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Vulnerability of maize production under future
climate change: possible adaptation strategies
Mohammad Bannayan,a* Parisa Paymardb and Batool Ashrafc

Abstract

BACKGROUND: Climate change can affect the productivity and geographic distribution of crops. Therefore, evaluation of
adaptive management options is crucial in dealing with negative impacts of climate change. The objectives of this study were
to simulate the impacts of climate change on maize production in the north-east of Iran. Moreover, vulnerability index which
indicated that how much of the crop yield loss is related to the drought was computed for each location to identify where
adaptation and mitigation strategies are effective. Different sowing dates were also applied as an adaptation approach to
decrease the negative impacts of climate change in study area.

RESULTS: The results showed that the maize yield would decline during the 21st century from −2.6% to −82% at all study
locations in comparison with the baseline. The result of vulnerability index also indicated that using the adaptation strategies
could be effective in all of the study areas. Using different sowing dates as an adaptation approach showed that delaying the
sowing date will be advantageous in order to obtain higher yield in all study locations in future.

CONCLUSION: This study provided insight regarding the climate change impacts on maize production and the efficacy of
adaptation strategies.
© 2016 Society of Chemical Industry
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INTRODUCTION
Climate change is one of the major concerns for all of com-
munities throughout the world and has come to the forefront
of scientific problems.1 The average global temperature has
increased in recent decades because of human activities and has
been expected to continue rising in the near future.2 According
to the fourth report by the Intergovernmental Panel on Climate
Change (IPCC) the annual average global temperature increased
about 0.74± 0.18 ∘C during the 1906–2005 period.3 A warming
of 0.2 ∘C per decade is also predicted for the next two decades.4

Hence, several studies have been carried out in different parts
of the world to highlight these changes and variability.3,5 In this
regard, the historic trend (1960–2005) of mean annual temper-
ature for Iran indicated that annual increase of temperature was
about 0.05 ∘C with the highest mean annual air temperature
recorded (16.3 ∘C) in 2001.6

The agricultural and food systems represent the most vulnera-
ble sectors to climate variability. Undoubtedly, crop production is
going to be affected by climate change and also food security of a
nation depends on how crop yield responds to climate variability.7

Because of the socio-economic importance of these two systems,
it is fundamental to assess the effect of future climate change
on crop productivity.8 Climate changes generally impose nega-
tive impacts on agricultural production especially in hot and dry
areas,9 but in some areas, mainly those located above 55∘latitude
will have positive effects.10 During recent decades, the issues of cli-
mate variability and climate change impacts on agricultural and
crop production have been used in many scientific studies.11,12

On the other hand, crop growth simulation models have been

developed as one of the useful tools to project these effects in last
decades. These models have been widely used in different studies
related to crop production or resources management.13 The out-
puts of crop simulation models when run with future projected
weather data under climate change scenarios, generated by gen-
eral circulation models, can be used to predict the effects of cli-
mate variability on crop production.14 Among these models, the
Decision Support System for Agrotechnology Transfer (DSSAT) is
an extensive decision support system including a set of crop sim-
ulation models that applies not only to predicting the impacts
of climate variability on crop productivity but also can estimate
the best genetic options and management under climate change
scenarios.15 Guo et al.,16 using the HadCM3 model under A2 and
B2 scenarios, projected that the average of maize and wheat yield
will increase by 3.2% and 9.8%, respectively, without CO2 fertilisa-
tion in the North China Plain. Tao and Zhang17 revealed that maize
yield may decrease, on average, from 13.2% to 9.1% during the
2050s, relative to 1961–1990. The study conducted by Meza et al.18
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showed that climate change could affect crop development, and
will reduce the length of its growing cycle. Tojo Soler et al.19 investi-
gated the effects of different weather and planting dates on maize
yield in Brazil with CERES-Maize, and indicated that a later plant-
ing date will decrease 55% on average yield under rainfed condi-
tions and 21% under irrigated conditions, and almost accelerate
the harvest date by 45 days. However, Mall et al.20 demonstrated
that delaying the sowing dates would be beneficial for increasing
soybean yields under climate change condition at all the locations
in India. Alexandrov and Hoogenboom1 also indicated that the
yield of maize and winter wheat will decrease under a current level
of CO2 (330 ppm), precipitation deficit and high temperature due
to a shorter crop growing season.

Adaptation and mitigation could be intended as direct and
indirect intervention to reduce or prevent damages due to the
climate change, respectively. Although, adaptation and miti-
gation may be different, both are important components to
overcome the negative impacts of climate variability on crop
yield and commonly apply as complementary strategies. In gen-
eral, to reduce the irreversible impacts of climatic fluctuation
in vulnerable regions where agriculture is most sensitive, many
adaptations strategies were suggested, including: altered crop
rotation, changing cultivars, more efficient water use, altering the
timing or location of cropping activities, development of new
agricultural areas and improving the effectiveness of pest, disease
and weed management.3 So, improving responses to climate
change by designing appropriate adaptation and mitigation solu-
tions or choosing effective adaptation and mitigation strategies
could be a critical challenge for farmers over the coming decades.
Results of many studies suggested that the impacts of climate
change without using adaptation and mitigation strategies may
create considerable problems related to agricultural production
and economies.21 On the other hand, various studies have been
conducted to investigate the role of the agronomic mitigation or
adaptation strategies to climate change.20,22,23 However, it should
be noted that the efficacy of adaptation and mitigation strategies
in each region is different and no single approach can give the
required information for adapting agriculture in a changing cli-
mate, hence it is possible to use the vulnerability index to identify
which areas and/or years have higher or lower response to these
strategies and which adaptation and mitigation efforts are likely
to be most effective and thus how one may prioritise them.24 In
general, vulnerability index was described as the ratio of a crop
failure index (detrended yield for that year divided by the actual
harvest for the year) to a drought index (mean growing season
rainfall divided by the actual rainfall in a season) which indicated
that how much of the crop yield loss in each region and/or year is
related to the drought.24

Iran has diverse climate conditions (from arid to humid), but
most areas in this country commonly have arid and semi-arid
climates with annual average precipitation of 250 mm. Most
of the annual precipitation falls from October through April.25

Maize (Zea mays L.) is one of the most widely grown grain crop
in the world and Iran. According to the FAO Statistics (2013)
(http://faostat.fao.org) there were 425 000 ha under maize culti-
vation with 2.54 million tones production in Iran, with 99.5% of it
under irrigation and this crop is grown almost all over the country
under varied soil and climatic conditions. The objectives of this
study were to simulate the impacts of climate change on maize
production in the north-east of Iran. Moreover, vulnerability index
was computed for each location to identify where adaptation and
mitigation strategies are effective. Different sowing dates were

Figure 1. Geographical study locations in Iran. A, Mashhad; B, Sabzevar; C,
Torbat heydariyeh.

also applied as an adaptation approach to decrease the negative
impacts of climate change in study area.

MATERIALS AND METHODS
Study area, weather and yield data
The present study was conducted in three locations in the
north-east of Iran (Khorasan Razavi province) named as Mashhad,
Sabzevar and Torbat heydariyeh which are located between 35∘
16′ and 36∘ 16′ N latitudes, 57∘ 39′ and 59∘ 38′ E longitudes,
respectively (Fig. 1). The north-east of Iran commonly faces a
highly fluctuating climate and rainfall in this area is rare from July
to September.26 In this study, historical daily weather data for
each region including maximum and minimum temperature (∘C),
precipitation (mm) and solar radiation (MJ m−2 d−1) were obtained
as baseline data for the 1983–2010 period from local synoptic
stations. For the similar time period the maize yield data also were
obtained from the agriculture ministry.

General Circulation Models, downscaling model,
and scenarios
Due to low spatial resolution of General Circulation Models
(GCMs), outputs should be downscaled and two methods includ-
ing dynamical and statistical downscaling are commonly in use.27

Statistical downscaling has more advantages and ability com-
pared with dynamic downscaling especially when lower cost and
faster evaluation of climatic variables is required. This downscaling
method can be carried out by the common statistical methods
such as regression or by the weather generator models such as
Long Ashton Research Station Weather Generator (LARS-WG)
model.3 The LARS-WG model is a stochastic weather generator
that generates synthetic daily time series of solar radiation, precip-
itation, maximum and minimum temperature of any length which
correspond to the observed climate statistics at a single site.28

This weather generator uses the Fourier series for temperature
modelling and also Markov chain and semi-empirical distribution
methods for precipitation and radiation simulation, respectively.29

The following three emissions scenarios from the major fami-
lies of SRES emissions scenarios have been used to project the
future data. The A1B scenario represents the fastest growing
economies in the world, maximum population growth in the
middle of this century and high-performance technology based
on a balanced energy mix.30 The A2 scenario includes very het-
erogeneous environmental conditions, high population growth
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Table 1. Comparison of simulated and observed climatic parameters
including precipitation, radiation and minimum and maximum tem-
perature for baseline period in the study area

Location and parameter R2 D MSD MAE

Mashhad
Precipitation 0.9686 0.9920 9.9749 2.4625
Minimum temperature 0.9989 0.9996 0.0851 0.2333
Maximum temperature 0.9993 0.9998 0.0767 0.2567
Radiation 0.9994 0.9999 0.0203 0.1242

Sabzevar
Precipitation 0.9929 0.9963 3.0317 1.1733
Minimum temperature 0.9994 0.9998 0.0512 0.1642
Maximum temperature 0.9936 0.9997 0.1079 0.2775
Radiation 0.9994 0.9998 0.0227 0.1058

Torbat heydariyeh
Precipitation 0.9605 0.9898 15.7539 2.8408
Minimum temperature 0.9992 0.9997 0.0663 0.2000
Maximum temperature 0.9986 0.9996 0.1369 0.3058
Radiation 0.9993 0.9998 0.0259 0.1150

rate, negligible economic development and slow technological
change.31 Moreover, the B1 scenario describes a convergent
world with a global population that peaks in mid-century and
rapid changes in economic structures toward a service and
information economy.32

In this study, several statistics criteria were computed to evalu-
ate the accuracy of the simulated data. The coefficient of deter-
mination (R2) was calculated to compare simulated temperature,
precipitation and radiation with measured values [Eqn (1)]. The
index of agreement (D) was used as a standardised measure of
the degree of model prediction error and varies between 0 and 1
so that a value of 1 indicates a perfect match, and 0 indicates no
agreement at all [Eqn (2)]. The mean squared deviations (MSD) also
was computed to evaluate the model error and forecasts accuracy,
in addition this index represents the forecast overall deviation of
observations [Eqn (3)]. Finally, the mean absolute error (MAE) was
calculated to estimate the mean absolute error function for the
forecast and the eventual outcomes, In other words it is a quan-
tity used to measure how close forecasts or predictions are to the
eventual outcomes [Eqn (4)]:
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Table 2. Evaluation of general circulation models (GCMs) in climatic
data simulation (precipitation and minimum temperature) for baseline
period at study locations

Precipitation
Minimum
temperature

GCM

Location
and

scenario R2 RRMSE MAE R2 RRMSE MAE

GFCM21 Mashhad
A1B 0.960 14.887 0.663 0.996 3.685 0.331
A2 0.964 13.882 0.612 0.995 3.764 0.382
B1 0.953 16.502 0.755 0.997 2.943 0.305

Sabzevar
A1B 0.956 16.199 0.794 0.992 4.112 0.395
A2 0.962 14.787 0.696 0.993 3.977 0.409
B1 0.951 16.944 0.798 0.994 3.554 0.384

Torbat heydariyeh
A1B 0.961 14.535 0.597 0.991 5.067 0.442
A2 0.957 15.732 0.714 0.992 4.177 0.386
B1 0.966 13.263 0.559 0.994 3.649 0.373

INCM3 Mashhad
A1B 0.968 12.452 0.571 0.996 3.244 0.309
A2 0.953 16.641 0.662 0.995 3.515 0.394
B1 0.945 18.128 0.807 0.998 2.478 0.287

Sabzevar
A1B 0.952 15.813 0.644 0.993 3.995 0.401
A2 0.968 12.649 0.583 0.994 3.574 0.376
B1 0.942 18.354 0.825 0.995 3.622 0.359

Torbat heydariyeh
A1B 0.956 15.593 0.626 0.991 4.654 0.483
A2 0.947 17.870 0.770 0.991 4.938 0.456
B1 0.969 12.208 0.543 0.992 3.919 0.402

MAE =

n∑
i=1

||Oi − Si
||

n
(4)

where Si and Oi are simulated and observed data, respectively, S

and O are the mean of simulated and observed data, S′
i =

(
Si − S

)
,

O′
i =

(
Oi − O

)
, and n is the number of observations.

The LARS-WG was finally used to produce daily data series for
three projection decades (2020s, 2050s and 2080s) using two GCM
models including GFCM21 and INCM3 developed in the Geophysi-
cal Fluid Dynamics Lab and Institute for Numerical Mathematics in
Russia, respectively.33,34 For evaluating the precision of these two
GCM models in climatic data simulation R2 [Eqn (1)], MAE [Eqn (4)]
and RRMSE [Eqn (5)] also were computed:
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where Si and Oi are simulated and observed data, respectively, O is
the mean of observed data and n is the number of observations.
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Table 3. Evaluation of general circulation models (GCMs) in climatic
data simulation (maximum temperature and radiation) for baseline
period at study locations

Maximum
temperature Radiation

GCM

Location
and

scenario R2 RRMSE MAE R2 RRMSE MAE

GFCM21 Mashhad
A1B 0.993 4.678 0.414 0.997 3.277 0.324
A2 0.994 4.355 0.387 0.996 3.295 0.368
B1 0.992 4.688 0.411 0.998 2.536 0.302

Sabzevar
A1B 0.995 3.965 0.379 0.995 3.629 0.331
A2 0.996 3.816 0.336 0.994 3.923 0.416
B1 0.994 4.839 0.403 0.997 3.436 0.315

Torbat heydariyeh
A1B 0.998 2.812 0.269 0.997 3.366 0.353
A2 0.995 4.347 0.391 0.996 3.862 0.408
B1 0.995 3.827 0.304 0.998 2.128 0.205

INCM3 Mashhad
A1B 0.996 3.887 0.371 0.995 3.254 0.285
A2 0.998 3.462 0.287 0.995 3.264 0.343
B1 0.995 4.140 0.394 0.995 3.425 0.402

Sabzevar
A1B 0.995 3.924 0.389 0.996 3.437 0.323
A2 0.996 3.657 0.323 0.995 3.634 0.347
B1 0.994 4.722 0.406 0.994 4.277 0.399

Torbat heydariyeh
A1B 0.997 3.273 0.290 0.997 3.405 0.303
A2 0.996 3.648 0.347 0.998 2.272 0.312
B1 0.998 2.981 0.259 0.998 2.226 0.232

Crop model
The Decision Support System for Agrotechnology Transfer (DSSAT)
is one of the most widely use crop simulation models (for more
than 20 different crops) in the world.35 The DSSAT model is derived
from the CERES and CROPSIM and also more than 120 studies
conducted by DSSAT models from North America to Africa.35,36

This crop model simulates plant growth and development as a
function of daily weather, soil condition and crop management.
Plant growth is calculated on a daily basis and biomass allocation
is a function of the stage of plant growth and development and
also depends on the amount of available biomass for growth. All
the processes of growth and development have been dynamic
and are influenced by environmental factors and characteristics
of plant varieties. Weather conditions also will be available in the
climate file providing daily data. Commonly, the description of
plant development is expressed based on the thermal unit. More-
over, plant growth potential is a function of visible radiation and
absorbed radiation depends on the leaf area index (LAI). Different
factors such as row spacing, plant density and light use efficiency
also have direct effect on potential output. In this model, empir-
ical equation has been used for processes of growth phenology,
canopy development, organ formation, photosynthesis, allocation
of assimilates and soil water content. Hence, the model is able to
simulate climate effects on soil moisture and nitrogen, growth and
yield.37 In this study, the CERES-Maize model (in DSSAT ver. 4.5),
which is one of the most popular and high visibility models, has

Table 4. Simulated phenological stages, maximum leaf area index
and grain yield (kg ha−1) of maize in current planting date (15 June)
for baseline and changes in potential yields with GFCM21 and INCM3
under A1B, A2 and B1 scenarios in three periods for Mashhad

GCM
model Scenario Decade

Anthesis
day

Physiological
maturity

day
Yield

(kg ha−1)
LAI

max

GFCM21 – Baseline 51 87 8720 4.19
A1B 2020 50 84 8493 3.79

2050 48 78 7986 3.75
2080 46 75 6557 3.69

A2 2020 50 83 8334 3.78
2050 48 79 8086 3.75
2080 45 74 6104 3.69

B1 2020 50 83 7996 3.75
2050 48 79 8126 3.73
2080 48 78 8026 3.69

INCM3 A1B 2020 49 82 8345 3.78
2050 47 77 7766 3.74
2080 47 76 6981 3.74

A2 2020 50 84 8443 3.75
2050 48 78 8012 3.76
2080 45 73 4962 3.70

B1 2020 50 83 8428 3.74
2050 48 80 8205 3.72
2080 48 78 7941 3.66

been used in order to carry out the simulation of maize character-
istics. The cropping system model was previously calibrated and
validated at the study areas for maize-Single Cross 704.38 For sim-
ulating the maize growth and yield also it was assumed that the
crop was free from any insect, pest and disease effects. Moreover,
135 kg N ha−1 was applied twice and irrigation was set as auto-
matic to avoid yield differences due to inadequate nitrogen or inef-
ficient water management.

Vulnerability index
Vulnerability refers to the degree that agricultural systems may
experience harm due to drought (rainfall anomaly), hence vul-
nerability assessment is an effective way to realise the impacts
of climate change on these systems.24,39 Vulnerability index was
described as the ratio of a crop failure index to a drought index
[Eqn (6)].24 The crop failure index is the detrended yield for that
year divided by the actual harvest for the year.24,39 In general, an
increase in crop yield from year to year may be explained by grad-
ual improvements in technology, while other variables such as
weather conditions, pests and diseases, input availability are all
fairly constant or under control, thus the goal of detrending is to
get a good long-year record of yields (http://cm box user guide). In
other words, detrended yield removes the effect of increased tech-
nology or consistent misreporting and demonstrates an ‘expected
harvest’ based on a long-term trend and the hypothesis is that an
upward (downward is not very likely) trend in yields caused by the
factors mentioned above is eliminated from the statistics. Detrend-
ing yield requires two steps. The first step involves the fitting of
a smooth curve through the yield statistics and the second step
includes obtaining yield anomalies as the difference between the
yield in each year and average of observed long-term yield. On the
other hand, the drought index is the mean growing season rainfall
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Table 5. Simulated phenological stages, maximum leaf area index
and grain yield (kg ha−1) of maize in current planting date (15 June)
for baseline and changes in potential yields with GFCM21 and INCM3
under A1B, A2 and B1 scenarios in three periods for Sabzevar

GCM
model Scenario Decade

Anthesis
day

Physiological
maturity

day
Yield

(kg ha−1)
LAI

max

GFCM21 – Baseline 47 75 6950 4.07
A1B 2020 45 73 5358 3.70

2050 44 70 2731 3.24
2080 43 69 1381 2.71

A2 2020 45 73 5080 3.68
2050 44 71 3165 3.31
2080 43 67 1270 2.42

B1 2020 45 73 5167 3.70
2050 45 72 3465 3.47
2080 44 70 2755 3.24

INCM3 A1B 2020 45 73 4791 3.72
2050 44 71 2733 3.35
2080 44 69 1788 3.15

A2 2020 45 73 5319 3.71
2050 45 71 3002 3.50
2080 42 67 1225 2.68

B1 2020 49 75 6485 3.79
2050 45 72 3921 3.59
2080 45 72 2888 3.33

divided by the actual rainfall in a season which is equivalent to an
anomaly approach:24,39

vulnerability index =
crop failure index

drought index

=

(
Ŷi∕Hi

)
(

R̂i∕Ri
) (6)

where Ŷi is detrended yield, Hi is the actual harvest, R̂i is the mean
growing season rainfall, and Ri is the actual rainfall in a season.

In general, the values of the vulnerability index for each area
and year indicated that how much of the yield loss related to
the drought and the efficiency of the adaptation and mitigation
strategies in that area or year. A low value of vulnerability index
shows the high efficacy of the socio-economic adaptation to
drought through measures such as good water management,
increasing fertiliser and investments in agriculture but a high
vulnerability index indicates that the yield loss in which regions
or years was large relative to the size of drought. It must be con-
sidered that the value of vulnerability index above 1.51 is related
with sufficiently high vulnerability that no significant adaptation
takes place.24,39 In this study the crop failure index and drought
index were calculated based on baseline data (1983–2010) and
the Minitab17 software was used to compute the detrended yield
data for this baseline time period.

Adaptation strategies
In this study sowing time was evaluated as an agronomic adapta-
tion option. The optimal sowing dates for maize could be consid-
ered at three different times, including spring cultivation (from the

Table 6. Simulated phenological stages, maximum leaf area index
and grain yield (kg ha−1) of maize in current planting date (15 June)
for baseline and changes in potential yields with GFCM21 and INCM3
under A1B, A2 and B1 scenarios in three periods for Torbat heydariyeh

GCM
model Scenario Decade

Anthesis
day

Physiological
maturity

day
Yield

(kg ha−1)
LAI

max

GFCM21 – Baseline 53 92 9046 4.03
A1B 2020 52 88 8762 3.68

2050 48 81 8171 3.63
2080 47 77 7941 3.56

A2 2020 51 86 8654 3.70
2050 49 82 8234 3.62
2080 46 75 7518 3.58

B1 2020 51 87 8552 3.63
2050 49 83 8353 3.60
2080 48 80 8186 3.57

INCM3 A1B 2020 51 86 8596 3.62
2050 50 80 8058 3.60
2080 48 77 7659 3.57

A2 2020 52 88 8803 3.67
2050 50 81 8169 3.61
2080 46 75 6766 3.60

B1 2020 52 88 8805 3.60
2050 50 83 8321 3.59
2080 49 80 8110 3.60

middle of March to June), summer cultivation (from July to August)
and winter cultivation (February). However, due to changes in cli-
mate these dates can change over time.40 In most locations of
these study areas, maize sowing date normally occur within the
middle of May to the middle of June. Hence, current sowing date
(15 June) for each location based on the local information was con-
sidered and two planting dates (29 May and 29 June) were chosen
for different locations. The phenological stages, leaf area index and
potential grain yield was simulated for current and future (2020s,
2050s and 2080s) climatic conditions which was projected by two
GCMs (GFCM21, INCM3) under three scenarios (A1B, A2 and B1).

RESULTS
LARS-WG model validation
The LARS-WG model was evaluated using four statistical criteria
to determine the reliability of simulated climate data. The results
generally indicated adequate accuracy for simulation the climatic
data in the study areas (Table 1). The evaluation of two GCMs in
climatic data simulation also showed the similar results (Table 2
and Table 3).

Maize production
The simulated phenological stages, maximum leaf area index and
grain yield (kg ha−1) of maize in current planting date (15 June) for
baseline and changes in potential yields with GFCM21 and INCM3
under A1B, A2 and B1 scenarios in three study decades are shown
in Table 4, Table 5 and Table 6 for Mashhad, Sabzevar and Torbat
heydariye, respectively.

Phenology
Duration of planting to anthesis for each of the study locations
using both GCMs under all scenarios and time periods showed a
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Figure 2. The estimated values of vulnerability index (VI) for baseline
period at study locations.

negative trend in comparison with the current situation in these
locations except in Sabzevar under B1 scenario using INCM3 model
in 2020s (Tables 4, 5 and 6). The days to anthesis in Mashhad,
Sabzevar and Torbat heydariyeh were changed by −1 to −6, +2
to −5 and −1 to −7 days compared to baseline in each region
based on the different models, scenarios and times, respectively
(Tables 4, 5 and 6). The physiological maturity period was also
shorter for both GCM models and under all scenarios and time
periods (Tables 4, 5 and 6). Moreover, in the most cases the longest
and shortest periods for both phenological stages were obtained
under B1 and A2 scenarios using both GCMs.

Maximum leaf area index
The prediction of this feature under the climate change and across
all models, scenarios and times revealed that the maximum leaf
area index would decline in all of the study locations in the future
(Tables 4, 5 and 6). The highest change in the maximum LAI was
obtained in Sabzevar which altered from 3.79 to 2.42 related to B1
scenario of INCM3 in 2020s and A2 scenario of GFCM21 in 2080s,
respectively (Table 5).

Grain yield
The simulated grain yield of maize was lower in all study locations
using INCM3 and GFCM21 models under all scenarios and time
periods compared to baseline (Tables 4, 5 and 6). The highest vari-
ations in maize yield were predicted for Sabzevar (−6.7% to−82%)
and Mashhad (−2.6% to −43%), moreover the moderate fluctua-
tion was obtained in Torbat heydariyeh (−2.6% to −25.2%) from
2020s towards 2080s. The lowest reduction was simulated in 2020s
under A1B scenario of GFCM21 in Mashhad (8493 kg ha−1), and
also under B1 scenario of INCM3 in Sabzevar (6485 kg ha−1) and
Torbat heydariyeh (8805 kg ha−1), whereas the highest reduction
for these three regions (4962, 1225 and 6766 kg ha−1 respectively)
was related to A2 scenario of INCM3 model in 2080s (Tables 4, 5
and 6).

Vulnerability index
The vulnerability index was computed for each year and study
location (Fig. 2) and then the mean value of the vulnerability

Figure 3. Time series of annual crop failure index and drought index for
study locations.

index across the full time series for Mashhad, Sabzevar and Torbat
heydariyeh were obtained as 0.84, 0.91 and 0.66, respectively.
The results showed that the adaptation efforts and appropriate
strategies are likely to be effective in these regions. Furthermore,
due to the changes of crop failure index and drought index in the
baseline period for each area found that these indicators had high
frequency and values in the recent years compared to earlier years,
which resulted from the rainfall anomaly and high temperature
in these areas and caused more sensitivity to climate change and
higher vulnerability of maize yield to drought (Fig. 3). The results
also revealed that the high crop failure index and minor drought
index leads to high vulnerability index, while the low crop failure
index and major drought index result in low vulnerability index
(Fig. 3). Hence, according to these results Mashhad and especially
Sabzevar indicates more vulnerability in comparison with Torbat
heydariyeh.

The adaptation strategies and maize production
The range of changes for simulated days to anthesis in Mashhad,
Sabzevar and Torbat heydariyeh was from +1 to −6, +2 to −5
and 0 to −7 days based on different planting dates, time periods,
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(a)

(b)

Figure 4. The effect of varying planting dates on maize anthesis day and physiological maturity day using GFCM21 and INCM3 models under A1B, A2 and
B1 scenarios in Mashhad, Sabzevar and Torbat heydariyeh in three periods. dap, days after planting.

scenarios and locations compared to baseline (Fig. 4a). This dura-
tion increased in Mashhad and Torbat heydariyeh for the planting
date of 29 May (Fig. 4a), while the longest duration was obtained
for 15 June in Sabzevar (current sowing date) (Table 5). Moreover,
this trait commonly decreased for the planting date of 15 June in
all of the study areas (Fig. 4a, Table 5). The highest change in phys-
iological maturity period was obtained in Torbat heydariyeh by
+2 to −18 days in comparison with the baseline, also this period
was altered from +2 to −14 days in Mashhad and 0 to −13 days
in Sabzevar (Fig. 4b). Overall, the simulation results illustrated that

physiological maturity period increased for the planting date of 29
June and decreased for the planting date of 29 May in all of the
study locations (Fig. 4b, Table 4). The longest period for both phe-
nological stages also was simulated under A1B and B1 scenarios in
2020s and the shortest period was obtained under A2 scenario in
2080s with using both GCM models.

The highest maximum LAI was predicted for the sowing date
of 29 May in the 2020s and under A1B scenario of GFCM21 and
B1 scenario of INCM3 in Mashhad (5.1), A1B scenario of INCM3
in Torbat heydariyeh (5.13) and B1 scenario of INCM3 in Sabzevar

J Sci Food Agric 2016; 96: 4465–4474 © 2016 Society of Chemical Industry wileyonlinelibrary.com/jsfa



4472

www.soci.org M Bannayan, P Paymard, B Ashraf

(a)

(b)

Figure 5. Effect of varying planting dates on maize maximum leaf area index and grain yield using GFCM21 and INCM3 models under A1B, A2 and B1
scenarios in Mashhad, Sabzevar and Torbat heydariyeh in three periods.

(4.64) (Fig. 5a). On the other hand, the lowest maximum LAI was
obtained for the planting date of 15 June in the 2080s and under B1
scenario of INCM3 in Mashhad (3.66) and A1B scenario of GFCM21
in Torbat heydariyeh (3.56) (Tables 4 and 6), also it can be seen
in Sabzevar (2.4) for the date of 29 June and under A2 scenario
of GFCM21 in 2080s (Fig. 5a). Furthermore, the simulation results
showed that the most increase in maximum LAI with changing
the planting date will be for Torbat heydariyeh (5.13) compared to
baseline (Fig. 5a).

The range of changes for maize grain yield also was projected
from+8% to−55%,+16% to−85% and+4% to−40% in Mashhad,
Sabzevar and Torbat heydariyeh based on different planting dates,
time periods and scenarios in study locations, respectively (Fig. 5b).

The highest predicted grain yield obtained for the planting date
of 29 June, while the lowest yield was simulated for the planting
date of 29 May in all locations (Fig. 5b). The highest simulated yield
in Mashhad (9390 kg ha−1) and Torbat heydariyeh (9437 kg ha−1)
was related to B1 scenario of INCM3 in 2020s and in Sabzevar
was obtained (8075 kg ha−1) under A1B scenario of GFCM21 in
2020s, however the A2 scenario of INCM3 (in Mashhad and Torbat
heydariyeh) and A2 scenario of GFCM21 (in Sabzevar) showed
the lowest grain yield in 2080s (3875 kg ha−1, 5419 kg ha−1 and
1008 kg ha−1, respectively) (Fig. 5b). In addition, the maximum and
minimum range of changes with respect to the different planting
dates occurred in Sabzevar and Torbat heydariyeh, respectively.
The simulation results showed that in the most cases earlier
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planting dates decreased maize grain yield since the anthesis stage
was faced with the higher temperatures, while the latest planting
date increased the yield.

DISCUSSION
The aim of this study was to investigate the impacts of climate
variability based on GFCM21 and INCM3 models under A1B, A2
and B1 scenarios on maize production in future and the efficacy of
adaptation strategies to mitigate the effects of climate change. The
results of climate model evaluation indicated that LARS-WG had
appropriate prediction for climatic data and this is in agreement
with several studies.6,27,29 So, this model was used to produce daily
climatic data as one stochastic growing season for each projection
period using different GCM models and scenarios. The results
of GCM evaluation also showed adequate accuracy for climatic
data simulation in the study areas which confirm the reliability of
simulated data.

The simulated results revealed that the maize yield would
decline in response to climate change during future century from
−2.6% to −82% at all study locations in comparison with the base-
line. The reduction of maize yield under different climatic scenar-
ios has been reported in various studies.17,18 Moreover, the same
trend in phenological stages and maximum leaf area index was
obtained. It seems these issues are associated with increase in air
temperature and decreases in precipitation that is projected in the
future.20 So, increasing of temperature caused an increase in devel-
opment rate of the crop and a decrease in growth period which
result in yield reduction. Generally, A2 scenario indicated a more
negative impact on maize yield and growth for the future climate
in different time periods and under both GCMs, while the B1 sce-
nario showed more optimal conditions. The IPCC report revealed
that mean annual warming under A1B and A2 scenarios was more
than the B1 scenario in future climate change condition, therefore
the higher yield reduction of maize under A2 scenario could be due
to higher temperature and shorter growth period in this scenario.3

The result of vulnerability index demonstrated that using of
adaptation strategies could be effective in order to reduce the
impacts of climate variability on maize productivity in all of the
study areas. Similar results were also obtained by Challinor et al.24

and Simelton et al.39 Hence, the use of different sowing dates
as an adaptation approach found that delaying the sowing date
will be advantageous in order to mitigate the adverse effects of
climate change by avoiding thermal stress at the growth period
and obtain higher yield in all of the study areas in next decades.
There are many studies which have focused on the efficiency of
agronomic adaptation and mitigation approaches in relation to
climate-induced yield losses in different locations.20,22,23,38

CONCLUSIONS
Changing climate could decrease maize production in the future
conditions in the north-east of Iran (Khorasan Razavi province).
The simulated phenological stages, maximum LAI and grain yield
of maize would be decreased by future climate change. The vul-
nerability index (vulnerability index) indicated that using of adap-
tation strategies could be effective in all of the study locations.
Consequently, the use of different sowing dates as an adaptation
approach found that the latest planting date (29 June) resulted in
less damage to maize grain yield rather than other planting dates
(29 May and 15 June) due to mitigation of temperature effects,
especially in the anthesis stage.
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