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Abstract
Coarse resolution global climate models (GCMs) cannot resolve fine-scale drivers of regional climate, which is the scale 
where climate adaptation decisions are made. Regional climate models (RCMs) generate high-resolution projections by 
dynamically downscaling GCM outputs. However, evidence of where and when downscaling provides new information 
about both the current climate (added value, AV) and projected climate change signals, relative to driving data, is lacking. 
Seasons and locations where CORDEX-Australasia ERA-Interim and GCM-driven RCMs show AV for mean and extreme 
precipitation and temperature are identified. A new concept is introduced, ‘realised added value’, that identifies where and 
when RCMs simultaneously add value in the present climate and project a different climate change signal, thus suggesting 
plausible improvements in future climate projections by RCMs. ERA-Interim-driven RCMs add value to the simulation of 
summer-time mean precipitation, especially over northern and eastern Australia. GCM-driven RCMs show AV for precipita-
tion over complex orography in south-eastern Australia during winter and widespread AV for mean and extreme minimum 
temperature during both seasons, especially over coastal and high-altitude areas. RCM projections of decreased winter 
rainfall over the Australian Alps and decreased summer rainfall over northern Australia are collocated with notable realised 
added value. Realised added value averaged across models, variables, seasons and statistics is evident across the majority of 
Australia and shows where plausible improvements in future climate projections are conferred by RCMs. This assessment 
of varying RCM capabilities to provide realised added value to GCM projections can be applied globally to inform climate 
adaptation and model development.

Keywords Climate impact adaptation · Climate extremes · CORDEX-Australasia · Precipitation · Regional climate 
modelling · Temperature

1 Introduction

Climate projections are essential tools for informing cli-
mate change adaptation. Establishing the scope and scale 
of climate changes under different scenarios is essential 
for motivating emissions policy and informing adaptation 
planning. Global climate model (GCM) simulations are key 
tools in producing climate projections, and their coarse spa-
tial resolution mean that they are suited to simulating the 
climate at global to continental scales. However, climate 
change impacts are experienced at regional and local scales, 
and adaptation actions are taken locally (Hsiang et al. 2017; 
Schulze 2000). To make GCM projections locally relevant, 
they need to be downscaled.

Dynamical downscaling using regional climate models 
(RCMs) simulates the current climate at finer spatial scales 
than GCMs, thus leading to potential improvements in the 
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overall simulation, known as ‘added value’ or AV (Di Luca 
et al. 2016). Whether the RCM creates new information in 
the climate change signal can be quantified directly by com-
paring the GCM and the downscaled climate change signal, 
which has been defined as downscaling’s ‘potential added 
value’ (PAV) for climate change (Di Luca et al. 2013a). PAV 
indicates where the downscaling produces a different pro-
jection than the host GCM that could ‘potentially’ mean an 
improvement by the RCM. Further work may then show 
where the downscaled projection is more physically credible 
than the host GCM (e.g. Grose et al. 2019). However, even 
without demonstrating that the projection is more physically 
credible, the index is still useful where cases of notable PAV 
can help avoid maladaptive decisions. For example, where 
downscaling reveals an area of projected rainfall change 
outside of the GCM range—either significantly different in 
terms of the magnitude or sign of change—then this projec-
tion would help avoid over-confident adaptation to the GCM 
projection only.

Dynamical downscaling is expensive in terms of the time 
and computing resources it requires. More resources are 
needed to refine and develop RCMs, run them and analyse 
their large volumes of outputs than for simpler empirical 
downscaling methods. Being expensive to run, dynamical 
downscaling is performed on a sub-set of available GCM 
outputs and possible emissions scenarios. This creates the 
possibility of their outputs not being representative of the 
full range of possible future climates simulated by GCM 
ensembles, such as those produced by the Coupled Model 
Intercomparison Project (CMIP) phase 3 (Meehl et al. 2007) 
and phase 5 (Taylor et al. 2012).

Given the resource requirement of dynamical downscal-
ing, some have raised questions about its value-for-money 
(e.g. Pielke and Wilby 2012; Wilby and Dessai 2010). More-
over, different dynamically-downscaled models can give dif-
ferent results and there is the potential that RCMs simulate 
projected changes that are not more physically plausible than 
those of host models (Ekström et al. 2015). Issues such as 
these pose implications for the use of dynamically-down-
scaled projections in climate change adaptation.

The coordinated regional downscaling experiment (COR-
DEX) framework (Giorgi et al. 2009), including the Australa-
sian component (Evans 2011), aims to improve the generation 
and evaluation of downscaled regional climate information. 
Moreover, studies that have employed dynamical downscaling 
for Australia and that report regional insights from their out-
puts include the Climate Futures for Tasmania project (Ben-
nett et al. 2013; Corney et al. 2013; Grose et al. 2013; White 
et al. 2013), the NSW and ACT Regional Climate modelling 
project (Evans et al. 2012, 2014; Ji et al. 2014a, 2016) and the 
Australian national climate projections (CSIRO and Bureau 
of Meteorology 2015). Results from these, and other studies, 
have been examined for consistency and regional insights (Di 

Virgilio et al. 2019; Grose et al. 2015a, b; Hope et al. 2017). 
Notable AV in dynamical downscaling for mean and extreme 
temperature variables over parts of south-eastern Australia was 
shown by Di Luca et al. (2016), as well as in the temperature 
projection over mountains and near the coast in eastern Aus-
tralia, specifically enhanced warming at high elevation (Olson 
et al. 2016). PAV is also suggested for seasonal mean rainfall 
change in Tasmania, e.g. decreased rainfall over western Tas-
mania but little change or increased summer rainfall over the 
east (Grose et al. 2013). The case for consistent PAV over 
mid-latitude mountains including the Australian Alps, with 
enhanced drying over the westward slopes in cool seasons is 
made by Grose et al. (2019).

The ability of RCMs to provide AV over GCMs is often 
dependent on the climate statistics being analysed, the geo-
graphic area and the RCM experimental setup (Xue et al. 
2014). Potential for AV in the present climate for rainfall 
can vary seasonally and is highest for short time scales such 
as three hourly intervals, with less notable AV for seasonal 
averages (Di Luca et al. 2012). The main source of AV and 
PAV is often related to better representation of spatial varia-
bility of climate in regions with complex topography (Torma 
et al. 2015) or coastal features (Di Luca et al. 2012, 2013a, 
b). Extremes of climate variables are particularly relevant 
in terms of potential impacts, and it has been noted that AV 
from downscaling can be relatively significant in the case of 
extremes (Park et al. 2016).

In order to determine where dynamical downscaling has 
potential value, it is useful to quantify where and when it 
produces improved information about the current climate 
and new information about projected climate change, both 
AV and PAV. Here we examine CORDEX-Australasia simu-
lations of mean and extreme precipitation and minimum/
maximum temperatures for Australia, and quantify where 
and when they produce AV to the representation of current 
climate. We introduce the new concept of ‘realised added 
value’ (RAV), which is defined as locations where RCMs 
improve the representation of the historical climate com-
pared to the host GCM, i.e. denoted by positive AV, while 
projecting different changes into the future, as represented 
by the absolute PAV. RAV gives a stronger case for value 
in the downscaling than AV or PAV in isolation. Previously 
identified cases of AV and PAV in rainfall projections in 
Australia are revisited, such as the Australian Alps, and new 
cases are identified.

2  Data and methods

2.1  Australian climate and geography

The Australian climate shows considerable spatial variabil-
ity owing to its large geographical size. The large interior 
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portion of the continent is arid to semi-arid. Much of Aus-
tralia is characterised by relatively flat landscape, however, 
a temperate, narrow coastline in eastern Australia is sepa-
rated from the large semi-arid interior by the Great Dividing 
Range (GDR) which stretches ~ 3500 km along the coast-
line (Fig. 1). The Australian Alps are located at the GDR’s 
southern end. The climate along the coastal strip varies 
from humid-subtropical at its north to temperate at its south 
(Peel et al. 2007). The south-western corner of Western Aus-
tralia has a Mediterranean climate, with temperature and 
aridity increasing further inland and to the north. Northern 
Australia has a tropical savanna climate and experiences a 
monsoonal wet-season. Over 89% of Australia’s population 
live in coastal urban areas, the most populous of which are 
Sydney, Melbourne, Brisbane and Perth.

2.2  Models

Outputs from the CMIP5 GCMs (Taylor et al. 2012) and 
ERA-Interim reanalysis listed in Table 1 were dynami-
cally downscaled using the Weather Research and Fore-
casting (WRF) model, the Conformal Cubic Atmospheric 
Model (CCAM) and COSMO Climate Limited-area Model 
(CCLM). All RCMs were driven by ERA-Interim, but 

different GCMs were used to drive WRF, CCAM and CCLM 
(Table 1). ERA-Interim-driven RCMs are included in this 
study as a comparison with the performances of GCM-
driven RCMs. That is, RCMs driven by reanalysis boundary 
conditions can represent the best climate that can be pro-
duced by the RCMs, noting that these are often considered 
“perfect boundary conditions” (e.g. Diro et al. 2012; Sol-
man et al. 2013). Thus, using reanalysis in this manner may 
reveal inherent RCM errors, and the presence (absence) of 
AV in the RCMs may then show where the RCM errors are 
smaller (larger) than the reanalysis errors. Future simula-
tions followed the Representative Concentration Pathway 
(RCP) 8.5 greenhouse gas concentration and anthropogenic 
aerosol trajectory (van Vuuren et al. 2011). All RCMs cov-
ered the CORDEX-Australasia region (see Evans 2011), 
but only land points within Australia were assessed (see 
Sect. 2.4 Observations).

Two configurations of WRF version 3.6 were used, 
where each used different parameterisations for planetary 
boundary layer physics, surface physics, cumulus physics, 
and radiation, but used the same dynamical core, land sur-
face model (Unified Noah) and subgrid-scale microphys-
ics scheme (WDM-5) (see Evans et al. 2014 for details 
of the configurations used). The two WRF configurations 

Fig. 1  Topographic variation across Australia (NT Northern Ter-
ritory, QLD Queensland, NSW New South Wales, ACT  Australian 
Capital Territory, VIC Victoria, SA South Australia, WA Western 

Australia) and major cities. The approximate location of the Austral-
ian Alps which form part of the Great Dividing Range in eastern Aus-
tralia is delineated in red. Inset: The CORDEX-Australasia domain



4678 G. Di Virgilio et al.

1 3

were selected from an ensemble of 36 WRF RCMs based 
on their relative accuracy in simulating the south-east-
ern Australian climate and model independence (Ji et al. 
2014b). Both WRF configurations used a quasi-regular 
domain at 0.44° resolution on a rotated coordinate system.

CCAM (McGregor and Dix 2008) is a non-hydrostatic, 
variable-resolution global atmospheric model. CCAM 
(version r3355) was run with a global quasi-uniform grid 
configuration at 50 km resolution. Most CCAM simula-
tions were forced with the bias and variance corrected 
sea surface temperatures (SSTs) developed by Hoffmann 
et  al. (2016), without any direct atmospheric nudging 
from the host GCM. However, one CCAM simulation 
(‘ACCESS1.0-CCAM-Nudged’) did not use these SSTs 
and was instead atmospherically nudged towards the GCM 
data (Thatcher and McGregor 2009). CCAM used a setup 
similar to those described in Katzfey et al. (2016) and 
Thevakaran et al. (2016) for the bias corrected SST experi-
ments. For the ACCESS1.0-CCAM-Nudged experiment, 
a scale-selective filter was employed as CCAM has no lat-
eral boundaries (i.e., spectral nudging, see Thatcher and 
McGregor 2009) with a spatial scale of 3000 km applied 
at hourly intervals for temperature, winds above ~ 900 hPa, 
and surface pressure.

CCLM is a non-hydrostatic RCM developed from the 
Local Model (LM) of the German Weather Service. CCLM 
used a domain with quasi-regular grid spacing at 0.44° 
resolution on a rotated coordinate system. Initial test simu-
lations using the standard version of CCLM (CCLM4-8-
17-CLM3-5) were conducted using a number of different 
model configurations. CCLM was coupled to the community 
land model version 3.5 (CLM3.5, Dickinson et al. 2006), as 
opposed to its standard land surface model (TERRA-ML, 

Schrodin and Heise 2001), because using CLM3.5 showed 
a reduction in near-surface temperature overestimation.

2.3  Observations

GCM, reanalysis and RCM model performances were 
assessed by comparing their outputs to Australian Water 
Availability Project data (AWAP; Jones et al. 2009), which 
are daily gridded maximum and minimum temperature and 
precipitation data at 0.05° resolution. AWAP data are grid-
ded using a statistical model based on station observations 
across Australia. The majority of stations are located in the 
coastal areas of Australia and have a sparser representation 
inland or in remote areas. There are also more precipita-
tion stations than temperature stations. Given that the rain-
fall observational network used to produce the AWAP data 
has large gaps in several areas of central and north-western 
Australia, RCM precipitation output was masked over these 
areas. Cross-validated root mean squared errors (RMSEs) 
for monthly maximum and minimum temperatures across 
the continent for 2001–2007 are between 0.5 and 1 °C, and 
10 and 25 mm mo−1 for monthly precipitation.

2.4  Calculation of added‑value, potential 
added‑value and realised added‑value

The methodology used here to quantify the improvements or 
deteriorations produced by dynamical downscaling follows 
closely from Di Luca et al. (2013a). The approach can be 
separated into various steps that include the calculation of 
the statistics of interest (e.g., long-term mean), the regrid-
ding of all data to a common grid and domain, and the com-
parison of simulated and observed data to determine the 

Table 1  Attributes of the 
GCMs, reanalysis data, and 
RCMs assessed by this study

Model/reanalysis Atmospheric resolution Reference GCM-RCM Pairings

Horizontal Vertical levels

ERA-Interim 0.75° × 0.75° 60 Dee et al. (2011) WRF, CCAM, CCLM
ACCESS1.3 1.875° × 1.26° 38 Bi et al. (2013) WRF
ACCESS1.0 1.875° × 1.25° 38 Bi et al. (2013) CCAM
CanESM2 2.8125° × 2.7906° 35 Arora et al. (2011) CCAM
CESM1-CAM5 1.25° × 0.9424° 30 Meehl et al. (2013) CCAM
CNRM-CM5 1.40625° × 1.4008° 31 Voldoire et al. (2013) CCAM
GFDL-ESM2M 2.5° × 2.0° 24 Dunne et al. (2012) CCAM
HadGEM2-CC 1.875° × 1.25° 60 Collins et al. (2011) CCAM
MIROC5 1.41° × 1.41° 40 Watanabe et al. (2010) CCAM
NorESM1-M 2.5° × 1.875° 26 Bentsen et al. (2013) CCAM
EC-EARTH 1.1215° × 1.1215° 62 Hazeleger et al. (2010) CCLM
MPI-ESM-LR 1.875° × 1.8653° 47 Zanchettin et al. (2013) CCLM
CCAM 0.44° × 0.44° 35 McGregor and Dix (2008)
CCLM 0.44° × 0.44° 35 Doms and Baldauf (2015)
WRF 0.44° × 0.44° 30 Skamarock et al. (2008)
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relative performance of the driving versus the downscaled 
data.

We calculate long-term means and percentiles (99th and 
1st) of daily values for maximum and minimum tempera-
ture and precipitation for each season (DJF, MAM, JJA and 
SON) and 20-year periods for the historical (1986–2005), 
the near future (2040–2059) and the far future (2080–2099) 
periods (results from the near future are not reported). Sta-
tistics are calculated for observations (only for the historical 
period), RCMs and their driving data (see Table 1) using 
daily values at their native resolution. All seasonal statis-
tics are then interpolated over the Australian territory (land 
only) using a bilinear interpolation method and a common 
very high-resolution grid mesh (0.05° grid spacing). As the 
AWAP gridded data are based on in situ land observations, 
only grid points with a land fraction larger than 0.8 are 
considered in the interpolation process for both RCMs and 
GCMs. As shown by Di Luca et al. (2013a), using bilinear 
interpolation instead of nearest neighbour interpolation is 
preferable for the coarsest resolution datasets (i.e., GCMs) 
because it provides a smooth transition between grid points.

Once statistics from all datasets are available over the same 
grid mesh, AV metrics are calculated for each grid point as 
the difference between the RMSE in the global driving data 
(GDD) and in the RCM downscaled climate as per Eq. 1:

Defined in this way, AVrmse has the units of the specific 
variable being considered and is larger than zero whenever 
the error of the RCM is smaller than the error in the GDD. 
AVrmse is calculated for different statistics (means for all vari-
ables, 99th (1st) percentiles for precipitation and maximum 
(minimum) temperature), seasons, and all pairs of RCM-
GDD. AVrmse is normalised for precipitation only by divid-
ing it by the mean precipitation. In addition, we calculate the 
 AVfraction metric that counts, at each grid point, the number of 
GDD-RCM pairs where the RCM adds value compared to the 
GDD. The  AVfraction is normalized so that it is equal to − 0.5 
when all RCM-GDD pairs show AV < 0, equal to 0.5 when 
all RCM-GDD pairs show AV > 0 and equal to 0 when half 
of the RCM-GDD pairs give AV > 0. The advantage of using 
the the  AVfraction instead of the  AVrmse is that it is not biased 
toward those parameters showing very large values of AV 
allowing for a fair comparison across regions, variables and 
seasons (see Di Luca et al. 2016). The  AVfraction thus gives 
an idea of the robustness of the result across the ensemble.

As discussed in Di Luca et al. (2013a), estimating the AV 
requires the use of observations and thus cannot be done for 
simulations spanning future periods. However, a necessary con-
dition for RCMs to add value over the GDD for climate change 
is that the RCM downscaled climate change signal is different 

(1)
AV

rmse
=

√
(X

GDD
− X

OBS
)2 −

√
(X

RCM
− X

OBS
)2

= rmse
GDD

− rmse
RCM

from that obtained using the GDD. In this way, the difference 
between the RCM and the GDD estimated future change pro-
vides a measure of the maximum attainable AV that would result 
in the case where all differences could be considered as improve-
ments. This quantity has been denoted as the “potential added 
value (PAV)” because it provides a measure of the AV condi-
tional to the unknown future relative performance of the RCM 
and the GDD. Future changes are calculated as the difference 
between statistics (e.g., 99th percentile of precipitation) in the 
future period minus those in the present. Differences between cli-
mate change signals (i.e. PAV) are calculated as the RCM climate 
change signal minus the GCM climate change signal.

In this paper we go one step further than PAV and define a 
new quantity that we designate as the “realised added value—
RAV” that combines information of the AV obtained over the 
historical period with the PAV estimated for the future periods. 
It is assumed that where a model has both higher AV and higher 
PAV, with high model agreement, there will be even higher 
RAV. RAV is thus calculated for each variable as per Eq. 2:

where σobs is the standard deviation of the inter-annual time 
series of observations corresponding to the variable and sea-
son in question. Defined in this way, RAV is unit-less and 
comparable across variables, and can therefore be averaged 
across all GCM-RCM pairs, variables, seasons and statistics 
to indicate the overall RAV conferred by the RCM ensemble. 
When calculating σobs for the 99th percentile of precipita-
tion, we estimate the 99th percentile for each season and each 
year. To make sure have enough reliable data in each time, we 
only calculate σobs in grid points where there are at least 15 
out of 20 seasons with at least 5 rainy days (> 1 mm day−1) 
each. Grid cells that fail to meet these criteria are masked and 
excluded from the RAV calculation. A key assumption of the 
RAV metric is that positive AV in the present climate is nec-
essary to produce positive RAV in the future. AV, PAV and 
RAV values are calculated for individual GDD/RCM pairs, 
with ensemble mean values calculated by averaging across 
individual model results.

3  Results

3.1  AV: ERA‑Interim ensemble

The reanalysis ensemble shows positive AV for mean sum-
mer precipitation across Australia, except for a small por-
tion of the northwest (Fig. 2a, b). During winter, the AV 
for mean precipitation switches to negative over parts of 
northern Australia, noting that winter rainfall is very low 
over this region (Fig. 2c, d). This negative AV means that 

(2)RAV =
AV × |PAV|

�
2

obs
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the RCMs perform worse than the GDD with respect to 
simulating winter precipitation over this region. Other-
wise, AV remains strongly positive for winter rainfall over 
the majority of Australia, except for small areas near the 
peaks of the Australian Alps and parts of Tasmania.

In contrast to mean precipitation, AV for mean 
maximum and minimum temperature is more variable 
(Fig. 2e–h). During DJF, the AV for maximum temperature 
is positive over northern Australia (Fig. 2e), but changes 
to negative over most of this region during JJA (Fig. 2f). 
The patterns of AV are more similar for mean minimum 
temperature between seasons, except that AV is largely 
negative over northern Australia during DJF, but generally 
positive during JJA (Fig. 2g).

ERA-Interim driven RCMs show decreased normalised 
AV for extreme precipitation during both seasons (Fig. 3b, 
d) relative to mean precipitation. The spatial variation of 
AV is also less uniform, and a larger proportion of the con-
tinent shows negative AV. There is substantially reduced 
AV for 99th percentile maximum temperature (Fig. 3e) 
relative to the mean during DJF. In contrast, larger areas 
of Australia show positive AV for 1st percentile minimum 
temperature (Fig. 3g, h), especially during JJA.

3.2  AV: GCM‑driven ensemble

The GCM-driven ensemble shows positive AV for mean pre-
cipitation over much of western and northern Australia dur-
ing DJF, as well as along some parts of the eastern coastline 

and over Tasmania (Fig. 4a, b). However, in contrast to 
the ERA-Interim result, AV is negative over a much larger 
proportion of the country, especially over parts of eastern 
Australia (Fig. 4b). Notably, AV for mean summer precipita-
tion is negative over a part of the Australian Alps in south-
eastern Australia (Fig. 4b—see topography in Fig. 1), but 
positive over this area during JJA (Fig. 4c, d). Overall, the 
GCM-driven ensemble has lower AV relative to the ERA-
Interim ensemble.

The GCM-driven ensemble shows positive AV for mean 
maximum temperature across the majority of Australia, 
especially during JJA (Fig. 4e–f). However, strong nega-
tive AV is shown over several areas pertinent to climate 
adaptation, such as along parts of the eastern seaboard 
and south-western Australia during both seasons. Nota-
bly, the AV for mean maximum temperature is positive 
on the western side of the Australian Alps during summer 
(Fig. 4e), but switches to negative AV over this general 
area during winter (Fig. 4f). Most RCMs underestimate 
observed maximum temperature over this area, particularly 
during winter (Supporting Information Fig. S1-2). AV 
for mean minimum temperature is strongly positive over 
large areas of Australia during both seasons, with only 
small areas showing negative AV (Fig. 4 g, h). Positive 
AV is particularly high along the south-western and south-
eastern coasts and over Tasmania during DJF (Fig. 4g). 
High AV for minimum temperature is evident over areas 
of higher elevation, e.g. over Tasmania, the GDR, and the 
highlands in north-eastern Queensland.

Fig. 2  Spatial and seasonal variation of added value (AV) for daily 
mean precipitation (pr; panels a and c show absolute values; b and 
d show normalised values), maximum temperature (tasmax; e, f) and 

minimum temperature (tasmin; g, h) simulated by the ERA-Interim 
driven ensemble. Areas plotted in white over Australia are areas 
where rainfall observations are sparse/absent
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A larger proportion of Australia shows negative AV for 
extreme precipitation during both seasons (Fig. 5a–d), as 
compared to mean precipitation. However, there is positive 
AV for extreme rainfall along the northern and north-eastern 
coastlines during summer (Fig. 5a, b), and this may relate to 

the better resolution of the land–ocean boundary. The AV 
sign for winter extreme precipitation is again positive over 
the elevated terrain of south-eastern Australia and western 
Tasmania during JJA (Fig. 5b).

Fig. 3  Spatial and seasonal variation of added value (AV) for daily 
99th percentiles of precipitation (pr) and maximum temperature (tas-
max), and 1st percentile minimum temperature (tasmin) simulated by 

the ERA-Interim driven ensemble. Areas plotted in white over Aus-
tralia are areas where rainfall observations are sparse/absent

Fig. 4  GCM-ensemble mean AV: the spatial and seasonal variation of 
added value (AV) for daily mean precipitation (pr; a and c show abso-
lute values, b and d show normalised values), maximum temperature 

(tasmax; e, f) and minimum temperature (tasmin; g, h). Areas plot-
ted in white over Australia are areas where rainfall observations are 
sparse/absent
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Fewer regions show positive AV for extreme maximum 
temperature during both seasons (Fig. 5e, f), relative to the 
more widespread positive AV shown for mean temperature 
(Fig. 4e, f). Positive AV is again shown for extreme mini-
mum temperature over most of Australia during DJF and 
especially during JJA (Fig. 5g, h). Although the positive AV 
switches to negative over some central regions for extreme 
minimum temperatures in DJF, AV remains strongly positive 
over the high-altitude areas in the south–east.

3.3  AV: individual ensemble members

The reanalysis ensemble members show similar AV pat-
terns for mean precipitation during DJF (Fig. 6b–e), whereas 
the GCM-driven RCMs are less consistent (Fig. 6f–r). For 
instance, the ACCESS1.3-WRF-J simulation shows large 
areas of negative AV for mean precipitation over eastern 
Australia and positive AV over some northern tropical areas 
(Fig. 6f), whereas ACCESS1.3-WRF-K shows negative AV 
across northern Australia, and stronger, positive AV over 
a large area of south-eastern Australia (Fig. 6g). The two 
CCLM simulations are similarly divergent over south-west-
ern Australia (Fig. 6h, i). Several of the CCAM simulations 
show large areas of strongly positive precipitation AV, which 
in most cases covers a larger proportion of Australia than 
the WRF and CCLM simulations. Notably, ACCESS1.0-
CCAM-Nudged (Fig. 6k) shows negative AV that is larger 
in magnitude and area, as compared to the other CCAM 
configurations. The AV of individual RCMs for mean winter 

precipitation is shown in Supporting Information S3. AV 
results for mean temperatures also show substantial vari-
ability between GCM-driven RCMs (Fig. S6–S9).

3.4  AVfraction

In this section we characterise the overall AV over the con-
tinent using the  AVfraction metric. The ERA-Interim ensem-
ble provides very strong AV for mean precipitation across 
almost the entire continent (i.e. an  AVfraction larger than 0.3) 
during all seasons (Fig. 7a), but especially during DJF and 
MAM  (AVfraction ≥ 0.4). In contrast, the  AVfraction metric for 
mean maximum and minimum temperature (Fig. 7a) is gen-
erally negative suggesting that most RCMs tend to deterio-
rate temperature statistics compared to ERA-Interim, though 
maximum temperature during DJF is the notable exception. 
For the 99th percentile, the  AVfraction shows that RCMs dete-
riorate the simulation of temperature variables compared to 
the ERA-Interim reanalysis. This is most marked for extreme 
temperatures, with spring maximum temperature being the 
only exception.

The GCM-driven ensemble shows positive AV for mean 
and 99th percentile precipitation across most of Australia 
during all seasons (indicated by AV fractions of 0.1–0.2, 
Fig. 7c, d). The  AVfraction performance of this ensemble for 
extreme maximum and minimum temperature is poorer than 
for mean temperatures during DJF and JJA (Fig. 7c, d).

Fig. 5  GCM-ensemble mean AV: the spatial and seasonal variation of 
added value (AV) for daily 99th percentiles of precipitation (pr) and 
maximum temperature (tasmax), and 1st percentile minimum temper-

ature (tasmin). Areas plotted in white over Australia are areas where 
rainfall observations are sparse/absent
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3.5  Precipitation PAV and RAV

The spatial and seasonal variation of the RCM ensemble 
climate change signal for mean precipitation is shown in 
Fig. 8a, d, and PAV and RAV are shown in Fig. 8b, e and 
c, f, respectively. During summer, the RCM ensemble cli-
mate change signal for mean precipitation shows drying 
across western, northern and some central regions, as well 
as western Tasmania (Fig. 8a). In contrast, the south–east 
shows projected increases in summer rainfall. The RCM and 
GCM far-future climate change projections for mean pre-
cipitation differ in several locations where positive AV was 
identified for the historical period. For instance, the RCM 
absolute mean precipitation changes are over 1 mm day−1 
drier than the GCMs across northern Australia during DJF in 
2080–2099 relative to 1986–2005 (Fig. 8b). RCMs also pro-
ject a slightly drier change over most of the eastern seaboard 
during DJF. Conversely, the RCM changes are marginally 
wetter than the GCMs over a large part of inland south-
eastern Australia, and parts of Tasmania and south-western 

Australia (Fig. 8b). At least 75% of models showed positive 
AV for mean precipitation over much of northern, south-
western, central and southern Australia during DJF (indi-
cated by stippling in Fig. 8b). RAV is negative over a large 
part of the complex topography in south-eastern Australia 
(Fig. 8c). However, there is positive RAV across most of 
northern Australia, though not along this coastline (Fig. 8c). 
Aside from the areas noted above where RAV is negative, 
positive RAV is generally present across the majority of 
Australia (Fig. 8c).

The RCM ensemble projects a dry change for winter 
mean precipitation across most of Australia (Fig. 8d). In 
particular, these projected changes are drier than the GCMs 
over the Australian Alps and the southwestern tip of Aus-
tralia (Fig. 8e), noting that ≥ 75% of models show positive 
AV over these regions. There is positive RAV over most of 
the country, with notable positive RAV over the Australian 
Alps, most of western Tasmania and south-western Western 
Australia (Fig. 8f).

Fig. 6  The spatial and seasonal variation of added value (AV) shown by ERA-Interim (b–e) and GCM-driven (f–r) ensemble members for daily 
mean precipitation
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The RCM ensemble climate change signal for summer 
extreme precipitation shows projected rainfall increases over 
the south-east, Tasmania, over some parts of northern Aus-
tralia and along the southern coastline (Fig. 9a). The PAV 
for summer extreme precipitation shows that RCMs simu-
late a weaker increase or a stronger decrease in the future 
over northern Australia than the GCMs (Fig. 9b). However, 
extreme summer rainfall over most of this region tends to be 
better represented by GCMs in the present climate, with the 
exception of the coastlines (Fig. 5a). In contrast, large parts 
of south-eastern Australia, Tasmania, and south-western 
Western Australia show increased summer extreme rain-
fall. There is positive RAV for extreme summer precipita-
tion over many regions, such as along most of the coastline, 
whereas notable areas showing negative RAV include large 
parts of northern Australia and the Australian Alps (Fig. 9c).

During winter, the RCM ensemble climate change signal 
shows decreased extreme rainfall over most of Australia, 
except for the far north, a small portion of the south-east and 

Tasmania (Fig. 9d). The PAV shows that the RCM projected 
changes are marginally wetter (i.e. 1–2 mm day−1) than the 
host GCMs over northern Australia, which contrasts with 
the marked drying signal noted above for this region during 
summer (Fig. 9e), noting that precipitation is low over this 
region during JJA. Conversely, the PAV shows a reduction 
in winter extreme rainfall over many southern regions. There 
is strong positive RAV over the Australian Alps, western 
Tasmania, along parts of the southern coastline and over 
southwestern Australia (Fig. 9f).

3.6  Temperature PAV and RAV

During DJF, RCMs show increased mean maximum tem-
perature compared to the GCMs over most of Australia, with 
the main exception being a large area over the south-east 
(Fig. 10a). There is positive RAV for summer maximum 
temperature over many parts of eastern Australia, Tasmania, 
small parts of the south-western coastline, and it is strongly 

Fig. 7  AVfraction as calculated for the ERA-Interim ensemble long-
term mean (a) and 99th percentile variables (b) and the GCM ensem-
ble long-term mean (c) and 99th percentile (d). Each plot shows 
results for different variables and seasons. The  AVfraction quantifies the 
proportion of times that the sign of the AV metric for all grid points 

and RCM-GCM pairs is positive. It is normalised so that the  AVfraction 
is equal 0 when the RCM adds value 50% of the time and 0.5 (−0.5) 
when the RCM (GDD) adds value 100% of the time (see Sect. 2.4 for 
further details of  AVfraction calculation)
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positive over the northwest (Fig. 10b). Conversely, RAV is 
negative over some northern coastal regions, and large parts 
of south-western and southern Australia. During JJA, the 
RCMs show a stronger mean maximum temperature change 
than the GCMs over south-western Australia and the north-
ern coastline (Fig. 10c); however, the RCM climate change 
signal is colder than the GCMs over central and eastern 
regions. Most of the country shows positive RAV for win-
ter mean maximum temperature, but there are notable areas 
where RAV is negative, such as over the south-western cor-
ner and over parts of the complex orography of the southeast 
(Fig. 10d).

The RCMs simulate larger warming rates for mean mini-
mum temperatures than the GCMs over most of Australia 
during DJF, with the exceptions of weaker warming rates 
over some northern, south-eastern and south-western regions 
and Tasmania (Fig. 10e). Model agreement is also high 
across most of Australia. RAV is positive over most of Aus-
tralia and it is particularly strong over the complex topog-
raphy in the southeast, Tasmania, the southwest and over 
much of northern Australia (Fig. 10f). During winter, RCM 
projections for mean minimum temperatures are colder than 
the GCMs over most of northern Australia and over a large 
portion of the southeast (Fig. 10g). RAV is strongly positive 

over the Australian Alps, Tasmania and parts of the south-
west (Fig. 10h).

RCM simulations of summer extreme maximum tempera-
ture have larger warming rates than GCMs over the majority 
of Australia (Fig. 11a), however, RAV is negative over most 
of the continent (Fig. 11b). In contrast, RCM simulations of 
winter extreme maximum temperature are colder than the 
GCMs over south-eastern and central Australia (Fig. 11c), 
and RAV is positive over a much larger proportion of the 
continent (Fig. 11d). Notable areas where RAV is negative 
include the complex orography of the southeast and a large 
portion of the southwest.

RCM projections for extreme minimum temperatures 
during DJF are colder than the GCMs over most of the 
southern half of Australia (Fig. 11e). There is strong posi-
tive RAV along much of the coastline, particularly the 
southwest and southeast (Fig. 11f). RCMs show a colder 
change signal than the GCMs across the majority of Aus-
tralia during winter (Fig. 11g). Strong, positive RAV for 
extreme minimum temperature is widespread across Aus-
tralia during winter (Fig. 11h).

Overall, RAV for both mean and extreme maximum and 
minimum temperature is larger in magnitude than RAV 
for mean precipitation. It is important to note that, as a 

Fig. 8  RCM climate change signal (far future minus present-day) for mean precipitation (a, d); PAV for mean precipitation, where stippling indi-
cates locations where ≥ 75% of models show positive AV for the current climate (b, e); RAV for mean pr (c, f)
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Fig. 9  As per Fig. 8, but for 99th percentile precipitation. Grid points where there are not at least 15 of 20 seasons with at least 5 rainy days 
(> 1 mm day−1) each are excluded from the RAV calculation and masked

Fig. 10  PAV for mean maximum temperature (tasmax) in summer and winter (a, c) and mean minimum temperature (tasmin—e, g), where stip-
pling indicates locations where ≥ 75% of models show positive AV for the current climate; RAV for tasmax (b, d) and tasmin (f, h)
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proportion of its own mean, the inter-annual variability 
of precipitation is large compared to temperature. Hence 
precipitation AV and/or PAV must be larger (proportional 
to the precipitation mean) to produce RAV than is required 
of temperature (proportional to the temperature mean). 
As the RAV calculation is defined (Sect. 2.4, Eq. 2), all 
variables are weighted depending on their own variance.

3.7  Overall RAV

RAV averaged across all GCM-RCM pairs, variables, sea-
sons and statistics shows that, overall, positive RAV is 
widespread across Australia (Fig. 12). RAV is strongly 
positive over regions where RCMs could be expected to 
improve upon GCM projections, such as over complex 
topography, some stretches of coastline, and the island 
of Tasmania. However, positive RAV is also evident over 
some inland areas, e.g. over portions of central and West-
ern Australia. Aside from these areas, positive RAV is 
more marginal (i.e. 0.1–0.2) over other semi-arid, inland 
regions. There are comparatively few areas where RAV 
is negative.

4  Discussion

In this paper we compare dynamical downscaling of 
reanalysis and GCM outputs to observations in order to 
quantify notable cases of AV in the simulation of current 
climate. We then identified the seasons and locations for 

which RCMs simultaneously improved the representation 
of the current climate (i.e. AV) while also projecting dif-
ferent changes into the future (i.e. PAV). We defined a 
new quantity, RAV, which combines information of the 
AV obtained over the historical period with the PAV esti-
mated for the future periods. This RAV suggests plausi-
ble improvements in future climate projections by RCMs. 
This was demonstrated for regions that are of relevance to 
climate impact mitigation, such as over the heavily popu-
lated south-east of Australia. The notable cases of AV, 
PAV and RAV are now described and possible mechanisms 

Fig. 11  As per Fig. 10 but for extreme maximum and minimum temperature

Fig. 12  Ensemble mean composite (overall) RAV
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that explain the geographic, seasonal and inter-model vari-
ation in RCMs’ abilities to confer (realised) added value 
are considered.

4.1  Precipitation AV

Three different RCMs driven by ERA-Interim reanalysis 
showed widespread, positive AV for mean summer precipi-
tation. In contrast, this ensemble showed a more spatially 
variable pattern of AV for temperature that was often nega-
tive. Observations of temperature are assimilated into the 
ERA-interim reanalysis, whereas observations of precipita-
tion are not. As a result, ERA-interim temperature fields 
are close to observations and provide relatively little room 
for improvement, whereas ERA-interim precipitation fields 
are further from observations (Tuinenburg and de Vries 
2017). This results in a higher potential for the RCMs to 
produce AV to the ERA-Interim precipitation as compared 
to temperature.

The AV shown by the GCM-driven ensemble for extreme 
precipitation was more spatially variable in sign and magni-
tude than the ERA-Interim ensemble. For example, during 
DJF, high AV in the GCM-driven ensemble was apparent 
along the northern and eastern coastline and over the com-
plex orography of south-eastern Australia during winter. AV 
adjacent to these areas was either lower in magnitude or 
reversed in sign. This contrasts with more uniform AV for 
extreme precipitation over large regions for the ERA-Interim 
ensemble. The substantially improved spatial resolution of 
the RCMs relative to the GCMs means that factors such as 
improved land-sea contrasts and orographic precipitation 
can contribute to a more accurate simulation of precipita-
tion than the driving GCMs. This is one explanation for the 
strong positive AV over the coastline and complex orog-
raphy of the south-east for GCM-RCMs. Conversely, the 
spatial resolutions of ERA-Interim and the RCMs are similar 
(i.e. ~ 75 km versus 50 km), which is possibly why spatial 
variation in the sign and magnitude of AV in relation to 
these geographic details was not as apparent. Other than 
spatial resolution, the difference in convection schemes or 
other model components may be relevant to the AV patterns 
shown by the RCMs, and these warrant further investigation.

The sign of the AV for extreme precipitation conferred by 
RCMs in the GCM-driven ensemble varies across Australia. 
Although we might have expected this AV to be positive 
over most areas, we find that the RCMs can have biases as 
large or larger than their driving GCM in some locations. 
While the underlying causes of this negative AV remain to 
be investigated thoroughly, some circumstances leading to 
negative AV are apparent. For example, if the GCM under/
overestimates extreme precipitation due to erroneous large 
scale circulation systems, then the RCM is likely to simu-
late similarly erroneous large scale flow and may enhance 

the precipitation bias due to additional small scale features. 
Thus, the negative AV of the GCM-RCM ensemble over 
areas such as northern Australia for summer precipitation 
partially results from the GCMs’ circulation errors that pro-
duce a general underestimation of summer precipitation over 
this region. Given this circulation error, the precipitation 
underestimation is then enhanced by the RCMs (see GCM 
biases in Figure S4; RCM biases in Figure S5). Moreover, 
Di Luca et al. (2016) suggest that the reason why AV for 
mean and extreme precipitation deteriorates over parts of 
south-eastern Australia in summer as compared to winter 
appears to be related to a generally poorer ability of RCMs to 
simulate summer precipitation, with RCMs producing quite 
large overestimations over several regions.

A wide variety of AV for precipitation is found between 
GCM-RCM simulations. WRF and CCLM did not use bias 
correction methods in this experiment. However, the CCAM 
configurations suggest that the AV conferred by an RCM can 
be partially related to the bias correction technique. All but 
one CCAM configuration used bias and variance-corrected 
SSTs. The single CCAM simulation that did not use these 
SSTs (ACCESS1.0-CCAM-Nudged) showed considerably 
lower AV than the other CCAM simulations. The result of 
this ACCESS1-0-Nudged simulation suggests that some of 
the CCAM AV for precipitation is achieved by using bias 
corrected SSTs (and by not perturbing the atmosphere). This 
implies that the bias and variance-corrected SSTs are impor-
tant to CCAM’s precipitation AV results.

4.2  Temperature AV

Although the GCM-RCM ensemble generally added value 
to the simulation of summer maximum temperature, some 
simulations (i.e. EC-EARTH-CCLM, CESM1-CAM5-
CCAM and NorESM1-M-CCAM) show widespread positive 
AV that was substantially higher in magnitude than other 
simulations (Supporting Information Fig. S6-7). The strong 
positive AV exhibited by these simulations is not attributable 
to patterns of temperature bias in the RCM simulation alone. 
For instance, both CCLM configurations showed different 
patterns of AV for maximum temperature during DJF (Fig. 
S6h, i). In contrast, these two simulations showed similar 
patterns of strong summertime maximum temperature cold 
bias relative to observations (Fig. S1h, i). The same gen-
erally applies to the CCAM simulations, which are warm-
biased over western, central and southern Australia and cold-
biased over northern and north-eastern Australia (S1-2j–r). 
The strong similarity in the pattern of biases shown by the 
different CCLM and CCAM configurations suggests that 
these RCMs tend to produce their own maximum tempera-
ture biases irrespective of the driving GCM. RCMs have 
their own inherent biases due to the various approximations 
that they use, including the parameterization and numerical 



4689Realised added value in dynamical downscaling of Australian climate change  

1 3

schemes used (Šeparović et al. 2013). Consequently, whether 
or not AV is demonstrated by a given simulation depends 
more on the biases of its driving GCM than on the RCM, 
which is always the same. Using different physical param-
eterisations, such as is possible with WRF, could change 
this situation.

The GCM-driven RCMs showed strong and spatially 
widespread AV for mean and 1st percentile minimum 
temperature, especially along the coastline and over high 
elevation terrain and complex orography. This substantial 
AV over these areas may relate to improved estimation of 
cloud cover over the Australian Alps (see also discussion 
in Sect. 4.3), and better resolution of land-sea contrasts and 
land surface feedbacks, as compared to the host GCMs.

4.3  Potential and realised added value

4.3.1  Australian Alps

The projection of changes in temperature and rainfall shows 
some notable areas of PAV that in several cases were coin-
cident with positive RAV. For instance, the RCMs pro-
jected greater drying relative to the GCMs (i.e. PAV) over 
the Australian Alps in winter, and this was collocated with 
strongly positive RAV. The enhanced drying in winter for 
mean precipitation expressed in absolute amounts appears 
partly because rainfall is higher in this region than adjacent 
areas. However, the effect appears even in normalised pre-
cipitation change terms (not shown). This winter projection 
is consistent with previous findings by Grose et al. (2019), 
who found that atmospheric circulation changes combined 
with effects from a warmer atmosphere (e.g. a decrease in 
saturated vertical displacement related to the relative humid-
ity aloft during rainy events) are plausible physical driv-
ers for enhanced rainfall decreases adjacent to these peaks, 
consistent with past trends and a similar effect in other mid-
latitude mountain ranges around the world. In addition, the 
PAV for precipitation during JJA strongly resembles the 
relationship between circulation indices and local rainfall 
around mountain ranges in south-eastern Australia that are 
poorly captured in most GCMs (Grose et al. 2019). This 
similarity in pattern corresponds with RCMs better resolv-
ing these circulation features, and thus also better resolving 
future precipitation changes over these regions as well. The 
tendency for RCMs to change the signal is also similar to 
the pattern found in the ‘analogue years’ approach used by 
Grose et al. (2019).

In contrast to the above, neither RAV nor AV were evi-
dent for summer mean precipitation over the Australian 
Alps, though the PAV for this general area showed a wet-
ting signal for the RCMs. This result is consistent with Grose 
et al. (2019) who found that an increase in convective rainfall 

was responsible for a rainfall increase over a region centred 
on the Alps, an effect consistent with that over the European 
Alps (Giorgi et al. 2016). This effect can be considered in 
terms of the AV and PAV taken together, where there is no 
AV in the current climate but PAV appears in the change 
signal, as the signal is driven by an effect related to warming 
regardless of bias in the current climate. This change signal 
is therefore not captured by the RAV concept and frame-
work. In contrast, the RCM summer rainfall projection for 
Tasmania is also wetter than GCMs in the east and northeast, 
and is collocated with RAV. This new regional pattern and 
projected change is consistent with previous high-resolution 
modelling for Tasmania (e.g. Grose et al. 2010).

4.3.2  Northern Australia wet season

PAV showing a strong drying signal for the northern Aus-
tralian (summer) wet season is notable and collocated with 
widespread RAV for mean precipitation. Individual RCM 
configurations showed varying patterns of PAV across this 
region, though several showed at least some degree of drying 
in DJF, and this pattern was not exclusive to any particular 
RCM type (Fig. S10). The results suggest the projection of 
increased summer rainfall by the GCMs should be lower 
than these driving data suggest. CMIP5 shows a wide pro-
jected range of change in northern Australian summer rain-
fall, from over a 25% increase to more than a 25% decrease. 
The majority of GCMs used in this study project varying 
degrees of increased summer rainfall over northern Australia 
in the far-future (Fig. S11). Research investigating constrain-
ing the range based on surface warming patterns and aero-
sol processes suggest that the wetter projection is possibly 
more plausible than the drier end (Brown et al. 2016, 2017). 
Therefore, this finding from RCMs of PAV and collocated 
RAV for a drier projection appears to provide an added com-
plexity to constraining projections of wet season rainfall in 
northern Australia.

4.3.3  Differences in PAV for maximum versus minimum 
temperature

The PAV is generally larger in magnitude for mean maxi-
mum temperature than for mean minimum temperature, 
especially during summer. The simulation of the climate 
change signals in the diurnal temperature range (DTR) by 
the RCMs and GCMs show differences that may partially 
underlie this result. The RCMs simulate a summer DTR that 
increases strongly around the coastline and over Tasmania 
in the far-future relative to the present, whereas the DTR 
decreases over most of the semi-arid interior (Figure S12a). 
In contrast, the far-future DTR simulated by the GCMs 
increases by a much smaller magnitude around a smaller 
proportion of the coastline, whereas they project a decrease 
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over a substantially larger area (Figure S12b). During winter, 
the RCMs and GCMs simulate similar direction of changes 
in the DTR, i.e. increases over the southern half of the coun-
try and decreases over the majority of north (Figure S12c, 
d), however, the magnitude of the increase is again larger 
for the RCMs, e.g. over south-eastern and south-western 
Australia. Globally, the DTR shows varying changes in dif-
ferent regions. For instance, Tadross et al. (2005) found an 
increase in the DTR over Southern Africa, whereas Jeong 
et al. (2016) observed a decrease in the DTR over Canada. 
Here, the RCMs may simulate a plausible regional signal in 
the DTR due to their ability to resolve local factors including 
cloud-cover and land–sea contrasts. The phenomena driving 
changes in the DTR warrant further investigation.

4.3.4  Implications for climate change adaptation

Given that Australia is the second driest continent, accurate 
future projections of changes in precipitation and tempera-
ture regimes are vital for applications such as water resource 
management. A key outcome of this study is the identifi-
cation of RAV for different seasons and locations in Aus-
tralia, and this has potential implications for climate change 
adaptation. For instance, the RCM ensemble change in mean 
precipitation was drier than the GCMs over several locations 
in south-western Western Australia during both seasons, and 
RAV was also evident over this region for several variables/
seasons. South-western Australia is a region that has strong 
environmental gradients (e.g. Jones et al. 2016), as well as 
some areas of notable topography (e.g. Di Virgilio et al. 
2018), which are features poorly resolved in GCMs. Many 
areas across south-western Western Australia are agricul-
turally productive. However, although recent WRF simula-
tions of projected climate change for Western Australia’s 
wine-growing regions showed significant warming, they 
disagreed with respect to precipitation projections, creating 
uncertainty related to the future climate of this wine region 
(Firth et al. 2017). It is therefore informative that the RCM 
ensemble of this study showed both high model agreement 
on PAV and a drier projected precipitation change than driv-
ing GCMs over much of this region. The finding of a physi-
cally plausible projection simulated by the RCMs that is 
warmer and drier than the GCMs can be used to make more 
informed risk-management decisions about climate adapta-
tion. The warmer and drier projection can inform a ‘worst 
case’ planning scenario for water management, if hot and 
dry is worse for the particular application and a ‘worst-case’ 
framing is relevant.

Furthermore, the coincident PAV and RAV of projected 
changes in rainfall over the Australian Alps and parts of 
south-eastern Australia have similar relevance to climate 
adaptation policy for this region. For instance, the enhanced 
drying during winter and an enhanced increase for extreme 

precipitation during summer have implications for adap-
tation decisions regarding water management, including 
inflows to the Murray Basin (a significant agricultural area) 
and management of a major hydro-electric scheme located 
in this region. The overall RAV (i.e. RAV averaged across 
models and variables) is particularly high in magnitude over 
several of the regions discussed above, which highlights the 
potential utility of using RCMs to simulate the climate of 
these particular regions.

5  Conclusions

Dynamical downscaling of reanalysis and GCM hindcasts 
by CCAM, CCLM and two configurations of the WRF RCM 
showed improved representation of the current climate (i.e. 
AV) in several cases. The presence of biases in the GCMs 
and reanalysis provide the potential for RCMs to improve 
upon these data and thus confer AV. The magnitude, location 
and season of these potential improvements depend upon 
factors such as RCMs’ varying capacities to better resolve 
land-sea contrasts and orographic precipitation. RCMs pro-
jected greater drying relative to the GCMs (i.e. PAV) over 
several regions, for instance, over the Australian Alps in 
winter and monsoonal north during summer. Collocation 
of these projected changes with strong RAV in such regions 
provides useful information for activities such as water 
resource management. The identification of regions where 
RAV is negative can provide impetus for future model devel-
opment. RAV averaged across models, variables, seasons 
and statistics was positive across the majority of Australia. 
This demonstrates that overall the RCM ensemble provides 
added value over the driving GCMs consistently across 
Australia and thus researchers and policy makers can obtain 
plausible improvements in future climate projections from 
the current generation of available RCMs.
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