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Abstract NARCliM (New South Wales (NSW)/Australian Capital Territory (ACT) Regional Climate Modelling
project) is a regional climate modeling project for the Australian area. It is providing a comprehensive dynamically
downscaled climate dataset for the CORDEX-AustralAsia
region at 50-km resolution, and south-East Australia at
a resolution of 10 km. The first phase of NARCliM produced 60-year long reanalysis driven regional simulations
to allow evaluation of the regional model performance.
This long control period (1950–2009) was used so that the
model ability to capture the impact of large scale climate
modes on Australian climate could be examined. Simulations are evaluated using a gridded observational dataset.
Results show that using model independence as a criteria
for choosing atmospheric model configuration from different possible sets of parameterizations may contribute to
the regional climate models having different overall biases.
The regional models generally capture the regional climate
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response to large-scale modes better than the driving reanalysis, though no regional model improves on all aspects
of the simulated climate.
Keywords Regional climate modelling · Australia ·
Climate modes

1 Introduction
Regional Climate Modelling (RCM) projects are designed
to: improve the regional representation of climate obtained
from Global Climate Models (GCM) and to provide addedvalue (Giorgi and Mearns 1991) at the regional scale to the
climate change signal. Global models are run at coarse spatial resolutions and they do not properly represent regional/
local features such as: topography, coastlines and land
cover changes. Using GCM outputs as driving conditions
for RCMs, which are run at higher resolution over a specified smaller area, allows one to obtain consistent climate
information, but with a better representation of some of the
details of the area under study (Hong and Kanamitsu 2014).
RCM outputs (‘high’ resolution climatological datasets) are commonly analyzed using surface observations
(mostly precipitation and minimum/maximum temperatures) from station measurements (Fernández et al. 2007)
or gridded versions of them (Corney et al. 2013; JiménezGuerrero et al. 2013; Ji et al. 2016). A common analysis
is to present a comparison of the simulated fields with
the observed fields, by means of statistical values such
as bias, root mean square error (RMSE), pattern correlation (Evans and McCabe 2010; Argüeso et al. 2011) and
quantile plots (García-Díez et al. 2012). Beyond the basic
evaluation statistics a wide variety of analysis has been
performed focused on other aspects of the simulations
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such as extremes (Herrera et al. 2010; Domínguez et al.
2013; Evans and McCabe 2013; Lee et al. 2014).
Before undertaking future climate projections, it is
important to know the systematic errors, accuracy and
overall performance of the RCMs. This is commonly
done by running the model for a ‘control’ period, where
the boundary conditions are obtained from a reanalysis
and the outcomes from the simulations can be compared
directly to observations. The information obtained from
such a comparison provides an evaluation of the models’
performance and a baseline of their reliability in reproducing the climate of the region, which are required to
put future climate simulations in context.
In this study, we present an evaluation of the control
period runs of the NARCliM project. Along with some
standard climatological statistics we also examine the
simulated impact of various large-scale climate modes
on Australian rainfall and temperature. It is assumed that
if the RCM is able to represent the regional effect of a
climate mode then longterm characteristics of the climatology would be, at least partially, well captured by
the model. It is assumed that a proper representation of
the regional effect of a climate mode during the current
period ensures the good representation of the atmospheric situation which the climate mode represents. Thus,
future changes in the intensity/frequency of the climate
modes and their related atmospheric effects will be also
well represented by the RCM. However, this will be limited by at least two factors: accurate representation of the
climate mode by the given GCM, and the assumption that
the atmospheric dynamics related to the climate mode
do not substantially change in the future climate. Only
climate modes that are known to affect Australian climate are investigated (Risbey et al. 2009), these are represented by the indices: Niño 1+2, Niño 3.4, IPO, SOI,
DMI, Blocking and SAM (see more details further in the
text and Table 2).
A number of large regional climate modeling projects
have been performed, including the current World Climate Research Program (WCRP) initiative CORDEX
(Giorgi et al. 2009). Similar previous exercises include
PRUDENCE (Christensen et al. 2007) and ENSEMBLES
(Hewitt 2005) over Europe, NARCAPP (Mearns et al.
2009) for north America, CLARIS (Boulanger et al. 2011)
for south America and RMIP for Asia (Fu et al. 2005).
Results from these experiments have shown added value
in terms of representing regional characteristics that the
global climate projections are not able to capture. Improvements have been found in the representation of the dynamics of the region such as sea-breeze and topographic effects
as well as improvements in the simulation of extreme
events (Feser et al. 2011; Luca et al. 2012; Corney et al.
2013; Solman 2013; Lee and Hong 2014).
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Australia presents a richness of climates. The interior
is dominated by a dry and hot desert climate which covers
large areas of the country. To the north, a tropical area with
monsoon precipitation is found. On the east coast, in the
space between the Great Dividing Range and the sea, there
is an area of temperate climate which is also observed on
the southern island of Tasmania. The south-west displays
a Mediterranean type climate. This richness in climates
poses a challenge for RCMs due to the various dynamics
and features that shape the climate across the continent.
The representation of large-scale climate modes strongly
depends on the dynamics of the GCM. However, the impact
on a given region of the dynamics induced by the different phases of the large scale mode might be influenced by
the RCM. Regional to local scale processes are likely better
represented by the RCMs due to their higher resolution and
higher complexity of parameterizations. These processes
include: eddy-induced circulations caused by SAM (Hendon et al. 2014), surface thermal anomalies influencing
precipitation (Hendon et al. 2007), realistic atmospheric
dynamics (Lim and Hendon 2015) and the generation and
interaction of Indian Rossby waves trains with Australian
baroclinicity and topography (Cai et al. 2011) among others. The teleconnections between remote Indian and Pacific
ocean areas and their related indices, like IOD and ENSO
(Cai et al. 2012) will not be impacted by the RCM, since
these areas lie far outside its simulation area.
This article is structured as follows: the first section
describes the design of the experiment. The results of
a standard statistic analysis of model performance with
respect observations is shortly presented in Sect. 4. Followed by Sect. 5 which examines the RCMs sensitivity to
the different climate modes, while the final section represents the conclusions.

2 The NARCliM project
The NARCliM (http://www.ccrc.unsw.edu.au/NARCliM/)
project is a collaboration with the NSW and ACT governments. It is intended to produce a comprehensive and consistent set of regional climate change projections for use in
government planning processes. The experimental design
is detailed in Evans et al. (2014). Further information about
the project and access to the output data can be found on
the AdaptNSW website (http://climatechange.environment.
nsw.gov.au/Climate-projections-for-NSW/About-NARCliM). Phase one of NARCliM involves using three RCMs
to simulate 60-years (1950-2009) with boundary conditions
obtained from the NCEP/NCAR reanalysis Project (Kalnay et al. 1996, NNRP 1). In the present article, Regional
Climate Model (RCM) refers to the use of a Limited Area
Model (LAM, here WRF) with a given specific physical
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configuration. In this case, all RCMs share the dynamical
core and differ in the combinations of physical parameterizations. It has been shown that different combinations of
physical parameterizations of a given LAM can provide
valuable information on the climate variability over a given
area (Fernández et al. 2007) and previous findings suggest
that the spread of results from models with different physical parameterization are as large as the spread from models with different dynamical cores (Jerez et al. 2013). The
RCMs are run in a two domain, one-way nested configuration with the outermost domain at a coarse resolution of 50
km corresponding to the CORDEX AustraliaAsia AUS44
domain. A second domain focused on the main area of
interest covering NSW and the ACT is run at higher 10-km
resolution. Weak spectral nudging (von Storch et al. 2000)
of winds and geopotential down to around 500 hPa is also
used in the outer nest only. A second phase performed climate projections using 4 different GCMs from the CMIP3
(Olson et al. 2016).
The three RCMs used were chosen from an ensemble of
36 models created by choosing various physical parameterizations available within the Weather Research and Forecasting (Skamarock et al. 2008, WRF version 3.3) modelling framework. It has been shown that changes in physics
schemes provide an effective way to produce an ensemble
of RCM simulations (Fernández et al. 2007). It was desired
that these models should be able to simulate the climate of
the region well, while spanning as much of the variability
in the full ensemble as possible. Thus models were chosen
through a two-step process: first, the ’models’ performance
was evaluated across a collection of variables and metrics
(Evans et al. 2012; Ji et al. 2014); second, the models are
ranked using a metric that accounts for model independence based on the covariance of model errors (Bishop and
Abramowitz 2013). See more details in Evans et al. (2013).
Table 1 shows the physical parametrizations of the three
models selected using this method. As a complementary
analysis, the mean of the ensemble of the 3 WRF models will also be evaluated (labeled hereafter, Rmean). The
main focus of the article is the analysis on the large climate
simulated modes, for that reason, only results from monthly
means are used.

3 Datasets defining climate regions
Monthly precipitation, minimum and maximum temperatures from a gridded observational dataset at 0.05◦ spatial resolution and developed within the Australian Water
Availability Project (Jones et al. 2009, AWAP) were
selected as observational reference. This dataset has been
widely used in observational (King et al. 2013) and modelling studies in Australia (Evans and McCabe 2010; Pepler

Table 1 WRF physical schemes selected to generate the ensemble of
RCMs
Name

pbl/Sfc

cu

mp

sw/lw rad

R1
R2
R3

MYJ/Eta
MYJ/Eta
YSU/MM5

KF
BMJ
KF

WDM5
WDM5
WDM5

Dudhia/RRTM
Dudhia/RRTM
CAM/CAM

pbl/sfc Planetary boundary layer and surface schemes, cu cumulus,
mp microphysics, sw/lw rad short and long wave radiation schemes,
MYJ Meyor–Yamada–Janjić (Janjić 1994), Eta scheme used in the
NCEP-eta simulations (Janjić 1996), YSU Yonsei university (Hong
et al. 2006), KF Kain-Fritsch (Kain 2004), BMJ Betts–Miller–
Janjić (Janjić 1994, 2000), WDM5 WRF Double-Moment 5 class
(Hong et al. 2004; Lim and Hong 2010), Dudhia (Dudhia 1989),
RRTM Radpid Radiative Transfer Method, (Mlawer et al. 1997) and
CAM Community Atmospheric Model, CAM (Collins et al. 2004)

et al. 2014). The density of surface observations used in
this gridded product varies substantially across Australia
(Jones et al. 2009, see discussion there in). To ensure that a
given grid point has a well observed climatology, we mask
the gridded data based on the availability of station data in
both space and time (see the supplementary material for
more information).
Many indices have been derived to characterize the
large-scale climate modes, particularly in the tropical
Pacific ocean where many different El Niño indices are
available. The selection of the indices is based in an independence and atmospheric mechanism criteria. The independence of the indices is based on a pair-wise pearsoncorrelation analysis (see Fig. 2 in supplementary material)
and only indices with low correlations (below 0.5 among
all indices) were chosen. The mehcanism criteria will
include those indices which provide some insights from a
different atmospheric mechanism. Seven different climate
indices from observational or model derived sources have
been chosen (see Table 2, for more details). Note that overall, there are only two pairs of indices with larger than 0.5
pearson correlations: Niño 3.4 and dmi (correlation of 0.8),
blocking and sam (corr. 0.6).
Niño indices measure the sea surface temperature anomaly in different equatorial Pacific regions. The Southern
Oscillation Index (SOI), is computed as a pressure difference between Darwin (AUS) and Tahiti, and is a complementary way to observe the flow anomalies over the Equatorial Pacific Ocean. These indices provide a measure of the
El Niño/Southern Oscillation (ENSO) phenomena which
can significantly impact Australian rainfall. The Inter-decadal Pacific Oscillation (IPO) represents a multi-decadal
sea surface temperature pattern in the Pacific Ocean. Dipole
Mode Index (DMI), provides a measure of the sea surface
temperature dipole in the Indian ocean. The DMI has been
found to influence precipitation mostly in southern Australia (Ummenhofer et al. 2009, 2011). The blocking index,
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Table 2 Table with the period
covered and origin of the index
data used. The standardized
version of SOI has been used

Index

Period

Source

Niño 1+2
Niño 3.4
IPO
SOI
DMI

1950–2009
1950–2009
1950–2007
1951–2009
1958–2009

Blocking
SAM

1950–2009
1957–2009

NOAA, http://www.esrl.noaa.gov/psd/data/correlation/nina1.data
KNMI, http://climexp.knmi.nl/data/inino5.dat
MO-HCCC www.iges.org/c20c/IPO_v2.doc
NOAA, http://www.cpc.ncep.noaa.gov/data/indices/soi
JAMSTEC, http://www.jamstec.go.jp/frcgc/research/d1/iod/
DATA/dmi_HadISST.txt
CCRC, P. Maher using NOAA 20CR re-analysis
BAS, http://www.nerc-bas.ac.uk/icd/gjma/sam.html

KNMI Koninklijk Nederlands Meteorologisch Institut (Holland), MO-HCCC Met. Office Hadley Centre
for Climate Change, NOAA National Oceanic and Atmospheric Administration (USA), JAMSTEC Japan
Agency for Marine-Earth Science and Technology (Japan), CCRC Climate Change Research Center (Australia), BAS British Antarctic Survey (UK)

measures the strength of an almost persistent high pressure
zone in the southeastern area of Australia, which dominates
the flow in this part of the continent. It has been computed
by P. Maher (Climate Change Research Center, Sydney)
using the NOAA 20CR-reanalysis (Compo et al. 2011) following Bureau of Meteorology definition (Pook and Gibson 1999, BI index). The Southern Annular Mode (SAM),
provides information about the atmospheric flow around
Antarctica which affects the southern hemisphere storm
tracks.
Risbey et al. (2009) analyzed the influence of each of
these indices on Australian precipitation using observations. They explicitly analyze the relative contribution to
precipitation variability of these climate modes, depending
on season and location. Other studies have investigated the
impact of ENSO on Australian temperatures (Power et al.
1998; Jones and Trewin 2000). In this study the influence
of different large-scale modes on precipitation, and minimum and maximum temperature was investigated.
A set of climate divisions were identified to study
regional characteristics of the model performance from a
temporal perspective. Such regions were determined using
a multi-step regionalization based on the method proposed
by Argüeso et al. (2011) and applied to daily precipitation, minimum and maximum temperature. The multi-step
methodology consists of seasonal Probability Distribution
Function (PDFs) calculated for each of the variables, an
agglomerative clustering and a non-hierarchical k-means
clustering. The methodology is designed to limit the number of subjective choices to the minimum possible, make
the most of the strengths of each step while reducing their
weaknesses. The method removes, as much as possible, the
information redundancy through PDFs, provides a suitable
number of regions and a first guess via the agglomerative
clustering, and allows for recombination of clusters through
k-means. As a result, it was possible to define 14 areas
for Australia (Fig. 1) with climate similarities offering an
appropriate way of analysing model outputs at regional
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scales. The regions obtained are comparable to previously
defined climate areas (Stern et al. 2000), and those defined
in CCIA, (Climate Change in Australia, http://www.climatechangeinaustralia.gov.au/en/) with some differences due to
the addition of other information such as: biophysical factors and expected climate change signals.

4 Basic statistic analysis
A standard evaluation of model outputs over the long term
simulated period, using AWAP data-set as reference, is presented in this section. The most important results are here
described, whilst the full description can be found in the
supplementary material.
Spatial distribution of bias (see in supplementary material figure 2) show mixture of results that depend on: geographical zone, variable and model. Coastal and tropical
area precipitation is over estimated by the RCMs, with better results for the R2 physical parametrizations (the unique
RCM with BMJ as cumulus scheme) with a signature of
the role of orography (the Great Dividing Range along
the Eastern side of the continent). R3 (the unique run with
YSU/MM5 and CAM/CAM as pbl/surface layer and sw/lw
radiative schemes) has the smallest bias in minimum temperature with a mixture of areas with positive and negative
bias. A north-south pattern in the bias is also obtained by
R1 and R2 with little bias in the north and an increasingly
negative bias in the south. All 3 RCMs produce an opposite signed bias for maximum temperature with respect to
the driving re-analysis. No signature of the orography is
observed in the bias of temperatures. Overall the collection
of biases across the three variables differs for each RCM
demonstrating some independence in their model errors as
expected given the method for their selection (Evans et al.
2014).
Analysis of the seasonal bias (figures 8 and 9 in supplementary material) shows a stronger seasonal sensitivity of
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region
1
2
3
4
5
6
7
8
9
10
11
12
13
14

climate
extreme dry desert
alpine temperate
tropical
desert with some tropical storm intrusions
semi-desert
desert with some sporadic storm intrusions
temperate wet
Mediterranean
alpine wet
coastal sub-tropical
coastal temperate
tropical
tropical
mountain sub-tropical

Fig. 1 Climate affinity spatial regions for temperature and precipitation following a two step method (with seasonality included) using the
AWAP data-set (see text for more details), and its comparison of derived regions and mean Australian climate characteristics

the re-analysis compared to the RCMs. For precipitation,
one of the RCMs (R2) shows a stronger seasonality in the
bias, and corresponds to the run with the overall lowest
bias. Except for the winter season (JJA), the RCMs show
an overall overestimation of the convection even in the
north during the dry season. For minimum temperature, R3
shows higher seasonal sensitivity in the bias, and is also the
RCM run with the overall lower bias (also true for all seasons). There are no remarkable differences between RCM
runs for the bias in maximum temperature as they all show
a sensitivity with season dependency.
Examination of the precipitation distribution through
region based q-q plots (see in suppl. material figures 10–20)
reveals a mixture of results among seasons, regions, and
variables. While no RCM consistently performs better than
the other RCMs they do in general perform better than the
driving reanalysis. The best performance tends to occur in
summer (DJF) rather then winter (JJA). In particular they
show underestimations of precipitation in the south-west
and in western Tasmania and the highest mountains likely
due to mislocation of storm tracks and under-representation
of topographic effects respectively. They also tend to produce too much precipitation in the dry season (JJA) in the
northern areas affected by the Monsoon.
Time-series analysis for all period (figures 21–28 in
suppl. material) shows a good match between simulated
and observed time evolutions of the most significant events
(dry/wet spells, cold/warm periods). For temperature,
agreement between WRF simulated outcomes and observations is better than with the driving re-analysis. However,
precipitation tends to be higher in the models, particularly

in the tropical regions for R1 and R3 which use the KainFritsch convection parameterization.
Due to the long period simulated, a trend analysis has
been performed (see tables 2–4 in suppl. material). In general RCM runs show a mix of results on the precipitation
trends, with no clear improvement over the driving reanalysis. For temperature, WRF models consistently improve on
the trends found in the driving reanalysis, even though they
tend to overestimate trends in the minimum temperature
and underestimate them for the maximum temperature.
A complementary fourier-based spectrum analysis (see
in suppl. material figures 29 and 30) shows clear peaks on
5 and 10 year periods for all-variables and data-sets used in
the study, indicating the importance of considering decade
scale variability in precipitation over much of the Australian continent.

5 Response to climate modes
In this section we analyse the long term climatological
response of model outputs to various large-scale climate
modes. This is done through correlations of local precipitation and temperature fields with indices related to the climate modes. The indices examined are described in Sect. 3
and Table 2. It should be noted that the centres of action for
the climate modes occur largely outside the RCM domain.
The effects of these climate modes are translated into the
RCM domain through the lateral boundary conditions.
Here we examine how successful the RCMs are at propagating these boundary condition changes into precipitation
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and temperature changes over Australia. The results for
selected seasons and indices are shown here, the full range
of results are contained within the supplementary material.
Indices were obtained from various sources as shown in
Table 2.
5.1 Spatial distribution
Figure 2 shows the spring (SON) correlations (computed
for all the period of coincident data between index and simulations) between climate modes represented by the SOI
and the blocking indices, and the local precipitation, minimum and maximum temperature. The SOI index shows the
highest correlation values over a large area during spring
(see top panels on Fig. 2). Niño 3.4 shows the second largest correlations during spring (see supplementary material).
Blocking during spring has the third largest impact (based
on overall correlation mean) on the climate conditions (see
lower panels on Fig. 2).
For the standardized SOI index, precipitation is highly
correlated over most of Australia. It covers most of the
north-eastern half of Australia, except along the east coast
fringe known as the eastern seaboard. This clearly depicts
the different dynamics of precipitation in this area, including the somewhat unique character of the eastern seaboard.
The RCM runs show a larger area with significant correlations than observed (more overall colored values in the
maps), while NNRP shows weaker correlations particularly
in the east. It must be remembered that much of the centrewest of the country has unreliable or missing observations.
For minimum temperature, all models are able to show the
dipole pattern of correlations between the south-west corner and the north-east. However, models overestimated the
area covered by positive correlations, along with a mixture
of magnitudes and extension of covered area at the anti-correlation zone. For maximum temperature, correlations are
less significant and models generally fail to reproduce the
observed weak negative correlation over eastern Australia.
Rmean shows a better correlation map except for precipitation with a clear stronger and wider positive correlation.
Positive correlation during SON between the blocking
index and precipitation is well represented by the models
with some differences between them (Fig. 2). Blocking is
mostly correlated with precipitation over the southern and
eastern portions of Australia. Results clearly show the
impact on the correlation with the increase of horizontal
resolution from NARCliM runs. WRF runs show a positive
correlation in the windward section of the mountain range
and a negative one on the lee side. For the minimum temperature, NNRP re-analysis shows too much of the north
being positively correlated and not enough of the south
being anti-correlated. The RCMs also have difficulty replicating the observed correlations with no areas of positive
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correlation captured and only R3 reproducing the extent of
the negatively correlated region. The larger significant anticorrelation pattern for the maximum temperature is well
captured by all the models. However, the RCM runs underestimate the strength of the correlation. For this index,
Rmean presents better correlation maps than the individual
models except for minimum temperatures.
While the RCM simulations generally do well at capturing the spatial distribution of correlations with climate
mode indices there are examples when this is not the case.
These are: SON Niño 1+2 tasmax, JJA Niño 3.4 tasmax,
MAM SAM tasmin, SON SAM tasmax (see Fig. 3), JJA
SOI std tasmax, JJA DMI tasmax, MAM blocking tasmax
(see the rest of them in figure 50, ‘Poorly captured correlations’ in supplementary material). It is noticeable that
NNRP re-analyses shows a good correlation structure in
these examples. These poor correlations might show some
of the limitations of the methodology and might be of concern in climate projections. However these poorly captured
correlations are not in general high, nor the most important
in the area where the agreement is missed (see further text
and Fig. 6). However for MAM SAM tasmin (SW Australia, suppl. material figure 55) and JJA SOI std tasmax
(North Australia, suppl. material figure 56) (both with correlations lower than 40%) they are the most important ones
in some areas. This might introduce some doubts in the
projected climate changes in the affected areas.
Knowing the long term characteristics (decadal variability) of the IPO index, yearly mean correlations maps are
also provided (see Fig. 4) which would better capture the
influence of the index. Observations show a stronger correlation using yearly mean averaged fields than seasonal
fields (see supplementary material). Yearly precipitation is
correlated over much of the Eastern part of the continent.
While not as uniform as in the observations, the RCMs
do show significant correlations scattered over the eastern
part of the continent, an improvement over the NNRP. All
models have difficulty reproducing the observed yearly
IPO correlations with temperature. Rmean improves the
relationship with precipitation by producing larger coherent anti-correlated regions in the east, though it does not
improve the temperature correlations.

5.2 Regional index correlation
Correlation analysis is reproduced for the time-series of
the spatial mean for each climate region. Only the results
for the spring (SON) season are shown (Fig. 5) since it is
the season with the largest influences from these modes.
Results for other seasons can be found in the supplementary material. IPO has a cycle with yearly characteristics,
thus it is excluded from this analysis (seasonal based).
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Fig. 2 Temporal correlation
maps of the grid point seasonal
mean values with the timeseries of various indices. For the
SOI index (left column), and for
the blocking index (right column). Correlations for seasonal
accumulated precipitation (top
row), mean seasonal minimum
temperature (middle row)
and mean seasonal maximum
temperature (bottom row). Only
correlations with a significance
above 95% threshold are shown.
Number inside maps show
the mean significance correlated value for the entire map
(used to order the influence of
the modes). Correlations are
computed for the full period
of coincidence between index
values and simulation runs

As noted previously, SOI, Niño 3.4 and blocking show
the highest correlations in spring (SON). To a certain
extent, all regions show significant correlations with some
of the analysed indices, although this is less consistent for

temperature variables. The RCMs are able to capture the
different regional correlations with each index. The RCMs
better reproduce the observed regional correlations with
precipitation when compared to reanalysis. However, they
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Fig. 3 As in Fig. 2, but for the indices, seasons and variables where WRF runs do not well capture the significant driven effects. SON Niño 1+2
tasmax (top), JJA Niño 3.4 tasmax (bottom left), MAM sam tasmin (bottom right)
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Fig. 4 As for Fig. 2, but for correlation for yearly averages with IPO index
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Fig. 5 SON Regional (see definition of regions in Fig. 1) spatial
mean (x axis) time-series correlation with different climatological
indices (y axis). For precipitation (top), minimum temperature (bot-

tom left) and maximum temperature (bottom right). Only correlation
values above the 95% of significance are plotted in colors, non-significant are plotted in grey

overestimate the correlation with minimum temperature
and underestimate the correlation with the maximum temperature. The SAM index shows no significant correlations
with observed minimum temperature.
A composite map with the index with the largest significant correlation at each grid point is also provided.
Again only for the SON season (Fig. 6, see the supplementary material for the other seasons). For precipitation, the pattern of indices are generally well represented
by the models. However, all models have areas that differ
from each other. These differences may be, at least partly,
due to the RCMs being chosen based on the independence of their model errors. However, an over dependence on the DMI index in certain parts of the continent
is given, whereas in others there is a mixture between
SOI and Niño 3.4 indices. However, the relationship with
DMI in these areas is well known (Ummenhofer et al.

2009; Cai et al. 2012). The gray area in the maps corresponds to grid-points where the index with the highest
correlation was not significant at 95% level.
Models tend to overestimate the correlation with the
minimum temperature of the standardized SOI, IPO and
DMI indices (see middle panel in Fig. 6). R3 shows the
best representation of the spatial influence of the indices on minimum temperature and clearly differs from
R1 and R2. Most of the country does show significant
correlations between maximum temperature and blocking, while northern Australia has a mix of many influences. All models properly represent this with significant
correlations over a larger portion of the country with a
stronger DMI influence in R3. A better representation
of the dominant modes is obtained with Rmean except
in precipitation, where the blocking influence is clearly
underestimated.
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Fig. 6 Map of the indices with the maximum correlation (1950–
2009) during SON at each grid point. For precipitation (top), minimum (bottom left) and maximum (bottom right) temperatures. Each

index is given by a different colour. Only correlated indices with
more than 95% significance are shown

6 Summary and conclusions

6.1 Summary

A series of regional climatological runs have been performed within the NARCliM project in order to inform the
climate change impact and adaptation work of state governments. Results of the control period runs (1950–2009) of
three different WRF configurations (RCMs) are analysed
here.

This analysis has focused on seasonal and longer time
scales. A high resolution gridded observational dataset has been taken as the reference. Analysis is done in
multiple ways for precipitation, minimum and maximum
temperature.
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A general comparison of the model outcomes with the
observed gridded data-set in terms of biases, q–q plots
and trend analysis has been done (see more detail in supplementary material). All WRF runs present a positive precipitation bias along the Great Dividing Range (mountain
range along the East coast). R1 and R3, which were run
with the same cumulus scheme (Kain-Fristch) also present
a positive bias in the north which is dominated by tropical
precipitation during the monsoon season. R1 and R2 (sharing MYJ/ETa pbl and Dudhia/RRTM radiative schemes)
present a negative bias in minimum temperature whereas
R3 presents a positive one. All WRF runs show a negative bias in maximum temperature. In general, WRF biases
differ from those shown by the forcing re-analysis NNRP.
Seasonal precipitation biases are lower in winter (JJA), but
temperatures biases are larger. Model runs present a quantile dependency of precipitation error only for the extreme
percentiles, being worst in tropical regions. Distribution
of regional temperatures show similar errors for all quantiles. WRF is capable of reproducing the transient evolution
of precipitation and temperatures in all regions. Climate
trends in precipitation from WRF are different than those
given by NNRP suggesting strong local effects. WRF runs
overestimate minimum temperature trends and underestimate those for maximum temperature.
Following a standard statistical analysis, correlation
with different indices representing climatological modes is
also performed. In general patterns of the most significant
indices (in order, standardized SOI, Niño 3.4 and blocking)
on the most impacted season (SON, spring), are well captured by the RCMs. In most cases, the correlation between
the climate mode indices and local climate variable is
improved in comparison with the driving re-analysis. However, there are some examples where the WRF simulations
do not represent the correlation with particular indices well.
Due to the long-term variability of the IPO index (decades), a complementary analysis based on yearly means is
also presented. In this case the RCMs are better able to capture the observed correlation with precipitation, compared
to the driving reanalysis, but not with temperature.
At the regional scale, seasonal simulated correlations
match the observed correlations well, with larger discrepancies in the temperature fields. Maps of the most correlated
index at each grid point and season, are less well represented with the worst results for the minimum temperature.
Evaluating the mean of the ensemble of WRF models
presents a mix of results. The ensemble mean generally
improves the trends compared to any individual model. In
some cases it produces a better correlation map with various large scale modes. However, any such improvement is
case specific and it remains unclear whether the ensemble
mean is able to provide a general improvement in terms of
the correlation with large scale climate modes.
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It has been found that climate tendencies (see supplementary material) in Tasmania and Victoria (regions 7 and
9, with few grid-points in NNRP) differ between NNRP
forcing and WRF runs. These differences in simulated
trends provide a note of caution when examining future
trends in these regions.
6.2 Conclusions
Overall, results show that dynamical downscaling of the
NNRP re-analysis using these RCMs improves the simulated climate in a number of ways, though not all aspects
are improved. Due to the length of simulations performed
(60 years, 1950–2009), it is possible to examine the influence of large scale climate modes on local precipitation and
temperature. In general the RCMs improve the representation of these teleconnections compared to the driving reanalysis due to their higher resolution and better representation of regional atmospheric dynamics. Though there are
seasons and climate modes where the reanalysis performs
better. Thus while many aspects of the simulations demonstrate the added value provided by the RCMs, the improvements are not found for all indices, variables and seasons.
It is worth noting that the RCMs presented in this study
differ in key parametrizations, specifically chosen as they
produced independent errors measured against a select
group of events (Evans et al. 2012, 2014; Ji et al. 2014).
This independence at short time scales has manifested
itself as independence of the errors at climatological time
scales, as seen in the long-term biases, q-q plots and teleconnections with climate modes. This behaviour validates the selection process in terms of producing a small
RCM ensemble where each model contributes independent
information rather than simply being near copies of each
other. This also conforms with previous findings that multiphysics ensembles can produce ensemble spreads similar
to multi-model ensembles (Vautard et al. 2013; Kotlarski
et al. 2014).
Overall these RCMs are able to capture the spatial structure of the correlations of Australian climate with indices
of climate modes including the spatial variability, interannual variability and trends, and teleconnections with
large scale climate modes quite well. In many cases the
RCMs improve on the climate produced by the driving reanalysis. The results also identify reasons for caution when
using these WRF models to produce climate projections
including the over-estimation of precipitation in the tropical
north of Australia by RCMs R1 and R3 and the reversal of
rainfall trends for two regions in the south-east. WRF models are able to show improvement in the climate representation through better resolving regional rainfall drivers such
as topography, coastal effects and blocking events which
are particularly important in the eastern seaboard and
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Tasmania as shown previously (Evans and McCabe 2010,
2013). The Eastern seaboard is also impacted by storm systems known as East Coast Lows which are better captured
at these resolutions (Luca et al. 2015, 2016b). We also
note that these WRF models have been extensively tested
for added value compared to the driving global model and
found to provide improvements across most aspects of the
model tested however improvements in precipitation were
generally smaller than those found for temperature (Luca
et al. 2016a). These simulations are being performed as
part of the NARCliM project in order to produce regional
scale future climate projections that can be used in climate
change impacts and adaptation research.
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