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Abstract

Global Climate Models (GCMs) simulate low resolution cli-
mate projections on a global scale. The native resolution
of GCMs is generally too low for societal-level decision-
making. To enhance the spatial resolution, downscaling is
often applied to GCM output. Statistical downscaling tech-
niques, in particular, are well-established as a cost-effective
approach. They require significantly less computational time
than physics-based dynamical downscaling. In recent years,
deep learning has gained prominence in statistical downscal-
ing, demonstrating significantly lower error rates compared
to traditional statistical methods. However, a drawback of
regression-based deep learning techniques is their tendency
to overfit to the mean sample intensity. Extreme values as
a result are often underestimated. Problematically, extreme
events have the largest societal impact. We propose Quantile-
Regression-Ensemble (QRE), an innovative deep learning al-
gorithm inspired by boosting methods. Its primary objective
is to avoid trade-offs between fitting to sample means and ex-
treme values by training independent models on a partitioned
dataset. Our QRE is robust to redundant models and not sus-
ceptible to explosive ensemble weights, ensuring a reliable
training process. QRE achieves lower Mean Squared Error
(MSE) compared to various baseline models. In particular,
our algorithm has a lower error for high-intensity precipita-
tion events over New Zealand, highlighting the ability to rep-
resent extreme events accurately.

Introduction

Given the large-scale socioeconomic impacts that extreme
weather events have on society, detailed information on their
spatial patterns, and how they may change under climate
change, is highly sought out by decision makers and stake-
holders. For instance, extreme precipitation events can have
severe economic costs (Frame et al. 2020; Merz et al. 2010)
and cause large population displacement due to flooding,
with developing countries being particularly vulnerable. End
of century climate projections can be obtained via a GCM.
Despite their sophistication, however, the low spatial reso-
lution of their output imposes large uncertainties at local
scales. Nevertheless, climate projections produced by GCMs
are invaluable for macro-level decision making. A poten-
tial solution is to enhance the resolution of climate projec-

Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

21914

BG Network Low Quantile
, —Quantile: 0-0.3_ Predlctlon
. é > Coll\ve:iglon
Predictors, BG Network High Quantile
Quantile: 0. 9_1_0_ Predlctlon
’

Welghts

@%m

_____________

-,

Figure 1: An overview of Quantile-Regression-Ensemble.
The ensemble is formed by training each member on dis-
tinct quantiles of precipitation intensity. Samples are softly
assigned to a member via the Weight Network.

tions over a smaller geographical area is by coupling GCM
outputs with a Regional Climate Model (RCM). However,
the high computational cost of RCMs limits their practi-
cality when downscaling GCM projections. In contrast to
RCMs, statistical downscaling methods directly construct
a map between low-resolution climate variables (e.g., hu-
midity or pressure) from a GCM to a high-resolution cli-
mate variable such as precipitation, running orders of mag-
nitude faster than RCM orientated methods. Deep learning
has recently emerged as a prominent method in statistical
downscaling. Existing literature is rich in approaches that
successfully use statistical downscaling (Bafio-Medina et al.
2022; Adewoyin et al. 2021; Vandal et al. 2018; Oyama
et al. 2023). We adopt a similar methodology, mapping low-
resolution meteorological variables to high-resolution pre-
cipitation over New Zealand. However, deep-learning-based
implementations often underestimate high-intensity extreme
events when trained over the observational record (Baio-
Medina et al. 2022; Rampal et al. 2022). To address this
concern, we introduce the Quantile-Regression-Ensemble
(QRE) algorithm as depicted in Figure 1, which trains a se-
ries of members on distinct subsets of precipitation observa-
tions corresponding to specific intensity levels. As a result,
members can achieve significantly lower error MSE within
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their original intensity than the same model trained over the
entire dataset. Our approach employs dynamic weight as-
signment, matching incoming data to the appropriate mem-
ber using the Weight Network, thus forming an ensemble.
QRE provides a robust solution to the regression to the mean
phenomenon, a problem experienced by many deep-learning
based downscaling approaches. We evaluate our algorithm’s
performance across different precipitation intensity ranges
and over several key regions in New Zealand. Our contribu-
tions are as follows:

e We developed Quantile-Regression-Ensemble, an
ensemble-based algorithm that trains members over a
partition of the dataset, allowing each member to capture
a specific intensity level of precipitation. In rigorous
evaluations across various domains, QRE demonstrated a
significant increase in accuracy for extreme precipitation
levels.

QRE accurately predicts extreme precipitation events,
giving decision-makers high-resolution information on
climate scenarios and enhancing preparedness against
extreme events. Because of its compatibility with many
regression models, QRE emerges as a viable tool in cli-
mate projections and disaster preparedness.

QRE’s enhanced accuracy over extreme values indicates
its ability to aggregate local information from members
via a classifier into high-quality global information.

Related Work

Statistical Downscaling. Recent advances in Deep
learning-based climate downscaling have many paral-
lels with image super-resolution (SR), which aims to
reconstruct a high-resolution image from a corresponding
low-resolution image (Xia et al. 2022; Dong et al. 2014; Liu
et al. 2023). In climate downscaling, a deep-learning model
takes low-resolution meteorological predictor variables
and enhances them to generate a detailed high-resolution
climate variable such as precipitation. Bafio-Medina, Man-
zanas, and Gutiérrez (2020) trained a Convolutional Neural
Network (CNN) to downscale precipitation and temperature
across continental Europe. When downscaling precipita-
tion, they trained their model on the log-likelihood of the
Bernoulli-Gamma distribution. A similar approach has also
been adopted to downscale precipitation over New Zealand
(Rampal et al. 2022). While using the Bernoulli-Gamma
loss function improved performance over the traditional
MSE loss across all precipitation levels, the model nev-
ertheless overestimates low-intensity precipitation events
while underestimating high-intensity events. Once trained,
a downscaling model enhances climate projections via
coupling to a GCM, allowing for local information to be
harnessed in decision making. Our QRE, in particular, accu-
rately captures both high and low-intensity events, allowing
access to crucial information from a decision-making
perspective.

Boosting. Gradient boosting methods (Mayr et al. 2014)
train multiple instances of the same model on a dataset
and then weight their contributions to maximise accuracy
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Figure 2: Precipitation time series from the VCSN data, cap-

tured over a year for a single grid cell in New Zealand.

by sequentially correcting the errors of the preceding mod-
els. Moghimi et al. (2016), introduced boosting method for
CNNs for an image classification task using a variation on
the GD-MCBoost algorithm, which aims to construct the
collection of models such that each new member maximally
decreases the training error. However, an imbalance exists
for climate data between the sparsity and magnitude of sam-
ples. As a consequence, fixed ensemble weight methods are
prone to overfitting.

Dataset

We use a regression-based downscaling approach, which
maps low-resolution meteorological predictor variables
to high-resolution precipitation observations over New
Zealand. Here, our low-resolution meteorological variables
are obtained from the ERAS reanalysis dataset, the fifth gen-
eration of the European Centre for Medium-Range Weather
Forecasts (ECMWF). Our high-resolution precipitation ob-
servations are from the Virtual Climate Station Network
(VCSN).

VCSN. Our ground truth precipitation observations orig-
inate from the Virtual Climate Station Network (VCSN),
which employs interpolation on surface-level observational
data to produce gridded precipitation observations at a res-
olution of 5km (Tait et al. 2006; Tait, Sturman, and Clark
2012). Notably, bias caused by interpolation is particularly
pronounced in regions sparse in the number of observational
stations (Gibson et al. 2019), which is particularly evident
in the Southern Alps (Tait, Sturman, and Clark 2012). In
this study, we format our gridded two-dimensional precip-
itation observations into a single one-dimensional vector of
size 11491, where each entry corresponds to a distinct grid
point within New Zealand. Figure 2 shows precipitation ob-
servations from the VCSN data over a year for a grid point
in New Zealand. The extremes of precipitation refer to the
sudden spikes displayed by the data.

ERAS. The ERAS reanalysis is a state-of-the-art synthesis
of global observational data. The reanalysis integrates ob-
servational data from numerous sources, including station-
based and satellite measurements, to generate consistent
and accurate representations of the atmosphere (Hersbach
et al. 2020). We focus on meteorological variables within
the geographic range of (150E°,170W°) in latitude and
(255°,505°) in longitude. The ERAS reanalysis has been
coarsened from its native resolution of approximately 30km
to an approximate spatial resolution of about 100km - the
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Figure 3: Spatial plot of mean precipitation over New
Zealand, alongside key locations on which we evaluate our
methods.

typical resolution of a GCM (Eyring et al. 2016). Once our
algorithm is trained on ERAS, it can be applied to down-
scale any GCM, a technique described in climate down-
scaling as perfect prognosis. Additionally, we normalise the
ERAS data, ensuring that all samples have a mean of 0
and a standard deviation of 1. Previous research by Ram-
pal et al. (2022) performed sensitivity testing on the geo-
graphic region and climate predictor selection. They empir-
ically demonstrated that the set of 5 variables, at a pressure
level of 850hPa, or roughly 3.5km above sea level, maxi-
mally reduces MSE over the mentioned geographical region.
Specifically, these variables are air temperature (Tg50), Spe-
cific humidity (Qgs0), zonal wind speed (Usgsg), meridional
wind speed (Vgs0), and vertical wind speed (Wgsg). After
coarsening, our data consequently has shape (5, 36,41). The
precipitation vector has shape (1,11491).

Elevation. Alongside the ERAS and VCSN precipitation
observations, we also include the surface elevation of New
Zealand at a resolution of Skm as a static predictor variable,
which is also of a size of 11491. We normalise the elevation
data to have a mean of 0 and a standard deviation of 1.

Assessment Sites. We evaluate the performance of our al-
gorithms across New Zealand as a whole but also focus on
evaluating the performance at specific locations, shown in
Figure 3. These locations span different environments and
precipitation intensities, including high-elevation regions,
which often experience high precipitation intensities (Mt
Cook and Tongariro National Park) and a diverse range
of towns (Greymouth and Napier) and major cities (Auck-
land and Wellington). We evaluate locations that collec-
tively represent the entire spectrum of possible precipita-
tion levels. We also evaluate high-elevation regions collec-
tively, denoted as NZ7*, which denote locations with eleva-
tions greater than 1305m in the unprocessed elevation data.

Preliminaries

Bernoulli-Gamma Network Formulation. Let D = X' x Y
be the dataset, where x € X are the ERAS meteorologi-

21916

Ch | )
att:r?t?oen E@ Convolution E@
Predictors ~ Downsampling v @ E;(pectation xg%
= W do?
)o@ oo b
& s

S

S

Figure 4: An illustration of the Bernoulli-Gamma network
for downscaling precipitation from low-resolution meteoro-
logical fields. The network outputs the three parameters of
the Bernoulli-Gamma distribution for every grid cell, the ex-
pectations of which form the final prediction.

cal variables and y € ) the VCSN precipitation observa-
tions. To efficiently capture extreme events, each sample is
set at a daily temporal resolution. Often y is sparse across its
domain, with concentration being focused only on a small
number of areas. A loss function like MSE focuses on the
magnitude of errors and does not encourage learning of this
property. The Bernoulli Gamma distribution exponentially
increases with limited support, thereby encapsulating both
sparsity and focal point concentration. To learn these prop-
erties, we use the log-likelihood of the Bernoulli-Gamma
distribution as our loss function. Specifically, we construct
our network to predict a Bernoulli-Gamma distribution for
every grid point in New Zealand. At each location, we pre-
dict the inverse scale, shape and probability of precipitation,
denoted as 3, « and p as:

_ y=0
h(y|0‘767p) = (L)~ lexp(—4) ()
v BF(J 2 y>0.
The Bernoulli-Gamma loss is as follows:
Lpa = —log(h(y|a(v), B(v),p(v))). 2

The network trained with the loss function in Equation 2 is
known as the Bernoulli-Gamma Network (BGNet) (Bafio-
Medina, Manzanas, and Gutiérrez 2020). In this case, the
distribution’s parameters are calculated by transforming a
vector v from the penultimate layer of the network using
three independent dense layers, denoted as «f(.), 5(.) and
p(.). The prediction for precipitation over each grid cell is
given by the expected value of Equation 1. (Cannon 2008)

as:

To improve training stability, we learn using the log of the «
and (3 parameters. An illustration of the BGNet is shown in
Figure 4.

Downsampling Module. Climate processes are inher-
ently global phenomena with strong multi-dimensional in-
teractions between variables that cannot be constrained by
isolating them to a single region of space. In previous work
(Liu, Ganguly, and Dy 2020; Park et al. 2022; Miao et al.
2019; Rampal et al. 2022; Pan et al. 2019; Sun and Lan
2021), a combination of max-pooling and convolutional lay-
ers were used to downsample x. However, extracting local



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

features does not consider the global scale interactions be-
tween climate variables within the domain. We use a Chan-
nel Attention mechanism (Zhang et al. 2018) to incorpo-
rate this property. Specifically, we leverage a channel’s av-
erage and maximum statistics as implemented in Woo et al.
(2018).

Quantile Regression Ensemble

Ensemble-based deep learning methods can potentially re-
duce the degree of overfitting to any single intensity level of
precipitation. However, no work in the existing literature has
thus far proposed such a method for climate extremes. We
developed Quantile-Regression-Ensemble, an algorithm to
mitigate overfitting to the mean sample intensity. QRE trains
multiple regression-based neural networks on segmentations
of the dataset, shown in Figure 5. Consequently, each regres-
sor is able to train on a dataset containing different levels of
precipitation, allowing for a better representation of extreme
precipitation events.

Data Segmentation. Precipitation varies exponentially
with intensity. Some events, for instance, exhibit no pre-
cipitation at all, while others are several orders of magni-
tude more so than the mean intensity. To create a more bal-
anced learning problem, we split D into NN disjoint subsets
based on 1 -y, where 1 = (1,1,...,1)”. The intention
is for each set to only contain y with a similar cumulative
precipitation level over New Zealand. We say that y is in
quantile interval 7 if the cumulative precipitation across New
Zealand is between in a certain intensity range correspond-
ing to 7. In particular, splits are defined by the quantile in-
tervals {(q:,qi4+1)}Y, where o = 0.0 and gy = 1.0. For
values [; and h; at quantiles g; and ¢;; of cumulative pre-
cipitation {1 - §}5cy, we assign a point (z,y) € D to subset
i if y satisfies I; < 1 -y < h;. If this is the case, we say
that (z,y) corresponds to the interval [¢;, ¢;11), on which a
member of the partition is denoted as:

D(q’i:qi+1) — X(Qi:q1+1) X y(q'i3q'i+l).

An example of the segmentation procedure for N = 6 is
shown on the empirical distribution in Figure 5. Notably,
where ¢ = N — 1, N correspond to the smallest segmenta-
tions since density changes rapidly around the distribution’s
tail ends. For our purposes, it is not sufficient to only split the
data but to keep a record of the predictor and quantile index
pairs. Under the same condition for assigning y to partition
1, we discretise y to the interval index ¢ to form the set Z, and
write ) = (X, 7). To select the intervals, we use a Bayesian
Gaussian mixture model on {1 - §}5cy, and use the average
of 100 repetitions for our quantile intervals; after each run
on A, we convert the N means p; to its quantile index ¢; in
A, and set gy = 1.0.

Ensemble members. We minimise the regression to the
mean effect by training a member f¢, with parameters ;
on each D(%:%+1) By removing influences of samples from
other areas of the empirical distribution during training, fe,
can learn a representation of the precipitation level unique
to D@idi+1)  In this manner, we endeavour for each f,

to obtain significantly lower MSE on D(%:%+1) than the
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Figure 5: Example of data segmentation using 6 quantile in-
tervals over the distribution of cumulative precipitation over
New Zealand. The index of the quantile interval is denoted
by (1) through to (6).

same model trained over D. All models are assembled in
the {f¢, }V collection. We are concerned with cases of ex-
treme precipitation at ¢ = N, and more generally across the
interval (0.9, 1.0). A model that accurately predicts extreme
precipitation can inform stakeholders of potential economic
damage or public safety risks.

Weight Network. Here we consider the task of collect-
ing all members into an ensemble. Other methods, such as
Gradient-Boosting, carry out aggregation via assigning a
fixed weight to each model such that the loss over the en-
tire dataset is minimised (Moghimi et al. 2016). However,
given the members have been trained over different datasets,
there is no obvious way to compare losses or predictions be-
tween { f¢, }V. Therefore, a fixed weight strategy is likely
to be inadequate; weighting models to reduce error over the
entire set ignores the original intensities of each f,, lead-
ing to redundant models. The ensemble’s performance over
the corresponding intensity intervals will likewise be sub-
stantially lower than the original member. Instead, we learn
a network that dynamically assigns each ensemble member
a weight. Specifically, we construct a task where (z,y) is
softly assigned to a [g;, ¢q;+1), essentially selecting a sin-
gle f¢, for x. Let fp be a network with parameters 6 that,
by extracting spatial characteristics from x, outputs a vec-
tor where entry 4 is proportional to the probability of (z,y)
belonging to [g;, ¢;+1) of D. Specifically, fy uses the same
convolutional components as the BG-Net in Figure 4, subse-
quently followed by 2 dense layers. The final output is com-
puted by a layer containing /N neurons. To correctly scale
predictions of f¢, , we constrain the weights of fy such that
> fo(x); = 1. We therefore formulate our Weighting net-
work wy as a Softmax transformation of fy as follows:

wp(z) = SoftMax(fg(x)). 4)

We train wy using the Earth Mover Distance (EMD) for
multi-class classification (Frogner et al. 2015) as our loss
function. The EMD loss function has the ability to deal with
the overlap between class distributions (Hou, Yu, and Sama-
ras 2016; Graffeuille et al. 2022). Beyond that, EMD en-
forces a class ordering by incorporating the distance from
the prediction to the true class. Specifically, by applying a
weighting function I, a distance between ground truth class
k' and class & is defined. Let T" be the pth power of the ab-
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solute distance |k — «’| formulated as follows:

T(k, k") = |k — &'|P. 3)
From Equations 4 and 5, these loss £, is written as:
N
L, = Z L(k, & )we () - (6)
k=1

Ensemble. We aggregate {f¢, }1 into a ensemble g by us-
ing wy to assign an x to a f¢,. The ensemble is formed via
an affine summation:

1<i<N
We note that if wg(z); = 1, then g(x]0,&1,...,6n) =

fe,(x). Suppose the same model is trained over D. If we
were to assume that f¢, achieves lower error metrics on
D(qi’qi“), and ¢ is the correct class, then it follows imme-
diately that g is more accurate over that particular segmen-
tation. Let f¢, be BGNet as shown in Figure 4, trained using
the log-likelihood of the Bernoulli-Gamma distribution, as
shown in Equation 2. Here the number of bins is N = 6.

Pseudocode. Algorithm 1 presents the pseudocode for
QRE. The function Sorted builds a sorted array S by using
an arbitrary ordering between elements, which in this case is
given by 1-y. We use this to construct the collection { f¢, }¥
between Lines 2 and 11. Specifically, we build D(4::9i+1) be-
tween Lines 4 and 9 using points y; and y; 1 closest to the
quantiles g; and g;41, which are calculated on Lines 5 and
6. Each f¢, is initialised by calling BGNet on Line 3, and
trained over D(%:%+1) by invoking the Adam optimisation
scheme Adam on Line 10. Lines 14 to 15 are dedicated to
initialising and training wy. The final ensemble is assembled
on Line 16. The algorithm returns the ensemble on Line 17.

Theoretical Discussion

Number of quantile intervals. The Bayesian Gaussian
Mixture model used to compute the quantile intervals uses a
maximum likelihood approach on the posterior distribution
to converge to the N quantile intervals. Therefore, an in-
crease in IV corresponds to an increase in the overlap of the
intensity distribution for adjacent quantile intervals. Classifi-
cation accuracy of wg subsequently decreases. However, lets
we assume that each fgi converges to an accurate represen-
tation of the precipitation intensity of the underlying distri-
bution of D(%:9i+1) Then, as long as increasing N does not
drastically reduce the accuracy of wy over any ¢, the perfor-
mance of QRE can be increased. However, redundant quan-
tile intervals can occur if N grows too large; these either
have low cardinality or are too similar to data from adjacent
bins. Then a combination of the member overfitting and a
substantial decrease in accuracy of wy will lead to lower ac-
curacy.

Complexity. Given that D is partitioned into a disjoint
collection which covers it, each sample (z,y) € D is trained
over exactly once per epoch. We can therefore assume that
the number of iterations for training f¢, on Dei:ai+1) g
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Algorithm 1: Quantile-Regression-Ensemble

ReqUire: D= (Xv y)’ Q'I‘anges = {(qia Qi+1)}{vy
[-:BG’ [w
Ensure: Ensemble g of members and Weighting network
with parameters 6, &1, ...,&n
: S+ Sorted(Y) > Sort by total precipitation

1

2: for g;, giy1 € Qranges do > Train members
3: fe, < BGNet() > Initialise a BGNet instance
4: D(@iigiv1) {}, {}

50 i« S[lai - N]]

6 Yir1 < S[lgi41- N]]

7: li+—1-y > Upper and lower bounds
8: h; < 1- Yi+1

9: Dlaiai+1) « {(z,y) € D|l; < 1-y < h;}

10: fgi — Ad(L?”fL(ffI R D(qi:qu), »CBG)

11: end for

122 T+ {ijli<l-y<hyl<i<Nyel}

13: Q+ (X,7)

14: fop  WeightNetwork() > Classifier network
15: wy < Adam(Softmaz(fe),Z, L)

16: g(‘9551775N)<_21§1§Nw9f51

17: return g(.)

roughly % times the cost of training the same model over
D. Suppose we assume that wy has similar iteration require-
ments to that of f. Then, since both are trained over D, we
can assume that asymptotically the training time of QRE in-
creases linearly with respect to the training time of f.

Experiments

Evaluation. We evaluate techniques over data across vari-
ous precipitation intensities, including the intervals QRE has
been trained over. To test the generalisability of our meth-
ods, we evaluate the performance of QRE over distinct high
and low precipitation intervals; (0.9, 1.0) and (0.0,0.2). We
also evaluated the performance across different regions of
New Zealand, displayed in Table 2. When segmenting the
data using both spatial and quantile coordinates, we consider
the variability of precipitation levels for each particular re-
gion by performing spatial segmentation. To mitigate non-
determinable effects (Quesada-Chacon, Barfus, and Bern-
hofer 2022), we repeated all experiments 40 times and re-
ported the resulting mean and standard deviation. Signifi-
cance is determined using the Wilcoxon signed-rank test,
with the probability of rejecting the null hypothesis set to 5%
(Demsar 2006). To improve reproducibility when the num-
ber of repetitions is low, each iteration of QRE uses mem-
bers as the average overall runs.

The objective of our evaluation is to answer the following
questions: RQ 1 How does QRE perform under different
precipitation intensity levels? RQ 2 How does the number
of members affect QRE? RQ 3 How accurately can QRE
predict precipitation?
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Method In-Domain Interval Out-of-Domain Interval

0.0-0.166  0.166-0.392 0.392-0.61 0.61-0.812 0.812-0.923 0.923-1.0 | 0.9-1.0 0.0-0.2
Perfect-Member | 0.940.0 6.14+0.2 22.6+0.5 61.5+£2.0 123.34£5.0 3122484 | - -
QRE 1.9+0.3 9.5+0.7 29.440.8 67.7+1.6 127.1+2.3 312.84+6.4 | 282.6+4.9 2.440.3
Naive-Ensemble 1.8+0.2 10.0£0.6 539+29 140.3+44 241.04+4.7 626.94+5.9 | 548.24+5.0 2.240.2
BG-Net 2.24+0.3 10.2+0.9 30.9+£1.9 69.9+3.9 133.446.0 326.34+9.6 | 297.448.5 2.84+0.4
BG-Net(-) 24403 10.6+£0.8 31.4+1.8 70.1£2.5 138.1+4.8 337.8+10.2 | 305.14+8.0 3.34+0.4
Bagging 45.547.5 50.3+£5.5 39.0+£2.2 54.6+0.5 140.842.4 643.8£10.2 | 545.94+8.5 45.447.3
Probability 27.7+3.4 29.1£2.4 25.0+£0.7 58.0+0.8 175.242.5 643.84+9.7 | 652.848.1 27.5+3.3

Table 1: Comparison between BG-Net and QRE (ours) over the quantile intervals. The statistically significant MSE results
according to the Wilcoxon-signed-rank test are shown in bold. Perfect-Member is the idealised case considered as the “ideal”

results if perfect weightings are obtained.

Reproducibility. Figure 4 shows each convolutional layer
in BGNet has a kernel size of 6. The channels in each
convolutional layer are 64, 128 and 256, respectively. The
coefficient r for channel attention is set to 1. The first
dense layer contains 512 neurons, which during training
uses dropout with a rate of 0.2 is used. The remaining
branches for the distribution parameters contain 11491
neurons, for each grid point in New Zealand. The ReLu
activation function is used in all layers except for the final
output layer, where the o and 3 branches use modified tanh
functions, and the p branch uses the sigmoid function. The
convolutional layers of the Weight Network are the same as
in BG-Net and are followed by 2 dense layers containing
100 neurons each. A dropout rate of 0.2 between both
dense layers is used when training the network. The last
output layer has a neuron equal to the number of members
in the ensemble, where we use N = 6. When computing
the EMD loss p is set to 1. All networks are trained using
an exponentially decaying learning rate. We use a decay
value of 0.7 and set the number of decay steps to 6000.
When training BG-Net, the initial learning rate is 1074,
whereas for the Weight Network, its value is 5 - 10~5. To
account for instability during training, we use early stopping
with patience of 4 and 15 for BG-Net and the Weighting
Network, respectively. We use the first 32 years of data
for training, the next 6 for validation, and the following 8
for our test set. We train on a single NVIDIA A100 GPU
with 256G B of RAM. The source code for our research
is available at https://github.com/tomthedecoder/Quantile-
Regression-Ensemble-A-Deep-Learning-Algorithm-for-
Downscaling-Extreme-Precipitation.

Baseline models. We compare the effectiveness of our
QRE against several baseline models: Perfect-Member,
BGNet, BGNet(Interp), BGNet(Embed), Probability, and
Bagging.

* Perfect-Member. In an ideal scenario, the Weight Net-
work achieves perfect accuracy when assigning samples
to members. We call this model Perfect-Member, which
refers to the member evaluated over the same precipita-
tion intensity it was originally trained over.

Variations of BGNet. We evaluate the effectiveness of el-
evation data as an static predictor field. BGNet(Interp)
utilises bilinear interpolation of elevation data, whereas
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Figure 6: Sensitivity analysis of QRE to the number of en-
semble members. MSE is given over various quantiles for
intensity and spatial location.

BGNet(Embed) uses convolution and max pooling op-
erations prior to interpolation. We include the network
introduced by Rampal et al. (2022) as BG-Net(-).

Probability. To highlight the importance of dynamic
weight assignment from our Weight Network, we con-
trast against fixed weight methods. Specifically, we scale
each member of QRE by a fixed scalar value. The prob-
ability technique fixes the weights of each member cor-
responding to the empirical probability that a sample be-
longs to a given quantile interval.

Bagging. We use a weighting procedure that computes
the mean of predictions from all members.

Naive-Ensemble. We evaluate the effectiveness of mem-
bers in capturing variability by fixing each member to the
empirical mean over the associated particular segmenta-
tion.

Comparison of results based on varying intensities
(RQ1). Table 1 compares the techniques on different
quantile intervals. Firstly, we tested the data with the same
intervals as the training intervals, which are denoted as the
In-Domain interval. Secondly, We tested the model on dif-
ferent intervals to the training, denoted as Out-of-Domain
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Method High Moderate Low

‘ NZ ‘ Mt Cook NZ* Greymouth ‘ Napier Auckland ~ Wellington ‘ Tongariro
QRE 60.8+£0.5 | 308.2+3.8 102.1+1.0 1534417 | 24.5+£04 33.24+05 27.7£0.3 19.7+0.4
BGNet 63.6+£2.0 | 324.9£9.8 106.7£3.0 160.7£5.8 | 23.7£1.6 31.6+£0.9 26.9+0.9 20.2+£1.0
BGNet(-) 65.2+1.4 | 322.7£104 107.8£3.2 166.7+5.7 | 26.7£1.5 353+0.8 29.2+0.9 22.2+1.1
BG-Embed | 63.3+1.5 | 322.0+9.0 105.8+£2.9 160.2+5.7 | 23.7£1.2 31.8+£09 27.0+£0.9 20.2+£1.0
BG-Interp 63.2+1.4 | 324.1£9.7 106.1£3.0 158.5+£1.8 | 23.6£1.2 31.6+£0.8 27.1£0.8 26.8+0.8

Table 2: Comparisons of MSE between QRE and baseline models across NZ and local areas, ranked via intensity. In bold are

the significant areas according to the Wilcoxon-signed-rank

intervals. Note that we are not able to produce Perfect-
Member results for Out-Domain as there exists an over-
lap between quantile intervals, and therefore the choice of
the member is ambiguous. With the expectaion of Naive-
Ensemble, we observe QRE significantly out-performs all
baselines on both low and high precipitation intensity inter-
vals, but not over those corresponding to moderate precipi-
tation.

Sensitivity analysis based on the number of members
(RQ2). We conducted a sensitivity analysis for QRE’s de-
pendence on its only hyper-parameter, the number of mem-
bers or dataset partitions, N. As shown in Figure 6, there
is variability in MSE across different regions and precipi-
tation intensity levels when N is varied. We find that se-
lecting N requires a critical balance of performance be-
tween the 3 intensity levels. In particular, our results con-
sistently show a trade-off between performance across high
and low intensity levels. Additionally, with regards to N
between 2 and 4, we generally observe a positive correla-
tion between performance over the intervals (0.9,1.0) and
(0.0, 1.0). However, the situation over New Zealand changes
when N > 4; the MSE on (0.0, 1.0) starts to increase irre-
spective of performance on high precipitation events. This is
due to QRE constructing smaller intervals around moderate
to high precipitation levels. The task of assigning weights,
as a result, grows in difficulty. Furthermore, due to the en-
semble aggregation method employed, training a high pre-
cipitation member may bias QRE towards that particular
model, even though the model may be assigned a low-valued
weight. Therefore, decreasing error on (0.9, 1.0) may actu-
ally worsen performance on (0, 0.2), while still not guar-
anteeing more accurate performance on (0, 1.0). Take for
instance the case of N = 5. This coincides with our claims
made in the theoretical discussion. Taking these experiments
into account, we choose N = 6 in our experiments as it per-
forms reasonably on both high and low precipitation levels
compared to other choices.

Comparison between QRE and baseline models over var-
ious regions (RQ3). Table 2 shows QRE results against
other baselines across New Zealand and different precipi-
tation regions, i.e. high (Mt Cook), moderate (Auckland,
Napier) intensity levels and low (Tongariro) intensity lev-
els. Table 2 shows QRE lowers the MSE of predictions over
New Zealand by 4.8% when compared with BG-Net, and is,
in this respect, significant to all other models. We can there-
fore infer that the aggregation of members via the Weight

test.
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Network, in general, is more accurate. In the disaggregated
tests, QRE performs significantly more accurately over the
high and low precipitation regions of Mt Cook, NZT, Grey-
mouth and Tangariro. However, QRE does not perform as
accurately in the moderate-intensity regions. We observe a
similar trend in Table 1. Therefore, we can deduce that QRE
significantly improves performance over high and low pre-
cipitation extremes while remaining insignificant over mod-
erate precipitation levels.

Conclusion and Future Work

High-intensity precipitation events are capable of causing
large-scale socioeconomic damage. While GCMs can pro-
vide insights into these events, their resolutions are often
too coarse to capture local-scale variations. Statistical down-
scaling offers an affordable solution to enhancing the resolu-
tion of GCMs. However, many deep learning based regres-
sion models suffer from regression to the mean precipita-
tion intensity. To address this, here we developed Quantile-
Regression-Ensemble, an algorithm that constructs an en-
semble by training models over intensity-based subsets of
the data, allowing for a better representation of the observed
range of precipitation intensity. In experiments conducted
across New Zealand and for differing precipitation inten-
sity intervals, QRE significantly improves accuracy in pre-
diction of high precipitation extremes, while simultaneously
reducing error across all other intensity levels. QRE conse-
quently shows potential for application in broader climate
modelling, including downscaling projections of future cli-
mate scenarios.

Currently, Quantile-Regression-Ensemble successfully
leverages two factors; each member achieves lower MSE
than the aggregate model over its original intensity, and due
to the quantile IV being the most distinct class, the Weight
Network achieves excellent accuracy on high precipitation
extremes. However, for low precipitation levels, the Weight
Network struggles to classify samples correctly, leading to
a diminished performance gain across moderate precipita-
tion regions. Future research will explore methods to miti-
gate this effect.
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