
1.  Introduction
Weather prediction and climate models are constantly evolving, and are generally considered to perform well for 
most applications. However, it is a well-recognized problem that precipitation events are imperfectly predicted 
(Applequist et al., 2002; Berrocal et al., 2008; Gascón et al., 2018; Sha et al., 2020). This is in part due to the 
low spatial resolution of the outputs of most models: global weather and climate models are produced on a much 
larger spatial scale than is typically required to accurately predict the finer structures and extremes of rainfall 
events (Adewoyin et al., 2021). Limitations of computational resources, numerical stability, and knowledge of 
initial conditions lead to constraints on model resolution such that most global numerical forecast models operate 
at roughly 10–80 km grid spacings, and are consequently only capable of resolving large-scale weather phenom-
ena, as well as a limited representation of small mesoscale atmospheric processes, topography, and land-sea 
distribution (D’Onofrio et al., 2014; Feser et al., 2011). When a major weather event hits some part of the world, 
devastating the local population, it is only days later that emergency relief is distributed (Palmer, 2020a, 2020b). 

Abstract  Despite continuous improvements, precipitation forecasts are still not as accurate and reliable 
as those of other meteorological variables. A major contributing factor to this is that several key processes 
affecting precipitation distribution and intensity occur below the resolved scale of global weather models. 
Generative adversarial networks (GANs) have been demonstrated by the computer vision community to 
be successful at super-resolution problems, that is, learning to add fine-scale structure to coarse images. 
Leinonen et al. (2020, https://doi.org/10.1109/TGRS.2020.3032790) previously applied a GAN to produce 
ensembles of reconstructed high-resolution atmospheric fields, given coarsened input data. In this paper, we 
demonstrate this approach can be extended to the more challenging problem of increasing the accuracy and 
resolution of comparatively low-resolution input from a weather forecasting model, using high-resolution 
radar measurements as a “ground truth.” The neural network must learn to add resolution and structure whilst 
accounting for non-negligible forecast error. We show that GANs and VAE-GANs can match the statistical 
properties of state-of-the-art pointwise post-processing methods whilst creating high-resolution, spatially 
coherent precipitation maps. Our model compares favorably to the best existing downscaling methods in 
both pixel-wise and pooled CRPS scores, power spectrum information and rank histograms (used to assess 
calibration). We test our models and show that they perform in a range of scenarios, including heavy rainfall.

Plain Language Summary  The processes that lead to precipitation (rainfall) happen on a very 
small scale. Weather forecast computer models work on much larger scales, so rainfall is often poorly predicted. 
In this paper, we develop a method that enhances the resolution of rainfall forecasts by a factor of 10, and 
makes the forecasts more accurate. We generate many samples of what the rainfall pattern could be, which 
gives an idea of the uncertainty in the forecast. Our method is based on machine learning and neural networks, 
which means that we use many past examples of weather forecasts, together with the rainfall that actually 
happened, and our method “automatically” learns how the forecasts can be improved. We use an existing idea 
called “Generative Adversarial Networks,” which has been used very successfully in image-related tasks, such 
as producing realistic higher-resolution images from low-resolution ones. Our task is similar to producing a 
high-resolution image from a low-resolution one, hence this approach is promising. Our method outperforms 
a variety of existing approaches, and even produces good predictions for the most extreme rainfall situations 
in our data set. These are the scenarios that cause the most real-world disruption, the most useful events to 
produce good forecasts for.
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The direct application of weather and climate model outputs to precipitation impact assessment is therefore inad-
equate (Yu et al., 2016), particularly for extreme rainfall and situations with significant small-scale variability, for 
example, in the presence of heterogeneous orography and along coastlines.

In weather and climate sciences, downscaling refers to an operation that infers high-resolution information 
from lower-resolution data. Confusingly, downsampling (upsampling) in machine learning refers to a reduction 
(increase) in the image resolution. In this paper we will discuss downscaling in a weather-related context, and 
upsampling in a computer vision or machine learning context. Downscaling is particularly important in precipita-
tion forecasting: the intensity of precipitation can vary considerably over short spatial scales (1 km or less), which 
is much lower than the typical resolution of global weather models. Increasing the resolution of precipitation 
forecasts is essential for assessing the potential impacts, particularly for extreme rainfall scenarios. Increasingly, 
stochastic downscaling techniques are applied to generate ensembles of possible small-scale rainfall fields from 
an initial large-scale distribution, as a way to introduce rainfall variability at scales not resolved by physical 
models, since full, high-resolution, deterministic models are computationally intractable (D’Onofrio et al., 2014). 
Palmer (2020a, 2020b) advocate for the use of stochastic neural network approaches to post-process and down-
scale global forecast model output, perhaps in place of traditional limited-area models. In stochastic downscaling, 
the goal is to produce an ensemble of possible realizations where the small-scale fields are consistent with the 
large scale features of the low-resolution data, as well as any smaller-scale information, such as the terrain geom-
etry or land-sea distribution. Downscaling is inherently an under-determined problem, where one low-resolution 
forecast state could be valid for a multitude of high-resolution truths. This low-resolution state will generally 
contain errors when compared to a coarsened version of the truth data. By employing a stochastic method we can 
sample these high-resolution states to capture the uncertainty of both the mapping between data sources and the 
downscaling. We can condition this mapping further by including additional model fields and surface descriptors.

Downscaling precipitation using convolutional neural networks is a very active area of research. Many authors 
have approached the problem as a pure super-resolution task by coarsening their “truth” data and inputting this 
to their model (sometimes alongside other fields), then trying to retrieve the lost resolution. Papers that take this 
approach include Sha et al. (2020), Wang et al. (2021), and Kumar et al. (2021). However, we argue  that  this  is  not 
sufficient to tackle the full downscaling problem, since it does not account for the inevitable errors in the input 
forecast data. Two papers that use independent input and truth data sets are Huang  (2020) and Adewoyin 
et al. (2021). However, both of these are motivated by climate models rather than weather prediction and so oper-
ate at much coarser scales in space and time than we do. This changes the flavor of the problem substantially—for 
example, both papers prioritize standard metrics like RMSE, which is inappropriate on higher resolutions and 
shorter timescales (Rossa et al., 2008). Hess and Boers (2022) uses independent data sets, and has a particular 
focus on heavy rainfall events, but does not increase resolution. Finally, many authors have used convolutional 
neural networks for nowcasting: forecasting precipitation events over short lead times (typically 0–6 hr). This 
problem differs from the downscaling task examined here, with a focus on evolving fields forward in time instead 
of enhancing and increasing resolution of input data. Nevertheless, many network architecture elements are 
shared across these domains. Recent work in this area includes Shi et al. (2015), Agrawal et al. (2019), Sønderby 
et al. (2020), Ravuri et al. (2021), Klocek et al. (2021), and Espeholt et al. (2021).

In digital image processing, super-resolution refers to enhancing the spatial resolution of an image by estimating a 
high resolution image from its low-resolution counterpart. This has clear parallels with the downscaling problem 
from weather and climate science. Super-resolution is a highly challenging task, receives substantial attention 
within the computer vision research community, and has a wide range of applications. Recent developments 
in this field have led to the application of convolutional neural networks (CNNs), and subsequently, generative 
adversarial networks (GANs) (Goodfellow et al., 2014) to super-resolution problems (Dong et al., 2015; Ledig 
et al., 2017; Lin et al., 2017). The purpose of a GAN model is to generate realistic artificial samples similar to 
those encountered during training. GANs differ from typical neural network approaches—in place of a stand-
ard “loss function,” a second network (the discriminator) is used to evaluate generated samples. The generator 
network is hence trained to produce outputs that the discriminator considers to be realistic, while the discrimi-
nator is trained to better differentiate between real and artificial data. This approach has found great success in 
super-resolution applications.

Generative adversarial network approaches have started to appear in post-processing/downscaling and forecast-
ing/nowcasting applications. Bihlo (2020) produced 24-hr large-scale predictions, trained on ERA5 reanalysis 
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data. Promising results were obtained for 500 hPa geopotential height and 2 m temperature, but not for precipi-
tation. Watson et al. (2020) performs precipitation downscaling, trained to map between different configurations 
of the Weather Research and Forecasting Model (WRF). The results are promising, although only a preliminary 
analysis is presented. Ravuri et al. (2021) successfully tackled the precipitation nowcasting problem, producing 
high-resolution 90-min forecasts over the UK. Gong et al. (2022) forecasts the evolution of 2 m temperature over 
12 hr, trained on ERA5 data, using an existing adversarial video-prediction architecture.

Previously, Leinonen et al. (2020) successfully applied a GAN to stochastically downscale time-series of atmos-
pheric fields, including precipitation. However, this took the pure super-resolution approach of first coarsening 
the high-resolution “truth” data and then recovering the lost resolution. The absence of future radar truth images 
means that any application of Leinonen's model would have to infer from a future forecast model state, which is 
somewhat different to the task for which it was trained. In this paper, we work on an extension of this problem. We 
do not just learn the mapping from coarse-to fine-resolution representations of the same data. Instead, our models 
learn the mapping from (multiple) low-resolution atmospheric fields, originating from a weather forecast model, 
to high-resolution “truth” radar data. Thus, we are aiming to both increase resolution of the original forecast 
and provide error correction in a probabilistic sense. The neural networks are also supplied with high-resolution 
orography data and a land-sea mask, which are expected to affect local precipitation due to physical principles 
(Holden et al., 2011). We are therefore tackling the complete downscaling problem: using the predictive power 
of atmospheric model fields and surface properties to match an observation of Earth's weather. Following the 
excellent performance of the Leinonen approach we closely follow their model architecture. However, due to 
computational constraints we have removed the time-series aspect of Leinonen's approach.

Shortly before completion of this work, Price and Rasp  (2022) appeared in the literature, which builds upon 
Leinonen's GAN model in a similar way to us. Like us, they map low-resolution weather forecast data to a 
higher-resolution precipitation truth data set. Their downscaling factor is comparable to ours, but they work at 
coarser resolutions in space and time. They make several different choices to us regarding network inputs and 
training, and an optimal solution may well combine strengths from both approaches.

2.  Data
We trained our model to map hourly data from the Integrated Forecast System (IFS) to hourly accumulated rain-
fall based on the NIMROD radar network (Met Office, 2003). Our domain of interest covers latitudes 49.5°–59° 
and longitudes −7.5°–2°, covering mainland UK.

2.1.  IFS Data

Our input data is the ECMWF's IFS operational forecast data set, using years 2016–2020. During training we use 
7–17 hr lead time forecasts, initialized at 00Z and 12Z. Earlier lead times are discarded to ensure any artifacts 
from data assimilation do not affect training. Later lead times are discarded as the chaotic nature of the atmos-
phere means the predicted cloud locations within the IFS will be increasingly poorly aligned with real world 
observations. We did not test the sensitivity of these two lead time thresholds, but we later evaluate the model 
on lead times out to 72 hr and find the model performs well despite only being trained on short-term forecasts.

From the IFS model we use 9 fields:

•	 �Total precipitation
•	 �Convective precipitation
•	 �Surface pressure
•	 �TOA incident solar radiation
•	 �Convective available potential energy
•	 �Total column cloud liquid water
•	 �Total column water vapor
•	 �u & v (horizontal wind) velocities at 700 hPa

The choice of these fields was motivated by the ecPoint model (Hewson & Pillosu, 2021), and domain knowl-
edge. IFS data is linearly interpolated to a 0.1° grid (approximately 10 km), resulting in images of size 94 × 94 
pixels. To normalize the precipitation fields in the IFS data (total and convective precipitation) for input into the 
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neural networks, we use the transformation 𝐴𝐴 log10 (1 + 𝑥𝑥) on the mm/hr rate. The surface pressure field is normal-
ized by subtracting the mean and dividing by the standard deviation, where these values are scalars, calculated 
from all grid points in 2018. Each of the other fields are normalized by calculating the (absolute) maximum value 
observed in 2018 (across all grid points) and dividing by this value. Winds u & v are normalized independently 
from one another. The inputs to the neural network are hence all 𝐴𝐴 (1) .

2.2.  NIMROD Data

As a “truth” data set, we use the 1 km Resolution UK Composite Rainfall Data from the Met Office NIMROD 
System (Met Office, 2003). This system delivers radar-derived precipitation maps every 5 min, covering 2004 to 
present day. As with the IFS we use 2016–2020 data and aggregate to hourly precipitation. Calendar days with 
more than 30 min of missing data were removed from the data set. On average this results in 330 days per year, 
or approximately 8,000 hr. For ease of grid alignment with the IFS the data is re-gridded to a 0.01° grid, resulting 
in images of size 940 × 940 pixels. We again use a 𝐴𝐴 log10 (1 + 𝑥𝑥) transformation for the NIMROD precipitation.

The NIMROD data set itself naturally has inherent errors, and even contains obvious artifacts resulting from the 
radar system. However, we believe the NIMROD data is different enough to the IFS input, and close enough to 
the genuine “truth,” that training a successful model on the NIMROD data is of equivalent difficulty to training a 
model on any more accurate precipitation data set that may be available in the future. Furthermore, even though 
the data is imperfect, the trained models will still provide significant value over the IFS input. As a result, we 
make no further steps of data cleaning or processing to the NIMROD data set.

2.3.  Geographic Data

To improve model performance we augment our model input data with high resolution surface geopotential 
and land-sea mask data, which depend only on location and do not vary with time and date. These may help the 
network add meaningful information on length scales smaller than the input data. These fields are derived from 
1.25 km input data (originally generated for high resolution IFS simulations) and are re-gridded to the same 0.01° 
grid as the NIMROD data set. The surface geopotential is normalized by dividing by the global maximum value. 
Before this, values less than 5 m 2 s −2 are clipped to this value. This is done to remove artifacts stemming from the 
spectral origin of our data. The land-sea mask already takes fractional values between 0 (no land in grid box) to 
1 (grid box only comprised of land).

2.4.  Data Subsets

The model was trained on data from 2016 to 2018. Data from 2019 was used for validation, and data from 2020 
was held out for final testing. All quantitative evaluation in this paper is performed solely on 2020 data. Some 
interesting synoptical situations from 2019 have also been included as case studies.

Contrary to popular opinion, it is not raining in the UK for the overwhelming majority of the time. We were there-
fore concerned that training the model on randomly-sampled input data would cause significant under-prediction 
of rainfall during high-rainfall events. Furthermore, although we could use full-sized low- and high-resolution 
images during inference (94 × 94 and 940 × 940, respectively), we did not have the computational resources to 
use such large images during model training. The data across the UK were therefore split into smaller sub-images 
of 20 × 20 (low-resolution) and 200 × 200 (high-resolution), by randomly sampling patches from the full-sized 
images. Each sub-image was scored on “how rainy” it was in that image and categorized into one of four bins, 
depending on what fraction of pixels contained rainfall (>0.1  mm/hr) – 0%–25%, 25%–50%, 50%–75%, or 
75%–100%. This allowed us to select the distribution with which we sample from the different bins during 
model training, and we treated this as a hyperparameter to be optimized. The results of varying the distribution 
of images shown to the network are discussed in the appendix. We remark that Ravuri et al. (2021) also increased 
the prevalence of rainy images in their training data, although their weighting was based on both spatial coverage 
and intensity.
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3.  Methods
We use two generative deep learning approaches; both post-process lower-resolution atmospheric field forecast 
data and aim to produce well-calibrated ensembles of high-resolution precipitation forecasts.

3.1.  Model 1: GAN

The first model is a conditional GAN (Mirza & Osindero, 2014), where both the generator and the discriminator 
are conditioned on additional information: in this case, lower-resolution atmospheric fields and full-resolution 
orography and land-sea mask data. The generator has an explicit noise input, which allows multiple samples to be 
generated for a given forecast state. The discriminator is trained to distinguish between the high-resolution predic-
tions from the generator and corresponding “ground-truth” high-resolution rainfall data. We follow the work of 
Arjovsky et al. (2017) and Gulrajani et al. (2017) by using a Wasserstein-GAN with a gradient penalty to enable 
stable GAN training. A high-level schematic of our conditional GAN is shown in Figure 1a.

3.2.  Model 2: VAE-GAN

We initially explored using a variational auto-encoder (VAE) as an alternative approach to GANs. This is a model 
consisting of an encoder network and a decoder network. The encoder network maps from the input to some latent 
space representation of the input data, encoded in the means and (log-)variances of normal random variables. 
The decoder network then samples from the normal distributions described by these variables, via an external 
noise input, and attempts to recreate the higher resolution “truth” data. This required us to define a “content loss” 
term that penalizes deviations between the network output and the truth data. Despite trying numerous content 
loss terms, results were uniformly disappointing—the resulting ensemble was greatly under-dispersive, and the 
predictions “blurry.”

We therefore developed a hybrid VAE-GAN model which substituted the GAN generator with a VAE. This 
effectively employs a full discriminator network as the VAE content loss function, and produced much sharper 
and better-calibrated results. A high-level schematic of our hybrid conditional VAE-GAN is shown in Figure 1b.

Figure 1.  Schematic of the information flow through (a) the conditional generative adversarial network (GAN) model and (b) the conditional variational auto-encoder-
generative adversarial network (VAE-GAN) model.
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3.3.  Model Architecture

The generator of the GAN, encoder and decoder of the VAE-GAN, and discriminator are all deep, convolutional 
neural networks which make heavy use of residual blocks (He et al., 2015). The architecture is closely based on 
that used in Leinonen et al. (2020), modified for our downscaling factor of 10, and with blocks facilitating the 
temporal component of their problem removed. The generator networks in both models are fully convolutional, 
without any dense layers. This allows them to be size-agnostic, and hence we can train the network on 20 × 20 
input images but use full-size 94 × 94 input images during inference. Due to this restriction, the latent variables 
in the VAE-GAN model will only represent local rather than global information.

The inputs to the models are:

•	 �Low-resolution conditioning fields (weather forecasts), with dimensions (b × hl × wl × Ni),
•	 �High-resolution geographic fields (land-sea mask and orography), with dimensions (b × hh × wh × 2),
•	 �A noise input, with dimensions (b × hl × wl × n),

where b is the batch size, hl and wl are the low-resolution input image dimensions, Ni is the number of input 
conditioning fields (for us, typically 9 IFS variables), hh and wh are the high-resolution target image dimensions, 
and n is the number of noise channels per input image pixel. The ratio between the high- and low-resolution 
image dimensions is the downscaling factor, K; in this paper, we use a downscaling factor K = 10 throughout. In 
the GAN generator, the number of noise channels, n is a parameter that can be varied. In the VAE-based models, 
there is one noise input for each latent variable, where the number of latent variables per pixel is a parameter that 
can be varied. We did not attempt to use a more sophisticated “conditioning stack” to further process the IID noise 
input, as was done in Ravuri et al. (2021).

3.4.  GAN Architecture

The GAN architecture is displayed in Figure 2. The number of trainable parameters in the generator depends 
on the number of filters, fg. When fg = 128, the value we use throughout this paper, the generator network has 

Figure 2.  Network architecture for the conditional generative adversarial network (GAN): (a) the generator model and (b) the discriminator model.
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approximately 3.2 million trainable parameters. The number of trainable parameters in the discriminator depends 
on the number of filters, fd. When fd = 512, the value we use, the discriminator network has approximately 64 
million trainable parameters. The networks were designed by assessing the overall performance of the architec-
ture with different hyperparameter choices. Since a Wasserstein GAN can be trained to optimality (Gulrajani 
et al., 2017), we deliberately choose fd > fg so that the discriminator network is more powerful than the generator 
network. This helps to avoid mode collapse from occurring. We were limited to a maximum value of fd = 512 
by the hardware available (initially, a V100 GPU with 16 GB RAM, although we later gained access to an A100 
GPU). Increasing the number of channels in the generator had a much smaller impact on the model performance.

3.5.  VAE-GAN Architecture

The VAE-GAN model has a similar architecture to the GAN model, with the key difference in where the noise 
input is passed to the model. In the VAE-GAN generator, the noise is introduced at an intermediate stage when the 
latent variable distributions are sampled. This is performed after three low-resolution residual blocks. A further 
three residual blocks are used, before upsampling occurs. We originally performed upsampling immediately after 
sampling from the latent variable distributions. The resulting ensemble members had overly similar large-scale 
features. The extra network layers are hence crucial for allowing the sampled latent variables to develop into 
coherent, larger-scale spatial variations. The rest of the generator and the entire discriminator are identical to the 
architecture used in the pure GAN model. The network architecture of the VAE-GAN generator model is shown 
in Figure 3. The discriminator model remains the same as before, shown in Figure 2.

We use a specific number of latent variables per pixel of the low-resolution image. The results shown in this 
paper use 50 latent variables per pixel. In early trials, we used far fewer, corresponding to a significant network 
bottleneck compared to the network width of 128 in other layers. However, the results were rather worse than the 
pure GAN, which does not have such a bottleneck. This led us to increase the number dramatically.

3.6.  Remarks

Leaky rectified linear unit (ReLU) activations (Maas et al., 2013) with a negative slope of 0.2 are used in the 
residual blocks in both the generator and the discriminator. Regular ReLU activations are used in the upscaling 
(dimension-reducing) convolutions of the high-resolution input pathways of the discriminator. The final acti-
vation function used is a softplus layer on the output of the generator, leading to precipitation values (in the 
transformed variable). Using a softplus activation (instead of, e.g., a sigmoid) prevents the output from having 
an artificially-constrained maximum value, which we originally considered desirable. However, we found that 
in extreme convective scenarios, the network could produce ensemble members with unphysical values of local-
ized precipitation, of order 1000 mm/hr. Recall we use a log10(1 + x) variable transform for precipitation, hence 
the network output y is converted to a precipitation value (10 y − 1) mm/hr. As a result, 𝐴𝐴 (1) errors in extremes 
of y lead to order-of-magnitude errors in extremes of precipitation. We therefore clip values above 500 mm/hr, 
although this could be lowered somewhat further.

Formally, the network can only predict precipitation values in the half-open interval (0, 500] mm/hr, in contrast 
to methods which explicitly assign a probability to zero precipitation (e.g., Vaughan et al. (2022)). However, the 
precipitation values can be arbitrarily small, and it would be a trivial post-processing step to flush values below 
some threshold to zero. The final activation function of the discriminator is linear, a standard choice in a WGAN. 
In terms of computational resources, evaluating the GAN or VAE-GAN generator on a single full-size image, 
mapping a 94 × 94 input to a 940 × 940 output, takes approximately 0.13 s per ensemble member on an NVIDIA 
A100 GPU.

4.  Training and Validation
4.1.  Training

The standard training objective for a GAN is a minimax game: the generator, G, tries to minimize a loss function, 
whilst the discriminator, D, tries to maximize it. This loss function represents the ability of the discriminator to 
tell a real sample from a fake one. In a Wasserstein GAN (Gulrajani et al., 2017), the loss function is constructed 
from the Wasserstein metric, or earth-mover distance.
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In our setting, of a conditional GAN (Mirza & Osindero, 2014), both the generator and discriminator receive 
common inputs—the IFS data, and geographic data—which we represent by y. The GAN generator also takes in a 
noise input, z, while the discriminator takes in either “truth” data xtrue, or generated data G(z|y). The loss functions 
themselves are simple; the discriminator has a loss function:

Figure 3.  Network architecture for the variational auto-encoder-generative adversarial network (VAE-GAN) generator 
model. The discriminator model is identical to that shown in Figure 2.
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𝐷𝐷 = 𝐷𝐷 (𝑥𝑥true|𝑦𝑦) −𝐷𝐷 (𝐺𝐺 (𝑧𝑧|𝑦𝑦) |𝑦𝑦)� (1)

The term D(xtrue|y) therefore represents the discriminator's “score” that the real data instance is real, while 
D(G(z|y)|y) is the discriminator's “score” that the generated, fake instance is real. The discriminator tries to maxi-
mize this function, that is, it tries to maximize the difference between its output on real instances and its output 
on fake instances. The generator has loss function:

𝐺𝐺 = 𝐷𝐷 (𝐺𝐺 (𝑧𝑧|𝑦𝑦) |𝑦𝑦)� (2)

The generator tries to maximize this function, that is, it tries to maximize the output of the discriminator for 
the generated fake instances. Intuitively, it tries to “trick” the discriminator into thinking the generated output 
is real.

Wasserstein GANs (WGANs) have various theoretical advantages over traditional GANs: They avoid problems 
with vanishing gradients, and the earth-mover distance is a true metric: a measure of distance in a space of 
probability distributions. Since it is continuous and differentiable, the discriminator can be trained to optimality 
(Arjovsky et al., 2017). Furthermore, in practice, WGANs are less vulnerable to getting stuck during training than 
traditional GANs. We follow Gulrajani et al. (2017) by using a WGAN with a gradient penalty term, as shown 
in Equation 3.

Motivated by Ravuri et al.  (2021), we added a further “content loss” term to the generator loss function. We 
implement this as the mean squared error between the truth and an ensemble mean prediction over 8 ensemble 
members. This calculation is performed in the transformed precipitation variable. Mean squared error terms often 
penalize a model from making bold predictions and result in “blurry” images; this effect is far less pronounced 
here since the loss function is applied to an ensemble mean, rather than an individual prediction. We also exper-
imented with a content loss term based on the pixel-wise CRPS. This produced similar results, and allowed a 
smaller ensemble size to be used. However, we felt we saw more instability during training, perhaps because 
CRPS penalizes large errors less than ensemble-mean MSE.

The loss functions for a conditional WGAN-GP, as employed in this paper, take the form:

� (�true, �, �; ��) = � (�true|�) −� (� (�|�) |�)
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

original discriminator loss

+ �
(

‖

‖

‖

∇�̂� (�̂|�) ‖‖
‖2

− 1
)2

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
gradient penalty

,
� (3)

� (�true, �, �; ��) = � (� (�|�) |�)
⏟⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟
original generator loss

+ �
�

‖

‖

‖

�true −
1
�

�
∑

�=1

� (��|�) ‖‖
‖

2

2

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
content loss term

,
� (4)

where LD and LG are the loss functions for the discriminator and the generator, respectively, and θD and θG are the 
corresponding trainable weights, with a gradient penalty weight γ = 10, after Gulrajani et al. (2017), and content 
loss weight λ = 1,000 from experimentation. The samples 𝐴𝐴 𝐴𝐴𝐴 , used to calculate the gradient penalty term, are 
randomly weighted averages of the real and generated terms:

𝑥̂𝑥 = 𝜖𝜖𝜖𝜖 + (1 − 𝜖𝜖)𝐺𝐺 (𝑧𝑧|𝑦𝑦) ,� (5)

where ϵ is randomly sampled from a uniform distribution between 0 and 1.

For the VAE-GAN generator, the generator loss contains an additional term based on the Kullback–Leibler 
divergence:

1

2

[(
𝑀𝑀∑

𝑗𝑗=1

𝜇𝜇
2
𝑗𝑗
+

𝑀𝑀∑

𝑗𝑗=1

𝜎𝜎
2
𝑗𝑗

)

−

𝑀𝑀∑

𝑗𝑗=1

(
log

(
𝜎𝜎
2
𝑗𝑗

)
+ 1

)
]

.� (6)

The sums are taken over the M intermediate latent variables, whose distributions are 
{

 (��, ��)
}

 . This term must 
be weighted against the original generator loss and the content loss term; we use a multiplicative factor of 10 −5. 
However, the results did not seem especially sensitive to this choice.
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The generator and discriminator are trained adversarially, with the model alternating between training the discrim-
inator for five iterations and the generator for one, after Kurach et al. (2018). The Adam optimizer (Kingma & 
Ba, 2014) is used for both the generator and the discriminator, with a constant learning rate of 10 −5 for the pure 
GAN, and 5 × 10 −6 for the VAE-GAN; we found larger learning rates resulted in unstable training. The model 
was trained with a batch size of 2 (limited by GPU memory) for 320,000 batches. The discriminator is trained 
on five times as many samples. Model weights are written to disk at 100 intermediate “checkpoints” in order to 
facilitate model selection, as described in Section 4.3. Training a single model took approximately 3 days, using 
a single NVIDIA A100 GPU.

4.2.  Validation

A number of metrics are used to assess the performance of the networks. We describe them here.

4.2.1.  CRPS

A commonly used distance metric in the field of weather and climate forecasting is the continuous ranked prob-
ability score (CRPS) (Gneiting & Raftery, 2007; Hersbach, 2000; Matheson & Winkler, 1976). The CRPS uses 
the entire ensemble of predictions to score the forecast. For each pixel in a predicted image, the CRPS is the 
integral of the squared difference of the cumulative distribution function (CDF) of the ensemble members, F, to 
the CDF of the observations. The observation CDF is a Heaviside step function H at the point xtrue,i. The CRPS 
for the pixel i is therefore:

CRPS =
∫

∞

−∞

(
𝐹𝐹
(
𝑥𝑥
′
)
−𝐻𝐻

(
𝑥𝑥
′ − 𝑥𝑥true,𝑖𝑖

))2
𝑑𝑑𝑑𝑑

′� (7)

The CRPS for the entire image is the mean of the pixel-wise CRPS scores. The CRPS can therefore be understood 
as a generalization of the mean absolute error, and in the case of only one ensemble member it reduces to this 
metric.

Pixel-wise CRPS scores reward well-calibrated local forecasts, but do not promote spatially-coherent forecasts. 
We hence also calculate CRPS on spatially-pooled forecasts, per Ravuri et al. (2021). We use both average-pooling 
and max-pooling, in which we consider average and maximum values over local neighborhoods. The former can 
be motivated by flood forecasts, in which rainfall accumulations over larger spatial regions are relevant. The latter 
is perhaps relevant for extreme localized rainfall events, whose location is unlikely to be forecast precisely. We 
follow Ravuri et al. (2021) by using neighborhood sizes of 4 × 4 (stride 2) and 16 × 16 (stride 4).

4.2.2.  Rank Histograms

These aim to assess the amount of variability in the images produced by the network. For each low-resolution 
sample passed into the network, we have a ground truth image and an ensemble of predictions. For each pixel 
in each truth image, we can therefore determine the normalized rank of the actual value compared to all Np 
predictions: 𝐴𝐴 𝐴𝐴 =

𝑁𝑁𝑠𝑠

𝑁𝑁𝑝𝑝

 , where Ns is the number of ensemble members below the truth. If the ensemble is perfectly 
calibrated, r would be uniformly distributed across the range 0 ≤ r ≤ 1 when sampled enough times. The shape of 
the distribution of r can therefore be used as an evaluation metric to assess the variability of the generated images. 
We examine this distribution of r visually by plotting a histogram, after Hamill (2000). Since our networks cannot 
explicitly predict zero rainfall, our histograms would be distorted by the presence of zero rainfall values in the 
truth image. We therefore add a meteorologically-insignificant amount of noise, of order 10 −3 mm/hr, to both the 
model-generated images and the ground-truth images before performing rank calculations.

Since heavy rainfall events are particularly important, we produce separate rank histogram plots that only consider 
events corresponding to the top 0.01% of IFS precipitation predictions within the evaluation sample. While it may 
sound more natural to condition on the top fraction of pixels in the “truth” NIMROD data set, we found that these 
pixels were generally higher than all 100 ensemble members, whether using our approach or a strong baseline 
method (described in Section 5.1). This is likely because there is no way to reliably predict the precise pixels 
that will experience heavy localized rainfall events, at least at the high spatial resolution we are working at. Our 
“thresholded” rank histograms are therefore conditioned on the most extreme forecast values.
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4.2.3.  Image Quality Metrics

The simplest measure of image accuracy is the root-mean-squared error. However, we found this metric to be 
unsuitable for assessing our model performance since we are in a regime where the well-known “double penalty 
problem” applies (Rossa et al., 2008). The uncertainty in small scale spatial variations is beyond what we can 
reliably infer from the input data, and hence predictions that forecast correct amounts of rain in slightly incorrect 
locations often score worse than forecasts of no rain at all. Similarly, we found that metrics like the multi-scale 
structural similarity index (MS-SSIM) (Z. Wang et al., 2003), which is popular in the computer vision commu-
nity, were not particularly useful for our problem. We do report the ensemble mean RMSE: the root-mean-
squared error of the mean of an ensemble of generated predictions.

Leinonen et al. (2020) used a log spectral distance metric (LSD) to compute a root mean square error in the 2D 
power spectra, in decibels (dB). However, we also found little correlation between good scores from this metric 
and good model predictions, perhaps because using the full 2D power spectrum is overly stringent. Instead, we 
compute the radially averaged power spectral density (RAPSD), which was also used in Ravuri et al. (2021). This 
involves calculating the 2D power spectrum, then collapsing over all angular directions (with binning) to form a 
1D power spectrum. We then compute a log spectral distance of this. We are unaware of an established name for 
this metric, so we label this a Radially Averaged Log Spectral Distance (RALSD):

RALSD =

√
√
√
√
√ 1

𝑁𝑁

𝑁𝑁∑

𝑖𝑖=1

(

10 log10
𝑃𝑃 true,𝑖𝑖

𝑃𝑃 gen,𝑖𝑖

)2

� (8)

where 𝐴𝐴 𝑃𝑃 true and 𝐴𝐴 𝑃𝑃 gen are the radially averaged power spectra of the true and generated images, respectively, and N 
is the number of bins. We calculate the spectra in accordance with Ruzanski and Chandrasekar (2011), using the 
pySTEPS implementation (Pulkkinen et al., 2019). Due to the logarithm, we found that this metric can produce 
distorted results in cases with very low rainfall nationwide. Since these cases are of little physical interest for our 
application, we exclude cases where the average rainfall over the entire image is less than 0.002 mm/hr when 
calculating the RALSD.

4.2.4.  ROC and Precision-Recall Curves

Receiver Operating Characteristic (ROC) curves are a standard diagnostic in machine learning applications. 
The ROC curve assesses the skill of a binary classifier by plotting the true positive rate (sensitivity) against the 
false positive rate (1—specificity), across the range of probability thresholds. To construct ROC curves for a 
particular precipitation intensity, we make an ensemble of neural-network predictions for each forecast event. For 
each  pixel, we look at what fraction of the ensemble members predicted rainfall above the prescribed intensity. 
We interpret this as the probability that our system outputs for the event taking place. Each point on the ROC 
curve then indicates the performance of our system when a specific probability threshold is used to separate 
positive predictions from negative ones. The ROC curve then indicates the performance of our system across all 
probability thresholds from 0 to 1, over 

(

108
)

 individual predictions (i.e., each image pixel, for several hundred 
forecast events). We produce these curves for a range of precipitation intensities, from 0.1 mm/hr (common) to 
5.0 mm/hr (rare). The ROC curve is often reduced further to a single number, the area under the curve (AUC), 
which would ideally be 1. This metric is also shown in the plots.

Precision-Recall curves are a closely-related diagnostic, which plot precision against sensitivity (recall). These are 
often considered better suited for low-probability events (Saito & Rehmsmeier, 2015), such as high rainfall inten-
sities within our application. Precision-Recall curves for our models are shown in Supporting Information S1.

4.2.5.  Fractions Skill Score

Many of the preceding metrics were point-wise, that is, defined by comparing the predictions with the truth 
image at a pixel-by-pixel level. The fractions skill score (FSS) (N. M. Roberts & Lean, 2008; N. Roberts, 2008) 
is a popular verification method that takes spatial consistency into account. For a given precipitation threshold, 
the prediction and truth images are binarized according to whether the rainfall is above the prescribed intensity. 
The neighborhood of each forecast pixel is then compared with the neighborhood of each truth pixel, based on 
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the fraction of pixels meeting the criteria. A skill score is calculated from this, representing the forecast perfor-
mance  at a particular spatial scale. When the score exceeds a certain number, the forecast is said to have useful 
skill at that spatial scale.

The basic FSS compares multiple individual ensemble members with the truth sequentially. We found that this 
metric can be artificially inflated (at intermediate spatial scales) by forecasts with small-scale noise, so this metric 
should be interpreted with caution. This behavior has been observed independently (Suman Ravuri, private 
communication). We also use the “ensemble FSS” concept described in Duc et al. (2013), in which the binarized 
prediction is replaced by probabilities in [0, 1], representing the proportion of ensemble members predicting 
rainfall above the prescribed threshold. This metric does not seem to suffer the same flaw.

4.3.  Model Selection

We found that the GAN and VAE-GAN models did not improve monotonically with training, and using the 
final trained model would generally be far from optimal. Figure 4 shows a typical example of the variability of 
pixel-wise CRPS scores, and RALSD scores, for the GAN and VAE-GAN as a function of generator training 
samples. Each new checkpoint represents the generator seeing an additional 6,400 20 × 20 images. The training 
instability may have been alleviated with a more sophisticated treatment of the learning rate. Instead, we adopted 
the simple strategy of saving the generator model weights at 100 intermediate checkpoints during training, and 
evaluating the final one-third of these models on the 2019 validation data.

We selected a “best” model by looking at the evaluation results for checkpoints that produced the best pixel-wise 
CRPS scores, then looking manually at the full and thresholded rank histograms of these. A final, best model 
checkpoint was selected and then evaluated on the hold-out 2020 data set. The final models that we selected 
were the GAN generator saved after 460,800 training samples, and the VAE-GAN generator saved after 550,400 
training samples.

5.  Results
Unless stated otherwise, all quantitative results in this section are produced using 256 randomly-chosen exam-
ples from the unseen 2020 data set. The same examples are used for all models, and for all the different metrics 
assessed. For all stochastic models, including our own neural networks, we draw 100 ensemble members for each 
example.

Figure 4.  A representative example of the highly variable continuous ranked probability score (CRPS) and Radially Averaged Log Spectral Distance (RALSD) 
of generative adversarial network (GAN) and variational auto-encoder-generative adversarial network (VAE-GAN) generated samples as a function of number of 
generator training samples. Note that this plot is from the validation data, that is, 2019. The final one-third of these checkpoints is examined in more detail, and a model 
checkpoint that scores the best across multiple metrics (on the validation data) is selected for final evaluation.
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5.1.  Description of Alternative Methods

We compare our approach to a number of different methods, which we describe here briefly. These include very 
simple methods, such as naïve upsampling and Lanczos filtering (Turkowski, 1990), intermediate methods such 
as Rainfall Filtered Auto Regressive Modeling (RainFARM) (Rebora et al., 2006), and sophisticated methods 
such as the ecPoint approach (Hewson & Pillosu, 2021), and a deterministic neural network trained on mean 
squared error.

ecPoint (Hewson & Pillosu, 2021) is an ECMWF statistical post-processing technique that gives a probabilistic 
prediction for rainfall intensity at a specific point, accounting for sub-grid variability and model biases. This is 
done by assigning the parent grid-cell into one of over 100 bins (categories), based on the atmospheric conditions 
predicted by the model. Mapping functions, which scale the precipitation multiplicatively, are pre-calculated for 
each bin based upon the percentiles of the training data. The input fields for the ecPoint approach are similar to, 
but not exactly the same as, the input fields to our generative model. The ecPoint model was originally trained 
with global station observations, using precipitation accumulated over 12 hr. For our application, we use the same 
atmospheric variable decision tree “break-points” as the standard ecPoint implementation, but naïvely converted 
to work with hourly data—accumulated quantities are divided by 12, other quantities are left unchanged. We 
then retrain the probability mapping functions on our output data set: NIMROD, at hourly intervals. However we 
appreciate that this implementation of the ecPoint approach is somewhat flawed, and ideally optimal break-points 
would be re-derived for hourly data.

While ecPoint was designed to sample gridbox uncertainty, the method was first designed as a post-processing 
tool and as such only describes how to get a point-wise probabilistic prediction of the possible sub-grid values 
within an IFS gridbox. To use it as a downscaling tool requires a choice on how to sample multiple high-resolution 
grid points within the same IFS gridbox. We use two example approaches that maintain the correct pixel-wise 
statistics in the high-resolution output. ecPoint no-corr refers to a “no-correlation” method of sampling every 
pixel independently from the parent distribution. Visually, this would lead to a very noisy image. Quantitatively, 
accumulated rainfall forecasts over larger regions will have insufficient variation, since there is no spatial coher-
ence to the forecast. ecPoint part-corr refers to a “part-correlation” method in which the same sampled value is 
used for every pixel within one low-resolution parent grid cell. This is equivalent to the standard use of ecPoint, 
where the input image is post-processed but not upsampled. Visually, this would produce a blocky image, but 
accumulated rainfall over larger regions may vary more realistically. We always use 100 ensemble members, 
which allows us to permute the 100 candidate ecPoint predictions at each pixel, that is, sample without replace-
ment. This improves the CRPS very slightly compared to sampling with replacement. Again, we emphasize that 
these steps are not part of the core ecPoint approach, but are merely simple methods for combining single-pixel 
probabilistic predictions into complete images.

RainFARM is a downscaling method which has been developed specifically for rainfall. It is based on non-linearly 
filtering the output of a linear auto-regressive process, whose properties are derived from the information availa-
ble at the large scales. This process extrapolates the large-scale spatio-temporal power spectrum of the meteoro-
logical predictions to the small, unresolved scales. The basic concept is to preserve the amplitude and phases of 
the original field at the scales with high confidence in original model prediction, and to reconstruct the Fourier 
spectrum at the smaller (unreliable, unresolved) scales. RainFARM can be used stochastically to generate multi-
ple predictions for the same input.

Lanczos filtering is a traditional, interpolation-based widely used image scaling method. It is perhaps better than 
“constant upsampling” of the input by repetition, although in our application the two approaches are very similar. 
We also use a deterministic convolutional neural network method that has the same architecture as the GAN 
generator, with the noise input removed, and is trained on a mean squared error loss function. Lanczos filtering, 
constant upsampling, and this CNN are all deterministic.

5.2.  Model Evaluation

Table 1 shows numerical results for the pixel-wise and pooled CRPS scores, the RALSD score, and RMSE, for 
the GAN and VAE-GAN models we developed, compared to existing models/approaches. For each of the CRPS 
metrics, the best score is obtained by the VAE-GAN model, marginally ahead of the GAN. Notably, the GAN 
and VAE-GAN compare favorably to ecPoint on pixel-wise CRPS, despite the latter being a very well-calibrated 
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point-wise method. We consider this a strong result. The deterministic model scores poorly, showing the added 
value of the stochastic nature of the generative approaches. The RALSD scores show that only the GAN and 
VAE-GAN produce images with realistic power spectra. The RALSD figures for both ecPoint variations are 
included, but ecPoint is not designed to produce coherent spatial forecasts so these scores are unimportant. 
Ensemble-mean RMSE values are given too: the GAN produces the best score here, marginally better than 
a deterministic CNN trained to minimize mean squared error. The VAE-GAN ensemble-mean RMSE is only 
slightly worse, and these all score notably better than the other methods. Individual prediction RMSE values are 
given for completeness, but, as discussed in Section 4.2.3, it is a poor metric to optimize for due to the double 
penalty effect.

Figure 5 shows plots for four example cases. More detailed descriptions of these meteorological scenarios can 
be found in Supporting Information S1. The examples give a clear indication of how our GAN model produces 
more detailed and more visually realistic images than any other method, as well as being more robust at forecast-
ing more intense rainfall. The RainFARM algorithm does produce some small-scale detail compared to the IFS 
input, but it is limited to producing the same texture everywhere in the image and it does not reproduce the overall 
structure of the high-resolution truth as well as the GAN, nor does it predict extremes of rainfall missed by the 
IFS forecast. The ecPoint mean prediction is shown, for completeness, and is effectively a bias-corrected IFS. 
However, for clarity, none of our quantitative methods use this ecPoint mean; instead they use ecPoint ensemble 
members constructed via the no-corr and part-corr methods described previously. Finally, the deterministic 
CNN trained on mean squared error produces very “blurry” predictions. This model often greatly over-predicts 
the spatial extent of very light rainfall, and is incapable of predicting extremes. In general, the smoother plots 
with less variance and fine-scale structure are rewarded by the RMSE metric, but punished by the RALSD metric 
(further details in Section 4.2.3, with results displayed in Table 1).

A set of example predictions for the best GAN and VAE-GAN models are shown in Figure 6. For each example, 
Figure 6 shows three different ensemble predictions from each model. The same randomly selected cases are 
shown in this example, encompassing a range of precipitation conditions. The predictions produced by these 
models provide a high-quality solution set to a range of different meteorological conditions. There is sharply 
varying spatial structure in the predictions that is reminiscent of the true conditions, and not produced by any of 
the existing approaches.

We can clearly see from these examples that the GAN and VAE-GAN models are very capable of improving on 
the IFS forecast and bringing the predictions closer to the truth. Further, both models produce multiple realiza-
tions for the same situation, giving a clearer idea of the uncertainty. The main improvement offered by the GAN 
over the VAE-GAN is an improved tendency to predict more intense rainfall.

Evaluation metric

CRPS (mm/hr)

RALSD (dB)

RMSE (mm/hr)

Model Pixelwise a Avg 4 a Max 4 a Avg 16 a Max 16 a Ens-mean Individual

GAN 0.0856 0.0844 0.1151 0.0806 0.2117 4.88 0.404 0.528

VAE-GAN 0.0852 0.0840 0.1147 0.0802 0.2104 5.34 0.405 0.499

ecPoint no-corr b 0.0895 0.1075 0.3987 0.1195 1.5948 16.35 0.423 0.644

ecPoint part-corr b 0.0895 0.0889 0.1255 0.0883 0.2485 9.78 0.423 0.644

RainFARM 0.1331 0.1332 0.1697 0.1286 0.2888 9.95 0.442 0.444

Lanczos c 0.1412 0.1392 0.1731 0.1309 0.2923 15.38 0.447

Det CNN c 0.1347 0.1325 0.1644 0.1250 0.2817 16.74 0.404

Note. The best score for each metric is highlighted in bold.
 aThese correspond to different methods of spatial pooling, as described in Section  4.2.1.  bThe two ecPoint variants have identical pixel-wise statistics, by 
construction.  cThese are deterministic methods, hence the CRPS reduces to the mean absolute error, and there is no separate ensemble-mean RMSE.

Table 1 
Table Showing Evaluation Results for Different Models, on Previously Unseen 2020 Data, for CRPS, Power Spectra Error (RALSD), and RMSE
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5.3.  Model Predictions for Extreme Events

Since machine-learned models are trained on historic data, they often struggle with extreme events. However, 
these are some of the most important situations to forecast accurately and reliably, so we were particularly 

Figure 5.  Comparison of predictions generated by the generative adversarial network (GAN) with those produced by existing 
methods, for four randomly-chosen cases. The following fields are shown: the Integrated Forecast System (IFS) forecast 
low-resolution input data, the NIMROD high-resolution ground truth data, a single GAN ensemble member prediction, a 
RainFARM prediction, the mean ecPoint prediction, and a deterministic neural network applied to the IFS data.
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interested in assessing our models' performances on extreme events.

Figure 7 shows the GAN and VAE-GAN model responses to one of the most extreme rainfall events in our data 
set. These data points are taken from 09:00-10:00 UTC of the 9 February 2020, during which there was a signif-
icant rainstorm across the UK, named Storm Ciara. Figure 7 shows input fields including total precipitation, 
convective precipitation, orography and a wind quiver plot, as well as the truth data, a single example prediction 

Figure 6.  Examples of multiple generative adversarial network (GAN) and variational auto-encoder-generative adversarial 
network (VAE-GAN) ensemble predictions for four different input examples. The examples used are the same as in Figure 5.
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Figure 7.  Generative adversarial network (GAN) and variational auto-encoder-generative adversarial network (VAE-GAN) model output example predictions and 
means for one of the most extreme examples in our data set, from 09:00-10:00 UTC of the 9 February 2020, showing the total precipitation and wind direction and 
strength from the IFS forecast, orography, and the ground truth NIMROD data. Note that the colorbar has been changed from the previous set of examples and now 
ranges from 0.1 to 30 mm.
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and the mean prediction. The GAN and VAE-GAN models capture the peak intensities and fine-scale structure 
of the rainfall event better than the IFS forecast.

5.4.  Rank Statistics

Figure 8 shows the pixel-wise rank distributions of the GAN and VAE-GAN ensembles, based on 100-member 
ensembles. These plots show that the majority of the outlier ranks are in the tail ends of the distribution, where r 
is either close to 0 or 1, implying that the GAN and VAE-GAN are slightly underdispersive. The GAN marginally 
out-performs the VAE-GAN on this metric. The ecPoint approach outperforms our networks on this metric consid-
erably; however, ecPoint is essentially optimized for this metric, as its raison d’être is to produce well-calibrated 
pointwise forecasts. Our approaches, on the other hand, also try to produce realistic larger-scale spatial structures. 
The ecPoint approach is still somewhat underdispersive on the right-hand tail, though.

Figure 9 shows the same analysis but now restricted to “extreme events” – the top 0.01% of forecasted precip-
itation events seen in the IFS input. The GAN now outperforms the VAE-GAN, but both are under-dispersive, 
particularly on the right-hand tail. The ecPoint approach is now over-dispersive, with the real sample rarely 
falling in the bottom or top 20% of predictions. This is perhaps related to the multiplicative ansatz of the ecPoint 

Figure 8.  Calibration plot across all events: (a) shows the frequency of per-pixel normalized ranks for the trained generative 
adversarial network (GAN) and variational auto-encoder-generative adversarial network (VAE-GAN) models evaluated on the 
hold-out data set (2020), compared to the ecPoint approach. The dotted gray line shows the ideal distribution for comparison. 
(b) Shows the same as panel (a), except displaying the cumulative distribution functions (CDFs) of the distributions.

Figure 9.  Calibration plot; similar to Figure 8, but only for the top 0.01% of Integrated Forecast System (IFS) forecasted 
precipitation events. This corresponds to IFS predictions above 5.7 mm/hr of precipitation; 226 of these are present in the 256 
94 × 94 input images used.
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approach. Among the three methods, the GAN perhaps performs best on extreme events, but none of the three 
methods are particularly reliable on these.

5.5.  Power Spectra

In addition to the scores displayed in Table 1 for the RALSD, Figure 10 shows radially averaged power spectral 
density (RAPSD) plots for the GAN and VAE-GAN models for the first of the four example situations, compared 
to the ground-truth NIMROD data, and the existing RainFARM and Lanczos models. Details of the RAPSD 
implementation are given in Section 4.2.3. These plots show, first, that the RainFARM and Lanczos models 
are missing a lot of detail at lower scales (really, any grid scale under ∼100 km), which is unsurprising as this 
is identifiable by eye in all of the example plots. The GAN and VAE-GAN are both much closer to the truth in 
terms of retaining energy in the image at much finer scales. Only one example is analyzed here (example 1 in 
Figure 5); further examples are included in Supporting Information S1. Interestingly, in this particular example, 
the VAE-GAN contains more information than the GAN at the smallest scales. This is not always the case, as 
shown in Table 1. There is also typically more variation between members of the GAN ensemble than those of 
the VAE-GAN, unlike in this particular case.

5.6.  ROC Curves

The ROC curves for the GAN, VAE-GAN and ecPoint (partial-correlation and no-correlation) models are shown 
here for the 0.5 and 5 mm/hr thresholds, using pixel-wise analysis. Additional plots using spatial pooling, and 
for other precipitation thresholds, are included in Supporting Information S1. A perfect prediction would yield 
a point in the upper left corner of the ROC space, representing 100% sensitivity (no false negatives) and 100% 
specificity (no false positives). The dashed diagonal line represents random chance. Consequently, points far 
above the diagonal represent good classification results.

For the 0.5  mm/hr threshold, shown in Figure  11, the GAN and VAE-GAN slightly outperform the ecPoint 
approach. The GAN and VAE-GAN lines are generally above and left of the ecPoint line, and have the largest 
areas under the curve. For the 5 mm/hr threshold, shown in Figure 11, the results are harder to interpret. The 
curves are somewhat distorted due to the finite ensemble size and the rarity of the event (the event frequency 
is 0.001). Although the ecPoint line has the largest area under the curve, the GAN line is the furthest left in the 
initial portion of the graph, followed by the VAE-GAN. This likely equates to better performance in the limiting 
case of unlimited ensemble members (see Ben Bouallegue and Richardson (2022) for more on interpreting the 
area under ROC curves in the case of rare events).

Figure 10.  Plot displaying the radially-averaged power spectrum of images with decreasing scale produced by the generative adversarial network (GAN) and 
variational auto-encoder-generative adversarial network (VAE-GAN) models, on the first example situation, compared to both Lanczos interpolation and the 
RainFARM method.
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5.7.  Fractions Skill Score

Fractions skill score (FSS) curves for the GAN and VAE-GAN models are plotted in Figure 12. FSS curves are 
shown here for the 0.5 and 5 mm/hr thresholds only, with additional plots for 0.1 and 2 mm/hr in Supporting 
Information S1.

For the light (0.5  mm/hr) rain threshold, both the GAN and VAE-GAN models produce a noticeably better 
ensemble FSS than the ecPoint variants, and have useful skill even at the pixel level. The FSS of individual 
ecPoint no-corr members is particularly high at intermediate spatial scales, but we believe this is an artifact of 
the metric when applied to very “noisy” images, as discussed in Section 4.2.5, and not a sign of genuinely useful 
output. The individual GAN members have a higher FSS than the individual VAE-GAN members, and the GAN 
ensemble FSS is better than that of the VAE-GAN.

For the heavy (5.0 mm/hr) rain threshold, the GAN significantly outperforms the VAE-GAN for both ensemble 
and individual member FSS. The VAE-GAN struggles at producing the highest intensities of precipitation. The 
GAN ensemble clearly outperforms the ecPoint ensemble at small and intermediate spatial scales. At the largest 

Figure 11.  ROC curves for the generative adversarial network (GAN), variational auto-encoder-generative adversarial network (VAE-GAN) and ecPoint models for 0.5 
and 5.0 mm/hr precipitation thresholds. The upsampled input data, labeled “IFS”, is represented by a cross, as it is a single prediction rather than an ensemble.

Figure 12.  Fractions skill score (FSS) curves for the generative adversarial network (GAN), variational auto-encoder-generative adversarial network (VAE-GAN) and 
ecPoint models. The solid lines represent “ensemble FSS scores”, as described in Section 4.2.5, while the dashed lines represent basic FSS scores applied to individual 
ensemble members. The gray lines represent commonly-used “no-skill” and “useful skill” thresholds, of p and 𝐴𝐴

1+ 𝑝𝑝

2
 , where p is the event probability.
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spatial scales, the methods perform similarly, reflecting similar skill at predicting the overall extreme event 
frequency.

5.8.  Model Performance With Increasing Lead Time

To minimize the difference between our model and truth data sets during training we restricted training to 
lead times between 7 and 17 hr. Previous results were assessed solely on this time period. However, we are 
also interested in using our tool on shorter and particularly on longer lead times. Figure 13 shows plots of the 

pixel-wise CRPS and CRPSS 
(

=1 − CRPS
CRPSIFS

)

 metrics for the GAN and VAE-GAN models, for increasing lead 
time, compared to the IFS forecast data and the ecPoint approach. These are obtained without retraining the model 
with data from other lead times.

The lead time investigation was carried out using every available 00Z forecast in our 2020 data set, at lead times 
every 6th hour from 6 to 72 hr, again with an ensemble size of 100. All models show generally increasing CRPS 
with lead time, with visible diurnal cycle effects. The GAN and VAE-GAN show decreasing CRPSS as lead 
time increases, consistent with them being applied on longer lead times than they were trained on. However, the 
ecPoint approach shows CRPSS increasing with lead time, despite also being calibrated on 7–17 hr data. The 
GAN, VAE-GAN and ecPoint approach all have somewhat similar CRPS scores, compared with the IFS input 
data. The GAN and VAE-GAN slightly out-perform the ecPoint approach, although the GAN is overtaken by 
ecPoint at the longest lead times.

5.9.  Pure Super-Resolution Tests

Due to the different origins of our input data (IFS) and truth data (NIMROD), we are asking any machine learning 
solution to undertake two tasks: super-resolution, and bias/spread correction to account for forecast error. As a 
sanity check of our models, we also trained them to instead ingest coarsened NIMROD data (area-averaged to 
0.1°) and full-resolution geographic fields, and predict the full-resolution 0.01° NIMROD field. The resulting 
problem is close to that tackled in Leinonen et al.  (2020), without the temporal component, and is inherently 
easier than our full problem. The value of these experiments is to establish the limits of our ML models, and to 
understand whether the performance is limited by the super-resolution component or the forecast error correction 
component of the problem. The resulting models from this experiment are unlikely to perform well on the full 
downscaling problem since coarsened NIMROD radar data is not interchangeable with IFS forecast data. We 
have included results from this study in Appendix B.

Figure 13.  Scores for the generative adversarial network (GAN), variational auto-encoder-generative adversarial network (VAE-GAN) and ecPoint models with 
increasing lead time, compared to the baseline case of the IFS forecast.
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6.  Discussion and Conclusions
We present two models: GAN-based and VAE-GAN-based, both capable of increasing the resolution of forecast 
data by a factor of 10 and calibrating the forecast. Both models demonstrably add skill to the forecast, and produce 
similar forecasts with similar spatial structure. The VAE-GAN produced slightly better CRPS scores than the 
GAN. However, the GAN is better-calibrated than the VAE-GAN, is more capable of producing intense rainfall 
than the VAE-GAN, and perhaps produces slightly more large-scale variation than the VAE-GAN. Both models 
produce much better results than simple alternative methods, and achieve similar or slightly improved scores 
compared to the precipitation downscaling state-of-the-art ecPoint method, whilst producing spatially coherent 
and visually realistic images, which are easier to interpret. Both the GAN and VAE-GAN models allow for an 
ensemble of predictions to be produced, providing an estimate of uncertainty quantification, which is essential in 
weather forecasting applications. From the perspective of the rank histograms, Figure 8, ecPoint produces a better 
calibrated ensemble than either GAN method. This is consistent with the design of ecPoint which was configured 
to produce a well-calibrated ensemble. It is interesting that both GANs approach the calibration of ecPoint, in this 
plot and the ROC plots, with no explicit training for calibration. Furthermore, when restricted to extreme events, 
the neural network approaches are roughly as miscalibrated as ecPoint.

To better understand the bounds of our success we also used the same GAN-based architecture to carry out 
a NIMROD to NIMROD mapping, similar to that of Leinonen et  al.  (2020), where the input field was an 
average-coarsened version of the NIMROD precipitation field (plus the static fields). For this changed problem 
we see a significant drop in CRPS (from 0.0856 to 0.0230 mm/hr) and improvement in calibration. We interpret 
these auxiliary results, which are presented in the appendix, as a demonstration that the difference between the 
IFS and NIMROD data sets in the full problem (i.e., forecast error) is the main factor limiting the success of the 
model. This is caused by the misalignment of fronts and other precipitation events between the two data sets. 
Future work could explore methods to limit these effects, for example, pre-processing the data set to include only 
well-aligned events.

We believe there are several avenues for future exploration with this work. Foremost is the application of our 
model to the downstream tasks of flood modeling, where the bias correction and higher resolution could help 
improve the accuracy of the flood forecast. We would like to investigate the potential of applying the model to 
post-process ensembles of forecasts, which may guide the network further toward an accurate assessment of 
forecast error. Price and Rasp (2022) incorporated this data in their approach, but did so by fixing the number of 
ensemble members ingested. Using a transformer architecture in the ensemble dimension could be an exciting, 
ensemble-size-agnostic, approach to try. There may be some advantages to a split approach, in which coarse-scale 
bias/spread correction is applied before the downscaling step. Further work with more significant computational 
power could re-visit the temporal aspect, to give temporally consistent downscaled results. We barely explored 
modifications to the network architecture, and gains could perhaps be made here. We expect our model could be 
extended to work more generally across different geographical regions. Publicly available data sets could be used 
to build a downscaling model that could be applied globally, although this would have challenges in areas of the 
world where reliable truth data is not presently available. More generally, further work will be required to produce 
an operational-ready product.

Appendix A:  Ablation Studies
A1.  Varying Training Data Distribution

As discussed in Section 2.4, the training data was pre-processed into sub-images and sorted into bins according to 
the proportion of pixels containing rain within the sub-image. We then trained the network on different frequency 
distributions of these bins. We anticipated that the model would otherwise under-predict precipitation if trained 
on images that overwhelmingly do not contain precipitation. We treated this training data distribution as a hyper-
parameter to be optimized, and explored a few different distributions.

The initial selection of sampling equally from these bins caused the GAN to over-predict rainfall, shown in 
Figure A1. We also investigated training the network on the natural distribution of images—sampling in the 
proportion that the data would naturally fall. This corresponds to 41× as many images from the least-rainy bin 
as the most-rainy bin. Sampling the sub-images in this way produced marginally better CRPS scores than the 
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other distributions trialled, except for the main GAN (see Table A1). However, as anticipated, the network clearly 
under-predicts rainfall.

Finally, we tried showing the network k times as many images from the “least-rainy” bin as the “most-rainy” bin, 
with k varying between 2 and 12. The intermediate bin weights were interpolated linearly between these. Lower 
k-values tended to produce better rank histogram plots and RALSD scores, and higher k-values produced better 
results for CRPS. A k-value of 4 was determined to offer the best results overall. Example predictions for our best 
model are shown in Figure A1. Although the network still has a tendency to over-predict light rainfall, it retains 
the predictive power at the extremes of rainfall, so this was determined to be the best compromise.

The plots and evaluation numbers shown here are for the final, best version of the model. The differences here 
are subtle. The initial assessment of the data training weights was carried out on a more preliminary version, and 

Figure A1.  Example generative adversarial network (GAN) model output predictions with different input sample weighting, 
compared to the input low-res information (IFS) and hi-res ground-truth data (NIMROD).
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the differences were much more stark. Improvements on the 4x-trained model also significantly improved models 
trained with other input data distributions, however, we still consider the balance of training data an important 
factor to be considered. Choosing an optimal input data distribution should also help to accelerate training, even 
if the respective models eventually converge to similar minima.

A2.  Removal of Content Loss Term

In Section 4.1, we described that the generator is not just trained on discriminator loss, but an ensemble-mean-
MSE content loss term is also added to the loss function. As shown in Table A1, this content loss term improves 
the resulting network considerably. The CRPS improves noticeably, and the RALSD and ensemble-mean RMSE 
also improve.

A3.  Removal of Geographic Fields

Our main models used not just low-resolution IFS forecast fields as input, but also high-resolution orographic 
and land-sea mask fields, since these are expected to affect precipitation locally due to physical principles. From 
Table  A1, it would appear that a network without these high-resolution inputs has roughly equivalent skill. 
However, we found that removing geographic fields made the network perform noticeably worse on the 2019 
validation data set when averaged across a larger number of candidate model checkpoints, and earlier versions of 
the model showed a reduction in skill from removing geographic fields. We therefore believe that the geographic 
fields should still be included, even if the improvement in skill was not apparent in the final model training runs 
used in this paper.

Appendix B:  Pure Super-Resolution Problem
We also assessed the performance of the model architecture on the pure super-resolution problem of increasing 
spatial resolution without accounting for forecast error. The input data is now NIMROD radar data that has been 
coarsened, using averaging, by a factor of 10. The output is compared with the original, high-resolution NIMROD 
truth. We again pass in high-resolution orography and land-sea masks to the model. The precise information flow 
and network architecture is detailed in Figure 2, with the “9 IFS fields” input replaced by a single “coarsened 
NIMROD” input.

Example predictions for a model trained to map from coarsened to full-resolution NIMROD data are shown in 
Figure B1. It is immediately clear that the model performs very well on this task. Comparing these results to 
Figures 5 and 6 indicates how much more challenging the full downscaling problem is, in the presence of fore-
cast error. Quantitatively, the model obtains a CRPS of 0.0230 mm/hr on this problem, less than one-third of the 
0.0856 mm/hr CRPS obtained on the full problem. Increasing the resolution of the forecast appears to be a less 

Evaluation metric

CRPS (mm/hr)

RALSD (dB)

RMSE (mm/hr)

Variant Pixelwise Avg 4 Max 4 Avg 16 Max 16 Ens-mean Individual

Main GAN 0.0856 0.0844 0.1151 0.0806 0.2117 4.88 0.404 0.528

“Natural” a 0.0877 0.0866 0.1185 0.0832 0.2192 5.10 0.416 0.514

“Equal” a 0.0912 0.0903 0.1226 0.0871 0.2272 4.33 0.417 0.533

No CL b 0.0901 0.0890 0.1215 0.0857 0.2247 5.64 0.419 0.502

No geog c 0.0857 0.0845 0.1159 0.0805 0.2155 4.43 0.407 0.541 a

Note. The best score for each metric is highlighted in bold.
 aVarying the distribution of data used during training.  bNo content loss term used during generator training, only discriminator 
loss.  cNo geographic fields used, that is, the high-resolution orography and land-sea mask.

Table A1 
Table Showing Evaluation Results for Our Final GAN, and Various Ablated Versions
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challenging problem than accounting for forecast error in a spatially-coherent manner, and there is potential for 
an approach that performs these two steps separately.

Appendix C:  Reduced Numerical Precision
The models were originally trained with 32-bit floating point numbers on an NVIDIA V100. We later gained 
access to an NVIDIA A100, on which TensorFlow automatically employed the “TensorFloat-32” (TF-32) format 
for many internal calculations. This number format has the range of 32-bit numbers but the precision of 16-bit 
numbers. The resulting trained models appeared to be equal in quality to the original models trained in 32-bit, 
although it is hard to be completely sure due to the random variations between different training runs.

Figure B1.  Generative adversarial network (GAN) model output predictions for the pure super-resolution problem: mapping 
coarsened NIMROD data to full-resolution NIMROD data.
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We also tried using the TF-32 format only for inference, with models trained at full 32-bit. This was completely 
successful, giving practically identical metrics to 32-bit inference with approximately a 1/3 reduction in run time. 
We further tried training the model explicitly using 16-bit numbers. However, this quickly led to overflow during 
training and was unsuccessful.

Data Availability Statement
The code for the GAN and VAE-GAN models used in this paper is available at https://doi.org/10.5281/
zenodo.6922291. A cleaned-up version of the code, with the same core functionality, is available at https://github.
com/ljharris23/public-downscaling-cgan. We would recommend this for people looking to build on our work. Our 
code was adapted from Jussi Leinonen's GAN model, available at https://github.com/jleinonen/downscaling-rnn-gan. 
All experiments in this paper were performed within TensorFlow 2.7.0, except the deterministic CNN and the “natu-
ral” and “equal” training data ablation studies, which were performed within our older Tensorflow 2.2.0 environ-
ment. We did not find any scientific difference between models produced using the different Tensorflow versions. 
The ECMWF forecast archive can be obtained through MARS; more details are available at https://www.ecmwf.
int/en/forecasts/access-forecasts/access-archive-datasets. MARS accounts for academic use are available for free, 
subject to certain conditions; see https://www.ecmwf.int/en/forecasts/accessing-forecasts/licences-available. The 
NIMROD radar data set can be obtained through CEDA; more details are available at https://catalogue.ceda.ac.uk/
uuid/27dd6ffba67f667a18c62de5c3456350. A CEDA Archive account is required in order to access this data.
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