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a b s t r a c t
The ﬂowering time of wheat is strongly controlled by temperature and is potentially highly sensitive to
climate change. In this study, we analysed the occurrence of last frost (days with minimum temperature under 2 ◦ C) and ﬁrst heat (days with maximum temperatures exceeding 30 ◦ C) events of the year to
determine the optimum ﬂowering date in the wheat belt of New South Wales (NSW), eastern Australia.
We used statistically downscaled daily maximum and minimum temperature data from 19 Global Climate Models (GCMs) with a vernalizing–photothermal model in order to simulate future ﬂowering dates
and the changes in frost and hot days occurrence at ﬂowering date (± 7 days) for two future scenarios
for atmospheric greenhouse gas concentrations (RCP4.5 and RCP8.5) in 2040s (2021–2060) and 2080s
(2061–2100). Relative to the 1961–2000 period, the GCMs projected increased daily maximum and minimum temperatures for these future periods, accompanied by reduced frost occurrence and increased
heat stress incidence. As a consequence, by the 2080s, simulations suggest a general advance in spring
wheat ﬂowering date by, on average, 10.2 days for RCP4.5 and 17.8 days for RCP8.5 across the NSW wheat
belt. Winter wheat ﬂowering dates were delayed by an average of 2.4 days for RCP4.5 and 14.3 days for
RCP8.5 in the warmest parts of the region (the northwest) due to reduced cumulative vernalization days
(requiring cool conditions). In the cooler regions (the northeast, southeast and southwest), ﬂowering
date occurred earlier by 6.2 days for RCP4.5 and 6.7 days for RCP8.5 on average. Moreover, in the western
parts of the wheat belt the delay of winter wheat ﬂowering date was about 9.5 days longer than that in
the eastern parts. As a result of phenological responses to increasing temperatures, current wheat varieties may not be suitable for future climate conditions, despite reduced frost risk. In the future, it may be
necessary to use longer-season wheat varieties and varieties with increased heat-stress resistance.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Global average surface temperatures have increased over the
past century, and the warming trend in the last 50 years has
been 0.18 ◦ C per decade. The Intergovernmental Panel on Climate
Change (IPCC) Fifth Assessment has projected that the increase of
global mean temperature by 2018–2100 will likely be 1.8 ± 0.5 ◦ C
for RCP4.5 and 3.7 ± 0.7 ◦ C for RCP8.5, relative to 1986–2005. In
Australia, mean temperature has been increasing by approximately
0.09 ◦ C per decade during the last century and by 0.19 ◦ C per
decade for the latest 40 years (Murphy and Timbal, 2008). There
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has been an increased intensity and frequency of hot daytime
temperatures since the 1990s (Bureau of Meteorology and CSIRO,
2014; http://www.bom.gov.au/state-of-the-climate). The annual
mean temperature in Australia is projected to increase up to
2.3 ± 0.5 ◦ C for RCP4.5 and 4.2 ± 0.9 ◦ C for RCP8.5 scenarios by the
year 2080–2099 compared with the climate of 1980–1999, leading
to more frequent hot days and less frequent cold days in the future
(Irving et al., 2012).
Global climate changes are expected to have signiﬁcant effects
on crop growth and development (Asseng et al., 2011; Wheeler
et al., 2000). Changing phenology is one of the most important crop
responses to climate change (Wolkovich et al., 2012). Flowering is
a critical stage of development in the life cycle of most crops; it
affects the chances of pollination and other crop processes, such as
leaf expansion, root growth, and nutrient uptake (Fitter and Fitter,
2002), and determines seed number and ripening (Craufurd and
Wheeler, 2009). The timing of ﬂowering is a complex trait affected

12

B. Wang et al. / Agricultural and Forest Meteorology 209 (2015) 11–21

by a range of environmental factors, such as photoperiod, ambient
temperature, and vernalization (Angus et al., 1981; Halse and Weir,
1970; Liu, 2007; Springate and Kover, 2014).
Temperature has been demonstrated as one of the most important factors for crop ﬂowering dates. For any given cultivar,
increasing temperatures accelerate phenological development, so
the timing of anthesis becomes earlier (Asseng et al., 2011; Craufurd
and Wheeler, 2009). Earlier ﬂowering of crops has been observed
worldwide during the last few decades, although the speciﬁc
response of crop phenology to recent climate change varies with
location, season, and genotype (Amano et al., 2010; Chmielewski
et al., 2004; Estrella et al., 2007; Hu et al., 2005; Menzel et al., 2006;
Tao et al., 2006). For example, Tao et al. (2006) observed that wheat
anthesis became earlier by 2.86 days per decade from 1981 to 2000
at Tianshui in China. Hu et al. (2005) observed a consistent trend
of earlier winter wheat heading or ﬂowering dates by 0.8–1.8 days
per decade across six sites in the United States Great Plains during the past 70 years. However, it is uncertain what magnitude the
effects of an increase in air temperature on wheat ﬂowering will
have because of the strong interaction that exists with vernalization
and photoperiodic responses (Miglietta et al., 1995). Vernalization
is a physiological process by which plants can acquire competence
to ﬂower by prolonged exposure to cooling temperatures. Warmer
temperatures during the vernalization period can delay dormancy
or the fulﬁlment of chilling requirements, which increases the
length of the vegetative phase and delays the onset of the reproductive stage (Rosenzweig and Tubiello, 1996). Increased mean
temperature may increase the rate of crop development, but the
effect may be reduced because of lack of vernalization (Butterﬁeld
and Morison, 1992). This is particularly true for winter varieties
(Cook et al., 2012; Liu, 2007; Wang and Engel, 1998).
Wheat is normally grown under climatic conditions in Australia
where the growing season is limited by the period of effective
rainfall (French and Schultz, 1984; Halse and Weir, 1970). Wheat
ﬂowering date is determined by a combination of sowing date
and variety. Extreme weather events, such as spring frost and
heat stress, can have signiﬁcant impacts on crop growth and yield
(Asseng et al., 2011; Lobell et al., 2012; Sun and Huang, 2011).
Therefore, the sowing time and cultivar are chosen to minimize
frost and heat stress risk around ﬂowering (McDonald et al., 1983;
Shackley and Anderson, 1995; Zheng et al., 2012). Grain growers, particularly in the wheat belt of Australia, have traditionally
managed the potential loss from frost by sowing late or selecting a cultivar that ﬂowers later (Shackley and Anderson, 1995).
However, delaying planting to reduce the risk of frost can result
in higher losses than direct damage from frost because crops may
face above-optimum temperatures during grain ﬁlling and there is
increased risk of crop exposure to heat stress and terminal drought
(Fuller et al., 2007). Therefore, optimum ﬂowering periods need
to be determined by analysing the tails and distributions for both
frost and heat stress (Zheng et al., 2012). These distributions, and
ﬂowering dates themselves, will be affected by climate change.
There is a wide range of options for adapting cropping systems to climate change, and these may help to maintain or even
increase crop yields compared to those under current conditions
(Tubiello et al., 2000). Farmers can respond to changes in environmental conditions by choosing the most favourable crops, cultivars,
and cropping systems (Asseng and Pannell, 2013; Tubiello et al.,
2000). Assessment studies should indicate which strategies have
a good chance of success and which speciﬁc conditions represent
a threshold for adaptation (Tubiello et al., 2000). For example,
a threshold for advanced days in ﬂowering date should identify
when some wheat varieties might not maintain yields because
of a shortened growing season. However, many factors determine how crops respond to climate change. Crop models have
been widely used to examine these responses. Meanwhile, these

models account for the effect of multiple environmental factors
(e.g. vernalization and photoperiod) and allow testing of multiple
genotype-environment-management combinations (e.g. sowing
date × variety × environment × year) (Zheng et al., 2012).
The objectives of this study are to: (1) identify future changes
in wheat ﬂowering date in the eastern Australian wheat belt;
(2) identify the change in number of hot and frost days around
wheat ﬂowering date with future climate change in this region.
The study accounted for uncertainties in future climate conditions
by considering two scenarios for future atmospheric greenhouse
gas concentrations and future climate conditions simulated by
19 Global Climate Models (GCMs). The GCMs were selected
for their skill at simulating temperatures throughout the wheat
belt. The complex effects of climate on ﬂowering date with
two contrasting wheat genotypes were determined by forcing
a vernalizing–photothermal model with statistically downscaled
output from the GCMs.
2. Materials and methods
2.1. Study area and climate data
The study area is the New South Wales (NSW) wheat belt in eastern Australia. A detailed description of the climate and topography
of this region can be seen in Wang et al. (2014) (in submission).
Data from 894 meteorological stations were used in this study (see
Fig. S1). Daily temperature data at these stations for 1961–2000
were extracted from the SILO patched point dataset (PPD,
http://www.longpaddock.qld.gov.au/silo/ppd/index.php) (Jeffrey
et al., 2001). Annual mean maximum and minimum temperature
time series data from these 894 stations have been tested separately
for inhomogeneities using a revision of the two-phase regression
model (Lund and Reeves, 2002).
Monthly mean daily maximum and daily minimum air temperature data for 1900–2100 were extracted from GCM simulations in
the World Climate Research Programme’s (WCRP’s) Coupled Model
Intercomparison Project phase 5 (CMIP5) dataset (Taylor et al.,
2012). The simulations considered began in the 1800s and continued through the 21st century, with greenhouse gas emissions being
consistent with a range of different Representative Concentration
Pathways (RCPs) (Van Vuuren et al., 2011). In this paper, simulations of two different RCPs, RCP4.5 and RCP8.5, are considered. They
are identiﬁed by their approximate total radiative forcing in 2100
relative to 1750: 4.5 W m−2 for RCP4.5 and 8.5 W m−2 for RCP8.5.
In RCP4.5, annual greenhouse gas emissions peak around 2040 and
then decline. In RCP8.5, annual greenhouse gas emissions continue
to increase throughout the 21st century. These two scenarios were
selected because they more closely represent current conditions of
radiative forcing and emissions and have more raw monthly GCMs
projected temperature data for statistically downscaling. Table S1
provides basic information about the 28CMIP5 GCMs considered in
this study, including those that had simulations of both RCP4.5 and
RCP8.5.
The gridded temperatures from each GCM were ﬁrst spatially
interpolated to the study sites using an inverse distance weight
interpolation method. We used skill scores according to Eq. (4)
deﬁned in Taylor’s method in order to identify the relatively satisfactory GCMs in simulating the climatological temperature over the
NSW wheat belt (Taylor, 2001). To consider spatial correlation and
standard deviation between model simulated patterns and observations in this study, Eq. (4) in Taylor (2001) was slightly modiﬁed
as follows:
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Eq. (4) from Taylor’s method
S=
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In this equation, S is the skill score. R is the spatial correlation coefﬁcient in climatological mean values between the simulations and
observations. R0 is the maximum correlation coefﬁcient attainable
(here we use 0.999). f and r are the standard deviations of the
simulated and observed spatial patterns in climatological means,
respectively.
Eq. (1) was used to calculate skill scores for the 28 GCM simulations using climatological temperatures for 1961–2000. Skill
scores were calculated for daily maximum and daily minimum
temperatures averaged across the wheat-growing season (March
1 to November 30) and the entire year (Fig. S2). The 19 GCMs that
achieved a skill score greater than 0.4 for both maximum and minimum temperatures during the growing season and the entire year
were selected for use in the subsequent analysis (Table S1).
Using the method described by Liu and Zuo (2012), we downscaled gridded monthly temperature data from the 19 skill-selected
GCMs to daily data for the 894 study sites. This method is based on
a stochastic weather generator. Brieﬂy, the gridded monthly GCM
outputs were ﬁrst interpolated to the speciﬁc sites using an inverse
distance weight interpolation method. Then a bias correction procedure was applied to the monthly GCM values of each site (Liu
and Zuo, 2012). Daily climate data for the site were generated by
a modiﬁed WGEN (Richardson and Wright, 1984) with parameters
determined from historical data and the monthly bias-corrected
data.
2.2. Vernalizing–photothermal model
The time for wheat ﬂowering can be simulated with a model
that can represent the interaction between cold vernalization and
temperature promotion, together with a photoperiod effect. The
model should also identify whether the crop requires vernalization
and should quantitatively measure the duration of vernalization
required. Based on these general hypotheses, Liu (2007) developed
a non-linear vernalization module incorporated into the thermal and photothermal additive models for modelling the time of
ﬂowering. The approach differed from that used in other wheat
phenological models, which commonly simulate the development
rate as a multiplicative function with a three-stage linear vernalization response (Cao and Moss, 1997; Ritchie, 1991; Wang and Engel,
1998).
In this study, the vernalizing–photothermal model was used to
simulate wheat ﬂowering date for historical and future climate data
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Table 1
Parameters for the two wheat genotypes for the vernalizing–photothermal model
used in this study.
Wheat genotypes

Parameters

Spring (Cunningham)
Winter (Wylah)

b0

b1

b2

Vf

−21.0357
−6.03995

0.650004
0.709042

2.017451
0.633144

0.00
12.71

with spring (Cunningham) and winter (Wylah) varieties that can
be sown across the NSW wheat belt with different sowing dates for
different regions (Matthews et al., 2014). The phenology model and
parameterisation procedures are explained in detail by Liu (2007).
Brieﬂy, the daily rate of progress towards ﬂowering ri is given as
follows:





ri = b0 + b1 f Vi , Vf Ti + b2 Pi

(2)

In this equation, ri ≥ 0; Ti is the mean temperature; Pi is the photoperiod of the day; and b0 , b1 and b2 are genotypic coefﬁcients.
is the cumulative vernalization days, which accumulate a value of
1 if the temperature is optimal or 0 if the temperature is outside
the appropriate range. Vf is a genotypic characteristic. The larger
Vf is, the longer the requirement for vernalization. 2Vf is deﬁned as
the duration required for completion of vernalization. If Vf = 0, no
vernalization is required. The ﬂowering date is the day when the
summation of daily developing rates (ri ) is greater or equal to 1.0
in the model.
Field observations of sowing and ﬂowering dates for the
two varieties were collected from ﬁeld experiments conducted
from 2002 to 2006 at 15 locations in the NSW wheat belt to
determine the parameters for Eq. (2) and for evaluating the prediction of ﬂowering dates for spring and winter wheat using
the vernalizing–photothermal model. In the experiment, varieties
were sown at ﬁve different sowing times from early April to early
July in each year at each location. Each variety was sown as a separate block in each sowing time in a single one-meter long row
with 25-cm row space. Air temperature data were recorded at each
location with electronic data recorders sampling at 30-min intervals to determine the daily maximum and minimum temperature.
The date when 50% of ears in each row had commenced ﬂowering
was recorded.
We used least-squares multiple regression to determine the
parameters for the two varieties from the ﬁeld observations for
the different sowing dates, locations and years (Liu, 2007). We
also applied a cross validation (Liu, 2007) so that the predictability of the model for the two varieties used in this study was
independently validated with the observed data. Table 1 shows
the ﬁtting parameters of the vernalizing–photothermal model for

Fig. 1. Comparison of observed and the phenological model predicted days from sowing to ﬂowering for spring: (a) and winter, (b) wheat. The solid black line corresponds
to the linear regression for parameter ﬁtting, and the red dashed line corresponds to cross validation. (For interpretation of the references to colour in this ﬁgure legend, the
reader is referred to the web version of this article.)
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spring (Cunningham) and winter (Wylah) wheat variety. Fig. 1 displays the ﬁtting and cross validation of the model for the number of
days from sowing to ﬂowering. The spring wheat ﬂowering dates
predicted by the model were consistent with the observational data
(Fig. 1a), with the root mean square error (RMSE) of 6.93 days
(N = 40, R2 = 0.87) for validation of ﬁtting and 7.56 days (N = 40,
R2 = 0.84) for cross-validation. RMSE for winter wheat was 6.92 days
(N = 122, R2 = 0.93) and 7.06 days (N = 122, R2 = 0.92) (Fig. 1b).

as future sowing dates to simulate ﬂowering date change using
the vernalizing–photothermal model. Moreover, we calculated the
number of hot days (daily maximum temperature exceeding 30 ◦ C)
and frost days (daily minimum temperature under 2 ◦ C) occurring
at anthesis dates (± 7 days) to investigate changes in the occurrence of temperature extremes during ﬂowering. Future changes
for ﬂowering date and the number of frost and hot days were
calculated as downscaled future (2040s and 2080s) values minus
downscaled historical (1961–2000) values.

2.3. Climate analysis
2.3.3. Spatial analysis
Results were generated for four regions of the NSW wheat
belt, including the Northeast (NE, I), Northwest (NW, II), Southeast
(SE, III), and Southwest (SW, IV) (see Fig. S1). We used the Climate Change Adaptation Strategy Tool (CCAST) to calculate regional
results from values calculated for the 894 study sites. Developed by
Liu et al. (2011), CCAST is a stand-alone GIS framework that analyses
climate change impacts, deﬁnes the agricultural and geographical
areas most sensitive to climate change, and identiﬁes appropriate adaptation responses (Liu et al., 2011). Once a target index is
selected (for example, a change in ﬂowering date), spatial analysis
can be performed to obtain a pattern of changes across a region.
Here, the 50th percentile of the selected index across all the sites in
the speciﬁc region was calculated as a spatial regional value using
inverse distance weighted (IDW) interpolation.

2.3.1. Optimum sowing date for current climate
Observed daily minimum and maximum temperatures for
1961–2000 were used to analyse the occurrence of frost and heat
events. For each growing season and each site, the last frost day
was deﬁned as the last day of the year with a minimum air temperature below 2 ◦ C (Liu et al., 2011); the ﬁrst heat day was deﬁned as
the ﬁrst day after July 1 with a maximum air temperature greater
than 30 ◦ C (Asseng et al., 2011; Porter and Gawith, 1999). Years
with no frost and/or heat days were assigned the minimum last
frost day (April 11) and maximum ﬁrst heat day (December 31)
across all sites (Zheng et al., 2012). The probabilities of occurrence
of last frost and ﬁrst heat days were calculated to determine historical ﬂowering date for the period of 1961–2000. The optimum
ﬂowering date was deﬁned as the date halfway between the date
of 10% risk of last frost and the date of 10% risk of ﬁrst heat day (i.e.
the low-risk ﬂowering window). The development of two varieties
was simulated using the vernalizing–photothermal model for different sowing dates at 1-day intervals (from March 1 to August 1)
at each site. Using the optimum ﬂowering dates, we identiﬁed the
optimum sowing dates for spring and winter wheat at each site.

3. Results
3.1. Projected changes in temperature
Table 2 presents trends in annual mean daily maximum and
minimum temperature statistically downscaled from 19 GCMs over
the NSW wheat belt from 2020 to 2100 under scenarios RCP4.5 and
RCP8.5. For annual maximum and minimum temperature, all the
models show a positive trend for both two future climate scenarios.
However, the projections show apparent differences between scenarios RCP4.5 and RCP8.5. The trend for RCP8.5 was much larger
than that of RCP4.5, owing to the different evolution of radiative
forcing in the future. Under RCP4.5, the trends of annual maximum temperature ranged between 0.07 ◦ C and 0.34 ◦ C per decade

2.3.2. Simulation for future climate scenarios
The daily maximum and minimum temperature downscaled from the 19 selected GCMs were used to drive the
vernalizing–photothermal model to investigate changes in ﬂowering date by 2040s (2021–2060, near future) and by 2080s
(2061–2100, far future) under the RCP4.5 and RCP8.5 scenarios. The
optimum sowing dates for two varieties for each site determined
by downscaled historical climate data from each GCM were used

Table 2
Projected trends in annual mean daily maximum and daily minimum temperature (◦ C per decade) statistically downscaled from 19 GCMs for RCP4.5 and RCP8.5 during the
period 2020–2100 in the NSW wheat belt. Standard errors for trends for individual models are shown in brackets. For the multi-model mean trends, numbers in brackets are
standard deviations across all GCMs. All trends are signiﬁcant with p < 0.05.
Model ID

Maximum temperature

Maximum temperature

RCP4.5

02
05
06
07
08
09
10
12
13
14
15
16
18
19
21
24
25
26
27
Mean

RCP8.5
2

RCP4.5
2

RCP8.5
2

Trend

R

Trend

R

Trend

R

Trend

R2

0.07(±0.028)
0.19(±0.029)
0.14(±0.029)
0.20(±0.032)
0.27(±0.037)
0.34(±0.030)
0.15(±0.036)
0.14(±0.027)
0.15(±0.029)
0.29(±0.039)
0.10(±0.033)
0.12(±0.038)
0.16(±0.025)
0.20(±0.027)
0.18(±0.036)
0.15(±0.042)
0.13(±0.038)
0.15(±0.030)
0.17(±0.026)
0.17(±0.07)

0.07
0.35
0.24
0.34
0.39
0.62
0.17
0.26
0.26
0.42
0.10
0.11
0.33
0.42
0.24
0.14
0.14
0.25
0.35
0.27

0.36(±0.031)
0.55(±0.035)
0.49(±0.039)
0.62(±0.028)
0.65(±0.041)
0.56(±0.028)
0.39(±0.048)
0.36(±0.025)
0.27(±0.026)
0.49(±0.040)
0.36(±0.034)
0.36(±0.038)
0.29(±0.027)
0.55(±0.023)
0.42(±0.036)
0.48(±0.045)
0.46(±0.040)
0.38(±0.034)
0.47(±0.029)
0.45(±0.11)

0.63
0.75
0.67
0.86
0.76
0.84
0.46
0.72
0.58
0.66
0.59
0.54
0.59
0.88
0.62
0.59
0.63
0.61
0.77
0.67

0.07(±0.026)
0.13(±0.025)
0.12(±0.018)
0.23(±0.024)
0.26(±0.026)
0.21(±0.019)
0.22(±0.025)
0.12(±0.021)
0.17(±0.019)
0.26(±0.022)
0.07(±0.025)
0.13(±0.032)
0.06(±0.022)
0.18(±0.018)
0.17(±0.028)
0.13(±0.023)
0.14(±0.021)
0.17(±0.016)
0.11(±0.021)
0.16(±0.06)

0.07
0.27
0.37
0.53
0.57
0.61
0.50
0.30
0.49
0.63
0.09
0.18
0.09
0.58
0.32
0.30
0.36
0.57
0.25
0.37

0.43(±0.029)
0.45(±0.025)
0.40(±0.021)
0.67(±0.021)
0.65(±0.030)
0.60(±0.018)
0.53(±0.027)
0.42(±0.020)
0.36(±0.019)
0.55(±0.021)
0.41(±0.024)
0.41(±0.030)
0.22(±0.021)
0.52(±0.022)
0.53(±0.026)
0.45(±0.025)
0.44(±0.027)
0.48(±0.019)
0.36(±0.018)
0.47(±0.11)

0.74
0.81
0.83
0.93
0.86
0.93
0.83
0.84
0.83
0.89
0.79
0.69
0.58
0.87
0.84
0.80
0.76
0.89
0.84
0.82
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Fig. 2. Spring (a) and winter, (b) wheat optimum ﬂowering and sowing dates determined by the occurrence of extreme temperature events for Wagga Wagga during the
period 1961–2000. Probabilities of last frost days (blue line) and ﬁrst heat days (red line) are calculated as the percentiles of last frost and ﬁrst heat days from 1961 to 2000.
The green line shows the variation in ﬂowering date for different sowing dates. The 10% risk of last frost and ﬁrst heat day is given to determine low-risk ﬂowering window
(horizontal dashed line). The grey shading shows the low-risk period for ﬂowering and the corresponding sowing window. The optimum ﬂowering date is the middle date
of the low-risk ﬂowering window (vertical solid line). The optimum sowing date is determined by the corresponding optimum ﬂowering date (horizontal solid line). (For
interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

across the 19 GCMs with an ensemble mean trend of 0.17 ◦ C per
decade. For scenario RCP8.5, the ensemble mean rate of increase in
annual maximum temperature was 0.45 ◦ C per decade, more than
double that of RCP4.5. For the annual minimum temperature, the
mean trend for RCP8.5 was 0.47 ◦ C per decade. In contrast, RCP4.5
predicted a lower mean warming rate of 0.16 ◦ C per decade.
RCP4.5 and RCP8.5 are considered as two cases of different
evolution in greenhouse gas concentrations. The RCPs represent a
range of 21st century climate policies. For RCP4.5, radiative forcing
stabilizes by 2100, but for RCP8.5 it does not peak by year 2100 due
to high greenhouse gas emissions. In the present study, the two scenarios produced similar temperatures for the NSW wheat belt until
the middle of the 21st century based on the median value from the
19 GCMs (Fig. S3). In the time series of annual maximum and minimum temperature during the period 1961–2100 across the NSW

wheat belt, distinguishable differences between the two scenarios do not occur until the year 2040, considering the ensembles of
projections.
The annual mean temperatures for RCP4.5 and RCP8.5 projected
by the 19 GCMs for the 2040s and 2080s differed between the four
regions of the wheat belt (Fig. S4). The projected temperature in
the 2040s shows large differences between the four regions. By
the 2040s, the highest simulated temperature was found in northwestern parts of NSW wheat belt (region NW, II) with ensemble
median temperatures of 20.5 ◦ C for RCP4.5 and 20.8 ◦ C for RCP8.5.
The lowest simulated annual temperatures appeared in the southeast (region SE, III), 17.0 ◦ C for RCP4.5 and 17.2 ◦ C for RCP8.5.
The simulated annual mean temperature of the 2080s was similar to the results of the 2040s, with highest temperature in region
NW (21.0–22.6 ◦ C) and lowest temperature in SE (17.6–19.3 ◦ C) for

Fig. 3. Maps of optimum sowing date for spring wheat: (a), winter wheat (b), and optimum ﬂowering date (c), based on observed historical climate data during the period
of 1961–2000.
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RCP4.5 and RCP8.5. However, the projected changes of temperature and the dispersion between the two scenarios turned out to
be larger in the 2080s. By the 2080s, region NE (I) and SE were
projected to warm the most, with an ensemble median warming
of 2.9 ◦ C; region SW (IV) was projected to warm the least, with an
ensemble median warming of 2.7 ◦ C.
3.2. Optimum sowing and ﬂowering dates based on observed
historical climate data
Optimum ﬂowering date was determined as the date halfway
through the low-risk period for extreme temperature, between 10%
risk of last frost and 10% risk of ﬁrst heat day (e.g. for Wagga Wagga
in Fig. 2). To identify optimum sowing dates, simulations were performed with sowing at 1-day intervals from March 1 to August 1.
The optimum sowing dates for each site for the two wheat varieties
were identiﬁed from the simulations, given the optimum ﬂowering
date. For example, based on the patterns of frost and heat stresses
for Wagga Wagga (Fig. 2), the optimum ﬂowering date was October
13; the optimum sowing date for spring wheat was May 27; and
the optimum sowing date for winter wheat was May 22.
Fig. 3a and b show the spatial distribution of optimum sowing
dates for spring and winter wheat based on observed historical climate data for 1961–2000. The sowing date became later in the year
from west to east across the NSW wheat belt, and the winter variety was sowed earlier than the spring variety by an average of 26
days. The optimum ﬂowering date also became delayed in the year
from west to east (Fig. 3c).
3.3. Changes in ﬂowering date for future climate scenarios
Results indicate that the future climate changes considered will
have a large impact on wheat ﬂowering date. Fig. 4a shows changes
in spring wheat ﬂowering date for the 2040s and 2080s relative to
the baseline period (1961–2000) for the four regions in the NSW
wheat belt. The time of spring wheat ﬂowering is clearly advanced
in future climate scenarios due to increasing temperature. The time
to ﬂowering was shortened with rising temperature for all four
regions, and the effect was more pronounced where temperatures
increased the most. The largest shift in ﬂowering date was found in
region NE, especially under the high-emission RCP8.5 scenario, followed by region NW; the smallest changes in ﬂowering date were
found in regions SW and SE. By the 2040s, spring wheat ﬂowering
date was expected to become earlier by an ensemble median of
6.8 days for RCP4.5 and 8.4 days for RCP8.5 across the NSW wheat
belt. However, the impact of further temperature increases leads
to a greater effect on the time of ﬂowering. By the 2080s, ﬂowering
date shifted earlier by an ensemble median of 10.2 and 17.8 days for
the two scenarios across the wheat belt. The difference in the size
of the effect between the two scenarios is larger for the 2080s than
for the 2040s. This is related to large differences in temperatures
between RCP4.5 and RCP8.5 after about 2040 (Fig. S3).
Fig. 4b shows the changes in winter wheat ﬂowering date for
the two future climate scenarios. Flowering date advances under
RCP4.5 and RCP8.5 by both the 2040s and 2080s for all regions
except region NW; ensemble median changes under RCP4.5 are
6.8 (NE), 7.3 (SE), and 4.6 (SW) days, and 6.8 (NE), 9.1 (SE) and 4.1
(SW) days under RCP8.5. Increasing temperatures accelerated the
growth rate of winter wheat and thereby advanced the ﬂowering
date. However, it is noteworthy that winter wheat ﬂowering date
was delayed by higher temperature in the warmest region (region
NW). On average, winter wheat ﬂowering date shifted 2.4 days later
for RCP4.5 and 14.3 days later for RCP8.5.
Fig. 5 displays the sensitivity of wheat ﬂowering date to annual
mean temperature change in the four regions of the NSW wheat
belt based on two scenarios from 19 GCMs with two time periods

(2040s and 2080s). Spring wheat ﬂowering date shows a negative response to an increase in mean annual temperature (Fig. 5a)
at all four regions. For regions NE, NW, and SW, a 1 ◦ C increase
in temperature resulted in an earlier shift for ﬂowering date by
approximately 4.9 days. A smaller change occurred in region SE,
4.0 days ◦ C−1 . However, winter wheat had a negative correlation
between ﬂowering date and temperature only for region SE, the
coolest region (Fig. 5b); in this region, a 1 ◦ C increase in mean temperature resulted in an earlier shift for ﬂowering date by 2.2 days.
The warmest region (region NW) showed delays in ﬂowering date
by 11.7 days ◦ C−1 .
3.4. Changes in number of hot and frost days at ﬂowering date for
future climate scenarios
The risk of heat stress during ﬂowering is more severe in the
future. Fig. 6a shows increases in the number of hot days (maximum temperature exceeding 30 ◦ C) around spring wheat ﬂowering
(ﬂowering date ± 7 days) under RCP4.5 and RCP8.5 in 2040s and
2080s at the four regions of the NSW wheat belt. By the 2040s,
changes in the number of hot days were almost all less than 1 day
for both RCP4.5 and RCP8.5. By the 2080s, the increase in the occurrence of hot days at ﬂowering date was the most in region NW
(ensemble median change of 1.6 days for RCP4.5 and 3.5 days for
RCP8.5) followed by region NE (ensemble median change of 1.5
days for RCP4.5 and 3.0 days for RCP8.5); the smallest increase in
the number of hot days was found in region SW (ensemble median
change of 1.2 days for RCP4.5 and 2.5 days for RCP8.5). The results
for winter wheat are similar (Fig. 6b), although for region NW
increases in the number of hot days by the 2040s exceed 1 day
for most of the GCMs (ensemble median changes of 1.1 days for
RCP4.5 and 1.7 days for RCP8.5).
The number of frost days with daily minimum temperature
below 2 ◦ C occurred around wheat ﬂowering date (± 7 days)
reduced by less than one day for both future scenarios relative to
the 1961–2000 period due to climate warming (Fig. 7). By 2040s
decreased number of frost days was less than 0.1 for spring wheat
for both RCP8.5 and RCP4.5 at the four regions (Fig. 7a). By 2080s the
highest decrease in the occurrence of frost days was in region NW
(ensemble median change of 0.3 days for RCP4.5 and 0.4 days for
RCP8.5); the lowest decrease in the number of frost days was found
in region SW (ensemble median change of 0.2 days for RCP4.5 and
0.3 days for RCP8.5). The results for winter wheat are analogous to
spring wheat (Fig. 7b).
4. Discussion
In this study, the combination of downscaled GCM output and
the phenological model was used to assess the effects of climate
change on wheat ﬂowering dates across the NSW wheat belt. The
overall response of wheat phenology to changes in temperature in
the four regions considered is an obvious result of the temperaturedriven development model. Compared with the baseline, if farmers
do not change the cultivars grown and do not improve management
practices, the simulations of future climate scenarios indicated
that climate change would shorten the growing period for spring
wheat due to an advance in ﬂowering date. The warmer climate
would speed development and lead to a reduction in the number
of days in the vegetative period for spring wheat. Winter wheat
ﬂowering dates also changed but these change varied by region.
In the warmest region, the NW, ﬂowering dates were delayed
due to higher temperature resulting in unsuccessful vernalization,
especially by the 2080s under the high-emission RCP8.5 scenario
(Fig. 4b). In the coolest region, the SE, ﬂowering date occurred earlier (Fig. 4b). We simulated that ﬂowering date would advance by an
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Fig. 4. Simulated changes in ﬂowering date for spring: (a) and winter, (b) wheat in the 2040s and 2080s relative to the period 1961–2000 for four regions in the NSW wheat
belt. Box plots are constructed from results from 19 GCMs. Box boundaries indicate the 25th and 75th percentiles; the black line within the box marks the median; whiskers
below and above the box indicate the 10th and 90th percentiles; and crosses indicate outliers.

Fig. 5. Relationship between simulated changes in wheat ﬂowering date and annual mean temperature change in four regions of the NSW wheat belt for spring: (a) and
winter, (b) wheat. The effect of a change in temperature (T) was ﬁtted using linear regression.

ensemble median of 10.2 days for RCP4.5 and 17.8 days for RCP8.5
for spring wheat averaged across the entire wheat belt in the 2080s.
In contrast, ﬂowering date for winter wheat would advance by 4.8
days under RCP4.5 and delay by 1.0 days under RCP8.5 in the 2080s.
Although simulated wheat ﬂowering date became earlier or
delayed (Fig. 4), the number of hot days with maximum temperature exceeding 30 ◦ C during ﬂowering date (± 7 days) in 2040s and
2080s increased due to climate warming, especially for the RCP8.5
(Fig. 6). Simulated number of frost days with minimum temperature below 2 ◦ C during ﬂowering (± 7 days) decreased slightly in
2080s for RCP8.5 (Fig. 7). It should be noted that hot days occurred
most and frost days occurred least in the warmest region, the NW,
under high emission (RCP8.5) in the future, which is consistent with
the results of Zheng et al. (2012). They found that a greater number

of regions would become “frost-free” and the ﬁrst heat day of wheat
season was earlier by 4–41 days in Australian wheat belt in the
future climate. Consequently, frost and heat events were predicted
to occur depending on the location and future scenario considered.
Simulated spring wheat ﬂowering date changes displayed a
strong correlation with annual mean temperature change. The
results show that increased temperature had a negative effect
on spring wheat ﬂowering date with −4.7 days ◦ C−1 (Fig. 5a),
which roughly compares to previous estimates (Estrella et al., 2007;
Sadras and Monzon, 2006; Tao et al., 2006; Yang et al., 2014; Zheng
et al., 2012). It is noteworthy that there was a signiﬁcantly delayed
response of winter wheat ﬂowering time to mean temperature
increase in region NW (Fig. 5b). Many recent studies have suggested that plants were not advancing in their spring phenological
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Fig. 6. Changes in average number of hot days with daily maximum temperature exceeding 30 ◦ C during ﬂowering (ﬂowering date ± 7 days) for spring: (a) and winter,
(b) wheat under RCP4.5 and RCP8.5 by the 2040s and 2080s, relative to the 1961–2000 period for four regions in the NSW wheat belt based on downscaled data from 19
GCMs. Box boundaries indicate the 25th and 75th percentiles; the black line within the box marks the median; whiskers below and above the box indicate the 10th and 90th
percentiles; and crosses indicate outliers.

behaviours (leaf unfolding and ﬂowering) because they responded
more to lack of winter chill than increased spring heat (Cook et al.,
2012; Pope et al., 2013; Wang et al., 2014). The requirement of
thermal time for wheat development was not being met because
the number of cumulative vernalization days was shortened due
to climate warming and became insufﬁcient to fulﬁl the vegetation chilling requirement. The cumulative vernalization days for
winter wheat reduced by an ensemble median of 20 and 30 days
averaged across the NSW wheat belt for RCP4.5 and RCP8.5, respectively (Fig. 8a and b). As a result, ﬂowering date was delayed under
the two RCP scenarios in region NW (Fig. 4b), where annual temperature was the highest (Fig. S4). Interestingly, region NW exhibited
a stronger positive response to temperature than regions NE and
SW; while in the coolest region, the SE, there was a negative relationship between ﬂowering date change and mean temperature
(Fig. 5b). This indicates that higher temperatures in the warmest
region restricts winter wheat vernalization, which delays the growing season in the future and increases the risk of exposure to hot
days around ﬂowering date (Fig. 6b).
Our analysis demonstrated changed anthesis processes that
agree with the ﬁndings of other studies (Sadras and Monzon,
2006; Wang et al., 2009; Zheng et al., 2012). However, when driving the phenology model with statistically downscaled daily data
from different GCMs, there are many uncertainties, including the
choice of GCMs with the best performance to downscale. Most
previous model validation studies used conventional statistics to
measure the similarity between observed and modelled data (Min
and Hense, 2006; Reichler and Kim, 2008; Taylor, 2001). For example, in this study, we used Taylor’s method to select GCMs after
characterizing model performance from correlation and standard

deviations. These two statistics were combined in a single diagram,
resulting in a good visualization of the model. The projected wheatgrowing season and annual maximum temperature from 28 GCMs
during the period 1961–2000 all passed the skill score (0.4), except
BNU-ESM, which shows better simulated results than the minimum temperature (19 of 28 GCMs passed 0.4) across the entire
NSW wheat belt. This approach, however, is only practical for a
small number of models and/or climate quantities (Reichler and
Kim, 2008). More uncertainty can come from the GCMs themselves
(different spatial resolution), statistical downscaled method (bias
correction), and the independence of simulated different GCMs
(Bishop and Abramowitz, 2013; Evans et al., 2013); these uncertainties were not considered when using multi-model ensemble
median value.
Ambient temperature, photoperiod and vernalization are major
environmental factors affecting crop ﬂowering time (Brooking and
Jamieson, 2002; Liu, 2007; Wang and Engel, 1998). Other factors
such as water and nitrogen stress together with temperature will
have large effect on crop photosynthesis or respiration and then
resulting in yield loss. Therefore, as the wheat phenology module
in APSIM and CERES-Wheat both assume that crop development is
determined by photoperiod and temperature (Keating et al., 2003;
Lobell and Ortiz-Monasterio, 2007), the phenological model used
in this study is based on a non-linear vernalization module incorporating thermal and photothermal additive models for the time of
ﬂowering. It is an effective approach for determining phenological
parameters from ﬁeld experiment data and separating the confounding effects of temperature and vernalization in phenological
development (Liu, 2007). However, like all other commonly-used
phenological models, uncertainty exists in the model results as the

B. Wang et al. / Agricultural and Forest Meteorology 209 (2015) 11–21

19

Fig. 7. Changes in average number of frost days with daily minimum temperature under 2 ◦ C during ﬂowering (ﬂowering date ± 7 days) for spring: (a) and winter, (b) wheat
under RCP4.5 and RCP8.5 by the 2040s and 2080s, relative to the 1961–2000 period for four regions in the NSW wheat belt based on downscaled data from 19 GCMs. Box
boundaries indicate the 25th and 75th percentiles; the black line within the box marks the median; whiskers below and above the box indicate the 10th and 90th percentiles;
and crosses indicate outliers.

values of the model parameters are determined by ﬁtting limited
ﬁeld observations.
Increasing temperatures during the 21st century will have
large consequences on crops. Some varieties will beneﬁt from a
warmer climate, while others will disappear (Piao et al., 2010).
Our simulated results indicate that continued warming of the NSW
climate will have serious consequences for some wheat varieties
grown there. For spring wheat, accelerated phenology could reduce
yield and ﬁtness because earlier ﬂowering could constrain vegetative development, leading to a lower amount of radiation being
intercepted and affecting soil water extraction. For winter wheat,
ﬂowering date will be delayed due to lack of necessary vernalization
in the model. Fortunately, switching to different varieties may be
able to compensate for the negative impacts of climate change (Liu

et al., 2010). Adopting wheat varieties that require weaker or zero
vernalization in the future may be a good strategy in some areas.
Our results demonstrate that in the western parts of the wheat
belt (regions NW and SW) ﬂowering date for winter wheat delayed
more than in the eastern parts (regions SE and NE) (Fig. 4b). Therefore, limiting sowing of winter varieties in the western plains may
be one strategy to mitigate the impacts of future climate change in
the wheat belt.
Our study clearly demonstrates the need to consider changes
in both genotype and sowing date in climate change impact studies. In some of our simulations, which did not consider adaptation,
the magnitude of impact was strongly related to the change
in temperature because of the associated reduction in growing season duration. In this study, the optimum sowing dates

Fig. 8. Maps of simulated changes in cumulative vernalization days for winter wheat with an ensemble median of 19 GCMs during the period 2020–2100 under RCP4.5 (a)
and RCP8.5 (b), relative to 1961–2000.
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based on downscaled historical climate data (1961–2000) for each
GCM were used as future sowing dates to simulate future ﬂowering changes. Optimum sowing date was only determined by
the vernalization–photothermal model according to the optimum
ﬂowering date calculated by the low-risk window of frost and heat
stress. We ignored the effect of rainfall on sowing date. This may
be signiﬁcant, as the timing of the ﬁrst autumn rains in eastern
Australia can be unreliable. In fact, optimum ﬂowering date will
change due to global warming resulting in increased number of
hot days with maximum temperature exceeding 30 ◦ C (Fig. 6) and
decreasing number of frost days with minimum temperature below
2 ◦ C (Fig. 7) around ﬂowering date (± 7 days) in future climate
conditions. Sowing dates may advance as a consequence of earlier
ﬂowering date to minimize frost and heat stress at anthesis dates
in the future (Zheng et al., 2012). In reality, farmers have already
sowed earlier, and wheat yield has improved in recent decades,
particularly because of the adoption of new planting practices and
varieties (Gomez-Macpherson and Richards, 1995; Stephens and
Lyons, 1998). Moreover, sowing early at the break of season is now
possible because of the use of herbicides to maintain soil water conditions and minimum tillage techniques that preserve soil moisture
(Anderson and Smith, 1990; Zheng et al., 2012).
As a result of phenological responses to increasing temperatures, current wheat varieties may not be suitable for future climate
conditions due to a shorter growth cycle and exposure to extreme
high temperatures during ﬂowering date, despite reduced frost
risk. The growing season and extreme events risk might determine
the plant-able year for current wheat varieties. Different varieties
will be limited by different climatic thresholds. For example, in
the vernalizing–photothermal model, if the cumulative vernalization days are ≤ (approximately 25.4 days), winter wheat cannot
complete vernalization, affecting the time of the transition from
vegetative to reproductive development and leading to a potentially high-yield penalty. In contrast, spring wheat does not require
vernalization. In the future, our current long-season wheat varieties
will have a growth period similar to the current medium-season
cultivars (Zheng et al., 2012); our current medium, short-season,
and winter varieties may disappear due to warming in the next
few decades. Late-maturing cultivars will be needed to maintain
the current crop cycle duration, to provide for the use of resources
(radiation, CO2 , water, and nutrients) of long-season cultivars, and
to allow earlier sowing (Zhang et al., 2006; Zheng et al., 2012). For
some regions, it is important to breed long-season cultivars capable
of coping with an increased frequency and magnitude of heat stress
around ﬂowering and grain ﬁlling. In some regions, it will be equally
important to maintain tolerance of low temperatures (spring frost)
when sowing earlier. Breeding is often slow (e.g. 10–12 years to
develop a new crop cultivar, 20 years or more to develop a new
variety to the point of commercial production) (Asseng and Pannell,
2013), so it is urgent to examine adaptation of wheat genotypes to
future climate. This also points to the need to consider the effects of
climate change on crops and incorporate those ﬁndings into future
breeding programmes. That is why it is useful to study the results
of crop simulation models with different phenotypic characteristics
combined with climate data representing different climate change
scenarios.

5. Conclusions
The ﬂowering date of wheat is strongly controlled by temperature and is potentially highly sensitive to climate change. Our
simulations suggest a general advance in spring wheat ﬂowering
date between 1961–2000 and the 2080s, on average, by 10.2 days
for RCP4.5 and 17.8 days for RCP8.5 across the NSW wheat belt.
Changes in ﬂowering dates for winter wheat were also simulated,

but these varied in sign by region. In the warmer sub-region, ﬂowering dates delayed by an average of 2.4 days for RCP4.5 and 14.3
days for RCP8.5 due to higher temperature resulting in unsuccessful vernalization. In the cooler regions (NE, SE, SW) ﬂowering dates
occurred earlier by 6.2 days for RCP4.5 and 6.7 days for RCP8.5 on
average. Moreover, in the western parts of the wheat belt the delay
of winter wheat ﬂowering date was about 9.5 days longer than that
in the eastern parts. Thus limiting sowing of winter varieties in the
western plains may be one strategy to mitigate the impacts of future
climate change in the wheat belt. It should be noted that the number of hot days with maximum temperature exceeding 30 ◦ C during
ﬂowering date (± 7 days) increased while simulated number of
frost days with minimum temperature below 2 ◦ C decreased due to
climate warming. Therefore, sowing dates may advance as a consequence of ﬂowering date change to minimize frost and heat stress at
anthesis dates in the future. Late-maturing cultivars with increased
heat-stress resistance will be needed to maintain the current crop
cycle duration, to provide for the use of resources (radiation, CO2 ,
water, and nutrients) of long-season cultivars in eastern Australia.
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