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a b s t r a c t
Crop phenology is related to the partitioning of assimilates to different organs, crop productivity and
timing of crop management. Understanding the uncertainty in simulated crop phenology can help target
future direction of model improvement and assess climate change impact more accurately. However, the
uncertainty in maize phenology modelling across regions and under climate scenarios has not been properly addressed. This study investigated the uncertainty in simulated maize phenology using six widely
used models (SIMCOY, MAIS, Beta, WOFOST, CERES, and APSIM). The models were ﬁrstly calibrated and
validated using long-term observational data across China’s Maize Belt. The validated models were then
used to simulate maize phenology changes in response to climate change. The results showed that the
six models could reach acceptable precision (NRMSE < 8% for all the six models) by the calibration under
current climate. However, the uncertainty between models in simulated maize phenology increased with
the coefﬁcient of ﬂuctuation from 3.2% under the baseline to 6.3% under RCP4.5 and 7.4% under RCP8.5 in
2030s and 8.9% under RCP4.5 and 14.5% under RCP8.5 in 2080s for the simulated silking date, and from
4.2% under the baseline to 7.0% under RCP4.5 and 7.7% under RCP8.5 in 2030s and 10.2% under RCP4.5 and
16.7% under RCP8.5 in 2080s for the simulated maturity date in North China Plain. This highlights a significant knowledge gap in understanding how the key physiological processes of maize respond to changing
temperature, particularly temperatures beyond the optimum. The uncertainty in predicted phenology
is largest for summer maize in North China Plain, smaller for spring maize in northeast and southwest
China. The increased uncertainty in North China Plain was due to more frequent supra-optimal temperatures, where different models disagree most in terms of phenology response to temperature, highlighting
a key area for future model improvement. This implies that there could be a large uncertainty in simulated maize yield under future climate change in previous modelling studies conducted with a single
crop growth model due to the uncertainty in simulated maize phenology.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Crop phenology, an indicator of plant responses to climate variability and change (Hu et al., 2005; Tao et al., 2006; Estrella et al.,
2007; Wang et al., 2013), affects the partitioning of assimilates
to different plant organs and determines the appropriate time of
agronomic management (Hodges, 1991; Ruml and Vulić, 2005).
Therefore, accurate modeling of crop phenology is critical for reliable simulations of crop growth and yield and the assessment of
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the impact of climate change on crop production (van Oort et al.,
2011; Mats et al., 2013; Wang et al., 2014).
Crop phenology is determined by crop genetic characteristics
and environment factors (McMaster et al., 1992; Wilczek et al.,
2010; Schröder et al., 2014). For a speciﬁc cultivar, crop phenology
is predominately controlled by temperature and photoperiod, and
in some cases also affected by water and nutrient conditions and
other factors (Hodges and French, 1985; Fredeick et al., 1989; Uhart
and Andrade, 1995; Springer and Ward, 2007). In general, temperature affects the development rate during the whole crop growing
season while photoperiod only affects the duration of the inductive
phase (from end juvenile to ﬂoral initiation) (Calder, 1964).
For cereal crops, any changes in the timing of ﬂoral initiation will
result in changes in ﬁnal leaf number, ﬂowering and maturity time

20

N. Wang et al. / Europ. J. Agronomy 71 (2015) 19–33

Fig. 1. The geographic location of Northeast China (NEC), North China Plain (NCP), Southwest China (SWC) and the study sites: Hailun, Huadian and Chaoyang in NEC, Beijing,
Jining and Zhumadian in NCP, Fengdu, Leshan, Puding and Luliang in SWC.

(Coligado and Brown, 1974; Hunter et al., 1974, 1977; Warrington
and Kanemasu, 1983b). Obviously, any uncertainty in simulation of
phenological development will subsequently lead to uncertainty in
simulated crop yield, particularly under future warming conditions
due to changes in the length of crop growing period (Tao et al., 2006;
Asseng et al., 2013; Wang et al., 2012, 2014; Katharina et al., 2015).
Maize is one of the most important food crops over the world,
accounting for more than 34% of global cereal production (FAO,
2012), and has the largest sown area in China (National Bureau
of Statistics of China, 2013). Some previous studies indicated that
maize yield in China is highly vulnerable to climate warming and
this vulnerability has been assessed using physiologically based
maize growth models (Tao and Zhang, 2010; Wang et al., 2011;
Xiong et al., 2014). Most of these studies have used a single crop
growth model to assess the impact of past and future climate
change on maize production (Xiong et al., 2007; Wu et al., 2008; Liu
et al., 2012; Lin et al., 2014; Wang et al., 2014). However, different
maize crop models vary in their response functions of phenology
to both temperature and photoperiod (van Diepen et al., 1989; Yin
et al., 1995; Yan and Hunt, 1999; Zheng et al., 2000), particularly at
temperatures above the optimum (Challinor and Wheeler, 2008).
The models also simulate the interaction between temperature (T)
and photoperiod (P) differently, some using additive while others
using multiplicative methods (Yan and Wallace, 1998). How such
different handling of response functions between the models transfers to differences in simulated maize phenology under current
and future climate conditions has been rarely addressed. China’s
Maize Belt covers a wide range of planting areas where maize crop
grows under different climate conditions. Under such conditions,
different models may simulate different responses to future climate change. Therefore, it is necessary to assess the uncertainty
in phenology predictions for maize crop in China caused by using

different crop phenology models under current and future climate,
which leads directly to uncertainty in predictions of crop yield (Tao
et al., 2009a,b; Asseng et al., 2013; Zhang and Tao, 2013; Bassu et al.,
2014; Kumudini et al., 2014).
The objectives of this study are to (1) evaluate the accuracy of
six widely applied maize crop models in simulating maize phenology under current climate in the China’s Maize Belt, extending
from Northeast China, to North China Plain and Southwest China,
(2) compare the model sensitivity to temperature and photoperiod
variations; and (3) investigate the uncertainties in simulated maize
phenology under future climate change scenarios across the study
region.
2. Materials and methods
2.1. Study areas, climate and crop data
Ten sites were selected in this study, where regular records
of maize phenology were available. These sites cover the main
maize production regions in China, including Hailun, Huadian and
Chaoyang in Northeast China (NEC), Beijing, Jining and Zhumadian
in North China Plain (NCP) and Fengdu, Leshan, Puding and Luliang
in Southwest China (SWC) (Fig. 1, Table 1). The 10 sites covered
large spatial variations in climate and cropping systems. In general, NEC is a large ﬂat plain with a temperate humid/semi-humid
climate and a prevailing single-cropping system. Spring maize is
planted on average in late April and harvested in late September.
NCP is characterized by a moderate monsoon climate and a prevailing winter wheat and summer maize double-cropping system.
Summer maize is planted on average in early June and harvested in
late September. SWC has complex terrain, including basin, hill and
mountain, with mixed subtropical and alpine frigid climate and
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Table 1
Site information, the planted maize variety and the continuous planting periods at each site. The maize planting periods were divided into even and odd years. Observed
phenological data for the single cultivar in even years were used to calibrate the six models and those in odd years were used to validate the six models. NEC = Northeast
China, NCP = North China Plain, SWC = Southwest China, the same as below.
Area

Station name

Latitude
(◦ N)

Longitude
(◦ E)

Altitude
(m)

NEC

Hailun
Huadian
Chaoyang

47.26
42.59
41.33

126.58
126.45
120.27

239.2
263.3
169.2

2.1
4.6
9.1

NCP

Beijing
Jining
Zhumadian

39.48
35.27
33.00

116.28
116.36
114.01

31.3
40.7
82.7

SWC

Fengdu
Leshan
Puding
Luliang

29.52
29.34
26.19
25.02

107.41
103.45
105.45
103.40

218
424.2
1274
1840.5

a dominating multiple cropping system. Spring maize is planted
in early March to early May and harvested in late July to late
September dependent on local temperature conditions. Site information, the maize varieties and the maize planting periods at the 10
sites were summarized in Table 1. Among the 10 sites, three representing sites, Chaoyang in NEC, Beijing in NCP and Fengdu in SWC,
were selected to depict temperature distribution under current and
future climate scenarios.
At each site there is a standard agricultural meteorological
experimental station of the China Meteorological Administration
(CMA). It consists of a standard weather station to record daily
weather data and an agricultural meteorological experimental station to observe crop phenology and yield. Historical daily weather
data are therefore available from the sites, including daily average,
maximum and minimum temperatures (◦ C), rainfall (mm), wind
speed (m/s), sunshine hours (h), and relative humidity (%). Crop
data include major phenological stages of maize (sowing, emergence, silking and maturity dates) and records on management
practices. These data have uniform CMA observing standards for
collecting surface climate, crop phenology, and crop yield data
across China (Liu et al., 2012). Crop management practices at the
experimental stations are better than the prevalent local practices
(Tao et al., 2006).
2.2. Maize phenology models
Six phenology models, i.e., SIMCOY (SIMulation of COrnYileld)
(Brown, 1969; Place and Brown, 1987), MAIS (MAIze Simulation)
(Stewart et al., 1998), Beta (Gao et al., 1992; Zheng et al., 2000),
WOFOST (WOrd FOod STudy) (van Diepen et al., 1989), CERES (Crop
Environment REsource Synthesis)–Maize (Jones and Kiniry, 1986)
and APSIM (Agricultural Production System sIMulator)–Maize
(McCown et al., 1996; Wang et al., 2002; Keating et al., 2003)
were selected, representing the widely used and well-documented
maize phenology models. Detailed description of phenology simulation in the six models is provided in Appendix A. Among the
six models, SIMCOY and MAIS do not consider the impact of photoperiod on maize phenology while the other models include both
temperature and photoperiod functions. APSIM and CERES assume
that the effects of photoperiod on maize phenology are additive
to those of temperature, while Beta and WOFOST use multiplicative functions to describe the interaction between temperature and
photoperiod effects. The six models covered main types of maize
phenology models (Kumudini et al., 2014).
The six models used contrasting temperature response functions for simulating maize phenology (Fig. 2). While APSIM, CERES,
and WOFOST models use linear or stepwise linear functions, SIMCOY, MAIS and Beta models adopted curvilinear responses. Beta

Annual average
temperature (◦ C)

Cultivar

Periods (continuous
planting years)

Haiyu 6
Jidan 120
Danyu 13

2000–2006(7)
1996–2004(9)
1990–1999(10)

12.9
13.7
15.1

Jingza 6
Luning 1
Zhengdan 8

1982–1994(13)
1981–1987(7)
1993–2003(11)

18.2
17.1
14.3
15.2

Chengdan 14
Zhongdan 2
Andan 136
Huidan 4

1996–2001(6)
1983–1986(4)
2003–2009(7)
1996–2001(6)

and WOFOST use daily mean temperature, CERES and APSIM use
sub-daily temperature, and SIMCOY and MAIS use daily maximum
and minimum temperatures. In addition, SIMCOY uses different
response functions for day and night time temperatures. SIMCOY,
APSIM and CERES do not change the temperature response with
developmental stage, while the other three models have different
temperature response functions for stages from sow to emergence,
from emergence to silking and from silking to maturity.
Signiﬁcant differences exist in the cardinal temperatures for the
temperature responses between the models. The base temperature
for maize development (Tb ) varies from 0 to 12 ◦ C in emergence
stage, from 0 to 14.9 ◦ C in vegetative stage and from 0 to 12.7 ◦ C
in reproductive stage. The corresponding ranges for the optimum
temperature for maize development (To ) are 25 to 34 ◦ C, 24 to 34 ◦ C,
and 25 to 34 ◦ C, respectively. The maximum temperature for maize
development (Tc ) also varies between the six models, with 31 ◦ C in
emergence stage and 34 ◦ C in vegetative and reproductive stages for
Beta model, 44 ◦ C for APSIM and CERES models, and higher values
or no deﬁnition in other three models during all the developmental
phases.
In order to compare the six models, maize growing season
is divided into three stages: the emergence period (EMG—from
sowing to emergence); the vegetative growth period (VGP—from
emergence to silking); the reproductive growth period (RGP—from
silking to physiological maturity). The responses of development
rate or effective thermal time to temperature in the six models
were also inter-compared.
In some years, maize could not mature before the occurrence of
ﬁrst frost damage due to low development rate caused by suboptimal growing season temperature. In that case, it was assumed that
maize was killed by the occurrence of frost in fall, i.e. three consecutive nights with minimum temperature below −2.2 ◦ C (Carter
and Hesterman, 1990). Then, the date when maize was killed was
assigned as the maturity date uniformly for all the models.
2.3. Calibration and validation of maize phenology models
At each site, a single maize variety planted continuously for 4
years or more was selected to calibrate and validate maize phenology models, providing a unique opportunity to test whether the
models could capture the impact of climate variability on maize
phenology. Thereafter, sensitivity and uncertainty analysis were
also conducted at these sites. The maize planting periods for the
single variety at each of the ten sites in Table 1 were divided into
two categories: even and odd years. Observed phenological data
in even years were used to calibrate the six models and those in
odd years were used for validation. Because the main parameters
in six models are different for emergence, vegetative and reproduc-
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Fig. 2. Comparison of the response curves of daily thermal time or temperature response function to temperature among the six phenology models. The numbers in the
brackets show cardinal temperatures (◦ C) and their corresponding effective thermal time (◦ Cd) (a–b, d–f) or temperature response function (c). Abbreviations: CHU = crop
heat units; GTI = general thermal index; EMG = sowing to emergence; VGP = emergence to silking; RGP = silking to physiological maturity.

tive phases, they were estimated separately for each of the three
developmental phases by using a trial-and-error method to achieve
the best match between the simulated and observed silking and
maturity dates (days after sowing).
2.4. Climate change scenarios and sensitivity analysis
Future climate change scenarios used for this study were
obtained from Beijing Climate Center (BCC) derived from regional
climate model RegCM4 at a resolution of 0.5◦ × 0.5◦ in China with
representative concentration pathways (RCPs) (Gao et al., 2013).
Two emission scenarios, RCP4.5 representing relatively low emission scenario and RCP8.5 representing relatively high emission
scenario, were selected as future climate change scenarios. Table 2
shows the projected averaged temperature change during maize
growing seasons at the ten sites in 2030s (2020–2049) and in
2080s (2070–2099) relative to the baseline climate (1970–1999).
The future climate scenarios for each site were extracted from the
closet grid point data. Mean, maximum and minimum temperatures of maize growing season increased in 2030s and 2080s under
both RCP4.5 and RCP8.5 scenarios at all the sites. The most obvious increase occurred at the sites in NCP with growing season
mean temperature increase by 1.5–1.8 ◦ C under RCP4.5 scenario
and 2.0–2.4 ◦ C under RCP8.5 scenario in 2030s, by 2.7–3.0 ◦ C under
RCP4.5 scenario and 4.3–4.7 ◦ C under RCP8.5 scenario in 2080s. The
smallest increase of growing season temperatures occurred at sites
in Southwest China.
To explore the uncertainties in simulated maize phenology
under future climate change, the six maize phenology models were
run for baseline 1980s (1970–1999) and projected future climate
in 2030s (2020–2049) and 2080s (2070–2099) under both RCP4.5
and RCP8.5 scenarios. The planting date of maize and the cultivar

for each site were set the same as the average planting dates and
the cultivar for each site in Table 1.
In addition, sensitivity analysis to temperature was performed
by artiﬁcially changing the growing season daily Tmean from historical climate data (Table 2) by −3 ◦ C, −2 ◦ C, −1 ◦ C, +1 ◦ C, +2 ◦ C,
+3 ◦ C, +4 ◦ C and +5 ◦ C for all the models. For models (SIMCOY, MAIS,
CERES and APSIM) that respond to Tmax and Tmin rather than Tmean ,
we assumed that a change (increase/decrease) by one degree in
both Tmax and Tmin simultaneously would lead to one degree corresponding change in Tmean . Sensitivity analysis to photoperiod was
conducted by changing growing period daily photoperiod directly
for Beta, WOFOST and CERES models. For APSIM model, we modiﬁed the photoperiod by changing the latitude of the study site.
Considering the geographical position, the change in photoperiod
for sites (Beijing, Jining and Zhumadian in NCP, Fengdu, Leshan,
Puding and Luliang in SWC) could not reach −2 h. Therefore, the
changes in photoperiod were −2 h, −1 h, +1 h, +2 h and +3 h for sites
in NEC while −1 h, +1 h, +2 h and +3 h for sites in NCP and SWC.

2.5. Statistical analysis
Root mean square error (RMSE) and normalized root mean
square error (NRMSE) was used to evaluate the deviation between
simulated and observed maize phenology:



n


(Yi − Xi )2

RMSE =

i=1

n

(1)

4.0
3.8
4.2
4.7
4.5
4.3
2.9
3.2
3.1
3.1
4.2
3.8
4.2
4.6
4.4
4.3
3.3
3.4
3.2
3.4
4.1
3.7
4.1
4.7
4.5
4.3
3.1
3.3
3.2
3.2

Tmin
(◦ C)
Tmax
(◦ C)
Tmean
(◦ C)

RCP8.5 2070–2099

NRMSE(%) =
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(◦ C)

2.2
2.1
2.1
2.6
2.8
2.8
1.5
1.7
1.6
1.6
2.1
1.9
2.1
2.7
2.8
3.1
1.7
1.7
1.7
1.8

X̄

i=1

n

× 100

6
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Tmax
(◦ C)
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(Yi − Xi )2
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nȲ

(3)

where Yk is the simulated phenology by the kth model. Ȳ is the
average of the simulated phenology by the six models. The larger
Cf , the larger the variation in simulation results between models,
implying increased uncertainty in simulation results.

2.1
2.0
2.1
2.7
2.9
3.0
1.6
1.7
1.6
1.7
1.7
1.7
1.9
2.4
2.0
2.1
1.1
1.3
1.2
1.2
1.8
1.6
1.8
2.4
2.0
2.1
1.3
1.3
1.2
1.2
1.5
1.4
1.2
1.6
1.8
1.6
1.0
0.9
1.0
1.0

Tmax
(◦ C)
Tmean
(◦ C)

3.1. Comparison of simulated development rate by six phenology
models
As a result of different temperature response functions and
cardinal temperatures (Fig. 2), different development rates are
simulated by different models at any given temperature but very
similar development rate at around 20 ◦ C (Fig. 3). When temperature is between Tb and To , all the models simulate an increasing
developmental rate with temperature, though the absolute rates
are different. However, when temperature increases beyond To ,
contrasting different development rates were simulated by the six
models, with a sharp decrease in rate in the Beta model, moderate
decreasing rate in APSIM and SIMCOY models, unchanged rate in
WOFOST model, and a sharp increasing rate in CERES model during all the three phenological phases. For MAIS model, simulated
development rate decreased in emergence and vegetative stages,
but increased sharply in reproductive stage.

16.8
16.5
19.9
23.7
25.5
25.8
18.8
20.1
19.9
17.1

22.5
22.3
26.8
30.9
31.7
32.3
24.9
26.1
27.2
24.4

12.0
11.9
14.2
17.5
20.3
20.5
14.5
16.2
15.3
12.6

1.4
1.2
1.0
1.5
1.8
1.7
1.1
0.9
1.0
1.0

1.4
1.0
0.9
1.4
1.7
1.7
1.2
0.9
1.0
1.0

3.2. Performance of the models against observational data

Hailun
Huadian
Chaoyang
Beijing
Jining
Zhumadian
Fengdu
Leshan
Puding
Luliang

Tmean
(◦ C)

Tmax
(◦ C)

Tmin
(◦ C)

Tmean
(◦ C)

Tmax
(◦ C)

Tmin
(◦ C)

1.8
1.6
1.8
2.3
1.9
2.2
1.3
1.2
1.3
1.3

Tmean
(◦ C)

3. Results

Tmin
(◦ C)

RCP4.5 2070–2099
RCP8.5 2020–2049
RCP4.5 2020–2049

Deviations from baseline
Baseline 1970–1999

1
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where Xi and Yi are the observed and simulated phenology (days
after sowing), respectively. X̄ is the mean of observed phenology.
Coefﬁcient of ﬂuctuation (Cf ) is used to compare the variation
in simulated maize phenology with the six models. Cf can be calculated as the following (Xiong et al., 2005):

Cf =

Site name

Table 2
Projected change in temperatures during maize growing season at ten study sites (Hailun, Huadian and Chaoyang in NEC, Beijing, Jining and Zhumadian in NCP, Fengdu, Leshan, Puding and Luliang in SWC) in 2030s (2020–2049)
and in 2080s (2070–2099) relative to the baseline climate (1970–1999) in NEC, NCP and SWC. Maize growing season is from May to September in NEC, from June to September in NCP, from March to July at Fengdu and from May
to September at Leshan, Puding and Luliang, in SWC.
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Calibration and validation results (Fig. 4) indicated that six models simulated growth stages reasonably well with no systematic
bias except for Beta model at Huadian, Hailun and Chaoyang, CERES
model in Huadian, Hailun and Fengdu, APSIM model in Huadian,
Chaoyang and Fengdu. RMSE between simulated and observed silking and maturity dates (days after sowing) for calibration period
was mostly <4.8 d and <6.9 d in NEC, respectively, <6.8 d and <7.0 d
in NCP respectively and <3.4 d and <6.5 d in SWC, respectively. For
validation period, RMSE between simulated and observed silking
and maturity dates was mostly <5.8 d and <6.6 d in NEC, respectively, <5.6 d and <5.8 d in NCP, respectively and <6.5 d and <6.7 d in
SWC, respectively. Though absolute deviations existed in individual models and in individual sites, NRMSE between observed and
simulated silking and maturity dates was both <8% for all the models and in all the sites (data for each site not shown). Taking into
account the errors in observation, these results indicate that most
of models are able to reasonably simulate the observed duration
from sowing to silking and maturity at all the sites selected from
NEC, NCP, and SWC under current climate. The results also suggest
that the six models could reach acceptable precision after calibration. Overall, prediction precision of models was in the order Beta
and WOFOST < CERES and APSIM < SIMCOY and MAIS.
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Fig. 3. Comparison of response curves of maize development rate to temperature among the six models. The temperatures between dash lines represent the range of To set
in the six models. Abbreviation: EMG = sowing to emergence, VGP = emergence to silking, RGP = silking to physiological maturity.

3.3. Inter-model comparison of simulated response of phenology
to climate change
All the models simulated an advance in silking and maturity
dates (days after sowing) under both climate change scenarios
as compared with those under the baseline climate along the
NEC-SWC Maize Belt, except for the Beta model in NCP (Fig. 5).
It is apparent that the difference in simulation results exits not
only between different models, but also between different climatic
regions.
In 2030s, all the other models simulated an advance in silking
dates by 3.9–6.6% under RCP4.5 and RCP8.5 scenarios except that
the Beta model simulated a delay in silking date in NCP by 13.2%
and 16.2% under the two scenarios respectively. Simulated maturity date would advance more compared to simulated silking date
by 1.4–10.2% under RCP4.5 and RCP8.5 scenarios excluding Beta
model in NCP, which predicted postponed maturity dates by 8.0%
and 8.6% under RCP4.5 and RCP8.5 scenarios, respectively. In 2080s,
the most obvious advance of simulated silking dates occurred in
NEC from 8.0% (RCP4.5) to 16.7% (RCP8.5). Simulated maturity date
would advance by 7.6–29.6% along the NEC-SWC maize belt. However, simulated silking and maturity dates with Beta model would
delay by 16.6% and 39.7% respectively under RCP4.5 and RCP8.5
scenarios in NCP. The large difference in simulated silking and
maturity dates between Beta model and others was due to the sharp
decrease in development rate beyond the optimum temperature in
Beta model.
The differences in simulation results between the models are
a direct result of the differences in the temperature response
functions for phenological development built in these models
(Figs. 2 and 3). Further sensitivity analysis showed that simulated
silking and maturity dates were delayed with the decrease in temperature (−1 ◦ C, −2 ◦ C and −3 ◦ C) while advanced with the increase
in temperature (+1 ◦ C, +2 ◦ C, +3 ◦ C, +4 ◦ C and +5 ◦ C) for all the models in NEC, NCP and SWC except for Beta model (Fig. B1). At the sites
with relatively higher growing season temperature (Beijing, Jining
and Zhumadian in the NCP), the Beta model simulated a delay in
silking and maturity dates with the increase in temperature. For all
other models, WOFOST was most sensitive, while SIMCOY was least
sensitive in terms of simulated phenology to temperature increase.
In addition, the differences between simulated maize phenology
increased with rising temperature, implying higher uncertainty
under future warming conditions (Fig. B1). The sensitivity analysis also showed that models differed largely in the sensitivity to
photoperiod, with WOFOST being the most sensitive, while CERES
and APSIM having a similar photoperiod sensitivity at most of sites
(Fig. B2).

3.4. Uncertainty in simulated silking and maturity dates
The spread in simulation results from the multiple models,
together with the coefﬁcient of ﬂuctuation (Cf ), can be used to
reﬂect the uncertainty in phenology simulations caused by different approaches incorporated in the models. The distribution of the
results from the six models and the Cf for simulated silking and
maturity dates (days after sowing) across the three maize growing regions in China clearly show that the uncertainty changed
with future climate scenarios and also across climatic regions
(Figs. 5 and 6). For the spring maize region of NEC, future warming
would have temperatures increasing toward the optimum temperature range of maize, particularly in the reproductive stage,
where the models agree most in terms of temperature responses
(Figs. 3 and 7), resulting in smaller uncertainties in simulated maturity dates (Fig. 6). However, in the summer maize region of NCP and
spring maize region of SWC, future warming would likely have temperatures moving into the temperature range where the models
increasingly disagree (Figs. 3 and 7) leading to increased uncertainty in simulated maize phenology, both for silking and maturity
dates (Fig. 6). It should be noted that Beta model was an exception
in NCP, however, uncertainty in simulated maize phenology in NCP
excluded Beta model was still the highest among the three maize
regions (data not shown). It is also noticeable from Fig. 6 that for
a given region, the average difference in simulated maturity dates
between the two climate change scenarios (e.g., RCP4.5 and RCP8.5
in both 2030s) was smaller than the spread of the results from multiple models (difference between 25% and 75% percentiles). This is
particularly the case in NCP, where very little differences occurred
between the average simulated maturity dates among scenarios
and future years; however, the simulation results became increasing uncertain with the warming conditions in the future.
4. Discussion
Crop modeling has been increasingly used in climate change
impact studies for crop production across the world. Due to the
imperfect knowledge captured in the current crop models, the
uncertainty in the simulation results must be addressed in such
modeling studies in order for the modeling results to be more useful to assist in the development of adaptation strategies (Semenov
et al., 1996; Asseng et al., 2013; Zhang and Tao, 2013; Bassu et al.,
2014; Kumudini et al., 2014). Previous studies indicated the potential issues in the quantitative descriptions of crop development
rate in response to above optimal temperatures for wheat and rice
(Asseng et al., 2013; Zhang and Tao, 2013). Kumudini et al. (2014)
compared eight maize phenology models with large dataset in
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Fig. 4. Calibration (a) and validation (b) of the six maize phenology models at the ten sites in China’s Maize Belt. Different color boxes represent different sites. The diamond
inside the box represents the mean days after sowing, and the square inside the box indicates the median days after sowing. The left and bottom edges of the box represent
the minimum values, and the right and top edges of the box represent maximum values. The big square indicates 25 and 75 percentiles, respectively. The variation from left
to right edge represented that of observed silking and maturity dates (days after sowing), and the variation from top to bottom edge represented that of simulated silking and
maturity dates (days after sowing). The black and violet solid lines are the linear regression equations for the mean values of silking and maturity dates (days after sowing)
respectively.
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Fig. 5. Simulated silking date (days after sowing) (a) and maturity date (days after sowing) (b) by six models under baseline (1970–1999), RCP4.5 (2020–2049, 2070–2099)
and RCP8.5 (2020–2049, 2070–2099) scenarios averaged from Hailun, Huadian and Chaoyang in NEC, from Beijing, Jining and Zhumadian in NCP and from Fengdu, Luliang,
Leshan and Puding in SWC, respectively. Edges of box show 25% and 75% with the line and the square within the box showing the median and the mean respectively. The
circles show the maximum and minimum values.
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Fig. 6. Simulated silking date (days after sowing) (a) and maturity date (days after sowing) (b) averaged from six models under baseline (1970–1999), RCP4.5 (2020–2049,
2070–2099) and RCP8.5 (2020–2070) in NEC, NCP and SWC respectively. The numbers above the boxes were coefﬁcient of ﬂuctuation (Cf ) among six models under baseline
(1970–1999), RCP4.5 (2020–2049, 2070-2099) and RCP8.5 (2020–2049, 2070–2099). Edges of box show 25% and 75% with the line and the square within the box showing
the median and the mean respectively. The circles show the maximum and minimum values.

North America and Argentina and found the difference in prediction
precision between the models under current climate. Our analysis further showed that there is signiﬁcant disagreement between
models in simulating the rate of phenological development of
maize across a wide range of temperatures in China’s Maize Belt,
one of the Golden-Maize-Belts over the world, particularly with
supra-optimal temperatures (Fig. 3). As a result, the models simulated different change patterns in maize phenology both across
regions in China under the current climate and under different climate change scenarios (Figs. 4 and 6). This is however not obvious
when the models are calibrated against local data and only applied
locally under the current climate conditions, as reﬂected in the
results of model calibration and validation. Temperature response
of phenology below optimum temperature was approximately linear, which made six models perform similarly through calibration
under current climate. The uncertainty in simulated phenology
becomes increasingly larger towards the future warming, i.e. under
scenarios for 2030s and 2080s.
The signiﬁcant differences in temperature response functions
and cardinal temperatures in the models reﬂect to a large extent the
environment where the models were developed. The Beta model
originated from the Rice Clock Model conducted by Gao et al.
(1992). The cardinal temperatures of maize in the Beta model were
derived from the statistics of the previous publications in China
rather than the controlled-environment and ﬁeld experiments. The
optimum temperature of maize (25 ◦ C) in the Beta model was
much lower than that used in the other models. Crop heat units
(CHU) in the SIMCOY model and general thermal index (GTI) in
the MAIS model were derived from controlled-environment and
ﬁeld experiments in Canada and the northern USA, but the maximum temperatures in the experiments was lower than 33 ◦ C and
35 ◦ C, respectively (Brown, 1969; Stewart et al., 1998). WOFOST,

CERES and APSIM models determined the development rate based
on the growing degree-day (GDD) to reach a speciﬁc growing
stage of maize (Shaykewich, 1995). In the CERES-Maize and APSIM
models, the temperature response functions and cardinal temperatures were based on measured response of leaf appearance rate to
temperature in controlled-environment experiments conducted by
previous studies (Tollenaar et al., 1979; Warrington and Kanemasu,
1983a). However, the maize phenology model of WOFOST was
parameterized with only two ﬁeld experiments in Toulouse (BoonsPrins et al., 1993). Although the temperature response functions
in most of the phenology models were derived from the observed
data included a wide range of temperature, supra-optimal temperature data in controlled—environment experiments are very limited.
Under the ﬁeld experiments, high temperatures (>30 ◦ C) occurred
rarely in the North America and north-west European climate,
which limited the parameterization of the phenology models above
optimal temperature. Therefore, more controlled-environment
and ﬁeld experiments need to be conducted to quantify the
development rate of maize under supra-optimal temperature
conditions.
The simulated advance in maize phenology under future climate
warming scenarios by most of the models is consistent with results
from other studies for maize crop (Tao et al., 2006; Wang et al., 2012,
2014), with similar results for wheat and rice crops (Alexandrov
et al., 2002; Hu et al., 2005; Wang et al., 2013; Zhang and Tao, 2013).
Simulated change in maturity dates (advance by 1.4–10.2% under
RCP4.5 and RCP8.5 scenarios in 2030s) was also close to the results
of Tao et al. (2009b) who used a super-ensemble-based probabilistic approach to project phenology in NCP for 2050s. In spite of this
consistency, the big spread in simulation results from multiple
models highlight the knowledge gaps in understanding maize
phenology response to temperatures beyond the optimal temper-
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Fig. 7. Frequency of temperature distribution during maize growing season for < 5 ◦ C, 5–10 ◦ C, 10–15 ◦ C, 15–20 ◦ C, 20–25 ◦ C, 25–30 ◦ C, 30–35 ◦ C and >35 ◦ C in the representative
sites, Chaoyang in NEC, Beijing in NCP and Fengdu in SWC.

ature range, and the need to further improve process modeling
under these temperatures. This also emphasizes the importance
to take prediction uncertainty into account in future climate
change impact studies (Kumudini et al., 2014) because increased
uncertainty under climate warming would impact simulated
maize yield due to different length of maize growing period.
Due to the spatial variation in climate, particularly temperature, the uncertainty in phenology simulations will change spatially
when the current models are applied to a large geographic area
covering different climatic zones, like the China’s Maize Belt. The
changes will depend mainly on the temporal and spatial distribution of temperatures and how temperature changes in the future,
as compared to the temperature thresholds built in the models
(Fig. 7). Impact of photoperiod is much less important as compared
with that of temperature, due to its constant relationship with latitude and its lack of inter-annual variation, although the results from
sensitivity analysis showed that signiﬁcant change in maize phenology simulated using WOFOST, Beta, CERES and APSIM models
with changing photoperiod (Fig. B2).
Another source of uncertainty in simulating maize phenology
under future climate change is the uncertainty in future climate
change scenarios (Semenov et al., 1996; Trnka et al., 2004; Fischer
et al., 2005; Lobell et al., 2006; Wilby et al., 2009). Here, our results
tend to indicate that uncertainty caused by model structures could
be higher than those caused by climate scenarios, a result similar to those of Asseng et al. (2013). In any case, it is justiﬁed that
both uncertainty sources need to be considered in future modeling
studies. In addition, water and nutrient conditions related to crop
management and rainfall ﬂuctuations also affect crop phenology,

especially under water and nutrient stress conditions, which was
not included in this study.
5. Conclusion
Comparison of six maize phenology models showed that the
models simulate an approximately linear increasing developmental rate with temperature before the optimal temperature although
the absolute rates are different, but differ distinctly beyond the
optimal temperature. Under current climate condition, the six
models could reach acceptable precision by calibrating because
growing mean temperature was most below the optimum temperature. However, the uncertainty in simulated maize phenology
increased with more frequent supra-optimal temperature under
future climate scenarios, largest for summer maize in North China
Plain, smaller for spring maize in northeast and southwest China.
These results indicate that further studies on maize growth and
development under supra-optimal temperature conditions in the
controlled-environment and ﬁeld experiments is needed in order
to construct more reliable crop-climate relationships and embed
them in the phenology models.
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Appendix A.

A.3. Beta model
The Beta model was developed following the idea of Rice Clock
Model (Gao et al., 1992; Zheng et al., 2000). Daily development rate
of maize is a function of temperature and photoperiod:

Maize phenology models
The progress of development stages of maize is uniﬁed by using
a development index (DVI) deﬁned as 0 at sowing date, 1 at emergence date, 2 at silking date, and 3 at maturity date. DVI is calculated
by accumulating the daily development rate (DVR):
DVIt =

t


DVRi
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DVR =

⎧ DVR × f (T )
max
⎪
⎪

P 
Q
⎪
⎪
Tmean − Tb
Tc − Tmean
⎪
⎪
×
for 0 < DVI ≤ 1
⎨ = e−K × To − Tb
Tc − To
⎪
⎪
⎪
⎪
⎪
⎪
⎩

DVRmax × f (T ) × F(P)



= e−K ×

Tmean − Tb
To − Tb

P
×(

Tc − Tmean Q
) × e−G(D−Do ) for1 < DVI ≤ 3
Tc − To

(A.9)

(A.1)

i=1

where DVIt is the developmental index at day t and DVRi is the
development rate at ith day.
A.1. SIMCOY model
The SIMCOY model developed for southern Ontario, Canada has
been used to simulate maize yields under different management
options (Brown, 1969; Place and Brown, 1987). In this model, daily
development rate (DVR) of maize is determined by crop heat units
(CHU):

DVR =

⎧
CHU
⎪
⎪
⎪
CHU
VGP
× coeff EMG
⎪
⎪
⎨
⎪
⎪
⎪
⎪
⎪
⎩

for

CHU
CHU VGP × (1 − coeff EMG)
CHU
CHU VGP × (coeff RGP − 1)

for
for

0 < DVI ≤ 1
1 < DVI ≤ 2

CHU(day) = 3.33 × (Tmax − 10) − 0.084 × (Tmax − 10)
CHU(night) = 1.85 × (Tmin − 4.4)

DVR =
(A.3)

2

(A.5)

A.2. MAIS model
Daily development rate of maize is determined by general thermal index (GTI) in the MAIS model (Stewart et al., 1998):
GTI
GTI EMG

⎜
⎜ GTI
DVR = ⎜
⎜ GTI VGP
⎝
GTI
GTI RGP

GTI =

for

0 < DVI ≤ 1

for

1 < DVI ≤ 2

for

2 < DVI ≤ 3

(A.6)

2
3
0.043177 × Tmean
− 0.000894 × Tmean
for0 < DVI ≤ 2
2
for 2 < DVI ≤ 3
5.3581 + 0.011178 × Tmean

⎧ DTT
⎪
⎪
GTT EMG
⎪
⎪
⎨
DTT

GTT VGP
⎪
⎪
⎪
⎪
⎩ DTT

for 0 < DVI ≤ 1
× fpho

DTT =

⎧
0
⎪
⎨
⎪
⎩

Tc − Tb

for
for

Tb < T mean ≤ Tc

(A.11)

T mean > Tc

D − Dc
)
Do − Dc

(A.12)

where GTT EMG, GTT VGP and GTT RGP are the thermal time (◦ Cd)
from sowing to emergence, from emergence to silking and from
silking to maturity, respectively. Dc is the upper limit of photoperiod, above which maize development ceases, taking as 20 h, and
Do = 12.5 h.
A.5. CERES model
The CERES-maize model simulates VGP based on the variation
in apical meristem (Jones and Kiniry, 1986). DTT is the daily thermal time (◦ Cd), the temperature accumulation aggregated over 3-hr
step, i.e., 8 times in a day:

⎧
(Tmax + Tmin )/2 − Tb for Tmin > Tb and Tmax < 34
⎪
⎪
⎨
8

DTT =
⎪
DTTj /8 for Tmin ≤ Tb or Tmax ≥ 34 and j = 1 : 8
⎪
⎩
j=1

(A.13)

(A.7)
where GTI EMG, GTI VGP and GTI RGP are the thermal time (◦ Cd)
from sowing to emergence, from emergence to silking and from
silking to maturity, respectively. Tmean , daily mean temperature, is
calculated by:
Tmean = (Tmax + Tmin )/2

(A.10)

for Tmean ≤ Tb

Tmean − Tb

f pho = min(0, 1,

for 1 < DVI ≤ 2
for 2 < DVI ≤ 3

GTT RGP

(A.4)

where CHU VGP is thermal time from sowing to silking (◦ Cd),
coeff EMG and coeff RGP are the proportions of the thermal
time from sowing to emergence and from sowing to maturity to
CHU VGP, respectively. Tmax and Tmin are daily maximum and minimum temperatures, respectively.

⎛

A.4. WOFOST model
Daily thermal time (DTT) drives the phenological phase of maize
in the WOFOST model (van Diepen et al., 1989; Koning and Diepen,
1992):

(A.2)

2 < DVI ≤ 3

CHU = [CHU(day) + CHU(night)]/2

where DVRmax , daily maximum development rate, is the reciprocal of physiological development days. Tb , Tc and To are the base,
maximum and optimum temperatures (◦ C) for maize development,
respectively. D is the photoperiod in hours, which is calculated by
latitude, day of the year and twilight angle (Goudriaan and van
Laar, 1978). Do is the optimum photoperiod for maize development,
taken as 12.5 h in this study. K, P, Q, G are empirical constants.

(A.8)

⎧
⎨ Tmean,j − Tb
DTTj =

⎩

for Tmean,j > Tb and Tmean,j < 34

(34 − Tb ) × (1 − (Tmean,j − 34)/10) for 34 ≤ Tmean,j and Tmean,j < 44
0

for Tmean,j ≤ Tb or Tmean,j ≥ 44

(A.14)
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DVR =
2

3

Tmean,j = T min + (0.931 + 0.114j − 0.0703j + 0.0053j )
× (Tmax − Tmin )

(A.15)

where j was the jth phase of eight 3-h.
The development stage from sowing to emergence can be
divided into two phases: sowing to germination and germination to
emergence. Here we set one day germination occurs after sowing.
Daily development rate of maize from germination to emergence
can be expressed as:
DTT
DVR =
GTT germ emerg

(A.16)

GTT germ emerg = 45 + 6.0 × Sd

(A.17)

where Sd is the sowing depth (cm).
The development stage from emergence to silking is divided into
three development phases in the CERES-maize model: emergence
to end juvenile, end juvenile to tassel initiation, and tassel initiation
to silking. The time of silking occurrence is determined by the ﬁnal
leaf number (FLN), which is determined in the period from end
juvenile to tassel initiation:
FLN = GTT emerg tassel /21 + 6

(A.18)

GTT emerg tassel = P1 + GTT endjuv tassel

(A.19)

where GTT emerg tassel is cumulative thermal time from emergence to tassel initiation (◦ Cd), P1 is the thermal time from
emergence to the end of the juvenile period (◦ Cd) and
GTT endjuv tassel is the thermal time from end juvenile to tassel initiation (◦ Cd). Eq. (A.18) implies that six leaf primordia are
present at the emergence, and one leaf primordium is initiated each
21 growing degree days (Kiniry and Ritchie, 1981).The physiological development days needed for the phase from end juvenile to
tassel initiation was 4 days. The actual days needed for this phase
were affected by photoperiod, and if photoperiod is greater than
12.5 h, daily development rate is delayed in P2 d/h. Thus, daily
development rate can be expressed as:
DVR = 1/(4 + P2 × (D − 12.5))

(A.20)

The phenological phase from tassel initiation to silking is controlled
by thermal time (P3, ◦ Cd) for the phase calculated by:
P3 = (FLN − 2) × PHINT + 96

DTT
P3

(A.22)

Daily development rate of maize from silking to maturity can be
calculated as:
DVR =

DTT
P5

(A.23)

where P5 is the thermal time from silking to physiological maturity
(◦ Cd).
A.6. APSIM model
Maize phenology module in the APSIM model is similar to that in
the CERES-maize model (McCown et al., 1996; Keating et al., 2003)
but accumulated growing degree days for each 3-h phase and the
responses of phenology to photoperiod are different between the
two models. The growing degree days for three- hourly temperature can be calculated:
DTT =

8


DTTj /8

j=1:8

(A.24)

j=1

DTTj =

⎧
(10/18) × Tmean,j
⎪
⎨
⎪
⎩

Tmean,j − 8

−2.6 × (Tmean,j − 44)

for
for

0 < Tmean,j ≤ 18

18 < T mean,j ≤ 34
for 34 < Tmean,j ≤ 44

Photoperiod function is additive to the temperature response
function during the development stage from end juvenile to ﬂoral initiation. Thermal time from end juvenile to ﬂoral initiation
(TT endjuv init, ◦ Cd) is modiﬁed by photoperiod response function:
TT enduv init =

⎧
⎨ TTe nduv init
⎩

for D < PP crit1

TT enduv init + PP slope × (D − PP crit1) for D ≥ PP crit1 and D ≤ PP crit2
TT enduv init+10+PP slope × (PP crit2 − PP crit1) for D > photoperiod crit2

(A.26)
where PP crit1 is critical photoperiod (h) above which the development rate of maize is decreased, PP crit2 is maximal photoperiod
(taken as 24 h). PP slope is the extent to which growth is affected
by photoperiod increased beyond PP crit1 and 2 (◦ C/h).

(A.21)

where PHINT is phyllochron interval (◦ Cd).
Daily development rate in the phase from tassel initiation to
silking can be expressed as:

(A.25)

Appendix B.
Temperature and photoperiod sensitivity analysis
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Fig. B1. Sensitivity of simulated silking date (a) and maturity date (b) to daily mean temperature (Tmean ) using six models at Hailun, Huadian and Chaoyang in NEC, Beijing,
Jining and Zhumadian in NCP, Fengdu, Leshan, Puding and Luliang in SWC respectively. The phenology was expressed as days after sowing (d). Temperature sensitivity
analysis were conducted by changing Tmean by −3, −2, −1, 0, 1, 2, 3, 4, 5 ◦ C resulting in the changes in simulated silking and maturity dates (d).

Fig. B2. Sensitivity of simulated silking date (a) and maturity date (b) to photoperiod using four models at Hailun, Huadian and Chaoyang in NEC, Beijing, Jining and Zhumadian
in NCP, Fengdu, Leshan, Puding and Luliang in SWC respectively. The phenology was expressed as days after sowing (d). Photoperiod sensitivity analysis were conducted by
changing daily photoperiod by −2, −1, 0, 1, 2, 3 h for sites in NEC and −1, 0, 1, 2, 3 h for sites in NCP and SWC resulting in the changes in simulated silking and maturity dates.
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Ruml, M., Vulić, T., 2005. Importance of phenological observations and predictions
in agriculture. J. Agric. Sci. 50, 217–225.
Schröder, W., Schmidt, G., Schönrock, S., 2014. Modelling and mapping of plant
phenological stages as bio-meteorological indicators for climate change.
Environ. Sci. Eur. 26, 1–13.
Semenov, M.A., Wolf, J., Evans, L.G., Eckersten, H., Iglesias, A., 1996. Comparison of
wheat simulation models under climate change. II. Application of climate
change scenarios. Clim. Res. 7 (3), 271–281.
Shaykewich, C.F., 1995. An appraisal of cereal crop phenology modelling. Can. J.
Plant Sci. 75, 329–341.
Springer, C., Ward, J., 2007. Flowering time and elevated atmospheric CO2 . New
Phytol. 176, 243–255.
Stewart, D.W., Dwyer, L.M., Carrigan, L.L., 1998. Phenological temperature
response of maize. Agron. J. 90, 73–79.
Tao, F., Yokozawa, M., Xu, Y.L., Hayashi, Y., Zhang, Z., 2006. Climate changes and
trends in phenology and yields of ﬁeld crops in China, 1981–2000. Agric. Forest
Meteorol. 138, 82–92.
Tao, F., Yokozawa, M., Zhang, Z., 2009a. Modelling the impacts of weather and
climate variability on crop productivity over a large area: a new process-based
model development, optimization, and uncertainties analysis. Agric. Forest
Meteorol. 149, 831–850.
Tao, F., Zhang, Z., 2010. Adaptation of maize production to climate change in North
China Plain: Quantify the relative contributions of adaptation options. Eur. J.
Agron. 33, 103–116.
Tao, F., Zhang, Z., Liu, J., Yokozawa, M., 2009b. Modeling the impacts of weather
and climate variability on crop productivity over a large area: a new super
ensemble-based probabilistic projection. Agric. Forest Meteorol. 149,
1266–1278.
Tollenaar, M., Daynard, T.B., Hunter, R.B., 1979. Effect of temperature on rate of leaf
appearance and ﬂowering date in maize. Crop Sci. 19, 363–366.
Trnka, M., Dubrovsky, M., Semeradova, D., Zalud, Z., 2004. Projections of
uncertainties in climate change scenarios into expected winter wheat yields.
Theor. Appl. Climatol. 77, 229–249.
Uhart, S.A., Andrade, F.H., 1995. Nitrogen defeciency in maize: I. Effects on crop
growth, development, dry matter partitioning, and kernel set. Crop Sci. 35,
1376–1383.
van Diepen, C.A., Wolf, J., van Keulen, H., Rappoldt, C., 1989. WOFOST: a simulation
model of crop production. Soil Use Manage. 5, 16–24.
van Oort, P.A.J., Zhang, T., de Vries, M.E., Heinemann, A.B., Meinke, H., 2011.
Correlation between temperature and phenology prediction error in rice
(Oryza sativa L.). Agric. Forest Meteorol. 151, 1545–1555.
Wang, E., Robertson, M.J., Hammer, G.L., Carberry, P.S., Holzworth, D., Meinke, H.,
Chapman, S.C., Hargreaves, J.N.G., Huth, N.I., McLean, G., 2002. Development of
a generic crop model template in the cropping system model APSIM. Eur. J.
Agron. 18, 121–140.
Wang, J., Wang, E., Feng, L., Yin, H., Yu, W., 2013. Phenological trends of winter
wheat in response to varietal and temperature changes in the North China
Plain. Field Crops Res. 144, 135–144.
Wang, J., Wang, E., Yang, X., Zhang, F., Yin, H., 2012. Increased yield potential of
wheat-maize cropping system in the North China Plain by climate change
adaptation. Clim. Change 113 (3), 825–840.
Wang, J., Wang, E., Yin, H., Feng, L., Zhang, J., 2014. Declining yield potential and
shrinking yield gaps of maize in the North China Plain. Agric. Forest Meteorol.
195–196, 89–101.
Wang, M., Lin, Y., Ye, W., Janet, F.B., Yan, X., 2011. Effects of climate change on
maize production, and potential adaptation measures: a case study in Jilin
Province, China. Clim. Res. 46, 223–242.
Warrington, I.J., Kanemasu, E.T., 1983a. Corn growth response to temperature and
photoperiod. II. Leaf initiation and leaf appearance rates. Agron. J. 75, 755–761.

N. Wang et al. / Europ. J. Agronomy 71 (2015) 19–33
Warrington, I.J., Kanemasu, E.T., 1983b. Corn growth response to temperature and
photoperiod. III. Leaf numbers. Agron. J. 75, 762–766.
Wilby, R.L., Troni, J., Biot, Y., Tedd, L., Hewitson, B.C., Smith, D.M., Sutton, R.T., 2009.
A review of climate risk information for adaptation and development planning.
Int. J. Climatol. 29 (9), 1193–1215.
Wilczek, A.M., Burghardt, L.T., Cobb, A.R., Cooper, M.D., Welch, S.M., Schmitt, J.,
2010. Genetic and physiological bases for phenological responses to current
and predicted climates. Philos. Trans. R. Soc. B Biol. Sci. 365, 3129–3147.
Wu, D., Yu, Q., Wang, E., Hengsdijk, H., 2008. Impacts of spatial-temporal variations
of climatic variables on summer maize yield in North China Plain. Int. J. Plant
Prod. 2, 1–18.
Xiong, W., Holman, I.P., You, L., Yang, J., Wu, W., 2014. Impacts of observed
growing-season warming trends since 1980 on crop yield in China. Reg.
Environ. Change 14, 7–16.
Xiong, W., Matthews, R., Holman, I., Lin, E., Xu, Y., 2007. Modelling China’s
potential maize production at regional scale under climate change. Clim.
Change 85, 433–451.

33

Xiong, W., Xu, Y., Lin, E., 2005. The simulation of yield variability of winter wheat
and its corresponding adaptation options under climate change. Chin. Agric.
Sci. Bull. 21, 380–385 (in Chinese).
Yan, W.K., Hunt, L.A., 1999. An equation for modelling the temperature response of
plants using only the cardinal temperatures. Ann. Bot. 84, 607–614.
Yan, W.K., Wallace, D.H., 1998. Simulation and prediction of plant phenology for
ﬁve crops based on photoperiod-temperature interaction. Ann. Bot. 81,
705–716.
Yin, X., Kropff, M.J., McLaren, G., Visperas, R.M., 1995. A nonlinear model for crop
development as a function of temperature. Agric. Forest Meteorol. 77, 1–16.
Zhang, S., Tao, F., 2013. Modeling the response of rice phenology to climate change
and variability in different climatic zones: comparisons of ﬁve models. Eur. J.
Agron. 45, 165–176.
Zheng, G., Gao, L., Xue, X., 2000. Study on the simulation model for maize
phenology. Jiangsu J. Agric. Sci. 16, 15–21.

