
Citation: Wang, G.; Mehmood, F.;

Zain, M.; Hamani, A.K.M.; Xue, J.;

Gao, Y.; Duan, A. AquaCrop Model

Evaluation for Winter Wheat under

Different Irrigation Management

Strategies: A Case Study on the

North China Plain. Agronomy 2022,

12, 3184. https://doi.org/10.3390/

agronomy12123184

Academic Editor: Maria do Rosário

Cameira

Received: 24 October 2022

Accepted: 13 December 2022

Published: 15 December 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

agronomy

Article

AquaCrop Model Evaluation for Winter Wheat under Different
Irrigation Management Strategies: A Case Study on the North
China Plain
Guangshuai Wang 1, Faisal Mehmood 1,2,* , Muhammad Zain 3 , Abdoul Kader Mounkaila Hamani 1,
Jingjie Xue 4, Yang Gao 1 and Aiwang Duan 1

1 Key Laboratory of Crop Water Use and Regulation, Farmland Irrigation Research Institute, Chinese Academy
of Agriculture Sciences, Ministry of Agriculture and Rural Affairs, Xinxiang 453003, China

2 Department of Land and Water Management, Faculty of Agricultural Engineering,
Sindh Agriculture University, Tandojam 70060, Pakistan

3 Department of Botany, University of Lakki Marwat, Lakki Marwat 28420, Pakistan
4 Hainan International Cooperation Center of Agriculture, Haikou 570000, China
* Correspondence: fmehmood@sau.edu.pk; Tel.: +86-373-3393-224

Abstract: The North China Plain (NCP) produces about half of the winter wheat yield in China;
therefore, it is essential to improve winter wheat grain yield, biomass, and water productivity (WP)
under current water shortage conditions in this area. In this study, the AquaCrop model was used
for calibrating and validating crop canopy cover, grain yield, biomass, soil water content, crop
evapotranspiration (ETC), and crop WP under an irrigation scheduling of 50%, 60%, and 70% field
capacities with sprinkler irrigation, drip irrigation, and flood irrigation methods for winter wheat
crop. The model was calibrated employing experimental data for the 2016–2017 winter wheat season
and, subsequently, validated with using data from 2017–2018. The model performance was analyzed
using root-mean-square error (RMSE), normalized root-mean-square error (NRMSE), the coefficient
of determination (R2), and Willmott’s index of agreement (d). The prediction error between the
simulated and observed values for grain yield, biomass, soil water content, ETC, and WP were the
minimum at a 60% field capacity and the maximum at a 50% field capacity irrigation scheduling.
The model simulation was satisfactory under the 60% and 70% field capacity irrigation scheduling,
while the model performance was relatively low under the 50% field capacity irrigation scheduling.
Irrigation to 4–5 times the 30 mm depth (total 120–150 mm) by drip irrigation and sprinkler irrigation
was the most effective irrigation schedule to obtain the optimum grain yield, biomass, and WP on the
NCP. Our findings suggest that the AquaCrop model could be a feasible tool for precisely simulating
the canopy cover, grain yield, biomass, soil water content, ETC, and WP of winter wheat under
different irrigation schedules and irrigation methods on the NCP with higher certainty than under
current practices.

Keywords: irrigation scheduling; water-saving irrigation; model simulation; grain yield; water
productivity

1. Introduction

The total area of the North China Plain (NCP) is about thirty million ha, with a
population of over 200 million [1], producing about 50–61% of the wheat and 31–33% of
the maize in China [2]. Since the beginning of the 21st century, groundwater depletion has
occurred in drylands as a result of groundwater withdrawals for irrigation in farmland
areas such as the NCP [3]. Precipitation is acutely unstable throughout the year, varying
from 300–1000 mm annually, with a mean of 500–600 mm [4,5], while evapotranspiration
(ET) consequently decreases surface water resources and threatens the sustainability of
crop production in this region. This area has a typical monsoon climate, with >70% of rain
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falling in the maize cropping season (from July to September). In the winter wheat growing
season, the precipitation is only 100 mm to 180 mm, which only meets about 25–40% of
the wheat crop water requirements (from October to June) [6]. Conventional practices to
achieve a higher wheat yield usually require four or five irrigation events over the whole
growing season [7]. Therefore, more than 70% of irrigation water is utilized by winter
wheat and a large number of groundwater resources are accessed via deep wells (>30 m).
However, these continual practices threaten the sustainability of groundwater resources [8].
Therefore, it is necessary to determine the optimal irrigation management practices to
avoid the further over-exploitation of groundwater and to increase the sustainable crop
yield [8,9].

Modern agriculture techniques have a dualistic approach that meets the global food
demands and serves as a major economic driver [10]. Modern irrigation practices, i.e., drip
and sprinkler irrigation with optimized irrigation scheduling facilitate the increase in the
crop yield and enhance water productivity (WP). Climate change will result in higher
carbon concentrations and higher temperatures, which will influence C3 industrial crops,
i.e., wheat, soybean, and canola [11]. Therefore, adopting water-saving irrigation methods
(drip and sprinkler irrigation methods) with suitable irrigation scheduling for these crops
will potentially lead to the more efficient use of water resources [12].

The conventional flood irrigation method is extensively practiced throughout China,
reaching up to more than 97% on the NCP [13]. In this conventional method, it is difficult
to regulate the irrigation water volume, irrigation uniformity, and per event irrigation
volume; however, drip irrigation and sprinkler irrigation would greatly alleviate these
problems [14]. Thus, determining the appropriate water-saving irrigation methods and
scheduling are the important issues in winter wheat production under water shortage
conditions on the NCP.

As elaborating irrigation practices in field experiments is often expensive and time-
consuming, crop models can immensely assist in improving crop management [15,16]. With
the characteristics of being cheaper, time-saving, and having multiple alternatives, crop
models are adaptable to different water management practices [17] and could effectively
assess the effects of environmental factors on crop production [18,19].

Crop developmental models are based on a group of equations that utilize solar radia-
tion, CO2, and access to water resources to simulate the growth rate of biomass [20]. Numer-
ous such crop growth models have been developed for wheat, such as ARCWHEAT1 [21],
Sirius [22], CropSyst [23], the InfoCrop model [24], and the DSSAT model [25]. Compared
to the above models, the AquaCrop model needs fewer input parameters [26] and provides
crop performance simulation under various scenarios that could simulate crop productivity,
water demand, and WP under different water-deficit conditions. This model has been
favorably tested for cotton, maize, and other plants or crops under an extensive range of
environmental conditions [27,28]. In the NCP area, this model could optimize irrigation
water management and winter wheat yield for different irrigation methods [29].

The model validation, when adjusted to the local environment, persistently influences
the development of new techniques, and helps to contend with management issues and
potential limitations. An integrating crop model such as AquaCrop can be used to simulate
the influence of water on crop yield and assists in establishing optimum irrigation practices
for increased yield, better water management practices, and a higher WP [17]. Previous
research has been carried out on the calibration and validation of AquaCrop, such as [29],
who simulated the winter wheat grain yield and biomass under different planting dates
and irrigation scenarios, while [30] simulated the winter wheat grain yield and biomass
under deficit irrigation. They both observed that the AquaCrop model can accurately
simulate the canopy cover, biomass, and grain yield of wheat crops under full irrigation
and moderate water stress environments but is relatively poor under severe water stress
conditions. Farahani, et al. [27] added that the AquaCrop model accurately simulated
soil water content variation under full irrigation, while it overestimated soil water content
under water stress conditions.
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The NCP has the most severe water shortage, and it is preferable to reduce regional
water consumption while maintaining sustainable production. Therefore, we aimed to
calibrate and validate this model for different irrigation schedules (high, moderate, and
low irrigation levels) and methods (sprinkler, drip, and flood irrigation) for canopy cover,
grain yield, biomass, soil water content (SWC), crop evapotranspiration (ETC), and crop
WP on the NCP. Our results will guide local farmers to obtain accurate yield forecasts
under different irrigation management practices and improve irrigation scheduling with
suitable irrigation methods for winter wheat to maximize the grain yield, biomass, and WP
in this region.

2. Materials and Methods
2.1. Site Description and Experimental Design

Field experiments were conducted over two winter wheat seasons from October to
June 2016–2018 at the Qiliying field experimental station of the Farmland Irrigation Research
Institute, Chinese Academy of Agriculture Sciences, Xinxiang City, Henan Province, on
the NCP (35◦08′ N, 113◦45′ E, elevation 81 m). The field is irrigated by groundwater
drawn by a pressure-regulated pump and PVC pipeline adjacent to the plot. The seedbed
was prepared to a depth of 0.2 m with a tractor-driven rototiller, and soil clods were
broken with a harrow to make the field surface uniform and levelled. The basal dose
of ammonium nitrate (N), calcium superphosphate (P), and potassium sulfate (K) was
broadcasted at the ratio of 4:3:1, respectively, for all treatments [31]. The ammonium nitrate
was applied at a rate of 300 kg N ha−1 by manual broadcasting for all treatments, followed
by irrigation. On 16 October 2016 and 22 October 2017, seeds of the winter wheat (Triticum
aestivum L.) cultivar “Zhoumai 22” were sown with a tractor-drawn seed drill at a rate of
111.1 kg seed/ha−1 with 0.2 m row spacing. Harvesting was carried out manually from
a 1 m2 area randomly on 6 June 2017 and 2018. The grains were winnowed and sun-
dried to a moisture content of 12% [31] and then weighed using a precise digital balance
(Ohaus, AX224 Adventurer, Parsippany, NJ, USA). An automatic weather station (Campbell
Scientific Ltd., Logan, UT, USA) was installed near the field to collect weather data.

A two-factor split plot design was adopted, with the three irrigation levels set as the
main block, i.e., irrigating immediately as the soil moisture declined to 50% (1), 60% (2), and
70% (3) of field capacity (FC). The sub-blocks were the three irrigation methods arranged
randomly, i.e., surface drip (D), flood (F), and sprinkler (S) irrigation. In total, there were
nine treatments: D1, D2, D3, F1, F2, F3, S1, S2, and S3, as described in Figure 1. The
treatments were not replicated, as, if each sub-plot were randomly placed, the pipeline
layout would be very complicated in the small area (one plot: 5 m × 10 m). The experimen-
tal field had grown winter wheat for many years (about >20 years) before this irrigation
experiment; therefore, the farmland is flat and has uniform infertility. The discharge meters
(with pressure gauges and valves) were installed in each plot for independent irrigation,
which ensured the relative independence of each plot. Moreover, the analysis in the paper
was based on regression analysis; therefore, replication was not essential.

Before irrigation, the SWC of the 1 m soil profile was monitored weekly for irriga-
tion using TRIME-PICO (T3/IPH44, IMKO, Ettlingen, Germany) TDR. The soil moisture
readings were held inside the tubes at a 0.2 m span up to a 1 m soil profile. Irrigation
was determined on the SWC according to the treatment (50%, 60%, or 70% of FC). Precise
discharge gauges were installed in each treatment to ensure the precise amount of irrigation.
In flood irrigation, a 60 mm depth of water was applied, and 30 mm were applied for
drip and sprinkler irrigation methods [32]. Table 1 presents the irrigation date, number of
irrigations, and irrigation amount for each treatment in both growing seasons.
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Table 1. Irrigation date, number of irrigations, and irrigation amount for all treatments in 2017
and 2018.

2017 2018

Treatments Date
(Day after Sowing)

Irrigations
Times Amount (mm) Date

(Day after Sowing)
Irrigation

Times Amount (mm)

S1 174, 180, 202, 214 4 120 163, 174, 199 3 90
D1 174, 180, 207, 214 4 120 163, 174, 199 3 90
F1 174, 202, 214 3 180 174 1 60
S2 174, 180, 193, 207, 214 5 150 163, 174, 185, 199 4 120
D2 174, 180, 193, 207, 214 5 150 163, 174, 185, 199 4 120
F2 174, 180, 207, 214 4 240 174, 192 2 120
S3 174, 180, 193, 202, 207, 214 6 180 163, 174, 185, 192, 199 5 150
D3 174, 180, 193, 202, 207, 214 6 180 163, 174, 185, 192, 199 5 150
F3 174, 180, 193, 202, 207 5 300 174, 185, 199 3 180

2.2. Model Description

The FAO crop model, AquaCrop [18], predicts the possible yields of the main herba-
ceous crops in terms of water utilization under rain-fed, supplemental, deficit, and full
irrigation scenarios. The AquaCrop model is water-driven. The model simulates the
biomass growth as a linear function of transpiration through the WP, the biomass per unit
of water transpired [33]. AquaCrop is suitable for use in distinct areas and weather under
normal conditions. In the present study, simulations were carried out in thermal time,
calendar time, and in daily time steps. The AquaCrop model simulates the daily biomass
production as follows:

Bi = WP∗∑ Tri

EToi
(1)

where Bi is the daily aboveground biomass, Tri is the daily crop transpiration (mm), EToi is
the daily reference evapotranspiration, and WP* is the crop water productivity normalized
for both evaporative demand and atmospheric CO2 [34].

The AquaCrop model calculates canopy cover from crop emergence to senescence.
Therefore, canopy cover is the base for simulating Tr in the model. Simulating the daily
water balance, the AquaCrop model separates Tr and soil evaporation. Hence, water
stress causes leaf senescence at the late growth stages and results in a lower Tr. Canopy
cover is an important component in AquaCrop because its growth, aging, and senescence
influence the transpiration and, hence, the simulated biomass. The growth of canopy cover
is described as [35], where Equations (2) and (3) describe the increase and decrease in
canopy cover, respectively.
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CC = CC0etCGC (2)

CC = CCX − (CCX −CC0 )e−tCGC (3)

where CC is the canopy cover at time t, CC0 is the initial CC, CCX is the maximum canopy
cover, CGC is the canopy growth coefficient in fraction per day, and t is the time in days.

Grain dry matter yield was simulated as the product of biomass and the harvest
index, and from the wheat flowering stage the harvest index grows linearly with time
up to the physiological maturity stage. Crop reactions to water deficit were simulated
under four main plant processes: canopy development, stomatal control of transpiration,
canopy senescence, and the harvest index. The harvest index could be adjusted positively
or negatively, depending on the severity, timing, and duration of stress. The AquaCrop
model simulates a soil water balance that contains incoming water (rainfall, irrigation,
and capillary rise) and outgoing (deep percolation, runoff, evaporation, and transpiration)
water fluxes and change in soil water content at the root zone boundaries.

2.3. Crop and Soil Parameters

The ETC for each treatment was determined using the soil water balance equation
Hillel [36].

ETC = P + I + U−Dw − R ± ∆S (4)

where ETC is the crop evapotranspiration, P is the rainfall; I is the amount of irrigation,
U is the upward capillary rise from the soil profile below 1 m, Dw is the downward flux
(drainage) beneath the 1 m soil profile, R is the surface runoff, and ∆S is the change in soil
water storage in the 1 m soil profile. U is considered to be negligible due to the groundwater
table being 30 m below the surface. Downward flux (Dw) was measured following [37];
runoff (R) was neglected owing to suitable bund height (0.25 m) around the sub-blocks.
According to [38], WP (kg m−3) was estimated by dividing the grain yield by the ETC.

Leaf area was measured weekly after the re-greening stage by removing the 0.20 m
row of plants and selecting ten plants randomly from each treatment. The leaf area index
(LAI) was measured as [39].

Leaf area per plant (A) =
∑n

i =1 Ai

n
=

∑n
i =1[∑

m
j =1
(

Lj × Wj
)
× 0.80]

n
(5)

LAI =
A × N

s
(6)

where n is the number of plant samples taken for leaf area measurement (n = 10),
Ai = [∑m

j =1
(
Lj ×Wj

)
× 0.8] is the leaf area of the ith plant, m is the number of leaves

of the ith plant, Lj and Wj are the length and widest width of the jth leaf of the ith plant in
cm, A is m2, N is the number of plant tillers per meter of row length, and S is the space
between two plant rows in m (S = 0.20 m).

The LAI was converted into fractional ground canopy cover using the following
equation [40].

CC =
(

1− e−0.65 × LAI
)

(7)

Crop parameters, such as growth stage, seedling emergence date, maximum canopy
cover, duration of flowering, initialization of senescence, and maturity, were observed for
each treatment. Moreover, the canopy decline coefficient, crop coefficient for transpiration
at full canopy cover, soil water depletion thresholds for inhibition of leaf growth, and
stomatal conductance, an expedition of canopy senescence, were referenced from [40].
These parameters were assumed to be valid for a wide range of conditions and not limited
to a given crop cultivar [41].

The soil physical properties, i.e., soil texture, field capacity (θFC), permanent wilting
point (θPWP), water content at saturation (θsat), and saturated hydraulic conductivity (Ksat)
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were determined at intervals of 0.2 m from the soil surface to a depth of 1 m (Table 2). The
soil particle size proportion, as determined by the hydrometer method, and soil texture
were determined using a soil textural triangle. The θFC, θPWP, θsat, and Ksat of the soil were
estimated with the soil hydraulic properties calculator for a predetermined soil particle
size distribution [42]. For proper field management, the curve number of 65 was used as a
default value. No impervious soil layer was observed in the field, which restricts the growth
and expansion of roots. The physical characteristics and chemical properties of the soil in
the experimental site are shown in Tables 2 and 3, respectively. Table 4 presents the crop
and soil parameters used for model calibration. The agricultural soil of the experimental
site is mainly an alluvial soil [43] related to Ochri-Aquic Cambosols [44].

Table 2. Soil physical characteristics of the experimental site.

Depth (m)
Particle Size Distribution

Texture
θFC

(Vol %)
θPWP

(Vol %)
θsat

(Vol %)
Ksat

(mm day−1) CN
Clay (%) Silt (%) Sand (%)

0–0.2 3.8 43.1 53.1 Sandy Loam 21.8 7.4 36.7 1191.1

65
0.2–0.4 6.6 45.4 48.0 Sandy Loam 22.9 8.3 40.2 937.1
0.4–0.6 6.0 48.4 45.6 Sandy Loam 23.6 8.3 39.8 982.3
0.6–0.8 4.6 47.4 48.0 Sandy Loam 23.1 7.9 38.2 1097.8
0.8–1.0 1.6 16.9 81.5 Loamy Sand 13.2 4.5 29.9 2288.2

Note: θFC: Field capacity; θPWP: Permanent wilting point; θsat: saturated water content at saturation; Ksat:
Hydraulic conductivity at saturation; CN: curve number (for hydrologic soil group “B” classified based on the
Ksat of the top horizon).

Table 3. Soil chemical properties of the experimental site.

Depth
(m) pH EC

(µs cm−1)
Available N
(mg kg−1)

Available P
(mg kg−1)

Available K
(mg kg−1)

Organic
Carbon
(g kg−1)

0–0.2 8.5 132.4 44.6 16.1 128.8 1.9
0.2–0.4 8.6 140.3 44.6 15.0 126.2 1.6
0.4–0.6 8.7 146.3 42.7 14.4 128.3 1.0
0.6–0.8 8.8 155.6 41.8 14.3 124.1 0.7
0.8–1.0 8.9 147.6 41.8 15.3 122.1 0.5

The model was calibrated using the observed data from the 2016–2017 growing season
as the model input, and then the model simulated the output values (canopy cover, grain
yield, biomass, SWC, ETC, and WP). Afterward, the simulated values were compared
with the observed canopy cover, grain yield, biomass, SWC, ETC, and WP from the field.
Disagreement between the observed and simulated data was reduced through trial and
error, i.e., a particular reference variable was selected at a time, and we fine-tuned only
those parameters that were recognized to affect the reference variable. This was done
iteratively, to reduce the variation between the observed and predicted values individually
for each treatment.

Table 4. Crop and soil parameters used to calibrate AquaCrop model.

Crop Parameters Value Unit Determination

Base temperature 0 ◦C Calibrated
Upper temperature 35 ◦C Calibrated

Canopy growth coefficient (CGC): Increase in
CC per day 0.10 %/day Calibrated

Canopy decline coefficient (CDC): decrease in
CC per day 0.831 %/day Calibrated

Maximum canopy cover (CCx) 99 % Measured
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Table 4. Cont.

Crop Parameters Value Unit Determination

Normalized water productivity (WP*) 16 g/m2 Calibrated
Reference harvest index (HIo) 0.55 - Calibrated

Upper threshold for canopy expansion
(Pupper) 0.25 TAW% Calibrated

Lower threshold for canopy expansion
(Plower) 0.60 TAW% Calibrated

Minimum rooting depth (m) 0.30 m Default
Maximum rooting depth (m) 1.0 m Measured

Canopy senescence stress coefficient (Pupper) 0.65 TAW % Calibrated
Shape factor describing root zone expansion 1.5 - Calibrated

Crop coefficient when canopy is complete but
prior to senescence (Kcb,Trx) 1.10 - Calibrated

Senescence stress coefficient curve shape 3.0 - Calibrated
The maximum allowable increase of

specified HI 15 % Calibrated

Minimum air temperature below which
pollination starts to fail 5 ◦C Calibrated

Maximum air temperature above which
pollination starts to fail 35 ◦C Calibrated

Water use efficiency normalized for ET0 and
CO2 during yield formation 100 % Calibrated

Fertility stress a Calibrated - Calibrated
Time from sowing to emergence 10 Days Measured

Time to reach a maximum canopy cover 185 Days Measured
Time to reach a maximum rooting depth 215 Days Measured

Time from sowing to start senescence 215 Days Measured
Time from sowing to flowering 195 Days Measured

Flowering stage duration 10 Days Measured
a Fertility stress is the indicator which varies from 0%, when soil fertility is non-limiting, to 100%, when crop
production is unfeasible due to fertility stress. In the “determination” column, “calibrated” indicates that the
value was calibrated using the 2016–2017 measured data. “Measured” indicates measured data, and “default”
indicates that the value was adopted from the AquaCrop model.

2.4. Climate Data

AquaCrop model simulations require daily weather data such as minimum and
maximum air temperature, reference crop evapotranspiration (ET0), rainfall, and mean
annual CO2 concentration. ET0 was estimated using the ET0 calculator [45], taking into
account the daily maximum and minimum temperature, wind speed at 2 m height above
the ground surface, solar radiation, and mean relative humidity (RH). The mean annual
CO2 concentration was adopted as the default atmospheric CO2 concentration from the
Mauna Loa observatory records in Hawaii from 1902–2099. An automatic weather station
(Campbell Scientific Ltd., Logan, UT, USA) is equipped with a reed switch anemometer,
windvane, pyranometer, temperature and relative humidity probe, barometric sensors, and
tipping bucket rain gage adjacent (20 m away) to the experimental field. The maximum and
minimum temperature (◦C) variation, rainfall depth (mm), ET0 (mm), relative humidity
(%), wind speed (m s−1), and solar radiation (MJ m−2 day−1) during the two experimental
winter wheat seasons are shown in Figure 2.
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Figure 2. Daily maximum and minimum air temperature (a,e), rainfall (b,f), relative humidity and
wind speed (c,g), solar radiation (SR) and reference evapotranspiration (ET0) (d,h) trends on the day
after sowing (DAS) during the study period in 2016−2017 and 2017−2018.

2.5. Criteria for Model Evaluation

During both the calibration and validation processes, the AquaCrop model simulations
for winter wheat canopy cover, grain yield, biomass, SWC, ETC, and WP were compared
with the observed values from the field experiment. Statistics were used to validate the
goodness of fit between the simulated and observed values. Thus, the prediction error
(Pe), coefficient of residual mass (CRM), coefficient of determination (R2), root-mean-
square error (RMSE), normalized root-mean-square error (NRMSE), and Willmott [46]
index of agreement (d) were used as the error statistics to evaluate both the calibration
and validation results of the model. The CRM illustrated the tendency of the model to
over or underestimate the observed data [47]. The R2 value measured the model predictive
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strength. Pe, RMSE, and NRMSE determined the deviation or model error simulations. In
the current study, the model output (canopy cover, grain yield, biomass, SWC, ETC, and
WP) was treated as the model performance, and the following statistical parameters were
determined to evaluate the model performance.

Pe =
Simulated− Observed

Observed
× 100 (8)

CRM = 1− ∑n
i =1 Si

∑n
i =1 Oi

(9)

R2 =

 ∑(Oi − O)
(
Si − S

)√
∑
(
Oi − O

)2
∑
(
Si − S

)2

2

(10)

RMSE =

√
∑(Si −Oi)

2

n
(11)

NRMSE =
1
O

√
∑(Si −Oi)

2

n
× 100 (12)

d = 1− ∑n
i =1(Oi − Si)

2

∑ (
∣∣Si −O

∣∣+ [Oi −O
]
)

2 (13)

where Si and Oi are simulated and observed data, Ō is the mean value of Oi, and N is the
number of observations. A positive CRM value indicates that the model underestimated the
observed data, while a negative value indicates that the model overestimated the observed
data. R2 and the d-index show agreement with values approaching one; Pe and RMSE
close to zero were indicators of better model performance. The simulation was considered
excellent if NRMSE < 10%, good if 10% < NRMSE < 20%, fair if 20% < NRMSE < 30%, and
poor if NRMSE > 30% [21].

3. Results
3.1. AquaCrop Model Calibration Results

The simulated values of canopy cover, grain yield, biomass, SWC, ETC, and WP
agreed well with the observed data in the calibration process (Figures 3 and 4; Tables 5–8).
The calibrated results show that the model slightly overestimated the canopy cover at all
irrigation levels (Figure 3a–i). At the 50% FC level (Figure 3a–c), the maximum canopy cover
was lower compared with the 60% FC (Figure 3d–f) and 70% FC (Figure 3g–i), while there
was no substantial difference measured between the 60% FC and 70% FC for maximum
canopy cover. The average canopy cover during the model calibration at 50%, 60%, and
70% FC ranged from 72.3–73.4%, 74.49–78.03%, and 80.61–82.84%, respectively (Table 5),
whereas the prediction error for canopy cover varied from 1.50% (F2) to 4.20% (S2). The
negative CRM value (−0.03 to −0.04) illustrated that the model slightly overestimated the
canopy cover during the model calibration. The RMSE and NRMSE observed at 50%, 60%,
and 70% FC were 2.51%, 2.21%, and 2.66% and 3.57%, 2.98%, and 3.37%, respectively. The
model slightly overestimated the canopy cover during the model calibration. The R2 and
d-index between measured and simulated canopy cover were 0.98 and 0.90, respectively
(Figure 4a).
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Figure 3. Calibration results of canopy cover (%) of winter wheat at 50% FC (a–c), 60% FC (d–f), and
70% FC (g–i) under the sprinkler, drip, and flood irrigation system in 2016–2017. Note: S1: sprinkler
irrigation at 50% FC, D1: drip irrigation at 50% FC, F1: flood irrigation at 50% FC, S2: sprinkler
irrigation at 60% FC, D2: drip irrigation at 60% FC, F2: flood irrigation at 60% FC, S3: sprinkler
irrigation at 70% FC, D3: drip irrigation at 70% FC, F3: flood irrigation at 70% FC.

The simulated grain yield varied from 8.52 t ha−1 (F1) to 9.68 t ha−1 (D3) (Table 5).
The prediction error for grain yield ranged from −2.72% (S2) to 3.30% (D1). The CRM
values at 50%, 60%, and 70% FC for grain yield were −0.03, 0.02, and −0.03, respectively.
The RMSE for grain yield ranged from 0.19 (60% FC) to 0.25 t ha−1 (70% FC), while the
NRMSE for grain yield varied from 2.10 (60% FC) to 2.75% (70% FC). The R2 and d-index
for grain yield were 0.80 and 0.92, respectively, combined for all treatments (Figure 4b).



Agronomy 2022, 12, 3184 11 of 25Agronomy 2022, 12, x FOR PEER REVIEW 11 of 23 
 

 

 
Figure 4. The relation between observed and simulated values for canopy cover (a), grain yield 
(b), biomass (c), soil water content SWC (d), crop evapotranspiration ETc (e), and water productiv-
ity WP (f) under all treatments in 2016−2017 under model calibration. 

Figure 4. The relation between observed and simulated values for canopy cover (a), grain yield (b),
biomass (c), soil water content SWC (d), crop evapotranspiration ETc (e), and water productivity WP
(f) under all treatments in 2016−2017 under model calibration.



Agronomy 2022, 12, 3184 12 of 25

Table 5. Calibration results of canopy cover and grain yield of winter wheat during the 2016–2017 season.

Canopy Cover (%) Grain Yield (t ha−1)

50% FC 60% FC 70% FC 50% FC 60% FC 70% FC

Irrigation
Methods O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%)

Sprinkler 70.13 72.30 3.10 72.88 75.94 4.20 78.50 81.03 3.22 8.56 8.69 1.52 9.19 8.94 −2.72 9.10 9.33 2.53
Drip 70.31 72.85 3.61 72.50 74.49 2.74 78.50 80.61 2.69 8.48 8.76 3.30 9.67 9.63 −0.41 9.43 9.68 2.69
Flood 70.63 73.40 3.93 76.88 78.03 1.50 79.63 82.84 4.03 8.29 8.52 2.77 9.10 8.88 −2.42 8.95 9.22 3.02
CRM −0.04 −0.03 −0.03 −0.03 0.02 −0.03
RMSE 2.51 2.21 2.66 0.22 0.19 0.25

NRMSE (%) 3.57 2.98 3.37 2.65 2.10 2.75

FC: field capacity; O: observed; S: simulated; Pe: prediction error.

Table 6. Calibration result of biomass and soil water content (SWC) for different irrigation strategies in 2016–2017.

Biomass (t ha−1) SWC (mm)

50% FC 60% FC 70% FC 50% FC 60% FC 70% FC

Irrigation
Methods O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%)

Sprinkler 17.22 17.55 1.92 18.47 18.86 2.11 18.61 19.19 3.12 196 201 2.60 209 212 1.20 221 227 3.0
Drip 16.87 17.21 2.02 18.10 18.55 2.49 18.38 18.76 2.07 215 232 7.73 208 210 0.55 212 221 4.1
Flood 17.27 18.00 4.53 19.31 19.48 0.88 19.77 20.22 2.28 223 231 3.72 275 283 3.13 298 311 4.3
CRM −0.03 −0.02 −0.02 −0.10 −0.02 −0.04
RMSE 0.53 0.36 0.48 11.12 5.21 9.72

NRMSE (%) 3.10 1.92 2.52 5.30 2.30 4.0

FC: field capacity; O: observed; S: simulated; Pe: prediction error.
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Table 7. Soil water balance in the top one-meter soil profile during the 2016–2017 growing season.

50% FC 60% FC 70% FC

Sprinkler Drip Flood Sprinkler Drip Flood Sprinkler Drip Flood

Irrigation I (mm) 120 120 180 150 150 240 180 180 300
Precipitation P (mm) 185 185 185 185 185 185 185 185 185

Downward flux Dw (mm) 18 18 27 23 23 36 27 27 60
Change in soil water

storage ∆S (mm) 146 147 105 150 170 98 145 155 78

Observed ETC (mm) 433 434 443 463 483 487 483 493 503
Simulated ETC (mm) 446 437 454 450 477 483 493 496 502

FC: field capacity.

Table 8. Calibration results of crop evapotranspiration ETc and water productivity WP in 2016–2017.

ETC (mm) WP (kg m−3)

50% FC 60% FC 70% FC 50% FC 60% FC 70% FC

Irrigation
Methods O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%)

Sprinkler 433 446 3.10 463 456 −2.81 483 493 2.10 1.98 1.95 −1.66 1.98 1.99 0.51 1.88 1.89 0.66
Drip 434 437 1.00 483 477 −1.24 493 496 0.60 1.96 2.01 2.31 2.00 2.02 1.0 1.91 1.95 2.22
Flood 443 454 2.50 487 483 −0.84 503 502 −0.30 1.87 1.88 0.36 1.86 1.84 −1.1 1.78 1.84 3.24
CRM −0.02 0.01 −0.01 0.00 0.00 −0.02
RMSE 10.16 5.83 6.10 0.03 0.02 0.04

NRMSE (%) 2.33 1.22 1.23 1.68 0.90 2.26

FC: field capacity; O: observed; S: simulated; Pe: prediction error.
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The simulated biomass ranged from 17.21 t ha−1 (D1) to 20.22 t ha−1 (F3), respectively
(Table 6). The prediction error for biomass ranged from 0.88% (F2) to 4.53% (F1). The CRM
value at 50%, 60%, and 70% FC for biomass was −0.03, −0.02, and −0.02, respectively. The
RMSE for biomass ranged from 0.36 (60% FC) to 0.53 t ha−1 (50% FC), while the NRMSE for
biomass varied from 1.92 (60% FC) to 3.10% (50% FC). The R2 and d-index were 0.96 and
1, combined for all treatments (Figure 4c). The calibration results for the SWC of the soil
profile (0–1 m) are presented in Table 6. The minimum SWC was simulated in S1 (201 mm)
and the maximum in F3 (311 mm). The highest prediction error for the SWC was observed
at the water stress irrigation level (50% FC) and the minimum in the moderate irrigation
level (60% FC) treatments. The model overestimated the SWC at all irrigation levels. The
RMSE and NRMSE for SWC varied from 5.21–11.12 mm and 2.3–5.3%, respectively. A close
match was determined between the observed and simulated values of the SWC. The R2

and d-index between the observed and simulated SWC combined for all treatments were
0.98 and 0.98, respectively (Figure 4d).

The soil water balance during the growing season of 2016–2017 is presented in Table 7.
Flood irrigation compared with sprinkler and drip irrigation received a higher amount of
water during the entire season. Therefore, we observed a higher downward flux in flood
irrigation compared with sprinkler and drip irrigation at all irrigation levels. A change in
soil water storage was observed at a maximum in the drip irrigation at 60% FC (170 mm)
and at a minimum in the flood irrigation at 70% FC (78 mm). The observed ETC and
simulated ETC followed the trend of 70% FC > 60% FC > 50% FC.

The calibration results for ETC and WP are presented in Table 8. The highest prediction
error for ETC was observed at the water stress irrigation level (50% FC) and the minimum
in the moderate irrigation level (60% FC) treatments. The model underestimated the ETC at
60% FC only. The RMSE and NRMSE for ETC varied from 5.83–10.16 mm and 1.22–2.33%,
respectively. The simulated WP fluctuated from 1.84 kg m−3 (F2 and/or F3) to 2.02 kg m−3

(D2). The CRM and RMSE for WP were: 50% FC, 0.00 and 0.03 kg m−3; 60% FC, 0.00
and 0.02 kg m−3; and 70% FC, –0.02 and 0.04 kg m−3, respectively. The NRMSE at 50%,
60%, and 70% FC was 1.68, 0.90, and 2.26%, respectively. The R2 and d-index between the
observed and simulated ETC and WP combined for all treatments were 0.89, 0.97, and 0.83
and 1.0, respectively (Figure 4e,f).

3.2. AquaCrop Model Validation Results

The simulated and observed canopy cover, grain yield, biomass, SWC, ETC, and WP
were in close agreement (Figures 5 and 6; Tables 9–12). At 50% FC irrigation scheduling
(Figure 5a–c), the maximum canopy cover was moderately lower with respect to 60% FC
(Figure 5d–f) and 70% FC (Figure 5g–i). There was no substantial difference observed
between 60% FC and 70% FC for maximum canopy cover. The simulated mean canopy
cover for 50% FC ranged from 59.25 (F1) to 61.95% (D1), 60% FC from 67.44% (S2) to 69.38%
(F2), and 70% FC from 68.11% (S3) to 70.51% (F3) during the model validation, while the
model slightly overestimated (−0.04 < CRM < −0.02) the canopy cover (Table 9). The
RMSE and NRMSE for mean canopy cover varied from 1% (50% FC) to 2.73% (60% FC)
and from 1.68% (50%FC) to 4.15% (60% FC). The R2 and d-index between the observed and
simulated canopy cover were 0.99 and 0.92, respectively (Figure 6a).

The higher grain yield was simulated in the D2 (9.62 t ha−1) treatment and the lowest
grain yield in F1 (7.58 t ha−1) during the validation process, which was satisfactory with
the observed data (Table 9). The Pe for grain yield ranged from −2.38% (F2) to 6.34% (F1)
during validation. The CRM for grain yield at 50%, 60%, and 70% FC was −0.05, 0.00, and
−0.01, respectively. The RMSE for grain yield ranged from 0.19 (60% FC) to 0.42 t ha−1 (50%
FC), while the NRMSE for grain yield varied from 2.11 (60% FC) to 5.36% (50% FC). The R2

and d-index for grain yield were 0.93 and 0.95 combined for all treatments (Figure 6b).
The above-ground biomass simulation values varied from 17.50 t ha−1 (F1) to 20.0 t ha−1

(F3), which agreed with the observed data (Table 10). The Pe for biomass ranged from
0.88% (S2) to 5.36% (S3) during validation. The CRM for biomass at 50%, 60%, and 70%
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FC was −0.04, −0.01, and −0.03, respectively. The RMSE for biomass ranged from 0.26
(60% FC) to 0.70 t ha−1 (50% FC), while the NRMSE for biomass varied from 1.38 (60%
FC) to 4.11% (50% FC). The R2 and d-index of biomass were 0.92 and 1 combined for all
treatments (Figure 6c).
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Figure 5. Validation results of canopy cover (%) of winter wheat at 50% FC (a–c), 60% FC (d–f), and
70% FC (g–i) under the sprinkler, drip, and flood irrigation system in 2017–2018. Note: S1: sprinkler
irrigation at 50% FC, D1: drip irrigation at 50% FC, F1: flood irrigation at 50% FC, S2: sprinkler
irrigation at 60% FC, D2: drip irrigation at 60% FC, F2: flood irrigation at 60% FC, S3: sprinkler
irrigation at 70% FC, D3: drip irrigation at 70% FC, F3: flood irrigation at 70% FC.

The SWC followed the pattern of 70% FC > 60% FC > 50% FC (Table 10). The minimum
deviation in SWC was observed at 60% FC, while the maximum deviation was estimated
at the water stress irrigation level (50% FC). The CRM for SWC ranged from −0.10 to
−0.05, while the RMSE and NRMSE for SWC varied from 10.50–14.70 mm and 3.60–5.52%,
respectively. The simulated SWC agreed well with the observed field data. The R2 and
d-index for SWC were 0.98 and 0.86 combined for all treatments (Figure 6d).
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Table 9. Validation results of canopy cover and grain yield of winter wheat during the 2017−2018 season.

Canopy Cover (%) Grain Yield (t ha−1)

50% FC 60% FC 70% FC 50% FC 60% FC 70% FC

Irrigation
Methods O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%)

Sprinkler 59.63 60.93 2.18 64.60 67.44 4.39 65.73 68.11 3.63 7.94 8.30 4.53 9.04 9.28 2.68 8.95 9.28 3.70
Drip 61.20 61.95 1.23 65.75 68.75 4.56 66.88 69.25 3.55 8.21 8.64 5.24 9.72 9.62 −1.03 9.30 9.35 0.58
Flood 58.38 59.25 1.50 67.10 69.38 3.43 68.24 70.51 3.33 7.13 7.58 6.34 9.10 8.88 −2.38 8.88 8.81 −0.75
CRM −0.02 −0.04 −0.04 −0.05 0.00 −0.01
RMSE 1.00 2.73 2.35 0.42 0.19 0.20

NRMSE (%) 1.68 4.15 3.50 5.36 2.11 2.18

FC: field capacity; O: observed; S: simulated; Pe: prediction error.

Table 10. Validation results of biomass and soil water content (SWC) under different irrigation strategies in 2017−2018.

Biomass (t ha−1) SWC (mm)

50% FC 60% FC 70% FC 50% FC 60% FC 70% FC

Irrigation
Methods O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%)

Sprinkler 17.10 17.65 3.22 18.17 18.33 0.88 18.46 19.45 5.36 267 283 6.0 292 303 3.71 307 319 3.84
Drip 16.89 17.55 3.91 18.04 18.24 1.11 18.30 18.70 2.19 268 282 5.40 287 299 4.20 282 300 6.40
Flood 16.66 17.50 5.04 19.18 19.54 1.88 19.52 20.0 2.46 265 279 5.13 298 306 2.80 315 328 4.20
CRM −0.04 −0.01 −0.03 −0.10 −0.04 −0.05
RMSE 0.70 0.26 0.68 14.70 10.50 14.55

NRMSE (%) 4.11 1.38 3.60 5.52 3.60 4.83

FC: field capacity; O: observed; S: simulated; Pe: prediction error.
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Table 11. Soil water balance in the top one-meter soil profile during 2017–2018 growing season.

50% FC 60% FC 70% FC

Sprinkler Drip Flood Sprinkler Drip Flood Sprinkler Drip Flood

Irrigation I (mm) 90 90 60 120 120 120 150 150 180
Precipitation P (mm) 259 259 259 259 259 259 259 259 259

Downward flux D (mm) 14 14 6 18 18 18 23 23 27
Change in soil water

storage ∆S (mm) 130 132 100 135 145 138 151 138 125

Observed ETC (mm) 465 467 413 496 506 499 537 524 537
Simulated ETC (mm) 470 478 445 500 498 498 523 531 529

FC: field capacity.

Table 12. Validation results of crop evapotranspiration (ETC) and water productivity (WP) in 2017−2018.

ETC (mm) WP (kg m−3)

50% FC 60% FC 70% FC 50% FC 60% FC 70% FC

Irrigation
Methods O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%) O S Pe (%)

Sprinkler 465 470 1.0 496 500 0.82 537 523 −2.62 1.71 1.77 3.27 1.82 1.86 2.0 1.67 1.77 6.25
Drip 467 478 2.32 506 498 −1.53 524 531 1.30 1.76 1.81 2.84 1.92 1.93 0.61 1.77 1.76 −0.42
Flood 413 445 7.90 499 498 −0.13 537 529 −1.50 1.73 1.70 −1.51 1.82 1.78 −1.99 1.65 1.67 1.01
CRM −0.04 0.00 0.01 −0.02 0.00 −0.02
RMSE 20 5.10 10 0.10 0.03 0.10

NRMSE (%) 4.46 1.0 1.90 2.70 1.64 3.61

FC: field capacity; O: observed; S: simulated; Pe: prediction error.
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The rainfall data from the period 1951–2018 (last 67 years) were analyzed and demon-
strated that the winter wheat growing season of 2016–2017 was comparatively dry (185 mm)
compared with the 2017–2018 normal season (259 mm). Therefore, rainfall plays an es-
sential role in controlling irrigation scheduling and the total depth of irrigation water
application; thus, in 2017–2018, winter wheat drip and sprinkler irrigation had one, while
flood irrigation had two fewer irrigation events compared with the 2016–2017 winter wheat
growing season with the same irrigation schedules (Table 1). In flood irrigation at 70%
FC, the highest irrigation dose (180 mm) was applied, while in flood irrigation at 50% FC,
only one irrigation dose (60 mm) was applied (Table 11). Drip and sprinkler irrigation
received the same amount of water at all irrigation levels. The downward flux and change
in soil water storage varied from 6–27 mm and 100–151 mm, respectively. The observed
and simulated ETC fluctuated from 413–537 mm and 445–531 mm, respectively.

The minimum deviation in ETC was observed at 60% FC, while the maximum devia-
tion was estimated at the water stress irrigation level (50% FC). The CRM for ETC ranged
from −0.04 to 0.01, while the RMSE and NRMSE for ETC varied from 5.10–20 mm and
1.0–4.46%, respectively. The simulated ETC agreed well with the observed field data. The
R2 and d-index for ETC were 0.95 and 0.96 combined for all treatments (Figure 6e). The WP
ranged from 1.70 kg m−3 (F1) to 1.93 kg m−3 (D2) during the model validation (Table 12),
while the prediction error varied from −1.99% (F2) to 6.25% (S3). The CRM and RMSE
were: 50% FC, −0.02 and 0.10 kg m−3; 60% FC, 0.00 and 0.03 kg m−3; and 70% FC, −0.02
and 0.10 kg m−3, respectively. The NRMSE varied from 1.64% (60% FC) to 3.61% (70% FC)
during the validation process. The coefficient of determination and d-index for all treat-
ments between the observed and simulated WP were 0.73 and 1, respectively (Figure 6f).
The results imply that the AquaCrop model is a supportive tool for simulating the canopy
cover, grain yield, biomass, SWC, ETC, and WP of winter wheat crops under different
irrigation schedules and methods on the NCP.

4. Discussion

Relationships were successfully determined for canopy cover, grain yield, biomass,
SWC, ETC, and WP between the predicted and measured values during the calibration and
validation of the AquaCrop model. The results reveal that the model efficiently simulated
all the variables tested for winter wheat on the NCP. The crop parameters were tuned
to simulate the canopy cover, grain yield, biomass, SWC, ETC, and WP under different
irrigation schedules and methods to acquire precise and stable relationships between the
observed and simulated values. The calibration datasets from 2016–2017 were consistent
with the model validation results from 2017–2018.

The simulated results of canopy development agreed with the observed data, and
the trend was generally similar in all treatments. The model slightly overestimated the
canopy cover during calibration and in the validation. Accurate canopy cover simulation
is essential for optimal AquaCrop performance because it influences crop transpiration
and biomass [27]. The canopy cover peaked near to 205 DAS and started decreasing near
225 DAS (Figures 3 and 5). The decrease in canopy cover was steeper at all irrigation levels.
The simulated canopy cover was relatively close to the observed canopy cover up to the
flowering stage, while it was slightly overpredicted after senescence. The observed canopy
cover declined relatively rapidly compared with the simulated canopy cover, which was
attributed to the higher atmospheric temperature causing earlier senescence. In AquaCrop,
canopy senescence is explained by the CDC. The influence of a higher temperature on
canopy cover was not considered; therefore, the model could not simulate the canopy cover
precisely at the end of the crop growing period. The influence of water stress and senescence
is complicated to fix in the models; therefore, the AquaCrop model overpredicted the results
under higher water stress and temperature conditions. The canopy cover was simulated
as lower at all irrigation levels in 2017–2018 compared with that of 2016–2017, which was
attributed to the slightly late sowing in the 2017–2018 winter wheat season (22 October)
compared with that in the 2016–2017 season (15 October). Therefore, the number of growing
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days was lower in 2017–2018 compared with that in 2016–2017, which prevented the crop
from reaching its maximum canopy cover. These results demonstrate that the increase in
irrigation amount increased the canopy cover, while the lowest canopy cover was observed
in the water stress treatments.

The CRM validation results illustrate that the grain yield and biomass simulated
well at 60% FC and 70% FC irrigation schedules compared with that of the water stress
treatment (50% FC) in the model. The close match between the observed and simulated
grain yield and biomass at 60% and 70% FC was attributed to the higher SWC in higher-
frequency irrigation treatments, leading to a better soil environment. Moreover, the higher
development of canopy cover influenced transpiration, grain yield, and biomass. Water
stress at 50% FC resulted in insufficient root and crop development, which leads to the
minimum grain yield and biomass. The negative CRM values indicate that the AquaCrop
model slightly overpredicted the biomass at all irrigation levels during the model calibration
and validation, which is attributed to the overpredicted canopy cover at all irrigation levels.
The R2 value between the observed and simulated grain yield and biomass was 0.93 and
0.92, respectively. The d-index for grain yield was 0.95 and for biomass was 1. These results
agree with Mkhabela and Bullock [48], who observed an R2 of 0.66 and d-index of 0.99
for a winter wheat grain yield simulation using the AquaCrop model. Stricevic, et al. [49]
determined an R2 value of >0.84 during yield simulation of maize, sunflower (Helianthus
annus L.), and sugar beet (Beta vulgaris L.) under both rain-fed and irrigated treatments
in the AquaCrop model, while Karunaratne, et al. [34] observed an R2 value of 0.72 for
Bambara groundnut (Vignea subterranean L. Verdc) yield using the AquaCrop model.

Our results are consistent with those of Andarzian, et al. [50] and Jin, et al. [29], both
of which also found that the AquaCrop model can satisfactorily simulate grain yield and
biomass under sufficient irrigation. In water-scarce areas or those with deficit irrigation,
sprinkler and drip irrigation at 50% FC can produce an adequate grain yield and biomass
with the least yield penalty. The presented results closely agree with those of Iqbal, et al. [30],
who observed an RMSE, NRMSE, and IoA (index of agreement or d-index) for grain yield
of 0.58 Mg ha−1, 11.82%, and 0.95, and for biomass of 0.87 Mg ha−1, 8.62%, and 0.95,
respectively, for winter wheat on the NCP.

The AquaCrop model effectively simulated the wetting and drying intervals that
result from irrigation events, while it overpredicted the SWC specifically at the water
stress level (50% FC) [51]. The model retained the simulated SWC as higher than the PWP,
which estimated a higher SWC during dry periods [48]. The SWC was overpredicted for
drip irrigation at 50% and 70% FC, which was possibly due to the slightly wetter surfaces
covered by drippers between irrigation periods being considered in the model. The model
generally overpredicted the SWC and ETC; however, the results are consistent with those
from the observed data. The maximum deviation between the observed and simulated
SWC and ETC was observed at the water stress level (50% FC), while at the moderate
irrigation level (60% FC), the deviation was the minimum. A comprehensive study of
the SWC profile in the model illustrated that, at the water stress level (50% FC), the SWC
was overpredicted in the topsoil layers and underpredicted in the deeper soil layers [27].
The prediction error statistics suggest that the model can effectively simulate the SWC
and ETC at all irrigation levels and confirm that the model could be used to anticipate the
water balance and crop water requirement for winter wheat on the NCP. The prediction
statistics for the SWC and ETC are in line with the Iqbal, et al. [30] for winter wheat in the
same region. The model overestimated the SWC and ETC in the water stress treatments
(50% FC) during the validation of the model, which might be due to discrepancies in
the model for simulating the SWC and ETC. Moreover, in the water stress treatments
(50% FC), the minimum drainage plus irrigation and rainfall lead to the overestimation
of the ETC. Farahani, et al. [27], Hsiao, et al. [40], and Zeleke, et al. [52] also observed that
the AquaCrop model significantly overpredicted the SWC under water stress conditions.
However, the simulated SWC values were within an acceptable range. The predicted
values of the SWC could be compared with those other models for winter wheat. For
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instance, Yang, et al. [53] reported deviations of 0.43% to−20.4% between the observed and
simulated SWC using the DSSAT-CERES-Wheat model, while Fang, et al. [54] estimated
an RMSE of 28.5–34.8 mm for the SWC under wheat–maize rotation using the RZWQM2
model in the same area. The AquaCrop model estimated the ET from the soil evaporation
(E) and transpiration (T) of the crops. The variation in the WP suggested that there is room
for model development in terms of WP estimation, which is dependent upon the accurate
simulation of crop ET.

The field measured ET mainly considers crop transpiration, while the simulated
ET complies with soil evaporation, which caused the deviation in ET values [55]. The
partition of ET into E and T restricts the ineffective consumptive use of E [56], while
optimizing the model WP could be achieved by increasing the T compared with E. Moreover,
Farahani, et al. [27] argued that soil evaporation simulated by the model is uncertain, owing
to the low values of E measured during irrigation, with significant variation in the amount
of water applied. Conservative parameters served to estimate E and T, i.e., extraction
patterns of water, the coefficient of crop transpiration, and the coefficient of crop decline
were less sensitive to the simulated T values. The lower susceptibility of these parameters
indicated the lower response to input variables, usually lower than 2% [33,57]. Regardless
of the slightly higher deviations in the SWC and ETC at the water stress level in our
results, the AquaCrop model could certainly be used for simulating the SWC and ETC at
all irrigation scheduling levels under all irrigation methods.

Irrigation is indispensable in this region to reduce water stress, and the WP decreased
as the irrigation water amount increased; thus, the lower irrigation schedule treatments
(60% FC) have a higher WP compared with that of the higher irrigation schedule treatments
(70% FC). The simulated WP varied from 1.67 to 1.93 kg m−3 during the validation of the
model, which agrees with the studies of Jin, et al. [29] and Fang, et al. [58]. The higher
WP suggests that the winter wheat cultivars rapidly improved, causing a higher grain
yield and improved WP. The WP values were relatively lower in the 2017–2018 winter
wheat cropping season because of the higher amount of rainfall (74 mm) compared with
2016–2017, which increased the crop ETC and decreased the WP. The AquaCrop model
overpredicted the grain yield and ETC at 50% FC, resulting in the higher WP values. The
negative CRM value at 50% FC and 70% FC indicate that the model overestimated the
WP, while at 60% FC, the CRM value was zero. Similar results were reported by Kumar,
et al. [59], who found that the AquaCrop model overpredicted the WP in winter wheat
under various irrigation treatments.

Climate change has a very significant effect on food security. Primarily, it inhibits
agricultural production by changing the agricultural and ecological habitat. Secondar-
ily, by stressing growth and economics, it hence escalates the need for agricultural com-
modities [60]. Wheat yield has been severely influenced by climate change globally. As-
seng, et al. [61] and Zhao, et al. [62] observed 6% significant yield losses in wheat crops
due to climate change. Similarly, Brown [63] observed a 10% decrease in wheat yield and
Ray, et al. [64] measured a 3–4% wheat yield reduction under different climates caused by
climate change. Svoboda, et al.’s [65] study revealed that, for sustainable winter wheat
yields, the availability of water must be ensured. In China, there may be a scarcity of
freshwater resources for irrigation, which might result in the conversion of irrigated land
to rainfed land and in a decrease in agricultural production [66]. To prevent groundwater
overdraft and reduce climate change impacts, water-saving irrigation methods such as drip
and sprinkler irrigation systems are being adopted. Sprinkler and drip irrigation has the
potential to withstand climate change by reducing groundwater pumping for irrigation,
improving crop yield and WP.

Irrigation mainly depends on ground water resources, and the depletion of under-
ground water resources is a major threat for growers and policy makers in terms of sustain-
able crop production in this region. Moreover, irrigation wells below 100 m were required,
which resulted in a sharp decline in ground water [67]. In general, NCP farmers irrigate
3–5 times with a 60 mm depth of water (total water 180–300 mm) to meet the seasonal
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ET of 450–500 mm [68]. Higher irrigation scheduling (70% FC) increases soil evaporation,
deep percolation, and lowers the WP. The simulation results reveal that, following the
re-greening stage, irrigation scheduling of 4–5 irrigations of a 30 mm depth (total water
120–150 mm), depending on the seasonal rainfall amount and soil moisture storage, by
drip irrigation and sprinkler irrigation was the most effective irrigation schedule to obtain
the optimum grain yield, biomass, and WP on the NCP. This would save a significant
amount of water resources, avoid the overexploitation of ground water, and increase the
cropping area. The results show that drip irrigation followed by sprinkler irrigation was
more highly beneficial to achieve a higher grain yield, biomass, and WP at all irrigation
scheduling levels. Therefore, it is suggested that the drip irrigation method be employed on
the water-scarce NCP to increase grain yield, biomass, and WP. Our findings suggest that
the AquaCrop model could be used for simulating the canopy cover, grain yield, biomass,
SWC, ETC, and WP in winter wheat under various irrigation scheduling and irrigation
methods. The irrigation methods exhibited no obvious trend in the simulation, while the
simulation was more accurate for grain yield and biomass at higher scheduling levels
(70% FC and 60% FC) compared with the water stress scheduling (50% FC).

The AquaCrop model is a reliable tool to improve irrigation scheduling strategies
under different irrigation methods that produce an optimum grain yield, biomass, and
WP. The model is required to be calibrated and validated due to regular changes in the
local cultivars grown by the farmers and to obtain the precise forecast results for the local
environment. The advantage of forecasting results could only be obtained if it is used
properly with known limitations. One salient feature of the AquaCrop model is the “con-
servative parameters” that are widely feasible under different climatic conditions and crop
cultivars [69]. Usually, these parameters perform well in anticipating crop development
under adequate water availability. On the contrary, under the water stress scenario (50%
FC), there was slight misfit between the observed and simulated values, which probably
illustrated the revision of these values; in particular, the threshold for stress might increase
the model performance. Future research is required to apply this model for different irriga-
tion strategies to yield sustainability and water saving. Moreover, this study was limited to
the winter wheat in the Qiliying field experimental site on the NCP, and further studies
might carry out experiments under full and deficit irrigation scheduling to increase the
model’s applicability. In addition to this, future studies are recommended to be carried
out over different deficit irrigation regimes and measure the crop yield, biomass, and WP
relationship. These results provide an opportunity for growers and policy makers to choose
an appropriate irrigation scheduling with a suitable irrigation method for winter wheat
growing. Moreover, an economic analysis of each irrigation practice is recommended to
better consider the economic benefits of each irrigation strategy.

5. Conclusions

The AquaCrop model was calibrated and validated for three crop parameters, i.e.,
canopy cover, grain yield, and biomass, and three water parameters, i.e., soil water content,
ETC, and WP, under different irrigation schedules and methods using field data from the
2016–2017 and 2017–2018 winter wheat seasons in the pedoclimatic condition of the NCP.
The simulated results illustrate that higher irrigation scheduling treatments enhanced the
grain yield and biomass compared with those of the water- stress treatments, while the WP
was higher at the 60% FC irrigation scheduling level. The model successfully validated the
canopy cover, grain yield, biomass, soil water content, ETC, and WP. Moreover, the results
agree with those from the field data, as evidenced by the prediction error values. The
foremost benefit of the AquaCrop model is that it demands fewer input data to simulate
the canopy cover, grain yield, biomass, and WP compared with other crop models. The
slightly higher deviations recorded at the water stress level might be due to a considerable
simplification of the model to reduce its complexity. Our results present that the AquaCrop
model successfully simulates the canopy cover, grain yield, biomass, soil water content,
ETC, and WP of winter wheat with a higher certainty under different irrigation schedules
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and irrigation methods in a case study on the NCP. These findings could give some clues for
further research aiming at increasing the applicability of the model to different scenarios.
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