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Abstract. Climate change is expected to exacerbate the frequency and intensity of drought in many water-limited regions. 

However, future drought changes in Australia –the driest inhabited continent on Earth– have remained stubbornly uncertain 

due to a lack of model agreement in projected precipitation changes in most regions. We use an ensemble of future 

projections from the National Hydrological Projections to assess future drought changes in Australia. The ensemble of 32 

simulations was created using the Australian Landscape Water Balance model (AWRA-L) forced by four global climate 20 

models (GCMs) from the Coupled Model Intercomparison Project phase 5 that were downscaled and bias-corrected using 

four alternative methods. This ensemble provided an opportunity to analyse multiple sources of uncertainty on the future 

projections and quantify changes across multiple drought types (meteorological, hydrological and agricultural). We show 

future increases for all three drought types, with largest increases projected in winter and spring. The sign of the changes is 

consistent across different drought metrics but projected changes are more robust for the time spent under drought than 25 

drought duration or intensity. The future changes are particularly robust in the highly populated and agricultural regions of 

Australia, suggesting potential impacts on agricultural activities, ecosystems and urban water supply. We attributed 

uncertainty in future drought changes to GCMs, downscaling/bias correction (DS-BC) methods and emissions scenarios. 

GCMs represent the largest source of uncertainty (47-72% of the full range of projections) but the choice of DS-BC method 

is also important (23-58%, with approximately half of this uncertainty arising from the choice between dynamical and 30 

statistical downscaling). The emissions scenarios were the lowest source of uncertainty (11-33%) but influenced the 

magnitude and spatial extent of robust future changes. Overall, the projections suggest likely future increases in drought in 
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Australia with little evidence for ameliorating drought risk with climate change despite ongoing uncertainty in future 

changes in parts of the country. 

 35 

1 Introduction 

 

Droughts can have devastating and lasting impacts on society and represent one of the most significant consequences of 

climate change on people and ecosystems (Choat et al., 2018; Van Loon et al., 2016). Droughts are generally expected to 

increase in the future but there are many regions where even the sign of future change remains uncertain (Seneviratne et al., 40 

2021). Australia is an example of a region where we do not yet understand with confidence how future droughts will evolve, 

including in key agricultural and highly populated regions (Kirono et al., 2020). Recent droughts have caused severe impacts 

in Australia, most notably the Millennium drought in 2001-2009 and the Tinderbox drought in 2017-2019 which led to 

severe water shortages and agricultural losses (Devanand et al., 2024; van Dijk et al., 2013). Globally, Australia ranked fifth 

in terms of economic losses resulting from drought during 1990-2014 and 15th in terms of the number of people affected by 45 

drought (González Tánago et al., 2016), making it a particularly drought prone region. Droughts also contribute to other 

natural hazards such as heatwaves and bushfires, and land degradation. The Tinderbox drought culminated in the Black 

Summer bushfires of 2019-20 (Abram et al., 2021) which burnt >20% of Australia’s temperate broadleaf forests –a globally 

unprecedented fraction of any continental forest biome to have burnt within a single fire season (Boer et al., 2020). 

There are several challenges in quantifying drought changes in Australia and elsewhere (Kiem et al., 2016). No one 50 

definition for droughts exists and changes across different types of droughts can be inconsistent, making it challenging to 

understand drought trends (Tijdeman et al., 2022). There are three main types of droughts that are often considered in 

climate studies: meteorological (precipitation), hydrological (streamflow) and agricultural (soil moisture; also termed 

ecological). While meteorological droughts are driven purely by precipitation deficits, hydrological and agricultural moisture 

droughts are more complex and often more slowly evolving. They not only depend on precipitation but also on atmospheric 55 

water demand, vegetation processes and human influences (Van Loon, 2015). The interplay between the variables means 

that investigating changes in just one type of drought may not adequately represent drought conditions and as such studies 

should ideally consider multiple types of drought for a more complete picture (Cook et al., 2020; Kirono et al., 2020). In 

Australia, the water cycle is strongly driven by rainfall variability due to the dry climate over much of the continent. The 

southern parts of the continent have experienced decreasing precipitation over the past decades whereas northern Australia 60 

has experienced higher rainfall (Dey et al., 2019), with trends in runoff and soil moisture broadly tracking these (Wasko et 

al., 2021; Zhang et al., 2016). However, some regions have seen opposing trends in rainfall, runoff and soil moisture, 

including parts of the Murray-Darling Basin and southeastern Australia which encompass key agricultural and high 

population areas (Wasko et al., 2021). Some semi-arid and subhumid parts of Australia have also seen larger changes in 
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streamflow than rainfall (Fowler et al., 2022; Peterson et al., 2021; Ukkola et al., 2016), highlighting the need to consider 65 

multiple aspects of the hydrological cycle for a more complete picture of drought trends and their magnitude.  

Understanding drought trends is further complicated by the various drought metrics employed in different studies. This has 

made it difficult to compare across studies, particularly as many studies tend to only consider one metric and one type of 

drought. Moreover, past studies have commonly quantified changes in drought using indices such as the Standardised 

Precipitation Index (Orlowsky and Seneviratne, 2013) or by comparing historical and future climatologies (Cook et al., 70 

2020; Shi et al., 2020). However, these approaches quantify changes in mean conditions rather than anomalously dry periods 

that droughts are usually defined as, ignoring the role of variability. This is particularly problematic in Australia where 

rainfall and streamflow exhibit high interannual variability compared to many other regions of the world (Chiew and 

McMahon, 1993; King et al., 2020; Morin, 2011). This high variability can lead to extended periods of drought even without 

changes in the mean. For example, eastern Australia has experienced two severe droughts during the past two decades (the 75 

Millennium and Tinderbox droughts) even though the mean rainfall during this period was close to the long-term 

climatological average. Studies have shown that drought metrics that take variability into account can also lead to more 

robust future projections and help narrow the uncertainty in hydrological projections (Trenberth et al., 2014; Ukkola et al., 

2020). 

A further challenge arises from uncertainty in the modelling frameworks used to project future changes. Future projections 80 

rely on global climate models (GCMs) but at spatial scales of >100km they are generally too coarse for regional- and local-

scale decision making. They also exhibit biases in regional-scale climate and hydrology and there has been limited effort in 

understanding their ability to skilfully simulate drought (Seneviratne et al., 2021). Studies that have evaluated global climate 

models and their components point to systematic biases in the simulation of rainfall persistence (including multi-year 

meteorological droughts; Moon et al., 2018; Papalexiou et al., 2021; Rocheta et al., 2014) and land drought responses 85 

(Martínez-de la Torre et al., 2019; Ukkola et al., 2016), with large inter-model differences particularly in the simulation of 

hydrological and agricultural drought (Ukkola et al., 2018). Bias correction and regional downscaling are common methods 

for reducing these biases and gaining more localised projections (Giorgi and Gutowski, 2015; Xu et al., 2021). Whilst bias-

correction and downscaling are able to improve the representation of regional climate conditions (Chapman et al., 2023; Di 

Virgilio et al., 2020), they introduce another layer of uncertainty as different approaches prioritise varying characteristics of 90 

the climate time series. Recently, Vogel et al. (2023) compared four downscaling and bias correction methods for improving 

GCM-simulated climate variables over Australia and showed that their performance varied depending on the metric 

considered (e.g. mean climate, variability or extremes) and the climate impact of interest (e.g. projections of drought). As 

such it is important to understand what and how different bias correction and dynamical downscaling methods impact 

projections at the scale most relevant to the climate or hydrological quantity being assessed. 95 
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Here we investigate future changes in Australian droughts and consider some of these key sources of uncertainty in future 

projections. We use an ensemble of 32 simulations from the National Hydrological Projections (NHP) collection (Peter et al., 

2024; Srikanthan et al., 2022; Wilson et al., 2022) covering the period 1960-2099. The projections were created using the 

Australian Landscape Water Balance model (AWRA-L; Frost et al., 2018) forced with GCM outputs bias-corrected and 

downscaled using alternative methods. Using this ensemble provides an opportunity to quantify the uncertainties arising 100 

from the choice of GCM, bias correction and downscaling methods and how these propagate into drought projections. We 

also consider three types of drought (meteorological, hydrological and agricultural) and calculate future changes in these 

using consistent methods to assess the robustness of future changes across different indicators of drought (time under 

drought, duration and intensity). These projections are widely used for adaptation and management purposes across Australia 

but past studies using NHP have largely focused on longer-term averages rather than dry extremes (e.g. Peter et al., 2023), 105 

making a thorough analysis of the projected future drought changes timely. 

 

2 Methods 

 

2.1 The AWRA-L model 110 

This study uses simulations from the gridded landscape water balance model AWRA-L (Frost et al., 2018; available via 

https://github.com/awracms/awra_cms). AWRA-L is the Bureau of Meteorology’s continental-scale gridded hydrological 

model which underpins the near seamless Australian Water Outlook service (https://awo.bom.gov.au) and provides 

information on past and near-real time hydrological conditions, seasonal forecasts of hydrology (Pickett-Heaps and Vogel, 

2022; Tian et al., 2021; Vogel et al., 2021) and hydrological projections (Srikanthan et al., 2022; Wilson et al., 2022). 115 

AWRA-L is a semi-distributed model that has been calibrated towards observed river streamflow, satellite soil moisture and 

evapotranspiration across the continent (Frost et al., 2018). The model simulates hydrological fluxes and stores, including 

runoff, actual and potential evapotranspiration, soil moisture for three soil depths (0-10cm, 10-100cm and 100-600cm) and 

aggregated root-zone soil moisture (0-100cm depth) (Frost et al., 2018; Fig. 1). Runoff is calculated as a combination of 

surface runoff, baseflow and interflow, with both infiltration- and saturation-excess runoff considered. Baseflow is 120 

calculated from groundwater storage and deep drainage from the bottom soil layer. Interflow is the lateral drainage from two 

top soil layers (0-100cm). AWRA-L does not simulate lateral flow or river routing. Soil moisture is calculated as a function 

of soil water holding capacity and saturated hydraulic conductivity derived from pedotransfer functions applied to 

continental gridded clay content. Identical hydraulic parameters are used for each vertical soil layer. The soil moisture used 

in this study is given as the root zone soil moisture, which is the sum of the upper and lower layers shown in Figure 1. The 125 

root zone soil moisture is a useful measure of agricultural drought as it represents the magnitude and variability of water and 

energy fluxes through evapotranspiration (e.g. Baldwin et al., 2017; Dumedah et al., 2015). A full description of AWRA-L 

version 6 which underpins the National Hydrological Projections dataset used in this study is provided in Frost et al. (2018). 
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AWRA-L has been comprehensively evaluated against hydrological observations, including gauged streamflow, in situ 130 

measurements of soil moisture, groundwater recharge data, and flux tower-based evapotranspiration (Frost and Wright, 

2018). AWRA-L performs well for a wide range of water balance variables at observational sites across the country (Holgate 

et al., 2016; Khan et al., 2020) and is able to reproduce historical hydrological trends (Wasko et al., 2021). Azarnivand et al. 

(2022) present a sensitivity analysis demonstrating the most influential model parameters on the simulated hydrological 

outputs. 135 

 

 
Figure 1: Schematic of AWRA-L fluxes and stores (source: Frost et al., 2018). 

 

2.2 Datasets 140 

 

2.2.1 Historical observations 

 

We use several observation-based products to assess model skill in simulating historical droughts during 1970-2020, the time 

period maximising the overlap between observations and model simulations. We used observed precipitation from the 145 

Australian Bureau of Meteorology’s Australian Gridded Climate Dataset (AGCD) version 1 (previously known as the 

Australian Water Availability Project dataset; Jones et al., 2009) for comparison with climate model simulated 

meteorological droughts. The AGCD dataset was built by interpolating station-based data onto a 0.05° x 0.05° grid. While 

AGCD was used for bias-correcting the GCM precipitation (see below) and is thus not an independent dataset, it can be used 

to evaluate the skill of the bias-correction methods in capturing observed precipitation. We additionally used a historical 150 
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AWRA-L simulation forced with historical climate observations to provide an observationally-constrained reference 

simulation for runoff and soil moisture. The reference simulation was forced with daily precipitation, minimum and 

maximum temperature data obtained from AGCD. In addition, remotely-sensed daily solar radiation data (Grant et al., 2008) 

and daily-average wind speed data derived from station-based 2m wind speed observations, available on the same 0.05° x 

0.05° grid (McVicar et al., 2008) were used as inputs into AWRA-L. As long-term gridded runoff and soil moisture 155 

observations are not available at high spatial resolution, this reference run was used as pseudo-observations to compare 

against GCM-forced AWRA-L runs. We supplement these with streamflow observations from the version 2 of the 

Australian edition of the Catchment Attributes and Meteorology for Large-Sample Studies dataset (CAMELS-AUS v2; 

Fowler et al., 2024). The streamflow data were screened to remove any catchments with >5% of the time steps missing 

during 1970-2020. Gap-filling has already been performed as part of the original dataset using output from a hydrological 160 

model. This left 216 catchments available for the evaluation out of the 561 catchments available in the full dataset (see Fig. 

S1 for catchment locations).  

 

2.2.2 Downscaled and bias corrected climate model data 

 165 

We obtained downscaled and bias-corrected hydrological projections from the Bureau of Meteorology’s National 

Hydrological Projections (NHP) dataset (Srikanthan et al., 2022; Wilson et al., 2022) . NHP provides climate and 

hydrological projections based on four GCMs from the 5th Phase of the Coupled Model Intercomparison Project (CMIP5) 

(Taylor et al., 2012). These GCMs are: ACCESS1-0 (Collier and Uhe, 2012; Dix et al., 2013), CNRM-CM5 (Voldoire et al., 

2013), GFDL-ESM2M (Dunne et al., 2012) and MIROC5 (Watanabe et al., 2010). The four GCMs were selected based on 170 

their demonstrated ability to reproduce climate features important for Australia (Moise et al., 2015), a representation of the 

range of GCM uncertainty for future projections, and the availability of all climate variables needed to force AWRA-L at a 

daily time step (see Srikanthan et al., 2022; Wilson et al., 2022 for details on the model selection). Two representative 

concentration pathways (RCPs) were used for future projections: RCP4.5 and RCP8.5. 

 175 

We next describe how the NHP projections were constructed. Three statistical bias correction approaches and one combined 

downscaling and bias correction approach were first applied to the raw GCM data (Peter et al., 2024): 

● ISIMIP2b: The ISIMIP2b bias correction method (Hempel et al., 2013; Lange, 2018) is a parametric quantile 

matching method. The purpose of the ISIMIP2b method is to preserve the trend of the climate signal. The ISIMIP2b 

method was applied to daily-scale anomalies for each month of the year separately. An additive correction is 180 

applied for temperature, whereas a multiplicative correction is applied for all other variables.  

● QME: The Quantile Matching for Extremes (QME) method is based on empirical quantile mapping with certain 

adjustments to correct the extreme tails of a distribution of a variable (CSIRO and BoM, 2021; Dowdy, 2023). The 

QME method was applied to daily values for each 3-month season (December – February (DJF), Mar – May 
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(MAM), June – August (JJA), September – November (SON)) to increase the sample size (compared to monthly 185 

binning) for a better representation of extremes. 

● MRNBC: The multivariate recursive nested bias correction method (MRNBC) (Johnson and Sharma, 2012; 

Mehrotra and Sharma, 2016, 2015) corrects biases at multiple time scales (daily, monthly and annual) and considers 

cross-variable correlations and interdependencies as well as temporal auto-correlations using climate observations. 

● CCAM-ISIMIP2b: The Conformal Cubic Atmospheric Model (CCAM) regional climate model (McGregor and 190 

Dix, 2008) was used to dynamically downscale projections of the four CMIP5 GCMs outlined above. CCAM is a 

global atmosphere-only climate model with a stretched grid using bias-corrected sea surface temperature with high 

resolution over Australia and broader resolution in other regions. The model simulates atmospheric variables over 

Australia on a ~50km grid. CCAM outputs were bias-corrected using the ISIMIP2b method (see above). 

 195 

Before application of the bias correction approaches, the GCM and CCAM outputs were regridded using conservative 

remapping to match the resolution of the observational dataset (0.05° x 0.05°), except for a RCP8.5 simulation bias-corrected 

with QME for which bilinear interpolation was used (Peter et al., 2024). The calibration of the bias correction methods was 

done using the years 1976-2005, except for the QME method where a longer calibration period (1975-2017) was used due to 

its focus on representing climate extremes. 200 

 

Projections of root-zone soil moisture (top 1m) and total runoff were then obtained by running AWRA-L forced with 

downscaled and bias-corrected GCM data of daily minimum and maximum temperature, precipitation, wind speed and solar 

radiation. For the historical period, AWRA-L was initialised using initial states for 31/12/1959 from the AWRA-L historical 

reference run, which is forced with observed climate inputs. The future projections were initialised using the last day of the 205 

historical simulation (31/12/2005) resulting in seamless hydrological simulations from 1960 to 2099. We discarded the 

period 1960-1969 as spin-up from all analyses. We thus use the period 1970-2005 as the historical baseline period in this 

study.  

 

In the remainder of this paper, we use the term “ensemble member” to define a combination of GCM and downscaling/bias 210 

correction (DS-BC) methods. The National Hydrological Projections data underpinning this paper consist of 16 ensemble 

members for each of the two selected representative concentration pathways (RCPs) - four GCMs combined with four DS-

BC methods. We mainly concentrate on the RCP4.5 scenario as it is widely considered more feasible than RCP8.5 but also 

show some results for RCP8.5 for comparison. 

 215 

2.3 Drought metrics 
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We consider three common types of drought: meteorological (precipitation), hydrological (runoff) and agricultural (soil 

moisture). We use GCM outputs of rainfall for meteorological droughts and AWRA-L outputs of total runoff and root zone 

soil moisture for hydrological and agricultural drought, respectively. We define droughts using a consistent method across all 220 

three drought types. We use percentile thresholds to identify drought periods instead of commonly used metrics such as 

Standardised Precipitation Index (SPI; McKee et al., 1993) or Standardised Runoff Index (Shukla and Wood, 2008), as the 

percentile method does not involve assumptions about the data distribution. We use the 15th percentile as the drought 

threshold such that months below this threshold are classified as drought. This corresponds approximately to the SPI 

threshold of −1 which is commonly used to characterise “moderate” droughts (McKee et al., 1993). We chose this threshold 225 

to identify events that are likely to lead to impacts whilst maintaining a sufficient number of drought events to reliably infer 

trends in the drought metrics (Ukkola et al., 2020). This method is also similar to that used by the Australian Bureau of 

Meteorology which uses percentiles in their drought reporting (http://www.bom.gov.au/climate/drought). 

 

We analyse trends in seasonal-scale droughts, which have impacts on Australian agriculture, ecosystems and water resources 230 

(Gallant et al., 2013). We chose to concentrate on these relatively short droughts to ensure a large enough sample size of 

events during the relatively short baseline period (36 years). To identify seasonal droughts, we first convert the daily 

precipitation, runoff and soil moisture time series into 3-month running means, such that each month’s value is calculated as 

the mean of that and two preceding months. This approach is analogous to calculating SPI at the 3-month scale and reflects 

seasonal-scale droughts. From the running mean time series, we then determine the 15th percentile drought thresholds 235 

separately for each calendar month to account for seasonality. We use data for the period 1970-2005 for determining the 

thresholds such that all drought metrics are relative to this historical baseline period. This time period was chosen to make 

use of all the available years in the historical experiment to allow the drought thresholds to be determined more reliably than 

using a shorter baseline. The thresholds were calculated separately for each model and observational dataset such that they 

are relative to each dataset’s own climatology. 240 

 

After identifying drought months, we calculate three common drought metrics: duration, intensity and time under drought 

(Sheffield and Wood, 2011). Duration is defined as the number of consecutive months for which the hydrological variable is 

below the drought threshold. As we use 3-month running means to determine droughts, the minimum drought duration is 3 

months. Intensity (I) is the relative difference between the climatological mean and the running-mean monthly value 245 

(expressed as %), averaged across all the months during a drought event. The monthly climatology used to determine 

intensity is calculated from the 3-month running mean time series. We chose to express intensity in relative terms in this 

study rather than using the absolute difference (in mm) to be able to compare more easily across the three hydrological 

variables and different spatial locations for which absolute values can differ strongly. Time under drought (%) was 

calculated as the percentage of months for which the hydrological variable was below the drought threshold during a given 250 
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time period. During the historical baseline period (1970-2005), the time under drought is equal to the percentile threshold 

used to identify drought months (i.e. ~15% for normally-distributed data). 

 

2.4 Statistical methods 

 255 

Model skill against observed precipitation and the AWRA-L reference run was estimated using two metrics. Overall model 

bias was quantified using the mean bias error (MBE): 

 

𝑀𝐵𝐸 = 𝑀% − 𝑂(            

 (1) 260 

 

where 𝑀%  is the modelled and 𝑂(  the observed mean value of the drought metric during the baseline period (1970-2005). 

Additionally, we compared the modelled and observed spatial density functions of long-term averaged drought duration, 

frequency and intensity by calculating the Perkins skill score (s; Perkins et al., 2007) which measures the overlap of the 

modelled and observed probability density functions (PDFs): 265 

 

𝑠	 = 	∑ 𝑚𝑖𝑛𝑖𝑚𝑢𝑚(𝑍!, 𝑍")#
$           

 (2) 

 

where n is the number of bins used to calculate the PDFs and Zm and Zo are the modelled and observed frequency of values in 270 

a given bin, respectively. A value of 1 for s signifies perfect overlap of the two density functions and a value of 0 no overlap. 

To determine the frequencies, we calculate a discrete probability function (n=50) and express Z as the fraction of land area 

falling into each bin. 

 

For the future projections, we quantified model agreement on future changes using a metric following Meehl et al. (2007). 275 

Models were deemed to be in agreement when the magnitude of the multi-model mean future change exceeded the inter-

model standard deviation of the change. When models are in agreement according to this metric, we describe these 

projections as “robust”. 

 

We also quantified the fraction of uncertainty in the future projections attributable to GCMs, DS-BC methods and RCP 280 

scenarios. The fraction attributable to DS-BC methods and GCM was calculated using the RCP4.5 simulations. We first 

calculate the full range of future changes in a drought metric by taking the minimum and maximum value of future change 

from the 16 RCP4.5 simulations at a given pixel (4 GCMs x 4 DS-BC methods). To determine the fraction attributable to 

DS-BC methods, we then take the simulations from each GCM (i.e. four simulations corresponding to the DS-BC methods) 
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and calculate the range across these and finally divide this range by the full range of future change. We repeat this separately 285 

for each GCM and present both the mean fraction across different GCMs and its range in the results. We repeat this to 

calculate the fraction of uncertainty attributable to GCMs, this time taking the simulations for each DS-BC method 

corresponding to the four GCMs and repeat the steps as above. 

 

To calculate the fraction attributable to the RCPs, we first calculated the full range in future change from all 32 simulations 290 

(2 RCP scenarios x 4 GCMs x 4 DS-BC methods). Separately for each RCP, we then calculate the range across the 

individual RCP and divide this by the full range. Note the fraction of uncertainty attributed to each source is not additive as it 

is not possible to calculate the unique contribution from each source of uncertainty from the available simulations. 

 

3 Results 295 

 

3.1 Continental-scale changes in drought characteristics 

 

We first explore future changes in drought characteristics across the continent. Fig. 2 shows the ensemble mean future 

change in time under drought relative to the historical baseline (during which ~15% of the time is under drought as per our 300 

definition). Pixels where models agree on the sign of change (see Methods for the definition) are shown in colour and are 

otherwise masked in grey. The projections suggest that many coastal and inland eastern Australian regions will spend more 

time under drought with climate change. For the RCP4.5 scenario, the changes are particularly evident along the southern 

and eastern coastal regions. All drought types show increasing drought occurrence in the southwest. Along the eastern coast, 

meteorological (precipitation) drought changes are most robust along the south- and northeast coasts. This pattern is slightly 305 

different for hydrological (runoff) drought with robust changes all along the eastern seaboard, whereas agricultural (soil 

moisture) drought changes are most consistent in the southeast and western Tasmania, with scattered areas across eastern 

Australia, including parts of inland regions. All drought types consistently show increased drought occurrence in the regions 

of high model agreement. Overall, the changes are larger for runoff and soil moisture compared to precipitation with the time 

under drought increasing by >20% points in some regions. These changes become more widespread and stronger under 310 

RCP8.5, with the land area where models agree approximately doubling (e.g. from 19.9% to 46.5% for precipitation). Most 

notably, the robust changes extend further inland in northeastern Australia for precipitation and runoff and in southeastern 

Australia for soil moisture. For both emissions scenarios, future changes are uncertain in northwestern and central Australia. 

Many of these regions are arid with very high year-to-year variability, which makes the quantification of drought 

challenging. 315 

 

Changes in mean drought duration (i.e. the length of individual drought events) are similar with changes in time under 

drought (Fig. S2). Drought duration is projected to become longer in the southwest and along parts of the southern and 
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eastern coasts. Where models agree on the change they overwhelmingly point to increasing drought duration across the three 

drought types. However, the land area where models agree is lower for this metric (7.4-11.6% for RCP4.5 compared to 17.3-320 

26.8% for time under drought) although this land area more than doubles for RCP8.5. The largest changes are projected for 

runoff droughts with increases of >3 months in many regions. Similar changes can also be seen in soil moisture droughts in 

the southwest and southeast. Historically, simulated runoff and soil moisture drought are longer (up to 6 months) than 

precipitation drought which are relatively short-lived using our drought definition (up to 4.5 months), with these projected 

changes suggesting they will be increasingly persistent with climate change. 325 

 

Similarly, drought intensity is predicted to increase where models agree on the change (Fig. S2). However, the spatial pattern 

is less coherent than for time under drought or duration. Changes to precipitation drought are strongest for northwestern 

Australia, however spatially there is little agreement amongst the models. Changes to runoff drought intensity are largest in 

the southwest and parts of the southeastern alpine regions. This increase in intensity is larger under RCP8.5. Models show 330 

agreement on soil moisture drought changes across many parts of the country but the areas are not spatially coherent. 

Nevertheless, this suggests a potential risk for more intense soil moisture droughts across the continent. 

 

While runoff drought changes show a smaller area of robust changes, they are of greater magnitude across most pixels 

compared to rainfall (16% points for runoff vs 8% points for rainfall on average across all robust pixels for time under 335 

drought; 1.6 months vs 0.5 months for duration and 3.1% points vs 2.2% points for intensity). Soil moisture changes 

similarly tend to be larger than rainfall changes for duration and intensity (0.8 vs 0.5 months for duration and 2.7 vs 2.2 % 

points for intensity). These stronger changes partly stem from increases in actual evapotranspiration (ET) (Fig. S4). While 

ET is largely projected to decline in the southern and eastern parts in line with rainfall, parts of the southeast coast and 

Tasmania that are projected to experience robust soil moisture and runoff drought increases also show increasing ET in the 340 

future. Furthermore, the ratio of ET to rainfall is projected to increase in the southeast where time under drought for runoff 

and soil moisture is projected to increase more strongly than for precipitation (Fig. S5). This will act to reduce runoff and/or 

soil moisture even when ET is declining. Both rainfall and ET variability are also projected to increase into the future, 

increasing the likelihood for drought (Fig. S4).  

 345 

Another likely factor in larger runoff drought changes is the amplification of rainfall and ET changes in runoff. Runoff is a 

smaller component of the water cycle compared to rainfall and ET across most of Australia (the fraction of rainfall 

partitioned to ET is >50% across >99% of the continent during the historical period). Any given relative changes in ET and 

rainfall are therefore amplified in runoff, yielding larger relative changes in runoff (and similarly for soil moisture). The 

relative future changes in mean monthly runoff exceed relative changes in mean monthly precipitation across 93% of pixels 350 

when averaged across the pixels showing robust future changes in time under hydrological drought. Similarly, runoff 

changes exceed those in ET across 99% of the pixels with robust changes. This amplification of runoff changes agrees with 
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past observations of greater relative changes in runoff compared to precipitation (e.g. Petrone et al., 2010) and ET (e.g. 

Ukkola et al., 2016). 

 355 
Figure 2: The ensemble mean future change in time under drought for the three drought types and two emissions scenarios 

(RCP4.5 and RCP8.5). The maps show the difference in time under drought in 2064-2099 compared to the 1970-2005 

baseline (during which 15% of time is under drought as per definition). Pixels where models do not agree on the change are 

shown in grey. The percentage shown on the top left of each map represents the percentage of the land area for which 

models agree on the change.  360 

 

3.2 Seasonal changes in drought characteristics 

 

We next investigate how time under drought and drought intensity are projected to change across different seasons (duration 

is not shown as this metric cannot be split by season as individual events can span multiple seasons). Fig. 3 shows the 365 

projected changes in time under drought across the four seasons for the RCP4.5 scenario. The spatial patterns are overall 

similar compared to the annual average presented in Fig. 2. However, more widespread robust increases during winter and 

spring are evident across much of the country in all three drought types. This is particularly true for precipitation and runoff 

droughts where the land area over which models agree on the change increases from 4-11% in summer/autumn to 17-24% in 

winter/spring. Most of southwestern and southeastern Australia (temperate climates) show robust increases in precipitation 370 

droughts during winter/spring. The areas of robust change are similar for runoff but extend to parts of northeastern and 

northern Australia (noting that winter/spring is the dry season in this region). Soil moisture changes are also most 

pronounced in the spring, with 33% of the country showing robust increases. Equally strong increases are also observed in 
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the summer in southwestern and southeastern Australia. Northwestern Australia (a monsoonal region with summer-dominant 

precipitation) shows declining time under drought in the summer, coinciding with the wet season. This is consistent with 375 

increasing summer precipitation and soil moisture in this region during the recent historical period (Dey et al., 2019; Wasko 

et al., 2021). Similar to precipitation and runoff, soil moisture drought changes are mostly uncertain in autumn with only 

scattered areas in southern Australia showing robust increases. 

 

Projected seasonal changes in drought intensity show similar patterns to time under drought but the changes are more 380 

uncertain across the model ensemble (Fig. S6). Runoff shows more intense droughts across all seasons along the 

southwestern and southeastern coasts with also some smaller changes along the northeast coast during all seasons. Changes 

in soil moisture and precipitation drought intensity vary by season with the northeast showing increases in summer and 

autumn and many scattered regions across the country in spring. Overall, the changes in intensity are most robust in spring 

across all three drought types (with regions of model agreement ranging between 23-25% of the land area). 385 
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Figure 3: The ensemble mean future change in time under drought by season for the three drought types under the RCP4.5 

scenario. The maps show the difference in time under drought in 2064-2099 compared to the 1970-2005 baseline during 

each season. Pixels where models do not agree on the change are shown in grey. The percentage shown on the top left of 390 

each map represents the percentage of the land area for which models agree on the change.  

 

3.3. Sources of uncertainty in continental future changes 

 

Our model ensemble consists of a combination of four GCMs and DS-BC correction methods and two emissions scenarios. 395 

Fig. 4 shows the relative contribution from each of these sources of uncertainty for each pixel for the future change in time 

under drought (calculated as detailed in Methods section 2.4). For this metric, the uncertainty arising from the GCMs was 

greatest, accounting for >80% of the range of projections in some regions. The GCM uncertainty was particularly high in 
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southwestern and eastern Australia for all drought types, accounting for >60% of the uncertainty in many regions. Averaged 

across the country, 57-61% of the total range in future changes were attributable to the choice of GCM (with individual 400 

combinations ranging from 47-72%; see Methods).  

 

Despite being lower than GCM uncertainty, the choice of DS-BC methods also leads to a large range in projected future 

changes in time under drought. Averaged across the continent, it represented ~40% of the full range of uncertainty (ranging 

between 23-58%), which is roughly equivalent to two thirds of the uncertainty arising from GCMs. The spatial pattern is less 405 

coherent compared to the GCM uncertainty, but in many areas of northwestern Australia, DS-BC methods represent an equal 

or greater fraction of uncertainty than the GCMs (>40% in many parts of this region). Elsewhere, it accounts for 20-60% of 

the uncertainty. It is a major source of uncertainty for precipitation droughts in eastern and southeastern Australia (~40%).  

 

The RCP emissions scenarios represent the lowest source of uncertainty (we again note the relative contributions are not 410 

additive). Up to 40% of the uncertainty can be attributed to the RCPs but this value is below 20% across many parts of the 

country. Overall, the RCPs account for ~20% of uncertainty across the continent (ranging between 11-33%), representing 

about half of the uncertainty arising from the DS-BC methods and a third arising from the GCMs. This agrees with previous 

global studies looking at CMIP6 drought projections which have shown that a higher emission scenario tends to lead to 

larger future changes but often does not change the sign or the broad spatial distribution of the projected change (Cook et al., 415 

2020; Ukkola et al., 2020). 

 

The contribution for each source of uncertainty was similar for the duration and intensity metrics but the spatial pattern was 

less coherent compared to the time under drought metric (Fig. S7-S8). For soil moisture, GCMs were the dominant source of 

uncertainty for both metrics. For runoff and precipitation drought duration, GCM uncertainty was slightly higher than that 420 

arising from DS-BC methods. By contrast, for drought intensity bias correction represented a similar fraction of uncertainty 

to GCMs for both precipitation and runoff (44% for GCM vs 37% for bias correction when averaged across the country for 

runoff intensity, and 55% vs 52% for precipitation drought intensity). For both duration and intensity, the RCPs represented 

the smallest source of uncertainty at ~20% when averaged across the continent. 

    425 
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Figure 4: Fraction of total uncertainty arising from the choice of GCM (top row), DS-BC method (middle) and RCP 

scenario (bottom) for the time under drought metric. The RCP4.5 scenario was used to partition GCM and DS-BC 

uncertainty (see Methods). The percentage shown on the top left of each map represents the mean fraction of uncertainty 

averaged across all pixels. The numbers in square brackets show the range in the mean value from the different ensemble 430 

member combinations (see Methods). 

 

3.4. Differences across GCMs and bias correction methods and evaluation against observations 

 

We next analyse historical and future drought metrics separately for each GCM and DS-BC method to understand the 435 

differences arising from individual GCMs and DS-BC methods. We first evaluate simulated historical drought duration and 

intensity across Australia against observed precipitation and streamflow, and the observationally-driven AWRA-L reference 

run (time under drought is not evaluated as it is 15% by definition during the historical baseline period). We then analyse the 

projections for the Natural Resource Management (NRM) regions (Fig. S9) to understand model biases and trends 

regionally. NRM regions are administrative regions used for the management of natural resources including water, soil, flora 440 

and fauna across Australia. Here we use NRM groupings representing areas of similar bioclimatic conditions (Climate 

Change in Australia, https://www.climatechangeinaustralia.gov.au/en/overview/methodology/nrm-regions/).  
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Fig. 5 shows a density distribution of historical mean drought duration for all pixels across Australia, separated by GCMs 

(left panels) and bias correction methods (right panels). Three GCMs (CNRM-CM5, ACCESS1-0, MIROC5) simulate 445 

shorter drought durations compared to the observationally-based data for all drought types whereas GFDL-ESM2M has a 

longer drought duration compared to the observationally-based data and has the largest mean bias error for precipitation and 

runoff (0.19 months compared to −0.09 or less for the other GCMs for precipitation and 0.81 compared to ≥−0.31 for 

runoff). GFDL-ESM2M has the lowest mean bias error for soil moisture (0.11 months) but lowest Perkins skill score (0.74), 

suggesting an overall low fit to the AWRA-L reference simulations. The positive biases in GFDL-ESM2M are apparent 450 

across most of the country (Fig. S10-12). For runoff droughts, an evaluation against observed streamflow similarly shows 

that GFDL-ESM2 tends to simulate longer drought duration but it is in better agreement with observations than the other 

GCMs (Fig. S14). 

 

The differences between the DS-BC methods are smaller than differences across GCMs (Fig. 5, right panels). The different 455 

methods replicate the observed precipitation density well but most methods, in particular CCAM, underestimate the 

frequency of low duration events (>4 months) and overestimate longer duration events (>4.5 months). CCAM biases are 

largest in northern Australia where it overestimates drought duration (Fig. S10-S12). Overall, the skill is similar across the 

DS-BC methods when comparing the Perkins skill score and MBE. For runoff and soil moisture, the DS-BC methods 

overestimate the frequency of shorter events (<5 months) and underestimate longer events. This finding is consistent when 460 

comparing runoff against streamflow observations, albeit the skill scores are lower especially for MBE (Figure S14). This is 

not surprising given the streamflow observations are an independent constraint whereas AWRA-L underpins both the GCM-

forced and reference runs in Figure 5. Overall, the skill is similar to precipitation drought duration. However, the difference 

between statistical (ISIMIP2b, MRNBC and QME ensemble members) and dynamical (CCAM) downscaling is smaller for 

runoff and soil moisture drought duration compared to precipitation. Drought duration shows largest positive biases in 465 

northern Australia, in particular the northeast, and parts of western Australia whereas drought duration in southeastern 

Australia, especially the alpine regions, is underestimated across all bias correction methods (Fig. S7-S9; right column). 

 

Drought intensity is underestimated by all GCMs and DS-BC methods (Fig. S13, S14; mean bias error). MIROC5 shows the 

largest mean bias error (−4.17%) for precipitation and underestimates the frequency of relative intensity values below 60%. 470 

All GCMs and DS-BC methods underestimate runoff drought intensity (except QME when compared to the AWRA-L 

reference run; Fig. S10 and S14). The Perkins skill score shows good agreement (³0.85) with the AWRA-L reference run but 

is lower when compared to observed streamflow (0.5-0.66). The bias correction methods also show large differences in the 

density distributions for drought intensity, with ISIMIP2b showing the largest mean bias error for all drought types (−6.62% 

for precipitation, −2.39% for runoff and −6.71% for soil moisture). CCAM has a high mean bias error for runoff (−2.38%) 475 

but performs well for precipitation and soil moisture compared to the other methods for both skill metrics. The 
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underestimation of drought intensity is consistent with previous studies which have shown a tendency by GCMs to 

underestimate monthly and annual scale rainfall variability and precipitation persistence (Moon et al.,2018; Papalexiou et al., 

2023; Rocheta et al., 2014; Ukkola et al., 2018). 

 480 
Figure 5: The density distribution of historical drought duration across all pixels for precipitation, runoff and soil moisture 

drought (rows). For precipitation, observations are shown in black. For runoff and soil moisture, the observationally-forced 

historical AWRA-L reference run is shown in black. For each GCM, the data were averaged across the four DS-BC 

members before plotting. For DS-BC methods, data were averaged across the four GCMs before plotting. Data for 1970-

2020 was used to coincide with the observational data, with the historical model simulations extended using RCP4.5. The 485 

Perkins skill score (s) and mean bias error (MBE) are shown in the legend. 
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Finally, we analyse model biases and future changes arising from different GCMs and bias correction methods across the 

NRM regions. Fig. 6 and 7 show the historical bias (top row) and future changes (bottom row) in precipitation and runoff 

drought duration, respectively, across the NRM regions. GFDL-ESM2M consistently overestimates drought duration across 490 

all regions for both drought types. The biases are particularly high for runoff droughts in the wet tropics, southern and south-

western flatlands, east coast and central slopes (>0.5 months). This agrees with Vogel et al., (2021) who showed 

overestimation of precipitation and runoff interannual variability and drought severity by the GFDL-ESM2M ensemble 

members. The biases across other GCMs are generally smaller but systematic across several regions. CNRM-CM5, 

ACCESS1-0 and MIROC5 systematically underestimate drought duration in the rangelands, Murray basin for both 495 

precipitation and runoff and additionally southern slopes and southern and south-western flatlands for runoff. Conversely, 

drought duration is systematically overestimated in the wet tropics and monsoonal north. These northern Australian regions 

have highly seasonal rainfall and runoff and thus these biases should be interpreted cautiously as they were calculated from 

all available drought events, including dry season droughts. Overall the biases tend to be larger for runoff, likely due to the 

longer runoff drought durations (Fig. 5). In many regions the biases are within +/−0.2 months, overall suggesting good 500 

model skill particularly for precipitation drought. 

 

The differences across bias correction methods are generally small for precipitation drought duration (Fig. 6), although 

CCAM shows higher biases. These biases are, however, not systematic with both under- and overestimation in individual 

regions. Highest positive biases are found in the wet tropics for both drought types. The biases are larger for runoff but 505 

consistent in sign across most individual regions, suggesting the sign of the bias is largely driven by other factors (AWRA-L 

model structure and/or the meteorological driving data).  

 

These historical biases, however, do not directly translate into systematic differences in the future changes, particularly for 

precipitation. The magnitude of future trends in precipitation drought duration is highly variable across GCMs in the 510 

different NRM regions (Fig. 6). While precipitation drought duration is projected to increase in most regions, the sign of the 

change is uncertain in the wet tropics, monsoonal north and central slopes across the GCMs. For runoff drought duration, 

GFDL-ESM2M shows the highest biases (which are systematically positive) and also consistently simulates higher trends in 

most regions. For the other GCMs, the trends are highly variable in magnitude and do not clearly correspond to the historical 

biases. When averaged across the individual bias correction methods, trends in both runoff and precipitation drought 515 

duration are positive across all regions but tend to be larger when bias-correcting using CCAM even in regions where 

CCAM underestimates historical duration. The differences in the trends are smaller across the three statistical bias correction 

methods (ISIMIP2b, MRNBC and QME), suggesting the choice between dynamical and statistical downscaling is an 

important source of uncertainty in the projected future trends. 

 520 
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Figure 6: Historical bias (top row) and trend in precipitation drought duration averaged across the NRM regions. The trends 

were calculated using ordinary least squares regression using the time period 1970-2099. The data were averages across 

GCMs and DS-BC methods as in Fig. 5. 



21 
 

 525 
Figure 7: Historical bias (top row) and trend in runoff drought duration averaged across the NRM regions. The trends were 

calculated using ordinary least squares regression using the time period 1970-2099. The data were averages across GCMs 

and DS-BC methods as in Fig. 5. 

 

The regional trends in time under drought are similar to drought duration. With the exception of the wet tropics region for 530 

soil moisture, CNRM-CM5 is the only model that indicates negative trends in time under drought. All other models as well 

as DS-BC methods simulate increasing time under drought in all regions in the future under the RCP4.5 scenario. GFDL-

ESM2M simulates the largest increases in time under drought across many regions. While we could not evaluate this metric 

against observations (as discussed above), this is consistent with the tendency of GFDL-ESM2M to overestimate drought 

duration relative to observations. CCAM shows the largest trends out of the four DS-BC methods. The larger future changes 535 

relative to the other DS-BC methods are particularly evident in the southern and south-western flatlands, southern slopes and 

rangelands for all three drought types, as well as the Murray Basin for precipitation and runoff. Future changes simulated 

using the other DS-BC methods are largely consistent across individual NRM regions, again suggesting the choice between 

statistical and dynamical downscaling and bias correction can have a large influence on the magnitude of future changes.  

 540 

While the magnitude of trends vary across GCMs and DS-BC methods, overall the wet tropics, rangelands and monsoonal 

north are projected to experience smaller changes in time under drought compared to other regions (ranging from −0.01 to 
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0.01 for precipitation and from −0.01 to 0.015 for runoff and soil moisture). These regions receive highly seasonal summer-

dominated precipitation (or in the case of the largely arid rangelands highly stochastic precipitation), representing a unique 

climate zone in Australia. These regions have also experienced increasing rainfall during the recent decades and future 545 

rainfall changes have remained more uncertain in these regions compared to southern Australia (Douville et al., 2021), 

consistent with the smaller drought trends. The regions located in the southern half of Australia (southern and southwestern 

flatlands, southern slopes, Murray basin, east coast and central slopes) tend to show larger future increases in time under 

drought, in agreement with a tendency towards drying in recent observations as well as future projections (Dey et al., 2019; 

Wasko et al., 2021). Southwestern Australia (encompassed within the southern and south-western flatlands NRM region) is a 550 

particularly well-known hot spot of future drying with high agreement across coupled climate models (Douville et al., 2021). 
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Figure 8: Trend in time under drought across the NRM regions for the RCP4.5 scenario. The trends were calculated using 

ordinary least squares regression using the time period 1970-2099. The data were averages across GCMs and DS-BC 555 

methods as in Fig. 5. 

 

4 Discussion 

 

4.1. Implications of projected future changes  560 
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Only up to 19.9% of Australia’s land area shows robust future changes in time under drought for the more feasible RCP4.5 

emissions scenario (Fig. 2). However, despite the limited spatial extent, the changes are most widespread and robust in many 

of the regions where Australia’s highly populated and agricultural areas are located (i.e. eastern and southwestern Australia). 

The models overwhelmingly indicate increased drought occurrence in these regions, with potential implications for 565 

agriculture, ecosystems and water resource management. There is little evidence for decreasing occurrence of drought as 

seen in some regions globally, with the possible exception of northwestern Australia (Fig. 2-3; Cook et al., 2020; Ukkola et 

al., 2020). This suggests that despite the high uncertainty in many regions, Australia should prepare for equal or worse 

droughts conditions as experienced during the historical period. These results broadly agree with previous studies that have 

shown increasing meteorological and agricultural droughts in southern and eastern Australia but the specific regions where 570 

projections are robust differ across studies (Eccles et al., 2024; Kirono et al., 2020; Spinoni et al., 2020). While we 

concentrate on seasonal droughts, research for global meteorological droughts has shown that future changes in annual 

droughts largely follow those of seasonal droughts, but show lower model agreement (Ukkola et al., 2020). As such, these 

results also likely provide indication for future changes in longer droughts that are particularly impactful in Australia (van 

Dijk et al., 2013; Devanand et al., 2024). 575 

 

Australia’s key cropping and horticultural regions are situated in the southeast and the southwest, with grazing taking place 

across most of the country with the exception of interior arid regions. Over 99% of agricultural land in Australia is rainfed 

(ABARES, 2012), making agricultural activities particularly susceptible to rainfall and soil moisture drought. The 

occurrence of both of these drought types is projected to increase over the southeastern and southwestern agricultural regions 580 

(Fig. 2). While rainfall changes are not robust over the state of New South Wales, robust soil moisture changes are 

widespread encompassing most of the agricultural regions. The changes are particularly robust during winter and spring, 

which may impact winter cropping activities, including the multi-billion dollar winter wheat industry. Drought changes in 

the grazing areas in the interior of the country are generally not robust across the model ensemble under RCP4.5, although 

more widespread changes are projected under RCP8.5 particularly in parts of northeastern Australia (Queensland and 585 

Northern Territory; Figure 2).  

 

While irrigated agriculture only makes up <1% of Australia’s agricultural land area, it accounts for ~50% of agricultural 

profits (Kirby, 2011). Irrigated agriculture largely takes place in the Murray-Darling basin, with hydrological drought the 

most relevant indicator of irrigation water availability. Only parts of the basin are projected to experience robust changes in 590 

hydrological drought (and similarly rainfall and soil moisture drought; Fig. 2). However, projected changes are most robust 

and indicate more time under drought in the eastern parts of the basin which encompass the alpine regions where much of 

the basin’s streamflow is generated (Donohue et al., 2011). As such, increased drought occurrence in these important runoff 

generation areas may have significant impacts on irrigation water supply even if the changes are spatially limited. In the 
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southern parts of the basin runoff generation is highest in the cooler months, potentially making the more robust changes in 595 

winter and spring particularly impactful. The Murray Darling basin also hosts important ecological regions, including 

wetland and river habitats, that rely on sufficient environmental flows to thrive (Timbal et al., 2015). Projected increases in 

drought occurrence would also threaten the availability of these flows, particularly if prolonged drought periods become 

more frequent. Parts of the basin have experienced disproportionate declines in runoff relative to precipitation in response to 

past droughts (Saft et al., 2015); the stronger future increases in runoff droughts relative to precipitation droughts (Fig. 2-3) 600 

and increasing ET/P ratios in important runoff generation areas (Figure S5) suggest an ongoing risk to water availability in 

the basin. 

 

Australia’s major population centres are also located along the southeast and southwest coasts where widespread increases in 

hydrological drought are projected, with potential implications on municipal water security. The alpine regions (including 605 

the southern slopes NRM region) that generate much of Murray Darling Basin’s streamflow are also important for supplying 

water resources to large population centres including Australia’s two largest cities Sydney and Melbourne. While seasonal 

droughts generally have small impacts on municipal water supply, particularly in these large cities with several years of dam 

storage, increased drought occurrence may increase water scarcity over time, particularly as Australia’s urban population 

continues to increase. The water supply to Perth’s dams (the major population centre in the southwest of the country) has 610 

already declined significantly since the 1970s (Petrone et al., 2010), with projected future increases in hydrological drought 

likely further increasing reliance on alternative water sources including desalination. Tasmania represents another region 

with projected increases in hydrological drought, with robust changes over the western parts of the state under both RCPs. 

Western Tasmania is sparsely populated but is a significant region for hydropower generation that supplies electricity to 

Tasmania and mainland Australia. Prolonged drought conditions have the potential to disrupt this power source as occurred 615 

during drought conditions in the mid-2010s although projected changes are more robust during summer/autumn when runoff 

generation is at its lowest (Fig. 3). 

 

4.2. Implications for dataset users 

 620 

We showed that the choice of GCM and DS-BC method can lead to large differences in future drought trends and are an 

important consideration when quantifying future changes (Fig. 4, 6-8). When averaged across the broad NRM regions, the 

sign of future change is largely consistent across the different ensemble members but the magnitude of future change is 

strongly dependent on the choice of GCM and DS-BC method. Uncertainty is particularly high in the monsoonal and tropical 

climates of northern Australia and the arid interior. The ensemble members broadly agree on increasing drought in southern 625 

and eastern Australia but we found that ensemble members using GFDL-ESM2M as the forcing model were particularly 

anomalous compared to the rest of the NHP ensemble, indicating stronger increases in most regions. Similarly, ensemble 

members using the CCAM downscaling method projected larger changes compared to the other DS-BC methods. While we 
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showed that larger historical biases did not necessarily lead to systematic differences in the future projections, CCAM and 

GFDL-ESM2M showed worse performance against historical observations and/or the observationally-driven AWRA-L 630 

simulation compared to other simulations, suggesting ensemble members using these should be treated with caution. The 

GFDL-ESM2M model projects greater future warming and drying over Australia than the other GCMs used here (Peter et 

al., 2023); our finding of larger drought increases in GFDL-ESM2M are consistent with this tendency. CCAM differs from 

the other downscaling methods by representing a dynamical, rather than a statistical, downscaling method. This choice 

between statistical and dynamical downscaling represented the primary reason for differences among the DS-BC methods, 635 

with the choice of statistical bias-correction method (ISIMIP2b, QMR or MRNBC) only leading to relatively small 

differences in historical skill and future projections. CCAM was run at ~50km resolution, with the data then further 

statistically regridded to 5km. While this is a finer resolution than used by the forcing GCMs, the 50km resolution cannot 

fully resolve processes important for skilled simulation of meteorological variables, such as convective rainfall. It is also not 

sufficiently high to resolve geographic features that are important for meteorology such as the topography of the Great 640 

Dividing Range that runs along the eastern coast. The CCAM-downscaled ensemble members were found to exhibit higher 

warming compared to the equivalent GCMs downscaled and bias-corrected using statistical methods (Peter et al., 2023). 

This may partly explain the tendency for stronger increases in future drought in the ensemble members using CCAM 

compared to the other downscaling methods. The statistical downscaling methods (conservative and bilinear interpolation) 

applied to the coarser GCM and CCAM data to derive the final 0.05° spatial fields are also simplistic and do not take local 645 

characteristics into account (e.g. spatial gradients in elevation or land surface type) that can influence the meteorological 

variables that were downscaled. This likely represents a major limitation particularly in eastern Australia which has large 

spatial variations in climate including rainfall and temperature, as well as land surface properties and topography. The results 

should thus be interpreted with caution at fine local scales. Finally, the observational data underlying the bias correction is 

limited particularly in the arid interior and high elevation regions where weather station networks are sparse (Jones et al., 650 

2009; Sarmadi et al., 2019), and results in these regions should therefore be treated with caution.   

 

Overall, we found that the GCMs are the dominant source of uncertainty but in some cases the choice of the DS-BC method 

can also change the sign of future change (Fig. 6). This suggests the choice of GCM is particularly important for adequately 

quantifying uncertainty in the future projections. Only four GCMs were used here although they were chosen to represent a 655 

range of future climates in terms of rainfall and temperature changes, and for their ability to simulate Australian climate 

during the historical period (Peter et al., 2023). As the GCMs used here are broadly independent, they are likely to capture 

the range of CMIP5 projections reasonably well. This is supported by a previous analysis of future drought metrics which 

showed that nine models from CMIP5 were able to capture the range of uncertainty in the full CMIP5 ensemble of 31 

models (Ukkola et al., 2020). The uncertainty arising from the DS-BC methods was approximately two thirds that of the 660 

GCMs. Whilst lower, the choice between dynamical and statistical downscaling was particularly important for future trends 

whereas the uncertainty from the choice of bias correction method was relatively small. The choice of future emissions 
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scenario resulted in the least uncertainty and was mostly important for determining the magnitude of future trends rather than 

their sign. These findings agree with previous studies that have also found GCMs to represent the dominant source of 

uncertainty in Australia and globally, with a lesser influence from bias correction methods and emissions scenarios (Oh et 665 

al., 2023; Satoh et al., 2021). 

 

4.3. Limitations of the modelling 

 

AWRA-L is a physically-based, conceptual hydrological model that has been specifically developed and calibrated for 670 

Australia’s hydrological conditions and performs well against multiple observations (Frost and Wright, 2018). Nevertheless, 

as all hydrological models, it uses imperfect representations of reality and contains uncertainties. One of the key 

uncertainties in AWRA-L is its simplistic representation of vegetation processes on the water cycle. Past studies have shown 

that vegetation processes can both mitigate or exacerbate future water scarcity in Australia (Trancoso et al., 2017). While 

AWRA-L simulates vegetation phenological changes in response to water availability (which is the primary driver of 675 

vegetation growth in most of Australia; Broich et al., 2014), it does not consider other processes that have been shown to be 

potentially important in modulating future drought changes such as the effects of increasing atmospheric CO2. Observational 

studies point to CO2-driven greening over many parts of Australia (Donohue et al., 2013; Rifai et al., 2022) which has been 

linked to declining streamflow due to increasing plant water use (Trancoso et al., 2017; Ukkola et al., 2016). Conversely, 

global studies have also pointed to CO2-driven water savings (through increased plant water use efficiency) which have the 680 

potential to mitigate future drying (Yang et al., 2019). Whilst this remains a key uncertainty in future projections, offline 

hydrological models that account for these CO2 effects tend to simulate smaller increases in future hydrological drought 

(Prudhomme et al., 2014). Several studies have also demonstrated that offline hydrological models that do not consider CO2 

effects tend to simulate stronger declines in future water availability compared to coupled climate models (Swann et al., 

2016; Yang et al., 2019). The use of only one hydrological model also presents a limitation in our study and may lead to an 685 

underestimation of future uncertainty. Using the ISIMIP-2b ensemble of offline hydrological simulations, Satoh et al. (2021) 

showed that global hydrological models are the dominant source of uncertainty in future drought projections in parts of 

Australia, including much of the Murray-Darling basin, exceeding the uncertainty arising from GCMs. 

 

The GCMs used to provide the meteorological forcing data for AWRA-L are also limited in their ability to simulate rainfall 690 

droughts (Moon et al., 2018; Ukkola et al., 2018). This not only has an influence on the rainfall drought statistics analysed 

here (that were directly obtained from downscaled, bias-corrected GCM data) but also on the hydrological and soil moisture 

droughts simulated by AWRA-L. GCMs exhibit relatively good skill for seasonal precipitation droughts, which partly 

motivated our choice to analyse seasonal droughts, but show limited skill for longer droughts (Ukkola et al., 2018). This is in 

particular related to a lack of “persistence” in GCMs, leading to an underestimation of rainfall variability (Moon et al., 2018; 695 

Rocheta et al., 2014). Local biases also arise from the inability of GCMs to represent local features such as topography due 
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to the coarse resolution of GCMs, with CMIP6 models showing a dry precipitation bias along the coasts and areas of 

complex topography of Australia (Grose et al., 2020). Such biases cannot be overcome by the statistical downscaling 

methods used here. The 50km CCAM dynamical downscaling is also too coarse to resolve many of these features, but 

Chapman et al. (2023) showed that improvements in rainfall statistics can be obtained in 10km CCAM simulations over 700 

much of the country, including mountainous areas. Model biases in the precipitation drought statistics analysed here were 

highest in the monsoonal and arid interior. The difficulty in simulating the arid interior is not surprising as the rainfall in 

these regions is highly stochastic and the characterisation of drought using traditional metrics is challenging. Groundwater 

provides an important water resource in these regions but was not considered here. As water availability from precipitation, 

runoff and soil moisture is usually low in the arid regions, metrics quantifying anomalously dry conditions (as used here) are 705 

not necessarily informative and metrics quantifying wet conditions may be more appropriate for identifying abnormal 

conditions. Skilled simulation of seasonal precipitation in the monsoonal north requires accurate representation of sea 

surface temperatures and large-scale atmospheric circulation, including features such as the position of the intertropical 

convergence zone and Madden-Julian Oscillation. Individual GCMs show limited skill in representing these features, 

resulting in high uncertainty in future changes (Grose et al., 2020; Narsey et al., 2020). Overall, we showed that historical 710 

biases and future trends in runoff and soil moisture droughts are largely consistent with those in rainfall (Fig. 2, 8), 

suggesting the rainfall outputs from GCMs play an important role in our analysis of future changes in all three drought types. 

 

 

5 Conclusions 715 

 

We identify robust future increases in meteorological, hydrological and agricultural droughts across 20-29% of the 

Australian land surface under the RCP4.5 scenario and 38-48% under RCP8.5. The future changes are particularly robust in 

the highly populated and agricultural regions across southern and eastern Australia, with largest increases projected to occur 

in winter and spring. The ensemble members consisting of different combinations of GCMs and downscaling/bias correction 720 

methods broadly agree on increasing drought in southern and eastern Australia but the robustness of future projections vary 

by region. Uncertainty is particularly high in the monsoonal and tropical climates of northern Australia and the arid interior. 

Our results are in broad agreement with previous studies but future work is needed to systematically assess the differences in 

the magnitude and spatial extent of robust changes across different projections.  

 725 

When averaged across the broad NRM regions, the sign of future change is largely consistent across the different ensemble 

members but the magnitude of future change is strongly dependent on the choice of GCM and DS-BC method. This choice 

between statistical and dynamical downscaling represented the primary reason for differences among the DS-BC methods, 

with the choice of statistical bias-correction method (ISIMIP2b, QMR or MRNBC) only leading to relatively small 

differences in historical skill and future projections. Overall, we found that the GCMs are the dominant source of uncertainty 730 
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but in some cases the choice of the DS-BC method can also change the sign of future change (Fig. 6). This suggests the 

choice of GCM is particularly important for adequately quantifying uncertainty in the future projections. 
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