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Drought is viewed as a naturally recurring phenomenon in many Australian agricultural systems. Identifying regional changes in frequency and severity of drought
induced by climate change is required to develop regionally specific adaptation
strategies. In this study, we provided a first look at the impacts of climate change
on 21st century drought characteristics over the New South Wales wheat belt of
southeastern Australia. These impacts were assessed from an ensemble of 28 statistical downscaled global climate models under representative concentration pathway
(RCP8.5). A modified relative standardized precipitation and evapotranspiration
index (rSPEI) at the seasonal scale (3 months) was used to analyse temporal and
spatial changes in drought. Results indicated that there was a tendency towards
more frequent and severe winter–spring droughts over the study area. Moreover,
winter–spring drought prone areas were expected to expand from west to east.
Until the end of the 21st century, more than half the wheat belt would be vulnerable to winter–spring drought. The combined effects of reduced precipitation and
increased temperature during future winter and spring seasons were the main reasons causing these changes of drought. In addition, summer and autumn droughts
would have both slight temporal and spatial changes across the study region. This
study also revealed that traditionally dry areas would likely experience an increased
frequency of drought compared to wetter areas when subjected to a same increase
in temperature or decrease in precipitation. Furthermore, the western part of the
wheat belt might be unsuitable for winter crops in the future, or at least exposed to
an increased risk of variable yield and would require a gradual transformation
which might include summer crops or pastures. Investments in cropping land
should be focused on the east part of the wheat belt to achieve more consistent
financial returns.
KEYWORDS

climate change, drought, rSPEI, southeastern Australia, spatio-temporal
variations

1 | INTRODUCTION
Drought is a temporal and recurrent phenomenon, which
originates from prolonged absence, shortage or unusual distribution of precipitation compared to the normal pattern.
The occurrences of above-average temperature which lead to
increased evaporation can also inevitably aggravate drought
Int J Climatol. 2019;39:1041–1053.

occurrence. Given a high level of confidence that climate
change will lead to increased temperature and changed precipitation pattern (Field, 2012), drought conditions are likely
to change greatly in many parts of the world (Ahmadalipour
et al., 2016; Spinoni et al., 2017). However, as drought is
often a period- and region-specific disaster (Wilhite, 1993),
it is difficult to identify the occurrence and the severity of a
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drought event based on simple and fixed standards of precipitation or temperature anomalies in a particular region
(Morid et al., 2007; Trinh et al., 2017). Therefore, there is
an urgent requirement to develop appropriate methods to
identify expected changes of drought conditions at regional
scales, which is critical for land managers to develop mitigation and adaptation strategies.
The Coupled Model Intercomparison Project phase
5 (CMIP5, https://cmip.llnl.gov/cmip5/) is a powerful tool to
analyse the projections of 21st century climate change. A
number of physical-based global climate models (GCMs)
are available for obtaining future drought projections based
on the assumptions of the future economic development or
associated greenhouse gas (GHG) emissions. As the real climate system is immensely complex, no single model is capable of describing its overall process adequately even in a
particular region (Tebaldi and Knutti, 2007). Recent studies
tend to use multiple GCMs to assess future drought conditions. For example, Dai (2012) managed to project worldwide drought conditions until the end of 21st century based
on 14 GCMs under representative concentration pathways
4.5 (RCP4.5). The results of Dai (2012) indicated severe
droughts in the next few decades over many mid-latitude
areas such as the eastern United States, Europe, and
Australia, because of either increased evaporation and/or
decreased precipitation. Ahmadalipour et al. (2016) used
21 CMIP5 GCMs to assess drought projections and revealed
a significant increase in frequency and intensity of future
summer droughts across the United States under RCP8.5.
Kirono et al. (2011) demonstrated that there is a likely risk
(more than 66% probability) of at least doubling drought frequency and an increase in drought affected areas in southeastern Australia by 2070 based on projections from
14 CMIP3 GCMs under SRES-A1B and A2 emission scenario. The use of multiple GCMs is considered to reduce
model uncertainties and provide more reliable future projections (Mpelasoka et al., 2018).
The importance of applying appropriate indices for
drought assessment has been addressed in a number of studies (Heim, 2002; Mishra and Singh, 2010). Evaluating
drought characteristics systematically and comprehensively
at regional scales may be problematic using a series of
values. In the past few decades, researchers have managed to
develop numerous drought indices by integrating climate
factors including precipitation, temperature, and evapotranspiration into a single value. The most widely used drought
indices include the Palmer drought severity index (PDSI),
the self-calibrating PDSI (Wells et al., 2004), the moisture
anomaly index (Z-index) (Palmer, 1965), and the standardized precipitation index (SPI; Thomas et al., 1993). Generally, these indices improve the identification of the onset of
a drought event as well as the measurement of drought
severity, which then allows an assessment of spatial and
temporal features of drought in various areas. However,

most drought indices have a fixed temporal range. For example, PDSI can only capture droughts on timescales of more
than 9 months (Guttman, 1998; Lloyd-Hughes and Saunders,
2002), and it cannot be used to detect dry periods at shorter
timescales. The SPI is designed in a way that can identify
droughts at timescales from small (to one month) up large
(to 72 month) periods. However, the SPI is calculated using
precipitation alone, and it fails to take into account the
important contribution of temperature via evaporation
(Nicholls, 2004). Another drought index, the standardized
precipitation evapotranspiration index (SPEI; VicenteSerrano et al., 2010), has been developed to overcome this
shortcoming of the SPI. The SPEI is calculated based on the
difference between precipitation and potential evapotranspiration (PET), thereby accounting for energy balance and
temperature changes as well as precipitation, but also retaining positive traits of the SPI. While the SPEI is a recently
developed drought index, it has been widely used and
received considerable attention in numerous studies to analyse drought condition (e.g., Wang et al., 2015; Gao et al.,
2017). However, the SPEI still has a shortcoming. For example, a given amount of precipitation and PET at a wet station
that produces a negative SPEI may produce a positive SPEI
at a dry station. In another word, dryness and wetness are
relative to the local historical average rather than the absolute difference between precipitation and PET at a certain
station. Therefore, the SPEI has limitations for spatial comparison. In this study, we introduced a relative SPEI (rSPEI)
which is based on regional average rather than local conditions, to improve the performance of the original SPEI.
Australia is the driest inhabited continent in the world
and drought is an expected feature of the Australian climate
(Ummenhofer et al., 2009). Drought causes large agricultural losses in Australia. For example, in southeastern
Australia, drought reduced the agricultural Gross National
Product by around 30% in 1994, 2002, and 2006 (Kirono
et al., 2011). It is likely that climate change will further
exaggerate drought impacts in this region (BOM and
CSIRO, 2016). The main objectives of this study are to
(a) use rSPEI as an indicator of drought to examine the spatial and temporal characteristics of future drought occurrence
across major farming regions of southeastern Australia until
the end of 21st century from an ensemble of 28 CMIP5
GCMs; (b) identify the major climatic factors which contribute to the change of drought frequency under future climate
change; (c) identify suitable adaptation measures to mitigate
the negative impacts of drought in the study area.

2 | M AT E RI A L S AN D M E T H O D
2.1 | Study domain description
The domain of the study is the New South Wales (NSW)
wheat belt (141.0 –152.0 E, 28.5 –36.1 S) of southeastern
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Australia, which covers an area of 360,000 km2 (Figure 1)
(Liu et al., 2014). There is an east–west gradient in both elevation and precipitation/temperature across the study area.
The eastern part of the wheat belt consists of mountains with
an elevation up to 1,100 m and the western areas are mainly
plains. Average temperature ranges from 11  C in the southeast to 20  C in the northwest and average annual precipitation ranges from 1,000 mm in the southeast to 200 mm in
the southwest (Figure 2). Overall, the eastern part of the
wheat belt is wet and cold, while the western part is dry and
warm. In NSW wheat belt, winter crops commonly include
wheat and canola, while summer crops are mainly sorghum
and maize. In particular, wheat is the most important commodity which contributes to 15% of the gross value of agricultural production in NSW (http://www.abs.gov.au/
Agriculture).
2.2 | Climate data
In this study, the monthly gridded data of 28 GCMs
(Table 1) were acquired from CMIP5. These GCMs are from
different climate modelling institutions all over the world.
Detailed descriptions of these GCMs can be found at
https://cmip.llnl.gov/cmip5/.
Raw GCMs are unable to produce regional scale projections, because they are normally at coarse spatial resolutions
(100–300 km grid spacing). Thus, we downscaled raw
GCMs data to weather observation stations using a weathergenerator based statistical downscaling approach which was
developed by NSW Department of Primary Industries at
Wagga Wagga Agricultural Institute (NWAI-WG) and has
been described by Liu and Zuo (2012). This approach has
been frequently used in recent climate change research
(e.g., Anwar et al., 2015; Wang et al., 2016; He et al., 2017)
which allows daily data of meteorological factors from
monthly gridded GCMs to be derived. It can also correct
biases in the raw GCMs. Briefly, the first step of the
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downscaling procedure was to interpolate the monthly
gridded data for each weather station (931 stations in the
NSW wheat belt, Figure 1) using inverse distance weighted
(IDW) method (Bartier and Keller, 1996). A bias correction
method was applied in this step to enable the resulting
monthly station data to match with observed data (downloaded from Scientific Information for Land Owners patched
point data set, http://www.longpaddock.qld.gov.au/silo/ppd/
index.php) using quantile–quantile (QQ) mapping technique
(Zhang, 2005; Zhang, 2007). Second, the bias-corrected
monthly values were disaggregated to daily data through the
modified WGEN weather generator (Richardson and Wright,
1984). Further details of procedures and results of this
method can be found in Liu and Zuo (2012).
In GCMs data set, four representative concentration
pathways (RCP2.6, RCP4.5, RCP6.0, and RCP8.5) are
available, which describe four possible future climates based
on future concentrations of GHGs. RCP8.5 represents the
most serious condition with continuous rising emissions
throughout the 21st century. Studies have shown that trends
in GHGs concentrations since 2000 agree better with those
projected by RCP8.5 than any other scenarios (Peters et al.,
2011; Diffenbaugh and Field, 2013). Therefore, RCP8.5 was
utilized in this study as it has projections which are most
likely to be achieved in the future (Ribeiro et al., 2016).
2.3 | Relative SPEI
The original SPEI is based on climatic water balance and
allows for the contribution of temperature in drought assessment. It uses the difference between precipitation (P) and
evapotranspiration (PET) as parameter to characterize
drought. It is a standardized index for which a value of 0 represents the median P-PET (i.e., normal conditions), while
dry conditions are denoted by negative values (i.e., −2 for
extremely dry) and wet conditions are denoted by positive
values (i.e., 2 for extremely wet). Generally, a value of <−1

The study area is located in the New South Wales wheat belt of southeastern Australia. Black points are the locations of 931 weather stations
used in the study [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 1

FENG ET AL.

1044

Spatial distributions of (a) annual mean temperature (AT) and (b) mean annual precipitation (AP) over the New South Wales wheat belt of
southeastern Australia during 1961–1990 [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 2

TABLE 1 List of 28 GCMs under RCP8.5 future climate scenarios used in this study for statistical downscaling outputs of 931 stations over the New South
Wales wheat belt of southeastern Australia

Model ID

Name of GCM

Abbr. of GCM

Institute ID

Country

01

BCC-CSM1.1

BC1

BCC

China

02

BCC-CSM1.1(m)

BC2

BCC

China

03

BNU-ESM

BNU

GCESS

China

04

CanESM2

CaE

CCCMA

Canada

05

CCSM4

CCS

NCAR

United States

06

CESM1(BGC)

CE1

NSF-DOE-NCAR

United States

07

CMCC-CM

CM2

CMCC

Europe

08

CMCC-CMS

CM3

CMCC

Europe

09

CSIRO-Mk3.6.0

CSI

CSIRO-QCCCE

Australia

10

EC-EARTH

ECE

EC-EARTH

Europe

11

FIO-ESM

FIO

FIO

China

12

GISS-E2-H-CC

GE2

NASA GISS

United States

13

GISS-E2-R

GE3

NASA GISS

United States

14

GFDL-CM3

GF2

NOAA GFDL

United States

15

GFDL-ESM2G

GF3

NOAA GFDL

United States

16

GFDL-ESM2M

GF4

NOAA GFDL

United States

17

HadGEM2-AO

Ha5

NIMR/KMA

Korea

18

INM-CM4

INC

INM

Russia

19

IPSL-CM5A-MR

IP2

IPSL

France

20

IPSL-CM5B-LR

IP3

IPSL

France

21

MIROC5

MI2

MIROC

Japan

22

MIROC-ESM

MI3

MIROC

Japan

23

MIROC-ESM-CHEM

MI4

MIROC

Japan

24

MPI-ESM-LR

MP1

MPI-M

Germany

25

MPI-ESM-MR

MP2

MPI-M

Germany

26

MRI-CGCM3

MR3

MRI

Japan

27

NorESM1-M

NE1

NCC

Norway

28

NorESM1-ME

NE2

NCC

Norway

is viewed as drought condition. In addition, the SPEI can be
calculated on different timescales according to specific aims.
Conceptually, one SPEI value indicates the deviation of
P-PET at a given station for a given period from “normal

condition.” This raises a problem. For a wet station and a
dry station within a region, a given amount of P-PET that
produces negative SPEI (say −1) at the wet station might
supposedly produce positive SPEI at the dry station. So, the
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relative aridity condition remains uncertain between stations
when using the original SPEI. Dubrovsky et al. (2008) ever
used a relative SPI to make comparisons of absolute drought
conditions. Here, we introduced the rSPEI which improved
the calculation of the original SPEI and can be applied to
spatial analysis.
The process of calculating the original SPEI mainly consists of two steps. (a) fit the P-PET series into a log-logistic
distribution to acquire parameters; (b) convert the distribution into a normal distribution to determine SPEI values. In
this case, the same P-PET series is used in both steps. For
the calculation of rSPEI, we created a reference P-PET series
by aggregating all monthly P-PET totals of the 931 stations,
Dj ¼ Pj −PETj ,

ð1Þ

where Pj , PETj , and Dj are the averaged total precipitation,
the accumulated PET and the deficit of jth month at the
931 weather stations. Then, the averaged accumulated PPET at k-month scale is calculated by
( k
P
Pj
X i, j ¼ 12
l¼13 − k + j Di − 1, l +
l¼1 Di, l if j<k
ð2Þ
Pj
k
X i, j ¼ l¼j− k + 1 Di, l
if j≥k,
where is the accumulated P-PET at k-month scale in jth
month of ith year; is the monthly P-PET in lth month of ith
year. The parameters for the log-logistic distribution were
acquired according to this reference series. Then, the values
of the rSPEI relative to the reference distribution function
were acquired for each station. In this study, the rSPEI was
calculated for a 3-month time period in order to investigate
seasonal drought attributes. This above process enabled us
to compare the P-PET deviation for each location using the
distribution function that indicated the climate optimum of
the given region rather than that of the individual location. A
comparison between the rSPEI and the SPEI values is shown
in Figure S1, Supporting Information.
2.4 | Evaluation of drought characteristics
Figure 3 illustrates the whole process of this study. We
assessed future drought characteristics from three aspects:
temporal changes, spatial changes, and major drivers of
these changes.

station. On the other hand, the trend of a climate variable
may not be assessed to be statistically significant while it
might be of practical interest (Shahid, 2010; Sheikhy et al.,
2017). Therefore, in our study, we also applied linear trend
analysis on rSPEI time series using the Sen’s slope (Sen,
1968) which could provide a robust estimation of trend. In
addition, these two methods were both performed using the
R package “trend” (Pohlert, 2018).
2.4.2 | Spatial changes

Different zones of the study area are characterized with
rather different climate conditions (Figure 2). Thus, some
zones might be more vulnerable to drought compared to
others. These zones are defined as drought prone zones. A
zone is identified as drought prone zone where there is a
high drought frequency value. Drought frequency (DF, %)
indicates the number of drought events occurring for a given
period (Spinoni et al., 2013). Specified thresholds of DF are
usually needed to identify the drought prone zone for different areas. Many studies (Wilhelmi and Wilhite, 2002; Sonmez et al., 2005; Patel et al., 2007) have defined the
thresholds to filter drought prone areas, mainly ranging from
20 to 30%. In this study, we chose the upper value of the
threshold (30%) because Australia is typically a dry continent. Seasonal drought events (rSPEI < −1) of each weather
station were first counted for four 30-year periods
(1961–1990, 2011–2040, 2041–2070, and 2071–2100) and
then the DFs were calculated. The DFs were then interpolated for each grid cell (~3 km) using IDW method. Areas
with more than 30% of seasonal drought events were then
identified for each period and each season.
2.4.3 | Major drivers of the changes of drought

A descriptive statistical analysis was conducted using a
least-squared multiple linear regression model between the
changes in DF (%, Figure S2) and the changes in and precipitation (%, Figure S3) and temperature ( C, Figure S4). The
regression allowed for a better evaluation of drought attributes, thereby providing useful insights into the nature and
strength of the relationships.

3 | RESULTS

2.4.1 | Temporal changes

We assessed the likely changes of drought severity across
the wheat belt. As the rSPEI values represent the severity of
drought, analysing the time series of the rSPEI values for
each station can reveal temporal changes in drought. Two
methods, that is, the Mann–Kendall trend test and the Sen’s
slope, were used. The Mann–Kendall trend test, which is
often used to assess trends in hydroclimatological time series
(Hamed and Ramachandra Rao, 1998; Lutz et al., 2016;
Serrano-Notivoli et al., 2018), was applied to test the significance of trends on the time series of the rSPEI for each

3.1 | Temporal changes in drought
Temporal variation of seasonal rSPEIs in all the 931 weather
stations over the NSW wheat belt for the period of
1961–2100 are given in Figure 4. For each year, the rSPEI
values projected by the 28 GCMs for the 931 stations were
presented as a distribution. Distribution for each year was a
complete presentation of seasonal drought conditions of the
whole wheat belt based on the 28 GCMs. For example, in
the spring of 1961, the concentrated position of the distribution was around 0.3. This meant that most weather stations
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Mann–Kendall
trend test

Statistical
Downscale

Raw GCMs

Downscaled
GCMs

Temporal
variations

Sen’s slope

Seasonal
rSPEI

Drought prone
area
Percentage of
stations with
drought

Spatial
variations

Drought
frequency
Temperature
and rainfall
changes
FIGURE 3

Linear
regression

Contributions
to drought
change

Framework of the procedures used in this study

Changes in rSPEI values of the 931 weather stations in the New South Wales wheat belt of southeastern Australia during 1961–2100. Seasonal
rSPEI values were first calculated for the 931 weather stations based on 28 GCMs. Then, for each year, seasonal rSPEI values from all the weather stations
and GCMs were shown in a distribution. The red shaded area in the figure indicates the distribution of the rSPEI values for each year. The deeper the red
colour, the more concentrated the distribution of the rSPEI values. Each distribution has a peak that indicates the most concentrated position. The black line
captures the peaks of distributions of the rSPEI values for each year, so its change can to some extent represent the change in the distributions of the rSPEI
values from the 931 weather stations based on 28 GCMs. The green line shows the linear trend of the rSPEI peaks. ***p < .001, **p < .01, *p < .05 [Colour
figure can be viewed at wileyonlinelibrary.com]
FIGURE 4

FENG ET AL.

had an rSPEI value of ~0.3, thus most of the wheat belt was
in near normal climatic conditions. Therefore, changes in the
distribution could then illustrate the overall change in
drought condition for the entire wheat belt over the study
period. Since the peak positions of every distribution could
to some degree represent the concentrated distribution positions, we linked the peak positions using black lines to indicate trend. The distributions showed a significant (p < .001)
decreasing trend in both spring and winter over the study
period. The spring and winter periods decreased from 0.3 to
nearly −1, indicating the majority of the wheat belt might
experience future moderate drought conditions for these seasons. However, autumn and summer had relatively small
trends and the rSPEI values for the majority of the wheat belt
consistently fluctuated around 0. Therefore, in general, the
wheat belt was expected to experience drier conditions in
spring and winter but had little change in summer and
autumn.
Figure 5 shows the changes of drought severity over the
wheat belt in the future using rSPEI as a drought indicator.
Trends of rSPEI were calculated through Sen’s slope. The
black triangles and circles indicate weather stations with a
significant changing trend according to Mann–Kendall trend
test. Generally, trends were consistent with the results indicated in Figure 4 and significant decreasing trends were
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projected in spring and winter for the entire wheat belt.
Given that the rSPEI thresholds of −1, −1.5, and −2 indicate
moderate, severe, and extreme drought condition, respectively, most of the wheat belt was likely to suffer a higherlevel drought in spring and winter by the end of this century.
While for summer and autumn, areas with slightly increased
drought intensity were mainly located in the southwestern
and northern areas, respectively. However, these trends were
slight compared to those in spring and winter. In addition,
northeastern areas during summers and southwestern areas
during autumns were expected to experience decreased
drought intensity.
3.2 | Spatial changes in drought
As the weather stations used in this study are relatively
evenly distributed over the study area, the percentage of
drought stations (rSPEI < −1) could be used to estimating
the area size experiencing drought. Figure 6 illustrates the
percentage of drought stations according to the rSPEI values
of the 931 weather stations over the NSW wheat belt for the
period of 1961–2100. Despite the inter-annual variability
and GCM uncertainty, increasing trends were apparent in
both winter and spring. About 40% of stations in the wheat
belt could be expected to suffer continuous spring and winter

The trends of long-term seasonal drought across the New South Wales wheat belt of southeastern Australia in 2011–2100. The rSPEI is
calculated for each of 28 GCMs and the average trend per decade (based on Sen’s slope) from all downscaled GCMs is calculated for the 931 weather
stations. We interpolated the trend of rSPEI using IDW method as the resolution of ~3 km. The black triangles and circles indicate stations with a significant
changing trend based on the Mann-Kendall trend test (|ZS| > 1.96) [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 5

FENG ET AL.
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FIGURE 6 Percentage of stations with drought (rSPEI < −1) in the 931 weather stations across the New South Wales wheat belt of southeastern Australia
for four seasons during 1961–2100. For each year, the percentage of stations with drought was calculated for each of 28 downscaled GCMs and multi-model
ensemble mean values (red lines) were then plotted. The shading denotes the 95% confidence intervals for the 28 GCMs [Colour figure can be viewed at
wileyonlinelibrary.com]

drought by the end of the 21st century. However, in summer
and autumn, the percentages of drought stations fluctuated
around 20% over time, with no obvious trend.
Drought prone areas were primarily in the western part
of the wheat belt (Figure 7). This was particularly noticeable for spring and winter drought (Figure 6). For example, only a small area (14.6%, about 5.27 × 104 km2) in
the northwest of the wheat belt was drought vulnerable
during 1961–1990 spring period. However, over time, the
eastern limit expanded eastwards, and by the end of the
21st century over half (58.8%) of the wheat belt was at a
high risk of experiencing spring drought. The winter
drought prone area followed a similar expansion rate, but
the area mainly expanded in the northern part of the wheat
belt. Summer and autumn drought prone areas had slight
changes over time.

3.3 | Major drivers of drought trends
The rSPEI calculations were based on precipitation and temperature, so changes in these variables would result in
changes in the rSPEI. While the results of the rSPEI showed
dramatic changes in future drought conditions, it was not
clear if this was being driven by an increase in temperature,
or by a decrease in precipitation. As different regions had
different climates and aridity conditions, the primary factor
might differ from location to location. In order to explore
this possibility, seasonal changes in temperature and precipitation projected by the 28 downscaled GCMs were extracted
for all weather stations in three 30-year periods (2011–2040,
2041–2070, and 2071–2100) compared to the baseline
(1961–1990) (Figures S3 and S4). Based on elevation, the
study area was divided into two zones (Figure 8), the eastern
zone which is a mountainous area with an elevation of
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Changes in seasonal drought prone areas in the New South Wales wheat belt of southeastern Australia. Drought prone area is defined as an area
with more than 30% of seasonal drought events (rSPEI < −1) for four 30-year periods (1961–1990, 2011–2040, 2041–2070, and 2071–2100). For each year
and each season, multi-model ensemble means of rSPEI values were calculated for all stations based on the 28 downscaled GCMs and then percentages of
<−1 values were calculated for each period. Then, the percentages were interpolated for each grid cell (~3 km). Areas with more than 30% of seasonal
drought events are shown in red parts. The number in each plot denotes the proportion of the red area [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 7

>300 m and the western zone which is mainly occupied by
plains (<300 m). Climatically, the western zone is warm and
dry, while the east is cold and wet (Figure 2). Spatial regression analysis was then applied between the changes in
drought frequency (Figure S2) and the changes in temperature and precipitation using least-squares multiple regression
(ΔDF = a*Δprecipitation (%) + b*Δtemperature ( C)) in
both zones for each season and each period.
The R2 (coefficient of determination) for each period and
each season was higher in the western zone than the east
(Figure 8). This meant that changes in seasonal precipitation
and temperature were better able to explain DF change in
the western zone. In addition, the magnitude of the regression coefficients (a, b) were also larger in the western zone
than those in the east, which meant that the same decrease in
precipitation or increase in temperature could result in a
greater increase of DF in the western zone compared to the
eastern.
Overall, temperature and precipitation changes had varying effects on drought in different seasons over time. For
example, in spring and winter, DF increased greatly until
2100 with a small change in b but a large increase in a.
Thus, although precipitation decreased (Figure S3) and temperature increased (Figure S4) over time simultaneously, the

decrease in precipitation could be viewed as the major factor
causing drought increase in spring and winter. However, in
summer, both temperature and precipitation were expected
to increase across the entire wheat belt, which leaded to a
slight change in drought frequency. Therefore, both a and
b decreased over time in summer. However, in autumn, a
slight increase in precipitation was detected (Figure S3) but
could not offset the effects caused by increased temperature.
Thus, a also increased over time in autumn.

4 | DISCUSSION
This study investigated drought projections for the wheat
belt of southeastern Australia using the ensemble of 28 statistical downscaled CMIP5 GCMs. The long-term seasonal
drought trends (Figures 4 and 5) showed that the whole
wheat belt was expected to suffer more severe spring and
winter droughts. These findings are consistent with the
results from CCIA (2015), which reported future decreased
spring and winter precipitation in southern Australia. For
example, more than half of 40 GCMs projected >15%
decrease in winter–spring precipitation in our study area
until the 2090s under RCP8.5 (CCIA, 2015). It should be
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Regression analysis of the impacts of temperature (a) and precipitation (b) on drought frequency (DF, %) in the western (left) and the eastern
(right) zones of the New South Wales wheat belt of southeastern Australia. Changes of DF, averaged annual total precipitation (P) and annual mean
temperature (T) were first calculated for three, 30-year periods (2011–2040, 2041–2070, and 2071–2100) relative to 1961–1990 for each weather station
within the western (n = 560) and eastern (n = 371) zones for all the GCMs. Least-squares multiple regression model (ΔDF = a*ΔP (%) + b*ΔT ( C)) was
then built in both zones for each season and each period. All the regression coefficients (R2) shown were significant (p < .05) [Colour figure can be viewed at
wileyonlinelibrary.com]

FIGURE 8

emphasized that winter and spring are key growth periods
for winter crops such as wheat and canola. Previous studies
have shown that in dryland agriculture of southeastern
Australia, precipitation declines can be amplified 1.5–1.7
times in wheat yield losses (Dijk et al., 2013). In our study,
the projected increase of spring and winter droughts would
inevitably cause decreased yields and increased risks to
cropping systems in the study area. In addition, as the
Australian climate is highly variable (Potgieter et al., 2012),
the increasing trends would likely be accompanied by dramatic fluctuation as inter-annual extremely dry conditions
occur more frequently (Alexander and Arblaster, 2017).
The spatial trends in drought vulnerability corresponded
with temporal trends in drought. Spring and winter drought
vulnerable areas were likely to expand remarkably
(Figure 7). Historically, the western zone of the wheat belt
was typically a drought vulnerable area due to lower precipitation and higher temperature (Figure 2). Crop yields in
these areas were typically lower compared to the eastern
areas (Hochman et al., 2016). Our results showed that
drought prone areas were likely to increase, which meant
that the areas of low-level crop yield would expand. By
2100, more than half of the wheat belt was expected to have
low crop yields or might not be suitable for growing winter
cereal crops. On the other hand, summer and autumn

drought prone areas were primarily in the southwest and
northwest and might only experience slight changes
(Figures 6 and 7). This could be attributed to the increases of
projected precipitation during summers and autumns in the
late decades of the 21st century (Figure S3).
In general, spatial and temporal increases in drought
events were primarily driven by decreased precipitation and
also evaporation through increased temperatures (Sheffield
and Wood, 2007). It is commonly recognized that climate
change will cause changes in temperature and precipitation
all over the world (Pachauri and Meyer, 2015). An absolute
amount of change in precipitation or temperature may result
in distinctly different changes in drought conditions in different climate regions. Our results demonstrated that temperature and precipitation possessed greater ability to regulate
the aridity condition in traditional drought prone areas. A
similar decrease in precipitation or increase in temperature
would cause a greater increase in drought frequency in dry
areas compared to wet areas (Figure 8). This creates a challenge for historically dry areas in face of climate change. In
the future, a slight increase in temperature or decrease in precipitation will inevitably increase the risk of drought, thereby
reducing the agricultural production capacity.
Our results also showed that areas of projected increased
precipitation were also at risk of increased drought
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frequency. For example, in autumn, most of the NSW wheat
belt was projected to receive more rain after 2041
(Figure S3). However, the area vulnerable to drought in
autumn would still increase (Figure 7). This was mainly
because the slight increase in precipitation might not fully
compensate the increasing water demand caused by the
increasing temperature (Liu et al., 2017). In addition to this,
climate projections have shown that future precipitation is
likely to be characterized by low frequency, high intensity,
and uneven intra-annual precipitation distribution (Bao
et al., 2017). More intense precipitation events may result in
increased runoff (Trenberth et al., 2014) without replenishment of soil moisture. In this case, while summer precipitation amount might increase significantly (Figure S3), aridity
was projected to remain relatively high. Therefore, areas
with projected increased precipitation might also experience
drought conditions. In addition, current drought indices
which only consider the amount of precipitation are of limited utility when evaluating actual drought conditions. A
more comprehensive drought index that not only considers
precipitation amount but also takes into account of precipitation frequency and intensity is urgently needed for the evaluation of future drought.
The rSPEI used in our study, nevertheless, had proved to
be a useful index in assessing regional drought conditions.
Generally, studying drought at regional scales can better discern local characteristics of drought, resulting in a more
accurate projection of drought conditions (Sheffield et al.,
2009). The rSPEI can help achieve this goal by detecting relative drought prone areas within a particular region. The
values of the rSPEI are uniquely associated with the set of
weather series at all stations rather than at a single station. In
this way, the rSPEI provides an objective and effective quantification of the relative intensity of drought events and their
frequency with regard to the whole region (Trnka et al.,
2009; Marcos-Garcia et al., 2017). Thus, the results can
assist stakeholders to develop regionally specific adaptation
strategies and disaster response measures. It would be worthwhile to employ the rSPEI presented here to access other
drought prone areas to extract more generalized conclusions.
In addition, even though uncertainties exist in GCMs
and multi-model ensemble method, results from our work
could be regarded as an indication of the very likely future.
Mitigation and adaptation strategies should be prepared in
advance in order to minimize the adverse effects of future
severe droughts on crop production. Our results showed that
the NSW wheat belt was really a climatologically diverse
region, so coping strategies should be specific in different
zones. For example, cropping in the western zones of the
southeastern Australian wheat belt would be an increasingly
risky enterprise. Therefore, changing enterprise type, for
example, incorporating a livestock component, purchasing
additional cropping land or moving the cropping enterprise
to areas with more reliable precipitation or access to
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irrigation might prove alternative adaptive responses for the
near future. While in the eastern zones, changing sowing
dates or crop rotations, stubble management, incorporating
shorter growing season varieties and even fallow, might represent adaptive responses to cope with future drought. We
hope that drought projections from this work are able to provide useful information for long-term planning for
stakeholders.

5 | C O NC L U S IO N S
Temporal and spatial characteristics of future seasonal
droughts in the New South Wales wheat belt of southeastern
Australia until the end of 21st century were analysed in this
study based on 28 statistical downscaled GCMs. The relationship between drought frequency and temperature as well
as precipitation was also examined. The major conclusions
are as follows:
1. Spring and winter droughts were expected to be more
severe over the wheat belt of southeastern Australia,
while summer and autumn drought intensities might
change little.
2. The winter and spring drought prone areas were likely
to spread from west to east significantly and more than
half of the wheat belt would be vulnerable to winter and
spring droughts by 2100. In contrast, the summer and
autumn drought prone areas were primarily in the southwest and northwest, respectively, with only slight
changes and sometimes even a decrease in the future.
3. Traditionally dry areas would likely suffer a greater
increase in drought frequency compared to wet areas
when subjected to a same increase in temperature or
decrease in precipitation.
We believe this study provides useful information for
local farmers and policy makers with respect to evaluating
the impacts of drought change on cropping systems in southeastern Australia. However, additional studies which for
example, examining the effect of rainfall intensity in a
drought index, may help to increase our confidence in accurately projecting future drought change.
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