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Abstract Projections of changes in temperature extremes are critical to assess the potential
impacts of climate change on agricultural and ecological systems. Statistical downscaling can
be used to efficiently downscale output from a large number of general circulation models
(GCMs) to a fine temporal and spatial scale, providing the opportunity for future projections of
extreme temperature events. This paper presents an analysis of extreme temperature data
downscaled from 7 GCMs selected from the Coupled Model Intercomparison Project phase
5 (CMIP5) using a skill score based on spatial patterns of climatological means of daily
maximum and minimum temperature. Data for scenarios RCP4.5 and RCP8.5 for the New
South Wales (NSW) wheat belt, south eastern Australia, have been analysed. The results show
that downscaled data from most of the GCMs reproduces the correct sign of recent trends in all
the extreme temperature indices (except the index for cold days) for 1961–2000. An independence weighted mean method is used to calculate uncertainty estimates, which shows that
multi-model ensemble projections produce a consistent trend compared to the observations in
most extreme indices. Great warming occurs in the east and northeast of the NSW wheat belt by
2061–2100 and increases the risk of exposure to hot days around wheat flowering date, which
might result in farmers needing to reconsider wheat varieties suited to maintain yield. This
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analysis provides a first overview of projected changes in climate extremes from an ensemble of
7 CMIP5 GCM models with statistical downscaling data in the NSW wheat belt.

1 Introduction
Anthropogenic contributions have already significantly influenced global and regional climate
(Lewis and Karoly 2013; Sillmann and Roeckner 2008; Stott et al. 2004). It is estimated that
the global mean surface temperature has risen by 0.85 °C during the last century (IPCC 2013)
and Australia’s climate has warmed by 0.9 °C since 1910 (State of the Climate 2014, http://
www.bom.gov.au/state-of-the-climate/). Shifts in the mean of climatic distributions can result
in very large percentage changes in the frequency of extremes such as heatwaves, which could
have a critical impact on human society (Fischer and Schär 2010), natural ecosystems
(Welbergen et al. 2008) and agricultural crops (Asseng et al. 2011; Zheng et al. 2012).
In recent years, a number of studies have attempted to identify observed changes in extreme
temperature events across the globe (Alexander et al. 2006; Donat et al. 2013; Perkins et al. 2012) as
well as in Australia (Alexander and Arblaster 2009). These have shown statistically significant
increases in occurrences of hot days and warm nights and decreases in occurrences of cool days and
cold nights over the past few decades. Changes in extreme temperatures have the potential to impact
crop growth and development, such as accelerating phenological development and leaf senescence,
as well as grain yield. Extreme heat events around flowering and grain filling periods and untimely
frost in spring cause serious damage to wheat production in Mediterranean climates like that of
eastern Australia (Zheng et al. 2015). For example, heat stress during the reproductive phase can
lead to reductions in wheat grain production of up to 50 % (Asseng et al. 2011). The greatest yield
losses (about 50 %) can be found when heavy frosts occur in early October (Boer et al. 1993).
Future changes in extreme temperature have been projected by different general circulation
models (GCMs) (Sillmann and Roeckner 2008; Tebaldi et al. 2006). However, GCM output
data are at spatial resolutions of hundreds of kilometres, and so are often too coarse to be used
directly in regional scale analysis or resolve small-scale climate processes. This mismatch is a
major obstacle for assessing the site-specific impacts of climate change on agricultural systems
(Macadam et al. 2014; Zhang 2005). Three methods have been used to overcome this obstacle.
First, scaling is a relatively straightforward procedure whereby the changes in future climate
projected by GCMs, relative to a baseline period, are applied to observed data for the same
baseline period. Often, this method does not account for any changes in climate variability
(Diaz-Nieto and Wilby 2005; Prudhomme et al. 2002). Dynamical downscaling is used to
achieve higher spatial resolutions by nesting regional climate models (RCMs) within GCM
output fields. However, RCMs are computationally expensive and running RCM simulations
for a region of interest for which suitable RCM output does not already exist can be a
significant investment of resources (Fowler et al. 2007). Alternatively, statistical downscaling
(Liu and Zuo 2012) applies statistical transfer functions to GCM output to estimate daily pointscale meteorological series. This method is easily transferable to different regions and provides
site-specific estimations under a range of greenhouse gas emission scenarios so long as reliable
observations of the climate variable of interest are available (Ahmed et al. 2013; Jeong et al.
2013a, 2013b; Tolika et al. 2008). However, statistical downscaling method relies on empirical
relationships between observational data and data from GCM simulations.
GCMs are a standard tool for deriving projections for future climate change. However, the
real climate system is highly complex and it is impossible to adequately describe its processes
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with an individual climate model. Authors of model evaluation studies have stated that no
single model can be considered ‘best’ and recommend using results from a range of models
(Tebaldi and Knutti 2007). There are different ways to combine results from multiple GCMs,
such as Bayesian methods or weighting (Robertson et al. 2004; Tebaldi et al. 2005; Yang et al.
2012). Weighted averages (Giorgi and Mearns 2002), where weights are determined by
examining the historical relationship between simulations and observations, perform better
than simple averages, where each model is weighted equally (i.e. multi-model mean).
However, the difficulty is in quantifying model skill and deriving model weights accordingly
based on model performance. Using the multi-model mean (weighted equally) is the most
common and widely used approach (Knutti et al. 2010). There is some evidence that the Bmean
model^ result, obtained by averaging over the ensemble of models, provides an overall best
comparison to observations for climatological mean fields (Lambert and Boer 2001).
However, the multi-model mean approach is clearly not appropriate for all types of evaluation,
such as variability estimates or extremes, as multi-model mean datasets have significantly less
spatial and temporal variance than datasets from individual models or from observations
(Bishop and Abramowitz 2013). The use of multi-model averages to estimate climatological
means works best when each model provides an independent estimate (Jeong and Kim 2009).
However, modelling groups share literature, data sets, parameterisations and even sections of
model code, so there are several reasons to suspect a lack of statistical independence of every
climate prediction in the suite of models we use (Abramowitz 2010; Bishop and Abramowitz
2013). Bishop and Abramowitz (2013) derived weights (independence weighted mean method, IWM) that explicitly account for model dependence defined using covariance of
model errors, and we use this approach in this study to synthesize extreme temperature
events projected from different GCMs. The optimal weights were estimated to find the
linear combination of an ensemble of model simulations that minimizes mean square
difference (MSD) between GCM simulated and the observations (see Supplementary
material section 2).
This study focuses on the analyses of two 40-year simulations: the first examines the time
period 1961–2000 (referred to as ‘present’), the second the period 2061–2100 (referred to as
‘future’). The analysis examines temperature extremes in statistically downscaled GCM data
and demonstrates the application of the independence weighted mean approach to extreme
temperature data from 7 skill-selected GCMs, out of 28 GCMs downscaled. Rather than
developing a detailed physical explanation for the changes in extreme temperature events, the
purpose of this paper is to evaluate the capacity of statistically downscaled data to represent
recent trends in extreme temperature events, to describe the possible magnitude of the changes
in the extreme climate events in the future and to provide detailed spatial information on
changes in future extreme climate events. The study area is the NSW wheat belt in south
eastern Australia, where extreme temperature events have already become a significant
challenge for grain producers (Wang et al. 2015b; Zheng et al. 2015).

2 Materials and methods
2.1 Study area and observed climate data
Fig. S1 shows the NSW wheat belt. The detailed climate and topography of this region are
described by Wang et al. (2015a). The eastern part of the wheat belt consists of slopes with
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elevation above 500 m and the other areas are mainly plains. It is warm and dry in the northern
and southwestern plains but cooler and wetter in the east.
The Australian Climate Observations Reference Network-Surface Air Temperature
(ACORN-SAT) dataset contains quality-controlled daily maximum and minimum temperature
data for 112 stations, (Trewin 2013). Previous studies have calculated extreme indices from
these data (e.g. Alexander et al. 2006; Alexander et al. 2007; Donat et al. 2013) and in
particular have used methods such as angular distance weighting to create gridded values
which can be compared to GCM output (e.g. Alexander and Arblaster 2009). However, there
are only about 10 ACORN-SAT sites with temperature records of 100 years or more in the
NSW wheat belt and they are not distributed evenly across the region (Trewin 2013). In this
study, to maximise the number of stations used, we use daily temperature data for 1889–2014
from the 894 meteorological sites in the NSW wheat belt extracted from the SILO (Scientific
Information for Land Owners) patched point dataset (PPD, http://www.longpaddock.qld.gov.
au/silo/ppd/index.php) (see Fig. S1) (Jeffrey et al. 2001). Inhomogeneities are present in
many climatic time series, for example whenever a station location is moved, a recording
instrument is changed, a new method of data collection is employed, or an observer
changes (Lund and Reeves 2002; Trewin 2010; Vincent 1998). These are corrected in the
ACORN-SAT dataset. Temporal homogeneities in the SILO annual mean maximum and
minimum temperature data for 894 sites used in this study were tested by applying a
revision of the two-phase regression model in this study (Lund and Reeves 2002). This
of course does not mean that these stations can be guaranteed to be free from data
artefacts but we assume that if present these are random and so will be averaged out in
the analysis process.

2.2 Climate projections
Climate projections were derived from simulations of the selected 7 GCMs (Table S1) using
Taylor’s method (see Supplementary material section 1, Fig. S2). Our application of this
method involved assessing GCMs using a skill score based on spatial patterns of climatological means of daily maximum and minimum temperature, the climate variables used in the
calculation of the indices on which our study is based (see section 2.3). Biases in these
variables on large spatial scales are not accounted for by the skill score but our downscaling
method incorporates bias correction. We consider radiative forcing and CO2 emission prescribed by two Representative Concentration Pathway scenarios (RCP4.5 and RCP8.5) (Van
Vuuren et al. 2011). These closely represent current conditions of radiative forcing and
emissions and have more monthly GCM temperature data in the CMIP5 archive than the
other RCPs. The monthly gridded data simulated by the GCMs are statistically downscaled to
the meteorological observation sites using the method described by Liu and Zuo (2012). This
method (see Supplementary material section 2) has been used in recent climate change impact
studies (Anwar et al. 2015; Yang et al. 2014). It is capable of generating realistic time series of
daily data from monthly gridded GCM. It corrects biases in the GCM data and, in contrast to
dynamical downscaling, is sufficiently computationally efficient to be applied to multiple
GCMs with ease. Hence the method facilitates the sampling of uncertainties in future climate
changes. The parameters involved in generating daily values in Liu and Zuo (2012) are based
on the site-specific relations derived from locally observed data and GCM projections so that
the underlying relationships that determine the daily temperature distribution vary depending
on sites and GCMs.
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2.3 Climate extremes indices
Several measures of extreme temperatures are used, as recommended by the CCl/WCRP/
JCOMM Expert Team on Climate Change Detection and Indices (ETCCDI) (http://etccdi.
pacificclimate.org/indices_def.shtml). A set of 11 temperature indices was selected for this
study, 8 recommended by ETCCDI and 3 that have been calculated for this study because of
their impacts on wheat specifically (Table S2). These indices are calculated from daily
maximum, minimum temperature and have been developed to assess changes in intensity,
duration and frequency of extreme temperature events (Zhang et al. 2011). Some are threshold
indices defined as the number of days on which a temperature falls above or below a fixed
threshold. As meteorological observed temperature data were measured by standard instruments located in a Stevenson screen at a height of about 1.25 m above the ground (Liu et al.
2010), the meteorological recorded temperature is generally higher than that at the ground.
Thus, frost days (FD2) occur for a wheat crop when daily minimum temperatures are lower
than 2 °C (Wang et al. 2015b). Hot days (HD) occur when daily maximum temperatures are
higher than 30 °C. The 30 °C threshold was used as part of a standard climatological index that
is applicable to more places across the globe than just Australia (Orlowsky and Seneviratne
2012), though we recognise that further work using thresholds demonstrated to be important
for wheat growth in NSW would be valuable. Other indices are absolute indices representing
maximum or minimum values within a year. These include maximum daily maximum
temperature (TXx), maximum daily minimum temperature (TNx), minimum daily maximum
temperature (TXn), minimum daily minimum temperature (TNn). The remainder are
percentile-based indices, and include occurrence of cold nights (TN10p), occurrence of warm
nights (TN90p), occurrence of cold days (TX10p) and occurrence of warm days (TX90p).
They are calculated as the number of days on which temperature falls above or below the 90th
or the 10th percentiles for each climate model at each site. The percentiles are calculated
relative to the time of the year, centred on a 5-day window for each calendar day and using a
1961–2000 reference period (Klein Tank and Können 2003; Vincent et al. 2005; Zhang et al.
2011). Extreme temperature range (ETR) has also been computed as the difference between
TXx and TNn to provide a measure of extreme temperature variability. All of the indices were
calculated as annual values.

2.4 Multi-model means
We investigated two different methods of calculating multi-model mean values of the indices.
Indices were first calculated for individual GCMs and were then averaged together. Both the
arithmetic mean (AM) and IWM were calculated and compared. Supplementary material
section 4 describes how the GCMs were weighted in the IWM method.

3 Results
3.1 Comparison between observed and downscaled temperature extremes
during 1961–2000
The observed and downscaled values for each index from 1961 to 2000 averaged across the
NSW wheat belt are shown in Fig. 1. There was an increasing trend for observed warm indices
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Fig. 1 The observed (black line) and each GCM simulated including multi-model independence weighted mean
(IWM, red line) time series of extreme temperature indices from 1961 to 2000 averaged across the NSW wheat belt

(TXx , TNx , TX90p , TN90p , HD) while there was a decreasing trend in cold extremes
(TX10p , FD2) during the historical period 1961–2000. In all cases, changing trends were
calculated using ordinary least square (OLS) regression and trend significance was calculated
at the 5 % level using Student’s T test. Table S3 shows trends and significance for the
observations and each GCM for the 11 indices. It is noteworthy that, of the 11 indices, only
TN90p (warm nights) showed a significant increase (p < 0.05) in the observations and 6 of the
7 models exhibited a statistically significant increase in TN90p (Table S3). Although, observed
trends in other indices were not significant, the majority of the GCM models obtained the
correct sign of trend for each extreme temperature indicator except TN10p (cold nights), when
averaged across the region. At least 6 of 7 models produced trends in seven indices (TNx ,
TX90p , TN90p , TXn , TNn , FD2 , ETR) of the same sign as the observed trends. 5 of 7
models agreed with the observations in terms of sign of trend in TX10p and 4 of 7 models
displayed a consistent trend with the observations in TXx. While the sign of the extreme
temperature trends in the downscaled daily data generally matched the trends for the observations, the magnitude of change varied between different GCMs and was different from the
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Table 1 Root mean square error (RMSE) between the multi-model arithmetic mean (AM), independence
weighted mean (IWM), each GCM and observed values for the 11 temperature indices during 1961–2000
GCMs

TXx
(°C)

TNx
(°C)

TX90p
(days)

TN90p
(days)

HD
(days)

TXn
(°C)

TNn
(°C)

TX10p
(days)

TN10p
(days)

FD2
(days)

ETR
(°C)

CCS

1.74

1.29

16.89

13.92

16.48

1.37

0.99

17.49

15.69

12.87

1.67

CE1

1.58

1.20

18.07

9.94

16.10

1.23

0.98

17.25

13.27

12.79

1.65

CM2

1.59

1.20

15.49

13.49

15.85

1.26

0.97

14.55

13.43

12.78

1.76

CSI
ECE

1.52
1.76

1.28
1.40

13.31
20.35

12.85
12.61

13.76
18.90

1.19
1.20

0.85
0.97

11.98
17.11

12.08
15.27

12.05
12.71

1.60
1.82

GE3

1.65

1.29

16.83

13.95

16.21

1.24

0.90

15.10

10.36

11.62

1.84

MR3

1.55

1.26

14.90

11.97

13.99

1.39

0.98

14.10

11.96

13.41

1.58

AM

1.48

1.11

12.52

10.08

12.16

1.11

0.82

11.59

10.45

9.97

1.47

IWM

1.40

1.07

12.28

9.57

11.82

1.05

0.79

10.45

8.52

9.77

1.42

observed values. No one GCM was consistently ‘best’ at reproducing the observed magnitude
of trends across all extreme temperature indicators and some GCMs overestimated or
underestimated the observed trends in some of the temperature extremes indices during
1961–2000 (Table S3).
Both the observed and GCM-based extreme temperature indices show large interannual
variability over historical period 1961–2000, especially for model GE3 (Fig. 1 and Table S3).
The GE3 indicated no significant trends (p < 0.05) in these 11 extreme temperature indices.
However, the IWM and AM simulations from 7 GCMs had less variability in the baseline time
series than individual models and observations due to its averaged nature, leading to a
significant trend in 6 of 11 extreme temperature indices. In addition, the observed and the
IWM simulations had a good consensus in the magnitude of the trend in TN90p (Table S3).
For example, observed TN90p increased by 3.42 days per decade while IWM indicated
TN90p rose by 3.24 days per decade during the period 1961–2000.
Root-mean-square error (RMSE) values were calculated for both the AM and IWM, using
area-averaged values and comparing against observations. For each index, individual GCMs
usually had larger RMSE values than the AM (Table 1). Meanwhile, the RMSE of IWM for all
11 eleven temperature indices was lower than that of AM.

3.2 Multi-model ensemble projections of temperature extremes in the twenty-first
century
Figure 2 shows spatial changes in multi-model ensemble simulated (IWM) extreme temperature indices between 1961 and 2000 and 2061–2100 for RCP8.5 using inverse distance
weighted (IDW) interpolation. In addition, the temporal evolution in temperature indices
averaged across the NSW wheat belt from 1900 to 2100 under RCP4.5 and RCP8.5 for the
IWM results is shown in Fig. 3.

3.2.1 Warm extremes (TXx , TNx , TX90p , TN90p , HD)
Figure 2a-e indicates increases in the warm extremes across the NSW wheat belt between 1961
and 2000 and 2061–2100. The spatial changes in daily maximum Tmax (TXx) and Tmin
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Fig. 2 Changes in multi-model ensemble (independence weighted mean, IWM) simulated extreme temperature
indices during the period 2061–2100 compared to 1961–2000 under RCP8.5

(TNx) for RCP8.5 are presented in Fig. 2a and b. The increase was more pronounced in the
northeast for TXx (in a range of 4.4–5.1 °C) and in the south for TNx (in a range of 4.3–
5.2 °C). As demonstrated in Fig. 3a and b, the time series of TXx and TNx show similar
features, characterized by increases and, before the year 2050, no distinguishable differences
between the two scenarios. In the last 40 years of the twenty-first century, area-averaged TXx
increases by around 2.4 °C for RCP4.5 and 4.1 °C for RCP8.5 compared to 1961–2000. The
corresponding increases for TNx are approximately 2.3 °C and 3.9 °C for RCP4.5 and
RCP8.5, respectively.
Warm days (TX90p) and warm nights (TN90p) also exhibit increases across the wheat belt
and the spatial patterns are presented in Fig. 2c and d. The most striking increase is found in
the north and east for TX90p (over 120 days). In contrast to TX90p, the rise in TN90p is
noteworthy in the northeast with more than 130 days. Figure 3c and d show that TX90p and
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Fig. 3 Time series (1900–2100) of multi-model ensemble (independence weighted mean, IWM) simulated
extreme temperature indices (Table S2) under RCP4.5 and RCP8.5 averaged across the NSW wheat belt. The top
and bottom bounds of shaded area are the 90th and 10th percentile of the annual value respectively from the 7
GCMs simulations

TN90p have consistent increases over the twenty-first century for both RCP4.5 and RCP8.5.
At the end of the twenty-first century, TX90p increases dramatically by around 168.2 % for
RCP4.5 and 314.8 % for RCP8.5 compared to the 1961–2000. TN90p increases by approximately 208.6 % and 414.7 % for RCP4.5 and RCP8.5, respectively.
The number of hot days (HD) increases by between about 23.0 to 72.0 days across the region
(Fig. 2e). The increase is more significant in the northeast with a range of 62–72 days. As shown
in Fig. 3e the temporal evolution of HD shows a consistent increase under RCP8.5, which is
similar to other warm extreme indices. The increase in HD is around 34.7 % for RCP4.5 and
58.9 % for RCP8.5 compared to the 1961–2000 at the end of the twenty-first century.

3.2.2 Cold extremes (TXn , TNn , TX10p , TN10p , FD2)
The spatial distribution of simulated changes in the cold extremes is shown in Fig. 2f-j.
Figure 2f-g show increases across the region for daily minimum Tmax (TXn) and daily
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minimum Tmin (TNn). For TXn, these are most significant, 3.4–4.1 °C, in the east. For TNn,
the changes are most significant, 2.7 to 3.5 °C, in the north. For TXn the increase in the area
average is around 1.8 °C for RCP4.5 and 3.0 °C for RCP8.5 by the end of the twenty-first
century (Fig. 3f). The increase in TNn is close to that in TXn, by about 1.2 °C for RCP4.5 and
2.2 °C for RCP8.5 (Fig. 3g). Conversely, cold days (TX10p) and cold nights (TN10p) show a
decreasing trend in the future, which is consistent with warming. Figure 2h shows very large
decreases in the occurrence of TX10p in the north, of 24–27.4 days. The magnitude of
decreases in the area average by the end of twenty-first century is 73.4 % for RCP4.5 and
89.7 % for RCP8.5 (Fig. 3h). For TN10p, there is a larger decline mainly in the north, of 27–
30.6 days (Fig. 2i). The area average of TN10p declines by 70.9 % for RCP4.5 and 88.2 % for
RCP8.5 by the end of the twenty-first century (Fig. 3i). The results show that there are no
longer any cold days and cold nights (as defined with respect to the 1961–2000 period) under
high emission RCP8.5 by the end of the century.
The occurrence of frost days (FD2) generally decreases across the region (Fig. 2j) over the
twenty-first century, by about 8.4 to 69.5 days. The greatest decrease is in the east (50–
69.5 days) and the lowest in the west (8.4–20 days). As shown in Fig. 3j, the area average of
FD2 shows a consistent drop under the two RCPs in the twenty-first century, of around 48.8 %
for RCP4.5 and 68.0 % for RCP8.5 compared to the 1961–2000 period.

3.2.3 Extreme temperature range (ETR)
Extreme temperature range (ETR) shows an increase consistent with greater increases in
daytime maxima (spatially averaged 4.1 °C in TXx Fig. 2a) compared to night-time minima
(spatially averaged 2.2 °C in TNn, Fig. 2g). The largest increase is found in the south and a
small increase can be seen in the north (Fig. 2k). The time series of area averaged ETR shows a
consistent increase but with large fluctuations, and there is a small difference between results
for the two scenarios in the twenty-first century (Fig. 3k). The amount of ETR increase by the
end of the century is approximately 1.3 °C for RCP4.5 and 1.8 °C for RCP8.5.

4 Discussion
In our study, observed TN10p (cold nights) showed a non-significant increase due to large
interannual variability. However, most GCMs projected a significant decrease in TN10p. The
trends of some extreme temperature indices (e.g. TNx) in the downscaled data for some
individual GCMs (e.g. model GE3) were opposite to observed values (Table S3). These results
are possibly linked to temporal downscaling procedure and/or unforced variability. Like many
other statistical downscaling methods, this method relies on empirical relationships between
observational and GCM simulated data (Liu and Zuo 2012). Although WGEN parameters
derived from observations are improved in this method, extreme events may not be realistically
represented in the output. Even though secondary bias correction was applied to correct multiyear averages for temperature indicator, each GCM simulated extreme climate indices still had
large differences with the observations (Fig. 1). Differences may be reduced by improving the
WGEN parameters with fine scale outputs of dynamically downscaled results, rather than
using coarse scale GCM data, in combination with historical records. Confidence in projections of future changes in climate extremes can be improved by combining extremes data from
multiple models, assuming that errors tend to be cancelled if models are independent.
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General findings and results in detecting changes in temperature extremes over the whole
continent of Australia have been presented in recent studies (Alexander et al. 2007; Collins et
al. 2000; Perkins and Alexander 2013). Our results show that the significant trend in TN90p
was particularly well simulated by 6 out of 7 GCMs analysed. An increase in warm nights
would arise through the local impact of the enhanced greenhouse effect. The result is
consistent with the results of the Alexander and Arblaster (2009) study of Australian climate
extremes. However, Alexander and Arblaster (2009) focused on projections of temperature
extremes across Australia to the end of the twenty-first century on the grid scale of the GCM,
which is generally too coarse a scale to accurately estimate changes in extreme events in a
specific region such as the NSW wheat belt. Moreover, that study used the arithmetic ensemble
mean and consequently uncertainties due to the dependence of different GCMs remained. In
contrast to previous work, this study strives to construct more spatially detailed scenarios of
future climate extremes over a specific region using the IWM method.
Temperature extremes have the potential to affect wheat growth. The occurrence of extreme
high temperature during sensitive stages of crop development, such as the flowering or grain
filling date, could reduce grain yield due to its direct effect on grain number and grain mass
(Talukder et al. 2014), while a continuous period of extreme high temperature could result in
large yield losses (Asseng et al. 2011; Lobell et al. 2015). Many experiments have been carried
out to assess the effect of heat stress on wheat yield. For example, Nuttall et al. (2013) studied
wheat growth under heat stress conditions (heat shock in the Australian dryland environment)
and the results show that heat stress (37 °C for 3 days) imposed six days after anthesis caused a
12 % reduction in grain number and a 13 % reduction in grain yield. In the climate projections for
the twenty-first century, the higher emission scenario RCP8.5 has a higher rate of increase for
warm extremes and decrease for cold extremes than RCP4.5 (Fig. 3). Consistent with a warming
trend, we find the potential for more frequent hot days, and more warm days and nights, decreases
in the number of frost days, and fewer cold days and nights in the future. These results, based on
standard climatological extreme indices, suggest that wheat crops may experience more severe
heat stress but decreases in frost risk in the eastern part of the NSW wheat belt. Further work
using indices tailored to correspond to crop physiological processes would be required to confirm
and quantify the effect of this on yields and other relevant aspects of wheat production. Since the
sensitivity of wheat to temperature extremes varies over the growing season, such indices would
likely include consideration of extremes in different periods within the year.
The eastern area is occupied by slopes and has broad climate variability due to larger
latitudes (Wang et al. 2015a). Most farmers in this region manage frost occurrence well by
sowing late and using late flowering cultivars to minimize frost risk. However, as frost days are
projected to decrease in frequency and hot days are projected to increase, this will increase the
risk of exposure to hot days around the flowering date. Grain growers need to choose suitable
varieties and sow in autumn or early winter, which can allow flowering to occur during the
period with minimum stress of frost and heat. In addition, extreme temperature can accelerate
leaf senescence (Asseng et al. 2011), which potentially leads to yield loss. Therefore, it is
important to breed some cultivars capable of coping with an increased frequency and magnitude of heat stress around flowering and grain filling. Although frost days are projected to
decrease in the future, it will be equally important to maintain tolerance to low temperatures
when sowing earlier in the year.
Estimates of future changes in temperature extremes are essential information for stakeholders and policymakers. Although this analysis contributes to this effort, there are many
uncertain factors in assessing changes in extreme indices at the regional scale. For example, the
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strong effects of ENSO on Australian climate, which can improve predictability on seasonal
timescales can also enhance interannual variability, making attribution on climate time scales
more difficult for GCM projections (Arblaster et al. 2014; King et al. 2014). More work on
generating projections from more advanced, higher resolution GCMs with advanced multimodel ensemble methods, as well as on analysing uncertainties related to model structure and
internal parameters and improving downscaling and bias correction techniques (Jeong et al.
2015a; Jeong et al. 2015b), are needed for a better understanding of future changes in extremes
over the NSW wheat belt.

5 Conclusion
The downscaling procedure used in this study was effective at correcting the bias associated
with the site-based monthly GCM values by relating observed historical climate data to that
simulated by GCMs. The SILO daily time series of meteorological data at point locations were
used as a basis for spatial downscaling and bias correction of 7 skill-selected CMIP5 GCMs.
We evaluated the ability of the downscaled data from each of the 7 GCMs to reproduce trends
in values of extreme temperature indices over eastern Australia over the period 1961–2000. In
general, most GCM models captured the sign of historical observed trends in temperature
extremes, but no one model was consistently good at reproducing all indices. The observed
and the multi-model ensemble projections agreed well in the magnitude of the TN90p trend for
the period 1961–2000 across this region. Despite less interannual variability in temperature
extremes, the IWM simulations had a lower RMSE with observations compared to the
unweighted mean. Moreover, future projections show that more warm days (TX90p), warm
nights (TN90p) and hot days (HD), less cold nights (TN10p) and frost days (FD2) will occur in
the east and northeast of the NSW wheat belt in the future by 2061–2100. Exposure to extreme
heat stress can severely damage crop production. Therefore, breeding for improved heat
tolerance should remain a priority for the eastern Australian wheat industry.
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