in Northeastern British Columbia and Alberta (a

region with relatively flat topography) and assess the performance of the stochastic

GAN framework developed in Chapter 2.

3.2 Methods

All GANs in this paper use the same basic structure. We train the models on paired

sets of LR conditioning fields (covariates), time-invariant HR surface features, and

HR truth fields. The GAN then learns a mapping to the HR fields from the input

covariates. For consistency, we keep the same resolution and size of fields across all

models: HR domains are 128 x 128 pixels (corresponding to approximately 270 x 450
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km or 4◦ x 4◦), and LR domains are 16x16 pixels, corresponding to a downscaling

factor of eight.

3.2.1 Data

A natural use of GANs in a downscaling setting involves training on paired HR

regional weather model output and LR ESM or reanalysis data. We follow this ap-

proach, using ERA5 reanalysis variables as the LR predictors, and Weather Research

and Forecasting (WRF) model output over a Western Canada domain [21] as the

paired HR training data. The WRF model is a state-of-the-art numerical weather

model, designed for convection-permitting scale (3-4 km) forecasts. This specific

WRF run was driven by ERA-interim, covers all of British Columbia, and has a 4

km grid-size resolution. We used ERA5 as the paired LR data since it provided a

broader suite of covariates than ERA-interim, and is a state of the art reanalysis

product. Although there will be some differences between ERA5 and ERA-Iterim,

they represent the same realisation of the climate system so it is reasonable to use

ERA5 as the paired LR dataset. However, it is important to note that in this down-

scaling scenario, where HR and LR data each come from separate models, there will

be biases on common scales between the WRF output and the ERA5 conditioning

fields. In addition, the WRF model generates internal variability, which will also

cause differences between models on common scales. Thus, a successful GAN must

learn to bias correct ERA5 to WRF as well as downscale.

All GANs use a subset of nine LR covariates: temperature (2m), specific humidity

(2m), relative humidity, precipitation, wind components (10m), convective available

potential energy (CAPE), surface evaporation, and surface pressure. Table 3.1 lists

the suite of covariates used for each experiment. We also include HR topography as

an invariant field in all experiments. For the majority of our analyses, we consider

a rectangular region in Southwestern BC, Canada (49◦ to 53◦ N, 122◦ to 126◦ W;

henceforth called the Southwest region), as its topographic complexity represents a

realistically challenging downscaling scenario (figure 3.1). Chapter 2 tested stochastic

GANs for downscaling wind components in this region; we extend the analysis to

downscale temperature, specific humidity, and precipitation. As is common in deep

learning we standardise all variables to mean zero and unit standard deviation prior

to training using a spatially and temporally invariant time-space mean and standard

deviation for each variable.
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Table 3.1: List of covariates used for each experiment.
Experiments LR Covariates HR Covariates
Univariate Temperature and Hu-
midity

zonal wind, meridional wind, tem-
perature, spec.humidity, relative
humidity, pressure, evaporation

topography

Univariate Precipitation, Multi-
variate, HR Topography

zonal wind, meridional wind, tem-
perature, spec.humidity, precip-
itation, relative humidity, pres-
sure, evaporation, CAPE

topography

Northeast Region Wind, Temper-
ature, Humidity

zonal wind, meridional wind, tem-
perature, spec.humidity, precipi-
tation, pressure, CAPE

topography

Northeast Region Precipitation zonal wind, meridional wind, tem-
perature, spec.humidity, precipi-
tation, pressure, CAPE

topography, land
use index

To investigate the performance of this GAN framework in different regions, we

also investigate a second region in the northeast of BC and the northwest of Alberta

(the Northeast region), which in contrast to the Southwest region has flat topography

and is influenced by different weather processes. We also investigate using a land use

index, which includes information about water bodies and surface vegetation, as a

second HR invariant field.

3.2.2 Model

We use the Wasserstein GAN introduced by Arjovsky et al. [4], where the Critic es-

timates the Wasserstein distance between the generated and training samples. Com-

pared to the original GAN formulation, the Wasserstein GAN addresses many com-

mon challenges related to vanishing gradients and training instability [9]. Intuitively,

the Wasserstein distance represents the work required to transform one distribution

to another, and is a distance metric between the distributions. In our case, the

Wasserstein distance estimates the distance between the high-dimensional distribu-

tions of the training data and the generated output. During training, the Generator

attempts to minimize the Wasserstein distance between the generated fields and the

training data, thus increasing the distributional similarity between them. Meanwhile,

the Critic refines its estimation of the Wasserstein distance, and is able to better

characterise differences between generated and truth fields.

One appealing aspect of GANs compared to more standard Convolutional Neu-
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Figure 3.1: Maps of study areas, showing (from left to right) study area locations
relative to British Columbia and Alberta, and topographic relief of both regions. For
the Southwest Region panel: 1 = Vancouver Island, 2 = Georgia Straight, 3 = Coast
Mountains, and 4 = Interior Plateau.
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ral Networks, especially for climate downscaling, is that they do not solely rely on

a deterministic pixel-wise error metric as the loss function. Since downscaling is an

underdetermined problem, using a deterministic pixelwise metric such as mean ab-

solute error can overly constrain models by forcing them to match the training data

too closely, a phenomenon known as the double-penalty problem. In such cases, the

model will often converge on the conditional median, producing blurry output. In

contrast, the adversarial loss calculated by the GAN’s Critic network (in our case,

the Wasserstein distance) is not a deterministic pixel-wise metric, and aims for con-

vergence in distribution, which is a desireable property. However, Wang et al. [43]

showed that only using the adversarial loss in the Generator training procedure often

leads to unstable training and poor convergence of large-scale structures. They sug-

gested adding a pixel-wise loss back in as the content loss, to reward convergence in

realisation at large-scales. We follow this approach, and our Generator loss function is

composed of both the adversarial loss, and a pixel-wise content loss. A more detailed

discussed of this issue is presented in Annau et al. [3].

This study uses the stochastic GAN architecture developed in Chapter 2, which

was based on the deterministic GAN described in Annau et al. [3]. The architecture

makes extensive use of convolutional layers, which are designed to extract representa-

tive features from images [22]. In the Generator network, we use Residual in Residual

Dense Blocks (RRDB), which contain stacked convolutional layers followed by leaky

rectified linear units to add non-linearity. For upsampling, we use three pixel-shuffle

blocks [36]. Following Chapter 2, we inject Gaussian noise fields into the convolutional

filters inside each RRDB. We also include a HR input stream to allow inclusion of HR

covariates such as topography. This stream uses the same structure of RRDB as that

of the LR inputs, but skips the upsampling step. Once the upsampling has occurred

on the LR stream, all inputs have the same dimension, and are concatenated. We

also include all covariates as inputs to the Critic network, using a LR input stream for

the LR covariates. Intuitively, including the conditioning information should allow

the Critic to better estimate the conditional distributions.

Unless otherwise specified, all models presented in this study use the model found

to perform best in Chapter 2, with stochastic sampling and cumulative ranked prob-

ability score (CRPS) as a content loss. Stochastic sampling, adapted from Harris

et al. [14] creates multiple realisations of each training sample, and computes the

content loss across these realisations. CRPS is a probabilistic measure, so its use in

training emphasizes convergence in distributions. As our aim is to sample from the
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HR conditional distributions, it is natural to use a probabilistic metric.

3.2.3 Training

We trained individual models for each of temperature, specific humidity, and precip-

itation using the framework described above. We used two years of hourly data as a

training set (2003 and 2006), and one year as an out-of-sample test set (2005). Initial

tests showed that model performance on the test set did not improve substantially

using more than two years of training data, so we chose this size for computational

efficiency. Models were trained until metrics on the test dataset stabilised (≤ 250

epochs). We then saved the Generator from the final epoch for analysis. Multivariate

models for predicting all variables were trained in a similar way, with the HR training

data created by stacking the individual variables as separate channels. We trained all

models on an NVIDIA RTX 4090 GPU; models took on average 48 hours to train.

In Chapter 2, we found that the stochastic GAN was better able to capture

wind component extremes (i.e., the tails of the distribution) than the determinstic

GAN. A common challenge with precipitation downscaling is underestimation of high-

precipitation events [18]. As a point of comparison we created a deterministic GAN

similar to that considered in Annau et al. [3] by removing the noise injection from the

convolutional layers in the Generator and using mean absolute error as the content

loss metric.

3.2.4 HR Topography

To test the importance of including HR topography as an input to the network, we

trained models using a) HR topography, b) LR topography interpolated to the HR

grid, and c) LR topography. The LR interpolated topography experiment was done as

a control for network architecture - we kept the Generator architecture identical, but

fed the network LR information. To create the LR topography model, we adjusted the

Generator network by including an upsampling block in the topography stream. We

chose this strategy to keep the network architecture as consistent as possible between

experiments.



45

3.2.5 Analysis and Quality Metrics

Quality assessment in image generation problems often poses a challenge, because

there are multiple, often competing, metrics that could be used. Commonly used

metrics assess pixelwise error of realisations, and while these are useful, they can

overly-penalise underdetermined downscaling results due to the double penalty prob-

lem. Thus, it is generally better to compare statistics of the generated fields and

truth fields from the test set, instead of comparing individual realisations. Pixelwise

comparisons of distributions (e.g., medians and quantiles) are simple and easy to in-

terpret examples of such comparisons. However, these metrics on their own do not tell

a complete picture. It is often important to know how well spatial structures across

different scales (i.e., textures) match between the generated and truth fields. For this

task, we used a Radially Averaged Spectral Power metric (RASP), which calculates

the discrete 2D spectral power spectrum and averages power over all angles from the

centre of wavenumber zero. For ease of interpretation, we normalise the power at

each wavenumber to the corresponding power in the truth field. Normalised RASP

values greater than one then represent too much spatial variance at the given scale,

while values less than one represent too little.

The metrics described above investigate the quality of the full distribution P (HR).

Especially with a stochastic GAN, it is also important to investigate the conditional

distribution, P (HR|LR). These two distributions are related through

p(HR) =

∫
p(HR|LR)p(LR) dLR ≈ 1

n

∑
k∈LR

p(HR|LRk). (3.1)

As it is not usually possible to access multiple realisations of the same truth field, an

ensemble of stochastic realisations have to be compared to a single truth field.To test

the stochastic calibration of the conditional distribution of generated fields, we used

CDFs of rank histograms calculated over one year of samples [40]. For a properly

calibrated model, the truth field should be indistinguishable from any of the generated

realisations, and thus the distribution of ranks of the truth value in the ensemble

values should be uniform. For ease of model comparison, we plotted CDFs of the

rank histograms, to avoid the sensitivity to histogram bin width. To investigate

the stochastic calibration of conditional distributions for specific sets of conditioning

fields, we also present rank histogram maps, where each pixel represent the rank of

the truth field out of the ensemble of generated values for that pixel.
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3.3 Results

In this section, we first investigate extension of GAN downscaling from wind compo-

nents to three other variables: temperature, humidity, and precipitation. As captur-

ing dependence between variables correctly is important, we then compare multivari-

ate and univariate downscaling. We then present a sensitivity analyses, showing the

benefits of using an HR stream in the Generator. Finally, we test spatial portability

of this GAN framework, by training and testing on a second region with different

topography and climate.

3.3.1 Univariate downscaling of temperature, humidity, and

precipitation

In this section, we assess the accuracy of univariate GAN downscaling for temperature,

humidity, and precipitation. For illustrative purposes, we chose two representative

hours that represent the 0.1 and 0.9 quantiles of domain averaged variables (e.g., a

cold and a warm hour for the whole domain) and show a pair off HR realisations.

We also show pixel-wise statistics across all timesteps, and compare PDFs of pixel

values.

Temperature downscaling generally performed well and succeeded in capturing

HR details (figure 3.2). HR realisations for the representative cold hour were often

slightly too cold in the Straight of Georgia and missed some fine-scale details in the

Northeast corner. Realisations for the warm hour showed excellent agreement with

the ground-truth, picking up stronger elevation gradients than the cold sample, es-

pecially in the Coast Mountains and the Interior Plateau in the Northeast. In these

two samples, the model was successful at capturing the more consistent temperature

of the ocean compared to the surrounding land, as well as sharp transitions between

the ocean and continent. Conditional standard deviation across ensemble members

for this pair of representative hours ranged from about 0.5 to 1.5 K, with lower values

in mountains and the Georgia Straight in the cold sample. Note that the conditional

standard deviation fields differ in non-trivial ways between hours, which is physically

reasonable but often difficult to achieve with classical parametric downscaling tech-

niques. Considering distributions of pixel-values by month, the PDF of generated

values closely matched the distribution of WRF values, for both January and July,

although with somewhat larger difference in January. Maps of pixel-wise quantile
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differences showed good calibration for the median and 0.99 quantiles, but more bias

in 0.01 quantiles. For the 0.01 quantile, the GAN underestimated values in the moun-

tains and ocean, and overestimated values in the Interior Plateau, with biases of up

to about 3 K.

Specific humidity downscaling was generally less accurate, although succeeded in

capturing spatial structure and general features (figure 3.3). In the dry hour espe-

cially, the model substantially underestimated the humidity over the Georgia Straight

in most realisations, and while it did predict higher humidity at lower elevations (e.g.,

within valleys), these were not as clear as in the WRF fields. In the moist case, while

humidity values across the field matched well with WRF, there were localised biases

- most realisations showed a dry bias on the Eastern side of the field.

Conditional standard deviation showed a moderate degree of variation between

realisations, usually ranging from 8-12% of the deviation in the fields. Unsurprisingly,

conditional standard deviation was much lower for the dry case than the moist case.

The moist case showed low variability over the ocean, but relatively high variability

in the mountains near the coast. Distributions of pixel values for January and July

were substantially more biased than with temperature, especially for July, where the

PDF of generated values were underdispersive.

Pixelwise 0.01 quantiles showed that the models had a postive bias at the low

tail of the humidity distribution through most of the field, except in the Straight of

Georgia, where quantiles were systematically underestimated. Truth and generated

median fields were similar, but showed a slight underestimation across the field. For

0.99 quantiles the models generally underestimated humidity, except on the tops of

mountains. The most severe biases were up to about 20% of the variability within a

single field.

The GAN performed well at downscaling precipitation (figure 3.4). Compared to

temperature and specific humidity, there was substantial diversity between realisa-

tions for a given set of conditioning fields. This is consistent with expectations for

sampling from the conditional distribution of HR precipitation. The light-rain hour

especially showed a large degree of variation between realisations, as indicated by

the high conditional standard deviation. The heavy rain hour also showed a large

conditional standard deviation, although not so large in relative terms as the dry

hour.

As pixel value distributions were very similar in January and July, we combined

them in a single PDF. Generated and WRF distributions matched well, although the
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Figure 3.2: Evaluation of univariate GAN downscaling of temperature for the South-
west study area. Top two rows show respectively an example cold and warm sample,
with the WRF field, LR conditioning field, two stochastic realisations, and the con-
ditional pixel-wise standard deviations across 100 ensemble members. The third row
shows 0.01, 0.5, and 0.99 quantiles over 3000 random samples from the generated
fields, and the bottom row shows the corresponding quantile differences relative to
the ground truth (truth - generated). The left-bottom panel shows overall PDFs
(across space and time) of pixel values for January samples (solid) and July samples
(dashed).
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Figure 3.3: Evaluation of univariate GAN downscaling of specific humidity for the
Southwest study area. Top two rows show respectively an example dry and moist
sample, with the WRF field, LR conditioning field, two stochastic realisations, and
the conditional pixel-wise standard deviations across 100 ensemble members. The
third row shows 0.01, 0.5, and 0.99 quantiles over 3000 random samples from the
generated fields, and the bottom row shows the corresponding quantile differences
relative to the ground truth (truth - generated). The left-bottom panel shows overall
PDFs (across space and time) of pixel values for January samples (solid) and July
samples (dashed).
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GAN underestimated extreme precipitation events, and slightly underestimated driz-

zle. This underestimation of heavy precipitation was also apparent in the pixelwise

quantile difference maps, which showed very slight underestimation for 0.01 and 0.5

quantiles, but larger underestimation of 0.99 quantiles.

A common challenge with precipitation downscaling is the creation of drizzle on

samples with no precipitation in the conditioning fields. The GAN did not experience

this challenge; in general, realisations of dry timesteps did not show any precipitation.

Thus, for futher analysis, we excluded any timesteps that had zero precipitation in

the WRF ground truth fields.

We found that covariate choice was especially important for precipitation. Initial

precipitation models, which only included LR precipitation, temperature, evapora-

tion, and surface pressure produced fuzzy and biased downscaled fields. Addition

of CAPE and wind components substantially improved results. There was no ob-

vious difference in downscaling accuracy for temperature with the addition of these

covariates, and only slight improvements for humidity.

Stochastic GANs did a much better job of capturing extreme precipitation than

equivalent deterministic models (figure 3.5). While both models slightly underesti-

mated the probability of high precipitation compared to WRF, the stochastic model

matched the distribution of the WRF data well, while the deterministic model did

not predict any precipitation rate values > 18 mm/h. Both models show a low-

precipitation bias for light precipitation (< 2.5 mm/h).

All three variables showed similar spectral power to WRF fields (figure 3.6). Me-

dian RASP estimates for generated fields showed good overall agreement with corre-

sponding WRF estimates, particularly for temperature, with a slight systematic low

power bias in general for humidity. Precipitation also showed good spectral calibra-

tion across most scales, but had a high-power bias at high wavenumbers, correspond-

ing to an overabundance of near grid-scale features. Precipitation RASP ratios also

displayed much more variability between samples than temperature or humidity.

Rank histograms for temperature and humidity aggregated across timesteps showed

minor underdispersion of conditional distributions, and precipitation showed under-

estimation of high values (figure 3.7a). These results were consistent with rank his-

togram maps we used to investigate the calibration of conditional distributions for

individual cases (representative of 0.01, 0.5, and 0.99 quantiles across the the whole

test set). While these cases represent individual snapshots, they are broadly rep-

resentative of patterns in those quantiles (figure 3.7b). All variables showed slight
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Figure 3.4: Evaluation of univariate GAN downscaling of precipitation for the South-
west study area. Top two rows show respectively an example light rain and heavy rain
sample, with the WRF field, LR conditioning field, two stochastic realisations, and
the conditional pixel-wise standard deviations across 100 ensemble members. The
third row shows 0.01, 0.5, and 0.99 quantiles over 3000 random samples from the gen-
erated fields, and the bottom row shows the corresponding quantile differences (truth
- generated). The left-bottom panel shows overall PDFs of pixel values for months
January to July combined. Crosses indicate the location of 0.01, 0.5, and 0.99 quan-
tiles. All timesteps that had zero precipitation in the WRF field were removed prior
to analysis.
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Figure 3.5: PDFs of pixel values for precipitation fields, comparing WRF, determinis-
tic generated, and stochastic generated. Distributions were estimated from all pixels
of one year of hourly samples. Note the y-axis is shown on a log scale. Vertical line
shows 0.999 quantile.

Figure 3.6: RASP metric for the three variables, with spectral powers standardised to
ground truth fields. Ratios are calculated separately for each HR truth field out 1200
randomly selected fields, providing a range of estimates of spectral power. Solid lines
show median spectral power ratios, shaded region show inter-quartile range. Dashed
line indicates the scale of the LR gridsize.
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Figure 3.7: a) CDF of rank histograms showing stochastic calibration of conditional
distributions for univariate models of temperature, specific humidity, and precipi-
tation. Rank histograms were calculated across 100 randomly selected conditioning
fields, with 100 HR realisations of each. Dashed line shows reference uniform CDF. b)
Rank histogram maps for individual cases, representing 0.01, 0.5, and 0.99 quantiles
of the dataset, showing the rank of the WRF pixel compared to an ensemble of 100
realisations.

underdispersion, with ranks concentrated at either end of the scale instead of being

uniformly distributed across possible ranks. Temperature showed good calibration

for the median and 0.99 quantile sample, but a cold bias over most of the range

for the 0.01 quantile sample. Specific humidity showed the most consistent under-

dispersion, especially in the 0.01 and median samples. Precipitation generally was

better calibrated, but showed some underestimation in areas that typically had high

precipitation.

3.3.2 Multivariate Prediction

As expected, multivariate GANs predicting temperature, humidity, precipitation and

wind components better represented dependence structures between pairs of down-

scaled variables (table 3.2). We used normalised mutual information (MI) scores to

assess dependence; MI is a measure of mutual dependence between two variables. We
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normalised it as follows:

MInorm = 1− e−2MI

which is the equivalent of R2 for non-Gaussian variables [8].

Particularly for temperature and humidity, pairs of variables from the univari-

ate model had much lower mutual information scores than those from the WRF,

indicating a bias in the modelling of dependence. Mutual information scores for

multivariate-predicted variables were slightly lower but close to WRF scores, with

one exception. Temperature and precipitation was the only pair of variables where

the multivariate model had higher mutual information scores than the corresponding

WRF variables.

Table 3.2: Normalised mutual information scores between pairs of variables for mul-
tivariate prediction, univariate prediction, and WRF. Scores were calculated for each
of 600 randomly selected timesteps and averaged.

Variable 1 Variable 2 Multivariate Univariate WRF
Temp Precip 0.364 0.296 0.312
Humid Precip 0.338 0.298 0.343
Humid Temp 0.850 0.699 0.870

While measures of dependence generally improved, marginal statistics and indi-

vidual realisations of generated fields were worse with the full multivariate model.

For temperature, humidity, and precipitation, marginal statistics generated from the

full multivariate model were evidently fuzzier than those from univariate models (fig-

ure 3.8). For example, the 0.99 quantile fields of multivariate predictions showed

much worse accuracy than univariate predictions (particulary for precipitation and

humidity). Humidity showed the most severe bias, missing many fine-scale details.

Precipitation, while capturing the general patterns of the marginal statistics, did

not capture the high-precipitation values with the multivariate model. Individual

realisations from the multivariate model showed substantial differences in values and

textures compared to those from the univariate model (figure 3.9). Particularly for

humidity, realisations from the multivariate model were very fuzzy, displaying a low

power bias at large scales and a high power bias at near-grid scales.

A possible reason for the relatively poor performance of the multivariate model is

the inclusion of precipitation. Precipitation has a very different spatial structure to

the other variables, and the singe set of convolutional filters may not succeed in cap-

turing all variables well. We thus tested a multivariate model without precipitation.
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Figure 3.8: Marginal 0.99 quantiles for generated temperature, specific humidity,
and precipitation fields, using full multivariate prediction, multivariate prediction
without precipitation, and univariate prediction. Quantiles were calculated using
3000 randomly selected timesteps, with one realisation for each timestep.

Results from this model showed improved quality, but resulting downscaled fields and

marginal statistics were still fuzzier than those from the univariate model. The fuzzi-

ness is especially apparent on the Coast Mountains, where the no-precipitation model

does not capture sharp gradients well. Marginal statistics of humidity showed traces

of the convolutional filter for both multivariate models. Presence of filter artifacts

indicates a poorly performing model, which has not converged. Notably, there are no

filter artifacts evident in either marginal statistics or realisations from the univariate

models.

Power spectra of all variables showed larger bias for multivariate models com-

pared to univariate models, with the no-precipitation model in between (figure 3.10).

Precipitation showed a substantial low-power bias across most wavenumbers in the

full multivariate model, at many wavenumbers capturing only 25% of the power of
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Figure 3.9: Realisations from a single representative timestep in September from
the test set for temperature, specific humidity, and precipitation fields, using full
multivariate prediction, multivariate prediction without precipitation, and univariate
prediction.



57

Figure 3.10: Median and IQR RASP for precipitation, specific humidity, tempera-
ture, and meridional wind fields, using multivariate, no-precipitation, and univariate
models. Spectral powers are standardised to ground truth fields, and metrics are
calculated across 1200 randomly selected fields.

the WRF field. Humidity and temperature showed large high-power biases at high

wavenumbers in both multivariate models, although to a lesser degree in the no-

precipitation model, corresponding to the fuzziness observed in figure 3.9. For hu-

midity, both multivariate models also showed a spike in power at wavenumber 32,

corresponding to the size of the convolutional filters. Both zonal and meridional

wind components showed low-power biases throughout most wavenumbers in the full

multivariate model, and high-power biases at high wavenumbers.

3.3.3 High-Resolution Topography

To assess the importance of including HR topography as a covariate, we compared

models with LR topography, HR topography, and LR topography interpolated to HR.

Considering variability across spatial scales for temperature, humidity and precipi-

tation showed that the HR and the interpolated topography both had more similar
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Figure 3.11: Median and IQR RASP for temperature, humidity, and precipitation
using HR topography, interpolated LR topography, and LR topography. Spectral
powers are standardised to ground truth fields, and metrics are calculated across
1200 randomly selected fields. Dashed line shows wavenumber corresponding to LR
grid size.

spectral power than the corresponding LR topography model (figure 3.11). The LR

topography model generally performed well a lower wavenumbers but showed a low-

power bias at high wavenumbers, for all variables. This low-power bias was more

severe for temperature and humidity; the LR model for precipitation showed a fairly

consistent low-power bias across wavenumbers, and did not increase power at high

wavenumbers as the HR models did. Interestingly, there was little systematic dif-

ference in spectral power between the HR model and the LR interpolated model,

suggesting that the architectural design of the network is more important than the

inclusion of HR information.

3.3.4 Portability in Space

Downscaling in the Northeast region was successful for certain variables, but was less

accurate than in the Southwest region (figure 3.12). Downscaling of wind components

showed similar quality to the Southwest region, whereas generated temperature and

humidity fields often showed substantial differences from WRF. This was especially

apparent for humidity, where generated fields were overly smooth and lacked many
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of the fine-scale details of WRF. Performance was particularly poor for precipitation;

generated fields often had entirely different structure than the WRF field. The fourth

row in figure 3.12 shows a representative sample of precipitation, with the generated

fields showing substantially different spatial structure than the WRF field.

In this region, most variables showed substantial differences in the large-scale

structure of the ERA5 field compared to the WRF field. These were especially appar-

ent for precipitation; for the sample in figure 3.12, the WRF field shows low-intensity

precipitation through much of the field, while the ERA5 field shows a concentrated

area of precipitation near the centre. To determine if this mismatch between the LR

and HR fields was responsible for the poor downscaling quality, we trained a model

where the LR precipitation field was created by coarsening the WRF field, resulting

in an unbiased large scale structure. This model produced substantially better down-

scaling, with generated precipitation patterns closely matching the WRF field (fifth

row of figure 3.12).

Covariate choice was especially important in this region. In particular, we found

that CAPE was an important covariate for all variables in this region, whereas in the

coastal region, CAPE only improved results for precipitation.

Stochastic calibration of conditional distributions was worse for temperature, hu-

midity and precipitation in the Northeast region than in the Southwest region (figure

3.13). Temperature and humidity both showed underdispersion, with many true sam-

ples falling outside the generated range, and precipitation was biased low, with many

true samples falling above the generated range. The idealized covariate precipitation

model had much better calibration than the standard precipitation model, and was

one of the best calibrated models overall. Calibration of spatial structure was also

much improved; RASP metrics were substantially closer to corresponding WRF fields,

and had lower variability (figure 3.15). Wind components showed similar calibration

to the Southwest location. RASP metrics for variables in the Northeast region showed

similar median values for humidity, temperature, and wind compared to the South-

west region, but had much larger inter-quantile ranges, representing more variability

in texture differences between samples (figure 3.14). Precipitation showed substan-

tial low-power bias across at low wavenumbers, and high power bias through most of

the range, where median power was typically 250% higher than corresponding WRF

power. This poor match in spatial structure between generated realisations and the

WRF field can be clearly seen in the fourth row of figure 3.12.

As alternative apporaches to address the biases in precipitation models for this
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Figure 3.12: Example realisations for the Northeastern region. Rows correspond to
variables, and the bottom row shows a second precipitation model with idealised LR
training data. Columns show, from left to right, WRF (i.e. ground truth), ERA5
(input conditioning field), three generated realisations, and the conditional standard
deviations across 500 realisations
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Figure 3.13: CDFs of rank histograms showing stochastic calibration of models in the
Northeastern region. Rank histograms were calculated across 100 randomly selected
conditioning fields, with 96 HR realisations of each. Dashed line shows reference
uniform CDF.

Figure 3.14: RASP metrics for humidity, precipitation, temperature, and meridional
wind in the Northeast region, showing median and inter-quartile ranges. Spectral
powers are standardised to ground truth fields, and metrics are calculated across
1200 randomly selected fields. Note that y-axis scales differ between plots.
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Figure 3.15: RASP metrics for four different precipitation model setups in the North-
east region, showing median and inter-quartile ranges. Spectral powers are standard-
ised to ground truth fields, and metrics are calculated across 1200 randomly selected
fields.

region, we trained a suite of models, which included a) adding an HR land use in-

dex, b) training on a larger region (224 x 224 pixels) and then analysing a subset of

the region, and c) removing all LR covariates from the Critic network (figure 3.15).

All models generated fields with reduced power bias than the standard precipitation

model. The models with HR land use and with the larger region both had substan-

tial low power biases across wavenumbers. The model without LR Critic covariates

showed good calibration of median power at moderate and high wavenumbers, but

still had a low power bias at lower wavenumbers and displayed a large amount of

variability between samples.

3.4 Discussion

This paper investigates practical considerations of applying the stochastic GAN frame-

work from Chapter 2 to operational downscaling applications. Specifically, we focus
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on extension of GANs to multiple climate variables, including the accuracy of multi-

variate prediction, and portability of the framework to different locations. We show

that the stochastic GAN framework can successfully downscale a suite of variables

over the complex terrain of Southwestern British Columbia. We then find that while

multivariate downscaling improves the dependence structures of downscaled variables,

it tends to decrease their individual quality. Finally, we show mixed success in the

Northeast region: models for temperature, humidity, and wind components produced

reasonable downscaled fields, but showed more bias compared to the Southwest region.

Precipitation models in particular struggled in this region, likely due to large-scale

differences between the LR and HR training data.

3.4.1 Extension to temperature, humidity, and precipitation

Overall, we found that the stochastic GAN successfully downscaled temperature, spe-

cific humidity, and precipitation in the Southwest region, although humidity showed

more bias in spatial structure than the other variables. Challenges with downscaling

humidity could be due to a variety of reasons. First, WRF humidity fields often

showed very sharp gradients around valleys, which the GAN often did not capture

fully. It may be that we did not include all relevant covariates; for example, it would

be interesting to add temporal pressure tendencies as a LR covariate, as changes in

pressure influence mesoscale thermal circulation.

Precipitation is an important variable, and is often more challenging to downscale

as it has a substantially different distribution than other variables. We found that the

stochastic GAN performed well at downscaling precipitation in the Southwest region,

and was much better at capturing extreme precipitation events than a deterministic

GAN. Since extremely heavy precipitation is likely to cause flooding and damage,

being able to capture it is important. This result supports our findings in Chapter

2, which showed that by sampling from the full HR distribution, the stochastic GAN

was better able to estimate wind component extremes.

Overall, the stochastic GAN framework performed much worse in the Northeast

region than in the Southwest region, suggesting that downscaling quality is domain

dependent. We discuss this issue in more detail below.
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3.4.2 Multivariate Prediction

Multivariate prediction led to improved dependence structure between dependent

variables, but decreased the accuracy of the generated variables. It seems reasonable

that for variables with strong dependence, multivariate prediction would lead to bet-

ter consistency, as it allows fine-scale variability to be harmonised between variables.

For temperature and humidity, multivariate models generated fields with mutual in-

formation scores closer to that of the WRF variables. However, variables generated

from the full multivariate model were noticeably more blurry, failed to capture fine

scale variability, and showed artifacts. Humidity was especially biased; the univariate

model was the only model able to recreate the fine-scale features around the Straight

of Georgia, and the full multivariate model created predictions still showing artifacts

of the convolutional filters. When we removed precipitation from the model and only

predicted wind components, temperature, and humidity, results were improved, but

still blurry. Precipitation has a very different distribution than the other variables;

it seems that trying to simultaneously predict variables with different distributions

in challenging. Perhaps since the convolutional filters being learned for each variable

are so different, the final result is an overall poorer compromise. However, it is in-

teresting that even with precipitation removed, generated fields were less accurate.

Using multivariate prediction with an otherwise fixed model architecture means that

there are fewer adjustable parameters that can be optimised specifically for a single

variable. We hypothesise that this may lead to decreased flexibility for the model to

adapt to specific variables. An interesting avenue of future research would investi-

gate whether adjusting the model architecture to improve flexibility could improve

multivariate prediction. For example, it may be beneficial to break the network into

separate branches before the final convolution block, one for each variable being pre-

dicted. It is also possible that some fine-scale dependence could be adding by using

the same noise fields for each variable in a univariate setting. In general, we advise

practitioners to use multivariate prediction for highly coupled variables (e.g., temper-

ature and humidity, wind components), and univariate prediction for less dependent

variables (e.g., precipitation), although in most cases the choice of univariate versus

multivariate prediction will be situation dependent.
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3.4.3 HR Topography

Including HR topography in the Generator improved spatial structures of generated

wind components, temperature, and humidity, particularly at high wavenumbers.

However, including LR interpolated topography produced downscaling of approxi-

mately similar quality, thus suggesting that network architecture may be more im-

portant than the topography resolution itself. Adding an HR input stream results in

a substantially larger network, with more learnable weights at HR scales, especially

since our architecture applies a RRDB to the HR input stream. Thus, even if the

input has the same information, difference in architecture and the increased network

size at the fine scales could allow the model to better capture fine scale details. It

is interesting to note that the GANs with HR topography seemed to stabilise faster

during training than the model with LR interpolated topography. This suggests that,

given the correct architecture, the model can learn HR details over time, but is aided

initially by having the HR information. For precipitation in the Northeast region,

we also found that including a second HR covariate (land use index) improved pre-

dictions. However, since this addition slightly altered the network architecture, it

is unclear whether the land use information itself was useful. Although adding a

HR stream to the Generator increases network size, we believe that the substantial

improvement in fine-scale structure makes this trade off worthwhile, and we suggest

including HR covariates when possible.

3.4.4 Portability in Space

Applying the stochastic GAN framework to the Northeast location had mixed suc-

cess. Generated wind components generally showed similarly high accuracy as in the

Southwest region. Generated fields of temperature and humidity were reasonable but

not as accurate, and precipitation models were poor, with generated fields showing

very different spatial structure than the WRF fields. We hypothesise that some of the

challenges in this region, especially with precipitation, were due to large differences

between WRF and ERA5 structures at common scales. It was visually apparent that

in many samples, the LR conditioning fields did not match the structure of the cor-

responding WRF fields, more so than in the Southwest domain. The idealised LR

precipitation model, where we created the LR conditioning fields by coarsening the

WRF fields, produced highly accurate downscaled fields, supporting our hypothesis

that this mismatch is a source of the degraded performance.
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Unfortunately, in a realistic setting it is generally not possible to have perfectly

matched LR and HR fields as they are created by different models (and the HR fields

for the prediction data do not exist). This will necessarily introduce differences due

to internal variability. However, there will also likely be large-scale biases between

datasets, of varying severity depending on the region. Some studies have already

investigated the challenge of large-scale biases between paired training data. Price and

Rasp [31] developed a GAN with two stages, the first to correct biases, and the second

to downscale. However, this approach is only applicable if biases are consistent across

samples. If biases change between samples, which we hypothesise is often true with

precipitation, it becomes a much more difficult problem. In regions with substantial

bias, it may be possible to train models using the idealised coarsened data, and then

predict using the biased LR dataset. While this technique would not perform any bias

correction and would likely be underdispersive, it could perform better at downscaling

than an unstable model. An initial investigation into this approach showed promise,

but a detailed analysis is beyond the scope of this thesis. Adjustments in model

architecture and input fields may also be useful in these biased situation. While none

of the precipitation models considered in the Northeast domain performed as well as

the idealised covariate model, we improved resulting spatial structure by removing

the LR fields as input to the Critic network. We hypothesise that if there is too great

a mismatch between HR and LR fields, providing the LR fields to the Critic hinders

its ability to estimate an accurate Wasserstein distance.

Covariate choice had a large effect on downscaling accuracy in the Northeast region

compared to the Southwest region. In the Northeast region, CAPE was important for

all variables, including wind components, while in the Southwest region, CAPE only

improved results for precipitation. This domain-dependence of variable importance

is similar to results of Annau et al. [3]. Since substantial fine-scale variability can

result from convection, especially in inland regions, it makes sense that CAPE is

an important variable in the Northeast region. In general, different suites of LR

covariates will be needed depending on the downscaling region. Therefore, to obtain

accurate downscalings over large areas, it will likely be necessary to include more

covariates than required for any particular smaller region, as all subdomains will

require the covariates important for their specific weather patterns. We did not use

a formal process for selecting final covariate sets in this study; decisions were based

on physical reasoning and preliminary results using the training data. It may be

worthwhile to apply a more structured variable selection technique in future studies.
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3.5 Conclusions

It is becoming increasingly common for governments, industries, and other organisa-

tions to use downscaled climate data for modeling, planning, and adaptation purposes.

Most of downscaled products easily available do a poor job at capturing climatic

extremes, which are often the most important [5]. Deep-learning downscaling is a

promising method for improving this challenge, as it provides a computationally ef-

ficient way of downscaling LR model output to convection-permitting scales. While

substantial research has occurred in this field recently, deep-learning downscaling has

not be been used in a large operational setting. This paper addresses some of the

challenges inherent in applying GAN based downscaling operationally. We show that

the stochastic GAN framework can be extended to a suite of important variables

and successfully represents the near extremes (0.01 and 0.99 quantiles) of their dis-

tributions. We then find that multivariate prediction improves dependence between

variables but decreases accuracy, and that while the framework which is effective

for Southwest British Columbia can be applied to a different region, there are some

challenges related to large-scale mismatch between HR and LR fields. A final step

required for operational GANs will involve overcoming the computational challenges

linked to training on large spatial regions. Tiling methods, which have been applied

in other deep-learning and computer vision settings, will be an important avenue of

future research.
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Chapter 4

Conclusions

This thesis presents two projects, both aiming to improve GAN-based downscaling of

climate variables. While GANs have shown success at downscaling climate variables,

most research to date has been deterministic, and thus not easily able to capture the

variability inherent in the downscaling process. To this end, I developed a stochas-

tic GAN framework, where by injecting noise directly into the layers of the neural

network, and adjusting the training metric to include a probabilistic loss function, I

enabled the model to sample multiple realisations from a conditional HR distribution.

In Chapter 2, I showed with synthetic data that this method of noise injection cre-

ated a better calibrated model compared to the more standard method of including

noise as a covariate. In other words, the model was better at sampling realisations

from the full distribution, instead of only drawing from the centre of the distribution

– a common challenge with GANs. Testing the new stochastic GAN on a realistic

setting of downscaling wind components, I then showed that the stochastic GAN

performed better at quantifying extremes than the deterministic models. Being able

to accurately predict local-scale climate extremes is of crucial importance to climate

adaptation.

Although substantial research has investigated GANs as a method of climate

downscaling, there are various questions to be addressed prior to its use in an opera-

tional setting. My second manuscript, presented here in Chapter 3, investigates some

of these. I found that for most situations, the stochastic GAN framework could be

successfully applied to a suite of important variables (temperature, humidity, precip-

itation, and wind components) while improving estimates of moderate extremes. I

then showed that while multivariate downscaling can improve dependence structures

between downscaled variables, it led to poorer accuracy overall, and should likely
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only be used on highly coupled variables. Finally, I tested the generalisability of the

stochastic GAN framework to a different spatial region, and found that while it main-

tained good performance for some variables, it failed for precipitation, partly due to

large-scale mismatches in the HR and LR training data.

Although predicting downscaled fields from a trained GAN is very computationally

efficient, training the models requires substantial computational resources, especially

GPU memory. Specifically, memory requirements increase substantially with increas-

ing domain size, and training a convection-permitting scale model for all of Canada

would not be possible with the setup I used in this thesis. However, the ability to

downscale contiguous large regions is crucial for many operational products. Tiling

methods, which have already shown success with GANs in medical applications, show

promise for addressing this challenge, and in my opinion, are the most important av-

enue for future research. Particularly, it will be important to develop tiling methods

that work in a stochastic setting without creating artifacts between tiles. In Chapter

2, I showed that downscaling accuracy was dependant on region; this will pose some

challenges for tiling, as the resulting downscaling may only be accurate in certain

locations. GAN generalisability over time will also be an important topic to study;

ideally, GANs could be trained on historic/current climates, and used to downscale

future LR projections (e.g., ESM output). However, the accuracy of this technique

is unknown due to the non-stationarity of the climate, and should be investigated

prior to operational use. Since ESMs will tend to show increased bias compared to

reanalysis products (which the GANs are trained on), downscaled fields of ESMs will

likely retain this bias.

Adding explicit time dependence to stochastic GANs will be important for en-

suring consistency between consecutive time steps. In the current setup, temporal

consistency is only maintained by the LR conditioning fields, meaning that small-scale

features may not be consistent in time. Leinonen et al. [20] showed that by including

a Convolutional Gated Recurrent Unit in the GAN, downscaled output showed con-

sistency at all scales. It will be interesting to try adding such a recurrent architecture

to the stochastic GAN developed here. Future research should also investigate the

sensitivity of the stochastic framework to variations in hyperparameters as I did not

perform a formal tuning step in this research. In particular, the learning rate of the

optimiser will likely effect model performance. Finally, improving the performance

of multivariate GANs will require further research. I believe a first step would in-

volve testing new Generator architectures with separate streams for each variable (or
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variables set) near the end of the network. Developing a multivariate GAN capa-

ble of producing accurate downscaled fields would help ensure consistency between

variables, and reduce computational requirements for training.

Even with a highly accurate GAN downscaling, many applications will require

post-processing of downscaled output prior to use. This research focuses on creating

a WRF emulator; my goal is to create a computationally efficient method for produc-

ing WRF-like output. Given that WRF does not use real world observations, WRF

output is often biased compared to observed climates, and requires post-processing

to reduce biases. Since the GAN models presented here treat WRF as the ground

truth, resulting downscaling will require at least as much bias correction as WRF

output. This post-downscaling bias correction is a crucial area of research, but sep-

arate from deep-learning emulation. Hopefully, the same bias correction techniques

developed for WRF can be used for GAN output. GANs can also be trained using

observational datasets (e.g., radar observations of precipitation, as in Harris et al.

[14]), in which case the resulting downscaled fields would not require bias correction

to the same extent. Our research into stochastic GANs should also be applicable to

such observational downscaling tasks.

Adaptation to anthropogenic climate change requires local-scale, accurate climate

data and projections. Particularly, knowledge of extremes is crucial for infrastructure,

crops, and conservation. This research shows that stochastic GANs could be a useful,

computationally efficient tool for downscaling LR data to local scales, especially since

they improve quantification of variability, and thus estimates of extremes. While

there is still research needed, we hope that this research paves a path for deep learning

downscaling to be used operationally in the near future.
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Appendix A

Supplementary Material

A.1 Model Parameters

A.2 Additional Figures

Parameter Value
Epochs 250

Batch Size 16
Optimiser Adam

Learning Rate 0.00025
Gradient Penalty Weight 10
Adversarial Loss Weight 0.01
Content Loss Weight 20

Critic Iterations/Generator Iteration 5

Table A.1: Parameter values for GAN training.
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Figure A.1: Evaluation of univariate GAN downscaling of zonal wind for the South-
west study area. Top two rows show respectively an example cold and warm sample,
with the WRF field, LR conditioning field, two stochastic realisations, and the con-
ditional pixel-wise standard deviations across 100 ensemble members. The third row
shows 0.01, 0.5, and 0.99 quantiles over 3000 random samples from the generated
fields, and the bottom row shows the corresponding quantile differences relative to
the ground truth (truth - generated). The left-bottom panel shows overall PDFs
(across space and time) of pixel values for January samples (solid) and July samples
(dashed).
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Figure A.2: Evaluation of univariate GAN downscaling of meridional wind for the
Southwest study area. Top two rows show respectively an example cold and warm
sample, with the WRF field, LR conditioning field, two stochastic realisations, and
the conditional pixel-wise standard deviations across 100 ensemble members. The
third row shows 0.01, 0.5, and 0.99 quantiles over 3000 random samples from the
generated fields, and the bottom row shows the corresponding quantile differences
relative to the ground truth (truth - generated). The left-bottom panel shows overall
PDFs (across space and time) of pixel values for January samples (solid) and July
samples (dashed).
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Figure A.3: Example meridional and zonal wind fields for coastal BC using the SMAE
full

model. First two rows show hours representative of 0.01 quantiles, middle two rows
show randomly selected hours from the full test set, and bottom rows show hours
representative of 0.99 quantiles. Columns show, from left to right, WRF (i.e. ground
truth), ERA5 (input conditioning field), three generated realisations, and the condi-
tional standard deviations across 500 realisations.



75

Figure A.4: Example meridional and zonal wind fields for coastal BC using the FMAE
full

model. First two rows show hours representative of 0.01 quantiles, middle two rows
show randomly selected hours from the full test set, and bottom rows show hours
representative of 0.99 quantiles. Columns show, from left to right, WRF (i.e. ground
truth), ERA5 (input conditioning field), three generated realisations, and the condi-
tional standard deviations across 500 realisations.
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Figure A.5: Example meridional and zonal wind fields for coastal BC using the FMAE
NC

model. First two rows show hours representative of 0.01 quantiles, middle two rows
show randomly selected hours from the full test set, and bottom rows show hours
representative of 0.99 quantiles. Columns show, from left to right, WRF (i.e. ground
truth), ERA5 (input conditioning field), three generated realisations, and the condi-
tional standard deviations across 500 realisations.
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Joaqúın Muñoz-Sabater, Julien Nicolas, Carole Peubey, Raluca Radu, Dinand

Schepers, et al. The ERA5 global reanalysis. Quarterly Journal of the Royal

Meteorological Society, 146(730):1999–2049, 2020.

[16] Zetao Jiang, Yongsong Huang, and Lirui Hu. Single image super-resolution:

Depthwise separable convolution super-resolution generative adversarial network.

Applied Sciences, 10(1):375, 2020.

[17] Josiah L Kephart, Brisa N Sánchez, Jeffrey Moore, Leah H Schinasi, Maryia

Bakhtsiyarava, Yang Ju, Nelson Gouveia, Waleska T Caiaffa, Iryna Dronova,

Saravanan Arunachalam, et al. City-level impact of extreme temperatures and

mortality in Latin America. Nature Medicine, 28(8):1700–1705, 2022.



79

[18] Bipin Kumar, Kaustubh Atey, Bhupendra Bahadur Singh, Rajib Chattopadhyay,

Nachiketa Acharya, Manmeet Singh, Ravi S Nanjundiah, and Suryachandra A

Rao. On the modern deep learning approaches for precipitation downscaling.

Earth Science Informatics, 16(2):1459–1472, 2023.

[19] Christian Ledig, Lucas Theis, Ferenc Huszár, Jose Caballero, Andrew Cunning-

ham, Alejandro Acosta, Andrew Aitken, Alykhan Tejani, Johannes Totz, Zehan

Wang, et al. Photo-realistic single image super-resolution using a generative ad-

versarial network. In Proceedings of the IEEE conference on computer vision and

pattern recognition, pages 4681–4690, 2017.

[20] Jussi Leinonen, Daniele Nerini, and Alexis Berne. Stochastic super-resolution

for downscaling time-evolving atmospheric fields with a generative adversarial

network. IEEE Transactions on Geoscience and Remote Sensing, 59(9):7211–

7223, 2020.

[21] Yanping Li, Zhenhua Li, Zhe Zhang, Liang Chen, Sopan Kurkute, Lucia Scaff,

and Xicai Pan. High-resolution regional climate modeling and projection over

western canada using a weather research forecasting model with a pseudo-global

warming approach. Hydrology and Earth System Sciences, 23(11):4635–4659,

2019.

[22] Zewen Li, Fan Liu, Wenjie Yang, Shouheng Peng, and Jun Zhou. A survey

of convolutional neural networks: analysis, applications, and prospects. IEEE

transactions on neural networks and learning systems, 33(12):6999–7019, 2021.
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