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Abstract: Assessment of agricultural water requirements under future climate projections has received
increasing attention in recent decades. The agriculture pattern of the semi-arid North China Plain
is a maize–wheat rotation system in which sufficient irrigation is required to maintain production.
In this study, the effects of future climate scenarios on the net irrigation requirement of the maize–
wheat rotation system were assessed using the Food and Agriculture Organization crop growth
model—AquaCrop. First, the baseline net irrigation requirement over the study region was obtained
through AquaCrop simulation under ERA5-Land reanalysis from 2011 to 2020. In addition, the
AquaCrop model was used to predict irrigation requirements in future scenarios (2021–2050) under
the extreme-emission scenario of the Shared Socioeconomic Pathway SSP 5-8.5 (SSP 5-8.5). Finally,
the predicted irrigation amount for maize and wheat during the period 2021–2050 under SSP 5-8.5
was compared with the baseline to assess the interannual change in irrigation water requirement.
Results reveal significant agreement between the AquaCrop-derived daily soil moisture (SM) and a
reference SM product with unbiased root mean square differences of 0.03 m3/m3 and 0.04 m3/m3

over maize and wheat, respectively. Furthermore, the median net irrigation requirement is expected
to increase by approximately 107 mm (21%) to guarantee optimum yield.

Keywords: irrigation requirement; AquaCrop; climate change; soil moisture

1. Introduction

Global climate affected agricultural water demand and crop production [1–4]. Agricul-
ture is the largest global consumer of water, accounting for approximately 69% of annual
water withdrawals, and irrigated croplands cover only 18% of the global cropland area but
contribute 40% of global food production [5,6]. Studies in recent years have shown that
climate change may be more dramatic than previously thought [7,8]. To this end, it is neces-
sary to assess the agricultural water requirement under possible future climate conditions.

The most widely used method for providing information on irrigation water use
was through census statistics, which only supports data at a coarse scale. For example,
the Pakistan Bureau of Statistics (https://opendata.com.pk/, accessed on 25 May 2024)
reports irrigation water withdrawals from canals at the province scale, and the China Water
Resources Bulletin reports withdrawals for agriculture at the province scale [9]. However,
these data cannot provide details on exact water use for croplands, and withdrawals might
also be underreported by some countries. Beyond census data, satellite remote sensing
has enabled regular gridded data for efficient geospatial analyses of irrigation over large
areas. The wide availability of data from various satellite sensors made it possible to assess
which areas are irrigated, the timing of irrigation, and the water amount supplied to the
fields [10,11]. However, the accuracy of irrigation information from satellite data is strongly
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affected not only by spatial and temporal resolution of observations but also by cloud cover
and sensitivity to vegetation [12,13]. The process-based models, such as hydrological and
crop models that have integrated irrigation schemes, are another alternative to provide
explicit spatial and temporal information on irrigation water use [14–16]. One of the
pioneering work on the assessment of global future irrigation requirements under climate
change was performed by Döll and Siebert [14], who used a hydrological model with
two future climate projections and found an average global increase in the long-term
average irrigation requirement of about 10% by the 2070s. Compared with hydrological
models, crop models provide detailed representations of crop-specific phenology and
resource (water and nutrient) use, which can better describe the water requirement during
crop growth [17]. With the development of global climate projections, many studies have
combined crop models and future climate scenarios to evaluate the effects of climate
changes on agricultural water demand and crop production in recent years [18–22].

The North China Plain (NCP) is one of the most important agricultural production
bases in China [23]. It is a typical semi-arid region with a summer maize–winter wheat
rotation system and supplies approximately 50% of the wheat and 33% of the maize in
China [20,24]. From the 1980s to the 2000s, the irrigation water requirements for winter
wheat and summer maize are approximately 341.1 mm/year and 250.5 mm/year in the
NCP region, respectively [25]. The impacts of future climate change on water use in
the NCP have frequently been assessed during the past decades [20,21,26–28]. However,
a major drawback for most of these studies is that they operated at relatively coarse
spatial resolution (~100–250 km) under various Representative Concentration Pathways
(RCPs) [29,30]. Hence, downscaling techniques are commonly required to obtain future
climate predictions at finer spatial resolution [21,31–33]. Nevertheless, a number of auxiliary
data are required for the downscaling techniques, which has further constrained the
application of these future climate projections on a regional scale. With the development
of the CMIP6 High Resolution Model Intercomparison Project (HighResMIP), climate
projections with high spatial resolution are expected to enable a more realistic simulation
of atmospheric processes [34]. In recent years, an increasing number of studies have
highlighted the positive impact of higher spatial resolution climate projections on the
description of climate interactions at various scales [35–41]. Another limitation of previous
studies is the lack of consideration of actual water requirements over different crop growth
stages. For instance, Busschaert [42] considered that the actual irrigation requirement
should be equal to evapotranspiration, whereas others used a fixed threshold value to
determine the irrigation amount during the entire growth period [43,44]. To this end, the
objective of this study is to investigate irrigation requirements to maintain production over
the semi-arid NCP region under future climate projections with high spatial resolution
using a well-defined crop model. Specifically, the irrigated area and phenological phases
of crops were assumed to be unchanged to maximize the comparability of future and
baseline irrigation. Except for these, since the present study focused on the effects of
future climate change on net irrigation needs, other factors (including cultivars and field
management) were kept unchanged and assigned as default values inherited in crop model
simulation. Under these hypotheses, net irrigation needs over four major crop growth
stages (emergence, canopy growth, max canopy, and senescence) with both summer maize
and winter wheat were considered, and the possible variation in irrigation needs can be
finally determined by comparison with the baseline value.

The remaining part of the paper is structured as follows: Section 2 presents the
materials and methods, Section 3 analyzes the results, and the discussion and conclusion
are provided in Sections 4 and 5, respectively.

2. Materials and Methods
2.1. Study Region

In this paper, the NCP is selected as a study region to investigate irrigation require-
ments in future climate scenarios. The NCP region is characterized by a typical summer
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maize–winter wheat rotation system. Figure 1 shows the planting area in the NCP region.
Specifically, the blue area was determined as a summer maize–winter wheat pixel and be-
longed to a typical irrigated region where irrigation is required to maintain crop yields. As
seen in the figure, except for the mountain areas in the north and west parts of the NCP, it is
obvious that most of the study region belongs to the summer maize–winter wheat rotation
system. Another reason for selecting the NCP is due to the severe water shortage in this re-
gion. The recent literature has indicated that the annual available water resources per capita
in NCP (~300 m3/year) are far less than those in Southern China (~3180 m3/year) [45] and
below the recommended global baseline for water stress (1700 m3/year) [46]. Hence, it is
necessary to investigate the irrigation requirement of the NCP under a possible dramatic
future scenario.
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Figure 1. Study region of the North China Plain and the distribution of the summer maize–winter
wheat rotation area. The source data is based on Luo et al. [47].

2.2. Data

In the present study, the ERA5-Land reanalysis data, including grid total precipitation,
dew point temperature, air temperature, wind speed, surface pressure, and surface net
solar radiation with a spatial resolution of 0.1◦ (~10,000 m) and temporal resolution of one
day from 2011 to 2020 were used for calibrating the parameters of the AquaCrop model.
Specifically, the hourly ERA5-Land data were averaged at daily intervals to match the
requirement of the AquaCrop model.

Because SM can directly reflect the effects of irrigation, a reference SM product, namely
the soil moisture of China by in situ data (SMCI), was used to evaluate the AquaCrop-
derived SM. The SMCI was obtained through a machine learning algorithm using climate
variables, vegetation indices, soil properties, and in situ SM measurements at 1789 stations
in China [48]. Apart from the high accuracy with an unbiased root mean square error of ap-
proximately 0.05 m3/m3, the SMCI product can also provide SM at different depths, which
is one of the main reasons for selecting it in the present study because other congeneric SM
products are characterized with a shallow depth of approximately 5 cm, whereas most of
the roots in the study region are distributed within a layer of approximately 30 cm [49,50].
To this end, SM at three layers (0–10 cm, 10–20 cm, and 20–30 cm) of the SMCI product
were averaged to representative SM at a depth of 30 cm.

To investigate the irrigation requirement over the semi-arid NCP region under future
climate projection with high spatial resolution, three future climate datasets (FGOALS-
f3-H, EC-Earth3P-HR, and HiRAM-SIT-HR) from 2021 to 2050 from HighResMIP were
considered [51–53]. Table 1 shows the three future climate datasets in detail. Specifically, the
HighresMIP has two scenarios with the extreme-emission scenario of Shared Socioeconomic
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Pathway SSP5-8.5 (SSP5-8.5): highres-future and highresSST-future. The main difference
between them is that the sea surface temperature (SST) was considered in the latter, as many
studies have shown that SST has a significant influence on the atmosphere via changes in
air–sea fluxes [54–57]. All climate variables were resampled to match the ERA5-Land data
using the cubic interpretation method.

Table 1. The future climate datasets under SSP5-8.5 future scenario used in this study.

Dataset Spatial
Resolution SSP Forcing Reference

FGAOLS-f3-H 0.25◦ highres-future An et al., 2022 [58]
HiRAM-SIT-HR 0.25◦ highresSST-future Harris et al., 2016 [59]
EC-Earth3P-HR 0.35◦ highres-future Haarsma et al., 2020 [60]

2.3. AquaCrop Simulation

AquaCrop is a water-driven crop growth model developed by the Food and Agricul-
ture Organization (FAO). Specifically, the AquaCrop model simulates the yield response
of herbaceous crops to water and is particularly well suited to conditions in which water
is a key limiting factor in crop production [61,62]. This is the main reason we chose the
AquaCrop model in this study. Figure 2 depicts the flow chart of this study. In general,
the AquaCrop simulation can be divided into two parts: one is driven by the ERA5-Land
reanalysis data from 2011 to 2020, and the other is driven by the three future climate
projections from 2021 to 2050. Specifically, the former is not only to produce the irrigation
baseline but also to evaluate the performance of the AquaCrop model via SM because the
change in SM can directly reflect irrigation.
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Figure 2. Flowchart of the study. Where Tr is the transpiration, θi is the soil moisture in the i day, P is
the precipitation, I is the irrigation, U is the root uptake, R is the runoff, E is the evaporation, and Kc

is the crop coefficient. 1⃝ and 2⃝ represent the workflows of experiment.

To run the AquaCrop model, daily reference evapotranspiration (ET0) was estimated
using the Penman–Monteith equation, where ERA5-Land reanalysis and future climate
datasets [63]. In addition, soil parameters, crop parameters, and irrigation schemes should
be determined for the AquaCrop model. For soil parameters, the volumetric soil water con-
tent at saturation (θS), field capacity (θFC), permanent wilting point (θPWP), and saturated
hydraulic conductivity (KSat) were calculated from a physical-based soil hydraulic func-
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tion [64]. Figure 3 depicts the spatial distribution of these soil parameters over the study
region. Except for these, a total soil profile depth of 1.6 m was defined, as the maximum
rooting depth of summer maize and winter wheat is about 1.2 m and 1.6 m, respectively [50].
For crop parameters, we adjusted the sowing dates of winter wheat and summer maize
according to prior knowledge [20,32,65] and kept other parameters as default by FAO in the
AquaCrop model. Specifically, the sowing dates for winter wheat and summer maize were
set as 15 October and 15 May, respectively. The CO2 concentration was also considered
in the AquaCrop simulation following the method proposed by Meinshausen et al. [66].
Table 2 shows the crucial parameters in the AquaCrop simulations regarding crop growth.
In addition to the soil and crop parameters, management practices, including soil fertility,
mulches, and weed management, were set as the default mode in AquaCrop simulation
due to the lack of such information on the regional scale. Readers can refer to the manual of
the AquaCrop model for further information [61]. In general, these default settings would
not affect the assessment of net irrigation needs under future climate projections because
they are kept unchanged in simulation. Regarding irrigation schemes, Table 3 provides
detailed irrigation strategies for both winter wheat and summer maize at different growth
stages. Specifically, for each growth stage, the target of irrigation is to maintain the SM
content at the corresponding thresholds. For each growth stage, the threshold of total
available water (TAW) can be found in the previous literature [16,67].
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Figure 3. Spatial distribution of volumetric water content at saturation (θS, (a)), field capacity (θFC,
(b)), permanent wilting point (θPWP, (c)), and saturated hydraulic conductivity (KSat, (d)) over the
study region.

With the exception of the aforementioned setting of the AquaCrop model simulation,
two major assumptions were made to decrease the uncertainty. The first is that the irrigated
region was assumed to be unchanged, which can avoid the need to estimate the future
hypothetical land use and the uncertainty of the extent of irrigated areas [68,69]; the other is
that constant dates of the start and end of the growing season were used, because a dynamic
growing season may decrease the comparability of future and baseline irrigation [42].
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Table 2. Crucial parameters in the AquaCrop model regarding crop growth.

Parameters Description Unit Wheat Maize

mat Times from sowing to maturity day 197 132
eme Times from sowing to emergence day 13 6

rootdep Times from sowing to maximum
rooting depth day 93 108

CCx Maximum canopy cover % 96 96
num Number of plants per hectare - 4,500,000 75,000

Kc Crop coefficient when canopy growth
is complete but prior to senescence - 1.1 1.05

Tbase
Base temperature below which growth

does not progress
◦C 0 8

Tupp
Upper temperature above which crop

development no longer increases
◦C 26 30

HI0 Reference harvest index - 0.48 0.48

Table 3. Characteristics of the crops and irrigation strategy under four major growth stages (emer-
gence, canopy growth, max canopy, and senescence).

Growth Stages
Threshold

Winter Wheat Summer Maize

Period of emergence 70%TAW 70%TAW
Period of canopy growth 80%TAW 80%TAW

Period of max canopy 80%TAW 95%TAW
Period of senescence 80%TAW 85%TAW

In the present study, the four metrics of the Pearson correlation coefficient (R), bias, root
mean square difference (RMSD), and unbiased RMSD (ubRMSD) were used to evaluate
the performance of the AquaCrop simulation via SM. The four metrics can be written
as follows:

R =
∑N

n=1 (xn − x)(yn − y)√
∑N

n=1(xn − x)
2
∑N

n=1(yn − y)2
(1)

bias =
1
N ∑N

n=1(xn − yn) (2)

RMSD =

√
1
N ∑N

n=1(xn − yn)
2 (3)

ubRMSD =
√

RMSD2 − bias2 (4)

where x is the AquaCrop-derived SM, y is the reference SMCI data, N is the total number of
the AquaCrop simulations, x and y are the temporal mean of x and y.

3. Results
3.1. Performance of the AquaCrop-Derived SM

Because SM is one of the most significant variables associated with irrigation in the
AquaCrop model, it is reasonable to assess the skill of the AquaCrop simulations by SM. In
the present study, the AquaCrop SM simulations forced with ERA5-Land reanalysis data
under the irrigation strategy shown in Table 3 were evaluated with SMCI SM data during
the baseline period from 2011 to 2020. The spatial distribution of ubRMSD for the summer
maize and winter wheat growth periods is presented in Figure 4. It is obvious that the
comparable accuracy with mean ubRMSD of 0.03 m3/m3 and 0.04 m3/m3 was obtained
for summer maize and winter wheat, respectively.
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To further illustrate the performance of the AquaCrop-derived SM, Figure 5 presents
the spatiotemporal skill metrics comparing the AquaCrop-derived SM and SMCI data
for all pixels over the study period. Following the results, although the phenomenon
of slight overestimation and underestimation when the SM was lower or higher can be
found in both summer maize and winter wheat growing periods, the two SM datasets
still revealed relatively high agreements with correlation coefficients of 0.50 and 0.52,
respectively. Moreover, an unbiased RMSD of 0.04 m3/m3 can be found for the two crops.
Specifically, this RMSD level has reached the benchmark as a quality measure for SM
predictions in agricultural applications. These results confirmed that the AquaCrop model
forced by ERA5-Land reanalysis has a reasonable performance regarding SM simulation
over the study region, which can guarantee the estimation of irrigation requirement since
SM is the main factor for the determination of irrigation strategy in the AquaCrop model.
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3.2. Comparison of Future Climate Data

Air temperature and precipitation are two pivotal variables in future climate datasets,
which are associated with the water balance in soils via evapotranspiration and infiltration,
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respectively. Hence, the accuracy of air temperature and precipitation in future climate
datasets would directly affect simulations of SM and the prediction of irrigation require-
ments in the AquaCrop model. Figure 6 depicts the difference in average precipitation
over the 2021–2050 period and baseline precipitation during the summer maize period.
According to the FGOALS-f3-H and EC-Earth3P-HR, the precipitation during the summer
maize growth period will decrease substantially in the future (Figure 5a,b), and it will
decrease more in the northern part of the NCP under FGOALS-f3-H. The HiRAM-SIT-HR
shows an increase around most parts of the NCP but the same decrease as EC-Earth3P-HR
in the northern part.
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Figure 7 shows the difference between average precipitation over the 2021–2050 period
and baseline precipitation during the winter wheat period. Unlike those in the summer
maize period, the three future climate datasets reveal better consistency in the study region.
The precipitation of the winter wheat growth period will increase over the NCP under
all future climate datasets, which may lead to a lower irrigation amount of winter wheat
because the precipitation replenishes the loss of water in the soil according to the soil
water balance.
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Air temperature also varies among the three future climate datasets. In the maize
growth period, air temperature shows an increase over the NCP under the climate fu-
ture datasets, except for FGOALS-f3-H. FGOALS-f3-H shows a spatial mean decrease of
−0.57 ◦C over the study area. The EC-Earth3P-HR shows the highest mean increase of
1.82 ◦C over the three climate datasets (Figure 8). The HiRAM-SIT-HR shows an increase
over most parts of the study area but a decrease at the southern edge of the study area.
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However, air temperature in the winter wheat growth period shows a regular distribution
among the three future climate datasets (Figure 9). Air temperature rises over the NCP
and only has a decrease in the southeast edge under EC-Earth3P-HR, which may result
from the bias of climate projection. The results above present an obvious difference in air
temperature and precipitation between the summer maize and winter wheat, which may
contribute to the discrepancy in irrigation requirements under future scenarios.
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3.3. Irrigation Requirements for Summer Maize and Winter Wheat

Figures 9 and 10 show the basic information related to irrigation. Figure 10 shows the
spatial distribution of mean precipitation, mean potential crop evapotranspiration (PET),
mean actual crop evapotranspiration (ETc), and mean irrigation amount during the summer
maize growth period at baseline. Specifically, PET and the ETc present a regulation of
higher value in the southern part and lower value in the study region. Meanwhile, the
precipitation is unable to compensate for the lost water due to evapotranspiration, which
results in a higher irrigation amount in the northern part of the study region. Similarly, the
basic information related to irrigation during the winter wheat growth period at baseline is
shown in Figure 11. It is obvious that the values of these variables are lower than those of
the summer maize growth period, which may be due to the difference between summer
and winter.

Based on the AquaCrop-derived SM over the baseline period (2011–2020), the irriga-
tion requirement for this period was obtained as the baseline irrigation. Figure 12 shows the
differences between the annual mean irrigation requirement in future climate projections
(2021–2050) and the baseline irrigation requirement (2011–2020) for summer maize. It is
obvious that increased irrigation water can be found in the three future climate scenarios.
Specifically, compared to a value of approximately 50 mm under the HiRAM-SIT-HR, the
other two future climate projections (EC-Earth3P-HR and FGOALS-f3-H) required much
more irrigation water of ~100 mm. Moreover, significant variation also appeared for the
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HiRAM-SIT-HR, indicating that a considerable discrepancy may exist between HiRAM-
SIT-HR and the others. One of the main reasons for this may be the consideration of SST
for the HiRAM-SIT-HR.
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The spatial distribution of irrigation differences in summer maize is shown in Figure 13.
Under EC-Earth3P-HR and FGOALS-f3-H, extra irrigation water was required in most
pixels under SSP8-8.5, and the center part of the study region was expected to have more
extra irrigation water than the surrounding regions. Significant irrigation requirements can
also be found in the center part of the study region under HiRAM-SIT-HR. However, across
the coastline of the eastern part and the southern parts of the NCP region, a decreased
irrigation requirement was found.
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Figure 13. Spatial distribution of irrigation difference in the summer maize growth period for
three future climate projections ((a) EC-Earth3P-HR, (b) FGOALS-f3-H, (c) HiRAM-SIT-HR) during
2021–2050 period with reference to baseline irrigation (2011–2020).

Similarly, the differences between the annual mean irrigation requirement under the
three future climate projections and the baseline irrigation requirement for winter wheat are
shown in Figure 14. Following the results, it is evident that irrigation requirements varied
very differently across the three future climate scenarios from 2021 to 2050. Specifically,
there was a significant increase of approximately 50 mm under HiRAM-SIT-HR. However,
the EC-Earth3P-HR required only a slight increase of approximately 5 mm of irrigation
water, and the FGOALS-f3-H had a decrease of about 10 mm of irrigation requirements.
Moreover, the HiRAM-SIT-HR still presented a relatively higher variation compared with
the other two future climate projections. Based on the results from summer maize and win-
ter wheat, the median net irrigation requirement is expected to increase by approximately
107 mm (21%) in future climate scenarios.

Figure 15 shows the spatial distribution of irrigation differences in winter wheat
between future requirements and the baseline. It is obvious that an increase in irrigation
water was required in most parts of the study region under the EC-Earth3P-HR and HiRAM-
SIT-HR. Specifically, the EC-Earth3P-HR required less amount of additional irrigation water
compared to the HiRAM-SIT-HR, and the HiRAM-SIT-HR required more irrigation water in
the northern part of the study region. Compared with EC-Earth3P-HR and HiRAM-SIT-HR,
except for a small part in the south of the NCP region, a decreased irrigation requirement
can be found under FGOALS-f3-H over the study region. This is completely different from
the other two future climate projections.
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4. Discussion

The present study mainly assessed the net irrigation requirement in typical summer
maize–winter wheat rotation farmlands under future climate scenarios using AquaCrop
simulations. The investigation was conducted based on three future climate projections.
Compared to the baseline net irrigation need, an increased net irrigation amount of ap-
proximately 107 mm (approximately 21%) was required to maintain yield production over
the NCP region. The findings of this study agreed well with those of previous studies in
the last two decades, which confirm an increase in irrigation requirements over the study
region in future climate scenarios [70,71]. Specifically, Shirazi et al. [70] found a total change
in the water budget of approximately −101 mm in 2020–2050 under RCP8.5, suggesting
an increased irrigation requirement of 101 mm. Xing et al. [71] found a 25% increase in
irrigation requirement in the winter wheat growth period under RCP8.5 in NCP. Another
finding of the present study is that significant discrepancies may exist in future climate data,
which would directly affect AquaCrop simulations. As for the three future climate data, air
temperature increased by around 1.2 ◦C in 2021–2050, but the precipitation decreased by
around 100 mm in the summer maize growth period and increased by around 115 mm in
the winter wheat growth period. This spatial heterogeneity of future climate projections can
also be found in previous studies [32,65]. Nevertheless, compared to existing investigations,
the advantages of the present study mainly appear in two aspects: one is that climate
data with a relatively high spatial resolution (~0.1◦) was considered over the study region,
whereas most of the previous literature mainly used either coarse (~0.5◦) climate data or
only conducted at local sites. From this perspective, the present study can be regarded
as an attempt at the intermediate between these two spatial scales, which also provides a
direction for obtaining finer irrigation (kilometer or farmland scale) information in future
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developments. The other actual summer maize–winter wheat rotation was considered
in the present study, which is more in accord with the actual planting pattern over the
study region.

Nevertheless, the present study also has several limitations. First, this study mainly
focused on the irrigation requirement affected by future climate scenarios and did not
consider the influence of climate changes on the characteristics of crop growth (e.g., start of
growing season, end of growing season, and length of growing season). However, previous
studies have highlighted that increased air temperature may shorten the crop growth
period and decrease the irrigation requirement [72]. In addition, due to the complicated
interaction between land use/land cover and climate change, the present study mainly
investigated the effects of climate change on irrigation. Possible land use/land cover
change was also not considered in the present study [68]. With the developments of
satellite-based phenological parameters and future land use/land cover datasets under
future climate conditions, irrigation based on AquaCrop and other models is possible to
avoid extra uncertainty from the input variables. Finally, unlike most of the simulation
studies over large regions (e.g., global, continent, or major countries like China and the
U.S.), the present study focused on one of the major agricultural production bases of the
NCP region as the study area. Although the NCP region can provide approximately half of
wheat and one-third of the maize production in China, with the successful experience over
the study region, further studies can explore the assessment of irrigation amount over a
larger region. This is particularly significant because China has long been suffering from a
crisis of water resources.

5. Conclusions

In the present study, the AquaCrop model with HighresMIP meteorological forcing at
a spatial resolution of 0.1◦ was used to assess future changes in irrigation needs over the
NCP. Specifically, the performance of the AquaCrop model simulation regarding irrigation
was assessed by SM. Compared to the reference SM product, AquaCrop-derived SM
revealed considerable ubRMSD of 0.03 m3/m3 and 0.04 m3/m3 over the summer maize
and winter wheat growth period, respectively. The irrigation requirements in future
scenarios (2021–2050) were simulated using three different future climate datasets under
SSP5-8.5, and it was indicated that an increase in irrigation amount of approximately 21%
was required to ensure crop yield production over the study region. These results highlight
the impact of climate change on future irrigation demand. This study aims to present the
impact of climate change on irrigation requirements over the summer maize–winter wheat
rotation system in the NCP. Although the results are compared to the previous literature on
the study region, the present study did not consider the change in cropland, details of crop
parameters, and actual irrigated areas to avoid more uncertainty. Therefore, the results of
this study should be considered as an indication of the potential impact of climate change
on the irrigation requirement.
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