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ABSTRACT: General Circulation Models (GCMs) are powerful tools for simulating future climate change, but have suffered
from low-resolution outputs that are unusable for local and regional planning and budgetary bodies. This study aims to downscale
GCM-simulated annual rainfall data at the national scale in Australia, representing the largest-scale GCM downscaling study in
Australian Literature. This study collected over 69000 data points containing hydrological variables and mapped them within GIS
software. These data points were arranged in a grid with a spacing of 10km between points, an effective 100-fold increase in detail
from the original GCM resolution of 10000 km?. The data were used to train a Deep Neural Network, which achieved an average
prediction accuracy of 7% from the observed rainfall value, with an R-squared value of 0.991. Analysis of the neural network
suggests the significant importance of rainfall and humidity to model predictions, indicating that local relative rainfall distribution
depends on rainfall and humidity rather than temperature. With this model, we enable local governmental and budgetary bodies
to make informed decisions in response to future climate change impacts, such as for State Emergency services and Infrastructure
development efforts.
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Downscaling.

B Introduction

Australia is known for its natural wonders, but the same
environment has been causing increasing damage due to
climate change. According to the Insurance Council of Aus-
tralia Insurance Catastrophe Resilience Report 2025, damages
from climate-related extreme-weather events are projected to
increase to $35.2 billion in Australia by 2050, with climate
change further increasing rainfall intensity and flood frequency
in Australia’s densely populated coastline. To reduce or pre-
vent these potential damages, local and regional budgetary and
planning bodies need access to useful data on future climate
projections to make effective, informed decisions. Accurate fu-
ture projections both allow first responders (State Emergency
Services, Fire Service, Ambulance, Police) more time to prepare
and provide present local governmental bodies with incentives
to make sustainable decisions.!”

Climate models, specifically General Circulation Mod-
els (GCMs), have provided key insights into the potential
global impacts of climate change scenarios, but they lack the
high-resolution, local-scale detail of traditional weather fore-
casts for use by local government bodies.* It is important to
recognize the distinction between climate models and tradi-
tional weather forecasts: GCMs are primarily used to simulate
future rainfall under defined atmospheric conditions,* whereas
weather forecasts predict near-future rainfall using concurrent
observations of local climate.” GCMs operate by physically
simulating atmospheric circulation within a defined column of
air above the ground, thereby requiring large simulation cells to
capture complex large-scale atmospheric processes, but at the
expense of output detail.* To gauge climate change impacts,

climate model developers input a hypothetical climate scenar-
io, for example, the atmosphere with 600 ppm carbon dioxide,
into the GCM and analyze the output. For use in local and
regional impact assessment, GCM output needs to be appro-
priately downscaled to a higher resolution.*

GCM downscaling is separated into two main method-
ologies: dynamical and statistical downscaling.® Dynamical
downscaling involves operating a climate model at a higher
spatial resolution, producing output with higher spatial reso-
lution.® This can be done at a global scale or, more commonly,
in Regional Climate Models (RCMs), which generate climate
simulations within a defined area of the Earth. The downsides
are that dynamical downscaling requires physical access to the
climate model's code and programs to produce higher-reso-
lution results, which is highly computationally intensive.> It
also relies on the creators of the GCM to manually produce
downscaled results or to create a corresponding RCM, which
means that GCM-derived RCMs for specific regions of the
world, for example, the Australian state of New South Wales,
are not available.’ Additionally, as this study did not develop or
have the source code for a GCM, this study did not utilize the
dynamical approach. Conversely, Statistical downscaling uses
observed relationships between climate model outputs and lo-
cal atmospheric conditions to train a separate model.® Unlike
dynamically downscaled models, statistical models utilize the
GCM output only as an input variable, among other climato-
logical variables, with a provided ground truth to compare the
predicted rainfall of the model with actual rainfall.”® As such,
statistical downscaling models do not require physical access to
the GCM’s operating code to make predictions, only its output
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data, other gathered inputs, and observed variables.® How-
ever, traditional methods of statistical downscaling generally
require large, diverse datasets derived from complete atmo-
spheric measurements from select weather stations,” which
are not available at a national scale. Moreover, they are often
complicated models,”® requiring detailed, long-term observa-
tion of the ground truth for the model to construct a statistical
relationship between the predictors and the observed values.®
As a result, traditional statistical downscaling models have the
drawback of an overly narrow focus on local and catchment
scales.b o1

The method employed in this study (regressing rainfall us-
ing a deep learning neural network) is a statistical downscaling
approach. This study seeks to build on existing literature by
downscaling GCM outputs at the national scale, an area of
orders of magnitude larger than those in previous Australian
Literature, which often focuses on downscaling within a spe-
cific catchment basin."”"* Research conducted in Australia,
such as Timbal ez al, downscales GCM data within specific
“areas of interest”, specifically being the Murray-Darling Ba-
sin, Nullarbor Plain, South East Coast, Tasmania, South East
Australia, and South West Australia regions.! This reflects the
aforementioned tendency for Australian climate downscal-
ing studies to downscale within state and catchment-sized
scales, not at the national scale. Internationally, studies such
as Ahmed ez al. and Polasky e# al. downscale climate data at
the state scale,”" with the former downscaling precipitation
in the Balochistan region of Pakistan and the latter down-
scaling GCMs in the Midwest United States. To bridge this
gap in national-scale GCM downscaling, a machine learning
approach was used to achieve acceptable regression accura-
cy whilst simultaneously requiring less computational power
and reducing the complexity of the required dataset. Previous
studies that utilize a machine-learning downscaling approach
include Ahmed e# a/. and Wilby ez al. These studies gath-
er large amounts of atmospheric and GCM data, as well as
ground-truth data from measured, time-series climate data in
the real world corresponding to the GCM variable.”'? This
study’s methodology is based on the methodologies estab-
lished in the two ML-based papers above, outlined in Figure
1 with a flowchart.

B Methods

Study area:

The study area covers the entire extent of continental Aus-
tralia, including Tasmania. Australia features a predominantly
arid interior, with temperate climates in the East.” The Great
Dividing Range in Australia’s east blocks rainfall from the sea
from reaching the desertified interior, causing Australia’s east
to experience temperate to tropical conditions with signifi-
cant rainfall variability. In the states of Queensland and the
Northern Territory, temperate grasslands gradually transition
to tropical rainforest conditions, creating pockets of extremely
high average annual rainfall.”

Data sources

The data used in this study were obtained from multiple
sources. Decadal-averaged data and ground-truth annual ob-
served rainfall were obtained from the Australian Bureau of
Meteorology climate maps.™ The observed rainfall is avail-
able only at the monthly scale, so the extracted monthly values
must be aggregated to obtain the 2024 yearly observed rainfall.
To source elevation data, the GEODATA 9-second Digital
Elevation Model 2008 3.0 was downloaded from Geoscience
Australia, covering all of Australia. The climate model output
used originated from the Italian CMCC-CM2-SR5 General
Circulation Model, ' and was obtained via the European Net-
work of Earth System Modeling (ENES) Climate4Impact
portal.'” Specifically for this climate model, hindcast data for
2024 were used, which correspond to the observed 2024 rain-
fall data from the Australian Bureau of Meteorology, which
served as the ground truth for the model.

Data Preprocessing

Download climate and Import rasters into. Generation of location
GCM rasters ArcGIS Pro software points.

Import table data as Extract table data using
Python dataframe location points

Data cleanup

TR Apply trainjtest/val split TGRS
to data

Result Analysis and B Validate DN training
Interpretation history

Figure 1: Methodology flowchart of this study. The methodology is split into
two main stages in chronological order: the data collection and model training
stages, respectively.

Data preprocessing:

The dataset was split into two components: predictors and
labels. The predictors include spatially variable data or other-
wise simulated data that lack a direct temporal reference. This
includes historical averages of rainfall and humidity, derived
from measurements over the past decades, and is assumed to
be indicative of future observed values. Note that the GCM
hindcast 2024 output is a predictor, as the GCM output is not
dependent on observations made in the year 2024, but instead
simulated using 2024’s expected atmospheric composition.
Therefore, the GCM can generate outputs for future years
and serve as a predictor. Other climatological variables were
selected based on prior research, namely observed annual rain-
fall, annual average humidity (measured at 9 am and 3 pm),
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elevation, and annual temperature (maximum, minimum, and
mean).1 As the model aims to replicate the long-term rainfall
distribution within a large-scale GCM cell, an adjustment was
made to use the spatially variable versions of these otherwise
short observational time series. The rainfall, humidity, and
temperature used are 30-year climatological averages across
Australia. These values are assumed to be effectively constant
when downscaling GCM outputs of near-future climate con-
ditions. The label group comprises exclusively observed rainfall
data, specified by the GCM hindcast date. As seen in Table 1
below, 8 input variables and 1 observed variable, against which
the model output is compared, are used.

Table 1: Table of input variables used in the model with associated meaning
and units. The 30-year climatology in this table is the same for all associated
variables, being averages of the yearly values over the period 1990-2020.

Variable name Meaning Units

GCM_Hindcast_2024 Simulated rainfall value within a
GCM cell, output as an average

over a set year at a location

Millimeters (yearly total)

average_annual_rainfall Total rainfall value averaged
over a 30-year climatology

(1990-2020) at a location

Millimeters (yearly total)

9am_humidity Average 9 am humidity taken at
a location over a 30-year

climatology

% Relative humidity

3pm_humidity Average 9 am humidity taken at
alocation over a 30-year

climatology

% Relative humidity

elevation Elevation above sea level at a Metres
location

mean_annual_temperature The average of the mean yearly Degrees Celsius
observed temperatures over a

30-year climatology

min_annual_temperature The average of the minimum
yearly observed temperatures

over a 30-year climatology

Degrees Celsius

max_annual_temperature The average of the maximum
yearly observed temperatures

over a 30-year climatology

Degrees Celsius

Total observed rainfall at a
location in the Year 2024.

—_— ——F S

a raster or a geographical heatmap. A raster map is composed

2024_Yearly_Observed Millimeters (yearly total)

a5

of individual pixels of a specified geographical size resolution,
and is combined to form a large map image of the specified
raster area. Each pixel, also known as a raster cell, holds a spe-
cific value and is often visualized in Geographic Information
Systems (GIS) software using a color gradient that denotes the
relative magnitude of the value in the cell. As seen in Figure 2,
these rasters can spatially overlap, necessitating their distinc-
tion using different color gradients.

Figure 2: The elevation raster (black & white) overlaying the observed
rainfall January 2024 raster (Colored). The color gradient in each raster (white
to black and red to blue, respectively) indicates the relative magnitude of
feature values in a raster cell. The rainfall raster lies beneath the elevation
raster by virtue of the draw order in GIS software, demonstrating how the
rasters used geographically overlap on the Australian Landmass.

Data preprocessing - Generation of datapoints:

Data in this study encompass a rectangular area with top-left
and bottom-right bounds of 112.74°E,10.27°S, and 156.04°E,
43.87°S, respectively. Because raw climatological data are typ-
ically available in raster form, they must undergo extensive
preprocessing before they can be used in the neural network.
The raster datasets were first loaded into ArcGIS Pro,'® result-
ing in multiple geographically overlapping raster datasets, as
all rasters have defined data within Australia.

To convert this data into a table, coordinate points were gen-
erated in ArcGIS Pro for use with the Extract Multi Values to
Points tool.'® The Extract Multi Values to Points tool in Arc-
GIS Pro operates by identifying the raster cell that spatially
coincides with each input point and retrieving the cell value at
that location.' It performs this process for all selected raster
layers (e.g., rainfall observed, GCM raster, humidity average).
The result is a feature matrix in which each row corresponds
to a point, and each column contains the extracted values from
the corresponding raster datasets. As shown in Figure 3, the
aforementioned coordinate points are individual locations.
The exported feature matrix is ultimately used as the model's
input, with each row corresponding to a location point and
therefore a data sample.

B o iwoonesta. N R earuanew
andeg. 0 URSNECE TS Ui

AUSTRALIA

Melboume

Figure 3: Simplified version of datapoints drawn in ArcGIS Pro.”® The
actual data points used are far more numerous and distributed across a far
denser grid than shown in the image, which occupies each humidity raster cell.

To downscale the GCM raster correctly, the point grid
must be configured so that multiple points fall within each
large GCM cell, while each point lies in a different cell for the
higher-resolution predictor rasters. This ensures that only the
climate model output is being spatially downscaled, while the
other environmental variables contribute unique, location-spe-
cific information to generate valid predictions. To achieve this,
the point density was set to the cell size of the lowest-resolu-
tion predictor raster beside the GCM raster - the humidity
raster with a resolution of 0.1° x 0.1° (approximately 10 km
x 10 km). Using this spacing, 146,258 coordinate points were
generated, forming a continuous point grid across the entire
contiguous Australian mainland and Tasmania.

Figure 4 below illustrates the concentration of data points
by overlaying the data point grid on the GCM and humidity
rasters in a given region. Specifically, the figure overlays the
Australian coastal city of Port Macquarie, which was arbitrari-
ly chosen for this example. As seen in Figure 4(a), 96 data
points are located within the central GCM raster cell depict-
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ed in yellow, which downscales the GCM raster and predicts
rainfall values for each data point. As seen in Figure 4(b), each
humidity raster cell contains only one data point, providing
the model with a spatially unique humidity value for a valid
prediction. Thus, Figure 4(b) shows the maximum spatial den-
sity of data points possible for this study, which was ultimately
used for data extraction. It is important to note that a less spa-
tially dense data point grid can be used for data extraction. A
valid prediction does not require that each humidity raster cell
be used for all input data, just that the data points must each
represent spatially unique data, where no two data points can
occupy the same cell of any non-GCM rasters. In higher-res-
olution rainfall rasters, for example, the temperature raster, the
data points occupied only one in four cells on average.

(a) GCM Raster. The central grid cell  (b) Humidity Raster. Cell size is 10
size is 100 km by 100 km. Surrounding  km by 10 km. Edge cells are cropped.
cells are cropped. The color gradient The color gradient from white to
from red to blue represents high black represents high to low cell
to low-value cell attribute values, attribute values, respectively. Blue
respectively. Blue dots are data points dots are data points spaced 10km by
spaced 10 km by 10 km. 10km.

Figure 4: Generated data points (blue) overlaying the GCM Raster (a) and
the Humidity raster (b). Around 100 data points are contained within each
GCM raster cell, while a humidity raster cell only contains 1 data point. The
area is an aerial shot of Port Macquarie, New South Wales, Australia.

Because some original data point locations contained many
values over the ocean, the data needed to be filtered to elimi-
nate data points that lacked complete data across all selected
rasters. This is because the individual rasters have different siz-
es: the GCM raster is global-scale, the elevation raster covers
only Australian land, and others cover land and the nearshore
ocean. The simplest way to filter is to delete all data from dat-
apoints without a specified elevation value, as the elevation
raster is the smallest and is included within all other raster
maps, meaning that a datapoint geographically overlapping
the elevation raster must therefore be included in all other ras-
ter maps as well. This leaves 69581 usable datapoints, from the
original 146258, for training and testing the model.

All monthly observed rainfall totals were summed to obtain
the 2024_Yearly_Observed value, which was used as the la-
bel. The GCM_Hindcast_2024 raster data was averaged over
a year to mm/s, then multiplied by 31556926 (the number of
seconds in a year) to extrapolate the yearly GCM value for
2024, ensuring all rainfall variables were in units of mm/year.

Deep Neural Network (DNN) Model:

A deep neural network was used in this study, based on prior
findings that neural networks consistently yielded lower Root
Mean Squared Error (RMSE) values than traditional statis-
tical downscaling methods, which instead used first-order
two-state Markov processes, binomial occurrences, and vor-

ticity-based resampling.’ Although DNNs noticeably suffer
when attempting to predict the random occurrence of rainy
days,'? this study does not face this limitation. As this study
performs downscaling at the annual time scale, each predic-
tion represents the sum of many daily rainfall values. When
many daily observations are aggregated, the resulting annual
total tends to exhibit a more symmetric and stable distribution.
Under the Central Limit Theorem, the sum of a large number
of daily rainfall amounts with finite variance will approximate a
normal distribution, reducing sensitivity to inaccuracies in sim-
ulating individual extreme wet days.

Model Architecture:

The DNN has 8 input neurons, 6 hidden layers with 30
neurons each, and 1 output neuron. This specific combination
of parameters was selected through a manual search in hyper-
parameter tuning, which aims to identify the best-performing
model architecture. This model is a Deep Neural Network
(DNN) because it has more than one hidden layer. The Rec-
tified Linear Unit (ReLU) activation function was applied
between layers, constraining values to either zero or positive.

The 8 input neurons and 1 output neuron are defined by the
number of selected input variables and the required regression
outputs, which are fixed and cannot be changed. Therefore,
tests to find the optimal model architecture were conducted
using a grid search to determine the number of hidden layers
and the number of neurons per hidden layer. All tested model
parameters are shown below, in increments of 1 for hidden lay-
ers and 10 hidden neurons for a total of 25 manual tests.

Tested number of hidden layers: [3, 4, 5, 6, 7}

Tested hidden neurons per hidden layer: [10, 20, 30, 40, 50]

DNN Training Loop:

The training loop is configured to take a data batch size
of 10, and Mean Squared Error (MSE) loss was used in the
model. This process includes computing the error as a function
of the model weights, then finding the gradient as the partial
derivative of the loss with respect to the model weights. The
model weights are then updated in the opposite direction, re-
ducing the error in a process known as gradient descent. In this
study, the Adam optimizer was used."”

The overall dataset was randomly split into training (64%,
44531 samples), validation (16%, 11133 samples), and test
(20%, 13917 samples) sets. The model was set to train for 1500
epochs. To ensure model convergence and prevent overfitting,
early stopping was implemented with a patience of 100 epochs.

B Results and Discussion

The model with 6 Layers and 30 hidden neurons per layer
achieved the lowest Root Mean Square Error (RMSE), while
simpler networks failed to capture and predict rainfall values
with acceptable accuracy. Models with more hidden layers and
more hidden neurons achieved similar accuracy but required
significantly longer training times and were therefore deemed
suboptimal.

The model converged after 1338 epochs of training, with
the MSE reduction following an exponential decay pattern, as
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shown in Figure 5. The neural network’s predictions on the
test set had an RMSE of around 40mm/year, with the aver-
age label value being around 600mm/year. This represents an
effective error of +7% relative to the predicted value, which is
within the acceptable +25% accuracy threshold for short-term
rainfall forecasts.’

Training vs Validation Loss Over Epochs

25000 | —— Training MSE

—— Validation MSE

20000

15000

10000

Mean Squared Error (MSE)

5000

o 200 400 600 800 1000 1200 1400
Epoch

Figure 5: Model error across epochs of training. MSE on the training and
validation sets was graphed separately to inspect the model for overfitting,
which would cause Validation MSE to be significantly higher than
Training MSE. The close alignment of training and validation MSE curves
demonstrates that the model has not overfitted to the training data.

An R-squared value indicates the percentage of variance in
the predicted values explained by the variance among the pre-
dictor variables. In simple terms, it is the percentage variation
in the final value that can be explained by the predictors. A
high R-squared value of 0.9-1 indicates that the predictors ac-
count for the majority of the variation in the output variables,
indicating a statistically valid prediction. R-squared alone,
however, does not reveal the full extent of a model’s accura-
cy, as systematic biases towards certain predictor variables or
value ranges can reduce the model's prediction quality while
maintaining a high R-squared value. Therefore, this study uses
additional methods, such as RMSE, predicted vs. actual, and
residual vs. actual graphs, as well as SHAP analyses, to fully as-
sess the model’s accuracy across all predicted and error ranges.
The results of those tests are outlined further below.

The R-squared value calculated between the observed and
predicted values of the model averaged around 0.991, meaning
that 99.1% of the variance in the observed values can be ex-
plained by the variance in the predicted values. This suggests
that the model and its input variables account for the vast ma-
jority of factors contributing to the final yearly total rainfall,
reinforcing the +7% accuracy previously found with RMSE.
R-squared values this high may suggest data leakage between
the predictor variables and the target label, undermining the
validity of the model’s predictions. In this case, the main con-
cern is potential leakage between the GCM hindcast rainfall
predictor and the observed ground-truth rainfall used as the
label. This is because observed rainfall totals are incorporat-
ed into the GCM hindcast dataset to bias-correct the model
output toward real observations when generating the hindcast
rasters of the CMCC-CM2-SR5 General Circulation Mod-
el.'* However, this hindcast data is generated at the decadal
scale,'® averaged over the years 2014-2024. The data used to
validate the climate model hindcast must therefore have been
captured in 2014, which validates the R-squared value, as

the possibility of the GCM bias-correcting to the 2024 an-
nual observed rainfall value was ruled out. Furthermore, the
GCM data was installed before the migration of the European
Network for Earth Systems Modeling (ENES) server infra-
structure in December 2024, ruling out data leakage, as the
Australia-wide annual rainfall total data for 2024 did not yet
exist.

As seen in Figure 6 below, the model predictions closely
align with the theoretical perfect accuracy, with RMSE = 0, as
denoted by the line y = x across the entire range of predicted
and actual values. Although most values cluster in the 0-2000
mm rainfall per year range in Figure 6, the extremes in the
3000-5000 mm range also align closely with the line, suggest-
ing that the model provides accurate predictions for both low
and extremely high rainfall in Australia. This also suggests that
the earlier RMSE value is not distorted by any significant out-
liers, and that an error within +7% of the observed value is an
effective measure of model accuracy.

Predicted vs Actual Values (Test Set)

5000

Actual Values
w
=3
13
s

2000

1000

[ 1000 2000 3000 4000 5000
Predicted Values

Figure 6: Predicted vs Actual values graph. The predicted vs actual values
graph is used to gauge model performance across a wide range of values. Each
dot in the graph represents a single prediction from the model on the test split
of the dataset. This graph pattern indicates that the model has low error across
the entire range of predicted rainfall values.

As illustrated in Figure 7, the distribution of residuals
against actual values shows no discernible patterns or sys-
tematic biases. This uniform performance validates the high
R-squared and RMSE values, ensuring they are not skewed by
specific data ranges. The clustering of the dots in the 0 - 2000
mm range on the left side of Figure 7 indicates only the fre-
quency of data points with actual values in that range and does
not indicate any systematic error.

Residuals vs Actual Values (Test Set)

-200

Residuals (Actual - Predicted)

—400

o 1000 2000 3000 4000 5000
Actual Values
Figure 7: Residuals vs actual scatter plot. Each dot is a model prediction on
the test set, with the O line indicating a perfect prediction. Dots above and
below the line represent overpredictions and underpredictions, respectively.
Randomly scattered dots above indicate that the model is not systematically
biased towards any range.
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A SHAP analysis was used to quantify the individual contri-
butions of selected variables to the neural network's output.®
As seen in Figure 8, the variable with the greatest contribu-
tion is the decadal average annual rainfall variable, due to its
greatest range of SHAP values, followed by the GCM output,
and then closely by the two humidity variables. This analysis
suggests that the model is utilizing predominantly rainfall and
humidity values for prediction, indicating that local relative
rainfall distribution is determined predominantly by rainfall
and humidity variations rather than temperature.

High
average_annual_rainfall

GCM_Hindcast_2024

F9am_humidity

F3pm_humidity

min_annual_temperature

Feature value

max_annual_temperature

elevation

++++}$11

mean_annual_temperature

-500 0 500 1000 1500 2000 2500
SHAP value (impact on model output)

Figure 8: SHAP analysis of the neural network. The 8 input variables are
listed on the left, with their contributions shown on the bottom as a scale.
Each point in the middle is an instance of the corresponding input variable,
with the point’s SHAP value coming from a single prediction of the test set.
This allows us to interpret the DNN and gauge which climate phenomena
contribute to annual rainfall the most.

Limitations and considerations:

The model, by making a prediction, effectively simulates
rainfall distribution within a specified General Circulation
Model Cell at a 10 km by 10 km resolution. This study does
not use time-series data as predictors. The model views the
modeled rainfall distribution as a static factor that dictates pre-
dictions. This distribution was modeled based on the 30-year
average annual climatology for 1990-2020, meaning the pre-
dictions could be reasonably extrapolated into the near future.
An obvious limitation to this approach is that climate condi-
tions are not static. This means that future changes in climate
composition and atmospheric processes due to climate change
cannot be accurately modeled using the 30-year climatologi-
cal average data used in this study. Therefore, the model needs
to be periodically retrained using new decadal-average rainfall
data.

This model also assumes that the relative rainfall distri-
bution within the spatial extent of a GCM cell will remain
constant across different climate conditions. This assumption
was made because climate change alters predominantly mean
precipitation levels across a wide region rather than the relative
distribution or concentration of precipitation within a select
area,” suggesting that regional relative rainfall distribution is a
product of temporally static, likely topological factors. Without
this assumption of a static, localized, relative rainfall distribu-
tion, the model would need to physically simulate rainfall and
precipitation processes in a 100 km by 100 km area for each
data point, which is not within the scope of this study, as it
would effectively make the model a dynamically downscaled
GCM.

To explain this assumption, imagine an arbitrary GCM

grid cell that overlaps City A and City B, with City A receiv-

ing twice the amount of rainfall as City B. In a hypothetical
climate scenario, this study assumes the relative rainfall distri-
bution within a GCM cell is constant, meaning that City A
still receives twice the rainfall as City B despite drastic chang-
es in the area-average rainfall. While near-future local rainfall
distribution could be modeled statically under this assump-
tion, changes to anthropogenic land use, significant changes
to regional topography, and significant changes to climate con-
ditions could alter this rainfall distribution, rendering model
predictions for the far future or under extreme climate condi-
tions invalid with high error.

Future directions:

While this study effectively predicts annual rainfall at a spec-
ified location, it does not estimate the frequency or temporal
distribution of rainfall within a specific year. Future research
could use the initially separate monthly ground-truth values
to predict rainfall at the monthly temporal scale, or use dai-
ly total data from the Australian Bureau of Meteorology to
predict rainfall at the daily temporal scale. Alternatively, future
research could independently model the temporal distribution
of rainfall over a year, using the data generated by this study’s
model as an input variable. Physical climate simulations could
also be used in the aforementioned research, given the El Nifio
Southern Oscillation's significant impact on Australian pre-
cipitation distribution,”® among other factors not included in
this study, such as wind speed, air pressure at set altitudes, and
surface divergence.”?

Future research could also aim to increase the resolution of
the downscaled data by using a higher density of data points
than in this study. This study was limited by the coarse resolu-
tion of the 9 am and 3 pm humidity datasets, which necessitated
downsampling to 10 km by 10 km. Although useful for region-
al and local-scale applications, this data could be considered
too coarse for extremely narrow use cases, such as suburb-scale
planning and budgetary concerns. As such, research utilizing a
finer-resolution humidity raster at the national scale can sig-
nificantly increase detail, further expanding the study's possible
applications. A possible barrier is that high-resolution climato-
logical raster datasets are rare at the national scale, which could
be addressed by splicing multiple high-resolution local rasters
into a national raster for a specified variable. For specialized
regional applications of GCMs that require higher resolution,
this machine learning approach could be used in conjunction
with dynamically downscaled RCM rasters for a defined re-
gion to achieve even higher-resolution and more accurate
predictions. As dynamically downscaled RCMs typically have
aresolution of 1 - 2 km per grid cell, a further statistical down-
scaling model could result in predictor data point separation of
100 - 200 m, a 10-fold increase in downscaled resolution from

this study.

B Conclusion
In this study, we downscaled the output of the CMCC-
CM2-SR5 General Circulation Model at a national scale

in Australia, the largest scale of climate model downscaling
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achieved in Australian literature. The DNN model used in this
research predicts rainfall with an average prediction accuracy of
+7% relative to the mean and an R-squared value of 0.991, well
within the acceptable error bound of +25% for weather fore-
casting. The SHAP analysis suggests a greater contribution of
the GCM, rainfall, and humidity variables than of temperature,
indicating that local relative rainfall distribution is determined
predominantly by rainfall and humidity variations rather than
temperature. The downscaled resolution of 10 km by 10 km,
effectively a 100x increase in detail from the original climate
model output, allows local councils and budgetary bodies to
make informed decisions in response to future climate change.
Through this study, we lay a stepping stone in the nationwide
availability of GCM model results, which we hope will allow

future researchers to explore this critical field further.
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