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A B S T R A C T   

The crop-water production function (CWPF) is widely used to quantitatively describe relationships between crop 
water deficit and yield, and evaluate the effects of different irrigation strategies in agro-hydrological models. In 
order to reasonably and reliably estimate crop yield and optimize irrigation scheduling, a novel CWPF was 
proposed by combining the plant water deficit index (PWDI), estimated based on root-weighted soil water 
availability, with a daily water sensitivity index derived from a sigmoidal cumulative function. Parameterized 
using data from a two-year winter wheat field lysimetric experiment conducted in the North China Plain and 
from a previously published two-year spring maize field drip irrigation experiment in Inner Mongolia, China, the 
CWPFs provided reasonable estimation of different crop yields with different water stress response characteristics 
under different field environments. Through coupling the genetic algorithm with the integrated simulations of 
soil water dynamics, PWDI and CWPF in the soil-wheat system, an optimization procedure was developed to 
determine PWDI threshold combinations to timely trigger irrigation according to pre-designed crop water deficit 
status. Crop yield and water use efficiency (WUE) of winter wheat were estimated and compared under different 
optimized constant and variable PWDI threshold combinations. In addition, the effects of climate change on the 
optimized variable PWDI threshold combinations were investigated using 38 years of historic meteorological 
data. The results showed that regulated deficit irrigation (RDI) with a variable threshold combination, in which 
the sensitivity characteristics to water deficit were considered for the crop at different growth stages, was su
perior to a constant threshold in enhancing crop yield and WUE. Irrespective of the number of irrigation events 
(1, 2, 3 or 4) during the growing season, the coefficients of variation (CV) of optimized PWDI thresholds for 
different combinations of irrigation sequence and events were not very large under the same kind of hydrological 
year (wet, normal or dry), with CV < 0.39 and a median of 0.21. When the mean (MN) of the optimized PWDI 
threshold combinations for different irrigation sequence and events was used to schedule RDI of winter wheat in 
terms of various hydrological years, up to 91% of the estimated relative yield was found to be higher than 90% of 
the corresponding maximum values. Therefore, the MN can be valuable in formulating rational irrigation 
management strategies of winter wheat to achieve relatively high yields with limited water under changing 
climatic conditions.   

Abbreviations: CWPF, crop-water production function; PWDI, plant water deficit index; WUE, water use efficiency; RWU, root water uptake; RLD, root length 
density; NRLD, normalized root length density; DAS, days after sowing; SWC, soil water content; GA, genetic algorithm; MN, mean; CV, coefficient of variation; NSE, 
Nash-Sutcliffe efficiency coefficient; RMSE, root mean squared error. 
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1. Introduction 

Due to growing competition from cities, industry, and the environ
ment for limited fresh water resources, scarcity of water for agriculture 
is becoming an increasingly serious problem in arid and semiarid re
gions (Elliott et al., 2014). Efficient water use in crop production, which 
is greatly dependent on proper irrigation scheduling to influence water 
use by the crop and its final yield, is vital for the development of sus
tainable agriculture. To pursue relatively high crop yield and water use 
efficiency (WUE) with a limited water supply, irrigation scheduling is 
often determined based on time-consuming and costly large-scale field 
irrigation experiments. However, results of such experiments are often 
only suitable for the specific soil and climatic conditions in which they 
were conducted (Arora et al., 1987). Numerical simulations offer an 
alternative more efficient and economic method to schedule irrigation 
by quantifying the relationship between crop yield/WUE and irrigation 
water. Such use of numerical simulations to optimize irrigation sched
uling has gained popularity over the last decades (Shi et al., 2020, 2021; 
Dabach et al., 2013). 

Models, including those driven by radiation, carbon, and/or water, 
have been developed to simulate crop growth and yield formation under 
various irrigation regimes (Diepen et al., 1989; Jones et al., 2003; Ste
duto et al., 2009). These models often require comprehensive and 
complicated, and quite difficult to determine, input parameters associ
ated with various physiological processes (e.g. photosynthesis, transpi
ration, and respiration). In comparison, through directly and empirically 
relating crop yield to water availability, a crop-water production func
tion (CWPF) greatly simplifies the estimation of crop yield by using a 
readily obtained variable such as irrigation amount (Stewart and Hagan, 
1973), soil water storage (Morgan et al., 1980; Huang, 2004), evapo
transpiration (Jensen, 1968; Igbadun et al., 2007) or transpiration 
(Hanks and Hill, 1980; Woli et al., 2014). CWPFs have been extensively 
employed by different agro-hydrological models to evaluate 
pre-designed irrigation strategies (Oweis and Hachum, 2009; Smilovic 
et al., 2016). Among the variables used to represent water availability, 
transpiration (Ta) should be one of the most appropriate parameters for 
assessing crop yield since Ta is closely related to photosynthetic assim
ilation (essentially a physiological water-consuming process) and yield 
formation (Ben-Gal et al., 2003). Generally, Ta is estimated by taking 
into account information such as meteorological data, leaf area index 
and average root-zone soil water content (SWC) or potential, as 
demonstrated by the classic Penman-Monteith formula (Allen et al., 
1998; Lai and Katul, 2000). In this method, only the effect of soil water 
amount on crop water use is considered, while the effect of relative 
distribution pattern of soil water to roots is ignored, likely resulting in 
inaccurate estimation of Ta (Lai and Katul, 2000; Shi et al., 2015). In 
order to overcome this shortcoming, Ta can be estimated using a root 
water uptake (RWU) model based on root distribution (Jarvis, 1989; 
Šimůnek and Hopmans, 2009). Thereupon, different forms of CWPFs are 
constructed according to the relationship between relative yield and 
relative Ta during the whole growth season or by stages. Compared to 
season-based CWPF, stage-based functions better capture the differences 
in water sensitivity of crops at different growing periods and more 
reasonably describe the relationship between crop yield and Ta (Ben-Gal 
et al., 2003; Foster and Brozovi, 2018). Nevertheless, the application of 
stage-based CWPFs in agricultural production is still subject to some 
critical limitations as follows. 

First, root information, usually characterized by root length density 
(RLD) distribution, while indispensable for a RWU model to estimate 
crop transpiration and to evaluate crop water deficit, is difficult and 
time-consuming to acquire reliably, especially in the field. It is fortunate 
to find that the distribution of normalized RLD (NRLD) vs. normalized 
root depth for a number of specific crops (e.g. wheat, cotton, maize, and 
rice) could be statistically described using a general function, indepen
dent of soil properties, crop species, growing stages, climate, and other 
environmental conditions (Wu et al., 1999; Zuo et al., 2013; Ning et al., 

2015). By introducing NRLD as a weighting factor for available soil 
water in the root zone, a root-weighted plant water deficit index (PWDI) 
was put forward to characterize the extent of crop water deficit (Shi 
et al., 2015). The index was reliable in estimating Ta conveniently and 
accurately, and thus should be helpful for constructing a CWPF to pre
dict crop yield under various water deficit scenarios. 

Moreover, the sensitivity index (λ) for each growth stage is an 
important parameter in stage-based CWPFs. Its optimization often de
pends on laborious field experiments with various irrigation treatments. 
The accuracy of λ is susceptible to the artificial division of growth stages, 
which is usually subjective or even arbitrary. More specifically, too few 
growth stage divisions (i.e. long intervals) may be detrimental to capture 
the water sensitive response dynamics of crops, which likely results in 
the lack of sensitivity information in some key growth periods, and 
makes the triggering or scheduling of irrigation untimely or irrational. 
However, too many growth stage divisions (short intervals) can easily 
lead to instability, non-unique or even exceeding the reasonable range 
(such as negative values) of the optimized λ. A few research results 
showed that a cumulative function would be useful to determine λ at 
different timescales (Shang and Mao, 2006; Han et al., 2010). A typically 
low-high-low bell-shaped distribution of λ changing with time has been 
observed over the whole growth period for a variety of crops such as 
wheat, maize, cotton, soybean and rice. Its cumulative process over time 
was roughly in line with an S-shaped curve and able to be well described 
using a sigmoidal or logistic cumulative function (Kipkorir and Raes, 
2002; Georgiou and Papamichail, 2008). The effect of water deficit on 
yield formation is a continuous process with crop growth. Therefore, the 
employment of a sigmoidal cumulative function should be physically 
sound and enable robust estimation of λ at a small timescale (e.g. daily) 
on the basis of solving problems such as missing sensitivity information 
and instability of optimization caused by artificial growth stage di
visions. In summary, it would be wise to establish a novel CWPF 
combining a PWDI (used to indicate the degree of crop water deficit) 
estimated based on root-weighted soil water availability and a sigmoidal 
cumulative function (used to evaluate the daily water sensitivity index 
λ). However, the accuracy and reliability of this method in estimating 
crop yield awaits further research. 

CWPFs have been widely used for optimizing the irrigation quota in 
each pre-designed growth stage, but rarely for determining the specific 
irrigation frequency, which should be dependent on the degree of crop 
water deficit or PWDI. Undoubtedly, choosing a reasonable PWDI 
threshold is critical for initiating each irrigation event. Both crop yield 
and WUE are found to change with changing PWDI thresholds. The re
lationships, usually obtained through irrigation experiments (Irmak 
et al., 2000; Emekli et al., 2007; Candogan et al., 2013; Shi et al., 2020) 
or numerical simulations (Shi et al., 2021), can be used to optimize the 
PWDI threshold, whether chosen as constant throughout the growth 
season or variable according to artificially pre-designed growth stages. 
However, due to the limited experimental conditions or simulation 
scenarios, the thresholds would represent a local optimum under those 
pre-designed conditions or scenarios, but not a global optimum for all 
possible situations. In addition, optimized PWDI thresholds, whether 
constant or variable, often originate from a specific seasonal climatic 
condition, without any consideration of the impact of climate change. 
Influenced by intra and inter seasonal climatic variability, the root-zone 
soil water availability for PWDI estimation is likely to change continu
ously and significantly, thus resulting in constantly changing PWDI 
thresholds optimized during various seasons, which are hard to be 
applied to trigger irrigation in practice. Therefore, it is necessary to 
investigate and evaluate the effect of changing climatic conditions on 
PWDI threshold optimization. 

A truly global optimum PWDI threshold acquired from the proposed 
CWPF necessitates the incorporation of optimization algorithms (Singh 
and Panda, 2013; Singh, 2014). The genetic algorithm (GA) is a global 
search optimization procedure based on the mechanism of natural se
lection and genetics combining artificial survival of the fittest with 
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genetic operators (Holland, 1975). With the significant advantages of 
high efficiency and strong robustness in parallel computation, the GA 
has become a powerful tool for highly complex optimization problems 
(Wang et al., 2010; Sotomayor et al., 2018) and should be more suitable 
for optimizing PWDI thresholds based on CWPF than other traditional 
optimization algorithms such as linear programming, dynamic pro
gramming or Simplex method (Wen et al., 2017; Li et al., 2018a). 

In summary, accurate evaluation of crop water deficit and water 
sensitivity is critical for reasonably constructing a CWPF and thereby for 
optimization of irrigation scheduling through a global search optimi
zation algorithm like GA. It would be helpful to delineate the extent of 
crop water deficit using a PWDI based on available soil water weighted 
by the NRLD distribution and to derive water sensitivity dynamics from 
the cumulative function of a water sensitivity index. Therefore, the main 
objectives of this study were to (1) construct a novel CWPF by 
combining root-weighted soil water availability based PWDI with a 
cumulative function of sensitivity index, and to evaluate its accuracy 
and reliability in predicting crop yield using two multi-year field ex
periments on different crops (winter wheat and spring maize) under 
different climatic zones (Beijing and Inner Mongolia), soil types (loam 
and sandy), and irrigation methods (surface and drip irrigation); and (2) 
develop an optimization procedure of PWDI threshold determination 
and use by coupling GA into the integrated model including the simu
lations of soil water dynamics, PWDI and CWPF, and apply it to inves
tigate and analyze the differences of crop yield and WUE resulting from 
irrigation scheduling controlled by either constant or variable PWDI 
irrigation thresholds or from the effects of changes in meteorological 
conditions due to climate change. 

2. Materials and methods 

2.1. Field lysimetric experiment 

2.1.1. Experimental site and design 
Data from a two-year field lysimetric experiment conducted in the 

North China Plain from September 2014 and 2015 to June the next year 
were used to parameterize and evaluate a CWPF based on root-weighted 
soil water availability. The field work was carried out at the National 
Experimental Station for Precision Agriculture in Changping District, 
Beijing (40◦10′31′ N, 116◦26′10′ ′ E, altitude 50.1 m), a warm temperate 
continental monsoon climate zone with 185 annual mean frost-free 
days, sunshine duration of 2600 h, and precipitation of 543 mm, of 
which 70% falls in the period between June and September. Supple
mental irrigation is necessary in the region for agricultural production of 
winter wheat sown at the end of September and harvested in early June 
of the next year. Additional details regarding the experimental site were 
presented in Wu et al. (2017). 

On 29 September 2014 and 2015, winter wheat (Triticum aestivum L. 
Nongda 212) was sown in 14 weighing lysimeters (230 cm high × 75 cm 
wide × 100 cm long, 0.05 mm in precision) at a density of 6.7 × 106 

plants ha− 1. Space around the lysimeters was also planted at the same 
density to avoid margin effects. Layout of lysimeters in the field was 
detailed in Wu et al. (2020). Before sowing, all lysimeters were uni
formly watered in order to maintain optimal soil water conditions for 
the growth of winter wheat during seedling stage. The steel box of each 
lysimeter was filled in by excavating original soil monoliths taken from a 

nearby field, with three undisturbed distinct loam soil layers (Table 1). 
Soil physical properties were measured using the following standard 
methods: the gravitational liquid sedimentation technique for soil par
ticle composition (Gee and Or, 2002); constant head method for satu
rated hydraulic conductivity (Klute and Dirksen, 1986); and pressure 
membrane plate for soil water retention characteristics (Soil Moisture 
Equipment Co., USA), fitted through the closed-form equation of van 
Genuchten (1980) and used to obtain the field capacity as the SWC 
corresponding to the soil matric potential of − 300 cm (Romano and 
Santini, 2002). Totally six (T1, T2, T3, T4, T5 and T6, 2014–2015) and 
seven (T7, T8, T9, T10, T11, T12 and T13, 2015–2016) irrigation 
treatments were respectively designed for the two growth seasons of 
winter wheat. The dates and amount of irrigation for each treatment are 
detailed in Table 2. For treatments T1 and T7, irrigation was applied 
every 1–3 d from 203 and 191 days after sowing (DAS), respectively, to 
maintain sufficient water supply for the growth of winter wheat. 
Treatments T6 and T13 were fully covered by plastic film and did not 
receive any irrigation during the season. Rainfall was completely 

Table 1 
Soil properties: texture (content of sand, silt, and clay), bulk density (ρb), saturated water content (θs), field water capacity (θf), residual water content (θr), saturated 
hydraulic conductivity (Ks), and the fitting parameters (α and n) in van Genuchten’s (1980) soil water retention curve.  

Depth Sand Silt Clay ρb θs θr θf Ks α n 

(cm) (%) (%) (%) (g cm− 3) (cm3 cm− 3) (cm3 cm− 3) (cm3 cm− 3) (cm d− 1) (cm− 1) 

0–30  49.44  45.04  5.52  1.43  0.495  0.029  0.316  5.13  0.014  1.315 
30–80  34.82  44.20  20.98  1.40  0.541  0.068  0.394  1.86  0.013  1.245 
80–230  31.92  49.90  18.18  1.56  0.548  0.060  0.410  0.12  0.020  1.177  

Table 2 
Irrigation treatments and schedules during the growing season of winter wheat 
from 2014 to 2016. DAS = days after sowing.  

Growing season Treatments Date 
(DAS) 

Irrigation depth (cm) 

Sep. 2014-Jun. 
2015 

T1 47 5.1 
203–240 Irrigated every 1–3 d, 37.6 cm in 

total 
T2 47 5.1 

215 4.5 
229 5.1 
238 6.3 

T3 47 7.2 
197 7.2 
217 7.2 

T4 47 7.2 
197 7.2 

T5 47 7.2 
T6 Film mulched without any irrigation 

Sep. 2015-Jun. 
2016 

T7 47 3.0 
188 5.1 
191–240 Irrigated every 1–3 d, 60.7 cm in 

total 
T8 47 3.0 

188 5.1 
196 7.4 
207 6.7 
222 8.1 
234 8.1 

T9 47 3.0 
188 5.1 
213 9.6 
233 9.7 

T10 47 7.2 
201 7.2 
218 7.2 
234 7.2 

T11 47 7.2 
201 7.2 
218 7.2 

T12 47 7.2 
T13 Film mulched without any irrigation  
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prevented by a movable rain-shelter from greening until harvest. 

2.1.2. Measurements 
Data collected during the field lysimetric experiment included 

meteorological data, SWC and crop information, which were obtained 
through the methods or procedures respectively described as follows. 

(1) Meteorological data: Meteorological data at study site (including 
air temperature, relative humidity, solar radiation, and wind speed) 
were monitored and recorded by an automatic agro-meteorological 
station (WeatherHawk 500, Campbell Scientific, USA). 

(2) SWC: At the wheat turning green stage (168 DAS), the SWC was 
measured by a calibrated capacitance probe (Diviner 2000, Sentek, 
Australia) at 10 cm intervals from soil surface to 160 cm depth. This was 
used as the initial condition to verify the soil water transport model. 
From heading (2015) or jointing (2016) to maturity (198–244 DAS; 
188–244 DAS), the SWC in each lysimeter was measured daily to esti
mate PWDI dynamics. 

(3) Crop information:  

● Leaf area: Five winter wheat plants from each lysimeter were 
randomly pre-selected to measure the length and width of green 
leaves at a 5–7 d interval, and then leaf area was calculated as a 
product of the measured length, width and a measured conversion 
coefficient of 0.77 (Wu et al., 2017).  

● Transpiration: Daily actual transpiration rate under each treatment 
was determined by deducting actual soil evaporation rate (under the 
treatments other than film mulched T6 and T13), estimated ac
cording to weather data, leaf area index and surface SWC using the 
modified Penman equation (Ritchie, 1972; Wu et al., 1999), from 
actual evapotranspiration rate obtained through weighing. The 
actual soil evaporation rate was assumed to be negligible for the film 
mulched treatments of T6 and T13.  

● Grain yield: All the winter wheat plants in each lysimeter were 
removed to measure grain yield at harvest. 

2.2. Theoretical background 

2.2.1. Crop-water production function (CWPF) 
A multiplicative approach proposed by Rao et al. (1988) was 

employed to relate relative yield (Ya/Yp) to relative transpiration rates 
(Ta/Tp) of different growth stages, viz. 

Ya
/

Yp =
∏n

i=1

(
1 − λi

(
1 − Ta

/
Tp
)

i

)
(1)  

where Ya and Yp are actual and potential yields, respectively (kg ha− 1); 
Ta and Tp are averages of actual and potential transpiration rates during 
the ith (i = 1, 2, 3, …, n) growth stage (mm d− 1), respectively, and n is 
the number of growth stage divisions; 1 - Ta/Tp is the plant water deficit 
index (PWDI) representing the extent of crop water deficit (Woli et al., 
2012; Shi et al., 2015); λi is the sensitivity index of the ith stage. 

As aforementioned, the application of Eq. (1) suffers from lack of 
consideration regarding the effect of root distribution on Ta estimation, 
and subjective or even arbitrary division of specific growth stages. A 
recently proposed root-weighted PWDI was useful to improve the esti
mation accuracy of the extent of crop water deficit by taking both soil 
water amount and relative distribution of soil water to roots into account 
(Shi et al., 2015). A sigmoidal cumulative function of sensitivity index 
provided an effective way to describe the response of yield formation to 
continuous water deficit dynamics and allowed the acquisition of 
sensitivity index at a daily timescale, which should be helpful for miti
gating the adverse effects caused by the artificial division of growth 
stages (Shang and Mao, 2006; Han et al., 2010). Hence, root-weighted 
PWDI and cumulative function of sensitivity index were combined to 
revise Eq. (1) as: 

Ya
/

Yp =
∏T

t=1
(1 − λtPWDIt) (2)  

where t is the day after sowing (d); T is the number of days between 
sowing and maturity; PWDIt is the root-weighted soil water availability 
based PWDI on the tth day (as described in Section 2.2.2); λt is the λ on 
the tth day, estimated with a sigmoidal cumulative function (as 
described in Section 2.2.3). 

2.2.2. Root-weighted PWDI estimation 
The PWDI based on root-weighted soil water availability was esti

mated as (Shi et al., 2015; Wu et al., 2017): 

PWDI = 1 −
∫ 1

0
γ(h)Lnrd(zr)dzr (3)  

where h is the soil matric potential (cm); zr (= z/Lr) is the normalized 
soil depth, i.e. the ratio of soil depth z (cm) to the maximum rooting 
depth Lr (cm), in which Lr is simulated by a root growth model relating 
the root penetration rate with the soil water content, sand content, bulk 
density and temperature as proposed by Asseng et al. (1997); Lnrd(zr) is 
the normalized root length density (NRLD); γ(h) is the soil water stress 
response function quantifying the effect of soil water stress on RWU or 
transpiration, which can be expressed in linear (Feddes et al., 1978) or 
nonlinear (van Genuchten, 1987; Musters and Bouten, 1999; Homaee 
et al., 2002) forms. For the sake of simplicity, a piecewise linear function 
was chosen in this study (Feddes et al., 1978): 

γ(h) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

0 h ≥ hH

1 hL ≤ h < hH

h − hW

hL − hW
hW < h < hL

0 h ≤ hW

(4)  

where hH, hL and hW are the thresholds of anaerobiosis point, optimal 
soil water condition and wilting point (cm), adopted according to the 
recommended values of − 50, − 400 and − 15,000 cm, respectively 
(Feddes et al., 1976). The parameters appearing in Section 2.2 and their 
values are summarized in Table 3 together with source references. 

Since it was impossible to destructively sample roots during the 
growing season of winter wheat, a generalized function was utilized to 
estimate NRLD as (Zuo et al., 2013): 

Table 3 
Overview of the parameters contained in Section 2.2 and their sources.  

Parameters Unit Meaning Value Source 

hH cm Anaerobiosis point -50 Feddes et al. 
(1976) 

hL cm Threshold of optimal soil water 
condition 

-400 Feddes et al. 
(1976) 

hW cm Wilting point -15000 Feddes et al. 
(1976) 

p – Shape parameter of NRLD 
distribution 

3.85 Zuo et al. 
(2013) 

Hm ℃ Potential heat units required 
for the maturation 

1750 Measured 

Tu ℃ Optimal temperatures for crop 
growth 

30 Wang et al. 
(2013) 

Tb ℃ Base temperatures for crop 
growth 

0 Wang et al. 
(2013) 

β % Percentage of wetting area 100 Measured 
Dw cm Designed wetting depth 60 Wu et al. 

(2017) 
k – Fitting parameter 23.38 Calibrated 
b – Fitting parameter 3.53 Calibrated 
m – Fitting parameter 1.04 Calibrated  
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Lnrd(zr) = p(1 − zr)
p− 1 (5)  

where p is a shape parameter denoting the NRLD at the soil surface, 
recommended as 3.85 for wheat by Zuo et al. (2013). The generalized 
function was established and tested using a large amount of measured 
NRLD data for wheat from published papers and their own experiments 
(1179 data points in total). The statistical analysis showed that the 
prediction uncertainty interval of the generalized function along the 
profile was within ± 0.16 under a confidence level of 95%, indicating 
that it should be feasible and reliable to be utilized in most cases (Wu 
et al., 2021). 

2.2.3. Cumulative function of sensitivity index (λ) 
The cumulative sensitivity index of λ can be (and has often been) 

expressed as a sigmoidal function of physical time such as days after 
emergence or sowing. However, due to the fact that the crop growth 
cycle (i.e. phenological phase) is highly dependent on changing envi
ronments (including meteorological conditions), the function is prone to 
be unstable and inapplicable especially when conditions fluctuate 
drastically. A normalized heat unit index (Ht, ranging between 0 and 1) 
calculated based on growing degree days (GDD) describes the crop 
growth cycle more stably than physical time (Ojeda-Bustamante et al., 
2004). Thus, a more general sigmoidal curve was employed to describe 
the cumulative λ (named as Ct) as a function of Ht as follows (Han et al., 
2010): 

Ct =
m

1 + k(1/Ht − 1)b (6)  

where k, b and m are the fitting parameters. When Ht → 0, Ct → 0, 
denoting little sensitivity of crop yield to water deficit at sowing; when 
0 < Ht < 1, Ct increases with increasing Ht in an S-shape; when Ht → 1, Ct 
changes little (→ m), indicating crop yield is insensitive to water deficit 
at maturity. 

In Eq. (6), Ht was estimated as: 

Ht =

∑t

i=1
GDDi

Hm
(7)  

in which, 

GDD =

⎧
⎨

⎩

Tu − Tb Tave > Tu
Tave − Tb Tb ≤ Tave ≤ Tu

0 Tave < Tb  

where Tave is the average daily air temperature (◦C); Hm is the potential 
heat units required for the maturation (◦C), a cultivar- and environment- 
dependent parameter identified as 1750 ◦C for winter wheat according 
to the measurement in the lysimetric experiment; Tu and Tb are the 
optimal and base temperatures for crop growth, and set to 30 and 0 ◦C 
for winter wheat, respectively (Wang et al., 2013). 

According to Eq. (6), daily λ (named as λt) was calculated as: 

λt = Ct − Ct− 1 (8)  

2.2.4. Simulation of soil water dynamics 
The Richards equation was employed to simulate one-dimensional 

vertical soil water flow in a soil-wheat system (van Genuchten, 1987): 

C(h)
∂h
∂t

=
∂
∂z

[

K(h)
(

∂h
∂z

− 1
)]

− S(z, t) (9)  

h(z, 0) = h0(z) 0 ≤ z ≤ L (10)  

[

− K(h)
(

∂h
∂z

− 1
)]

z=0
= ε(t) t > 0 (11)  

h(L, t) = hL(t) t > 0 (12)  

where C(h) is soil water capacity (cm− 1); K(h) is unsaturated hydraulic 
conductivity (cm d− 1); h0(z) is the initial distribution of soil matric po
tential (cm); L (≥ Lr) is the simulation depth (cm); hL(t) is the soil matric 
potential at the lower boundary (cm); ε(t) is the water flow rate from soil 
surface (cm d− 1), i.e. the infiltration rate of irrigation/precipitation 
water (ε (t) > 0) or evaporation rate (ε (t) ≤ 0); S(z, t) is the actual RWU 
rate (cm3 cm− 3 d− 1), estimated using a macroscopic RWU model as: 

S(z, t) = γ(h)Smax(z, t) =
γ(h)TpLnrd(zr)

Lr
(13)  

where Smax(z, t) is the maximal RWU rate under optimal soil water 
condition (cm3 cm− 3 d− 1). The potential transpiration rate (Tp) was 
computed as (Mailhol et al., 1997): 

Tp = ETp[1 − exp( − 0.6LAI) ] (14)  

where ETp is the potential evapotranspiration rate (mm d− 1), estimated 
with the Penman-Monteith equation recommended by FAO-56 (Allen 
et al., 1998); LAI is the leaf area index (cm2 cm− 2). 

2.2.5. Optimization of the PWDI threshold 
Through coupling the optimization algorithm of GA with the inte

grated simulations including soil water dynamics (under various irri
gation regimes), PWDI (estimated on the basis of simulated soil water 
dynamics) and CWPF (used to predict the final yields of different 
simulation scenarios), a procedure to optimize PWDI threshold was 
proposed as follows (Fig. 1):  

(1) Define the objective function as maximizing the relative yield (Yr 
= Ya/Yp): 

max Yr = f (q,PWDIv) (15)  

0 ≤ PWDIv ≤ 1  

where q is the irrigation times; PWDIv is a q-dimension vector of PWDI 
threshold. The quota for each irrigation (I, cm) was determined ac
cording to the difference between the simulated SWC (θ, cm3 cm− 3) and 

Fig. 1. Flow chart for optimizing plant water deficit index (PWDI) thresholds 
based on the genetic algorithm (GA). PWDIv is the combination or vector of 
variable PWDI threshold. CWPF is the crop-water production function. 
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field water capacity (θf, target water content, cm3 cm− 3) (Shi et al., 
2015): 

I = β
∫ DW

z=0

[
θf − θ(z, t)

]
dz (16)  

where β is the designed percentage of wetting area, fixed as 100% for 
surface irrigation in this study; Dw is the designed wetting depth (cm), 
set as 60 cm to prevent deep leakage (Wu et al., 2017). 

(2) Initialize GA parameters. The population size, representing the 
number of individuals (i.e. PWDIv), was set to 50. The maximum iter
ation number of optimization was set to 80 to meet the computation 
requirement of stable solution. The crossover probability of 0.85 was 
chosen to ensure a relatively fast convergence to the global optimum. 
The mutation probability of 0.15 was used to avoid optimized results in 
local minima. The initial vector element values of first PWDIv genera
tion were automatically generated using the "rand" function provided by 
MATLAB software (R2014a, MathWorks Inc., MA, USA). 

(3) Use the measured SWC at greening stage of winter wheat as the 
initial condition and simulate soil water dynamics (Eqs. (9) - (12)), es
timate daily PWDI (Eq. (3)), and predict final Yr (Eq. (2)). This Yr was 
used as the initial fitness of individuals. 

(4) Select the individual with the highest fitness from the previous 
generation individuals and move it to the next generation. The 
remaining individuals are then adjusted through crossover and mutation 
operations and moved to the next generation as well. 

(5) Simulate the fitness (Yr) of the newest generation individuals as 
described in Step (3), and repeat Step (4) to generate new individuals 
and transfer them into the next generation. 

(6) Repeat Steps (4) and (5) until the real-time iteration number 
reached designed maximum value, and then output optimal PWDIv and 
the corresponding Yr (Fig. 1). 

2.2.6. Simulation scenarios 
The numerical simulation lasted from greening to maturity of winter 

wheat, with the measured SWC at greening stage in 2016 used as the 
initial condition of the scenario simulation. Two scenarios were set 
considering the effects of intra and inter seasonal climatic variability on 
the optimization of PWDI threshold, respectively. For the specific intra- 
season weather conditions observed at the field experimental station in 
2016, two kinds of PWDI thresholds, constant and variable, were 
designed as follows:  

• Constant threshold: During the simulation period, the PWDI 
threshold was kept as a constant, and increased from 0.01 to 0.99 
with an interval of 0.01 to generate 99 cases. In each case, the SWC, 
PWDI, Yr, and IWUEr (relative irrigation water use efficiency, i.e. the 
ratio of simulated IWUE to its maximum value) were simulated, 
respectively. The irrigation water use efficiency IWUE (kg m− 3) was 
calculated to evaluate the practical productivity of total irrigation 
water input as: 

IWUE = 0.01Ya

/
∑q

i=1
Ii (17)  

where Ii is the quota of the ith irrigation (cm).  

• Variable threshold: Considering that there are usually no more than 
four irrigation events for winter wheat after the greening stage in the 
North China Plain, we designed four irrigation schemes with winter 
wheat irrigated 1, 2, 3 and 4 times, and then utilized the optimization 
procedure to determine the optimal PWDI threshold combination as 
well as the corresponding Yr and IWUEr. 

The impact of inter seasonal meteorological variability was explored 
according to the local hydrological year (i.e., wet, normal, and dry year 

with precipitation frequency P = 0–25%, 25–75%, and 75–100%, 
respectively), which was based on 38 years (1981–2018) of historic 
daily meteorological data (e.g. maximum and minimum air tempera
ture, relative air humidity, precipitation, wind speed, and solar radia
tion) from a nearby meteorological observation station of the 
experimental station. The numerical simulation also started from the 
measured SWC distribution at greening stage in 2016, and optimized 
variable PWDI threshold under four irrigation schemes with 1–4 irri
gation events. 

3. Results 

3.1. Estimation of PWDI 

According to measured soil matric potential distributions and a 
generalized NRLD function (Eq. (5)), daily PWDI under each deficit 
irrigation treatment (T2-T6 in 2015 and T8-T13 in 2016) during the 
post-greening period of winter wheat was estimated with Eq. (3), and 
compared to the measured value in Fig. 2. As defined, the measured 
PWDI was computed as the ratio of water deficit (Tp - Ta) and water 
demand Tp (Woli et al., 2012; Shi et al., 2015), in which Ta under each 
deficit irrigation treatment was identified as the difference between 
measured actual evapotranspiration rate from lysimeters and calculated 
evaporation rate by the modified Penman equation (Ritchie, 1972; Wu 
et al., 2017). Tp was determined by calibrating the measured transpi
ration rate under sufficient irrigation (T1 in 2015 and T7 in 2016) to 
consider the effect of differences in growth levels (reflected using the 
effective leaf area index) of plants exposed to different water stresses 
(Wu et al., 2017, 2020). The estimated PWDI under each deficit irriga
tion treatment decreased immediately following irrigation, and then 
increased gradually due to the loss of soil water by evapotranspiration 
until the next irrigation (Fig. 2), in good agreement with the measured 
value with an overall determination coefficient (R2), Nash-Sutcliffe ef
ficiency coefficient (NSE) and root mean squared error (RMSE) of 0.78, 
0.77 and 0.10, respectively (Table 4). 

3.2. Parameterization of CWPF 

During the period from sowing to greening, sufficient water was 
supplied for winter wheat in the field lysimetric experiment. The CWPF 
was constructed for the duration between greening and maturity. The 
estimation of PWDI in 2015 and 2016 started from 198 and 188 DAS, 
respectively, due to the lack of some SWC measurements at the early 
greening period (166–197 DAS in 2015 and 166–187 DAS in 2016). The 
missing estimated daily PWDIs, which were needed for constructing 
CWPF, were supplied by their corresponding measured values (Fig. 2). 

In CWPF (Eq. (2)), the potential yield (Yp) was approximated to be 
the average (10.7 × 103 kg ha− 1) of the measured yields under sufficient 
irrigation treatments T1 and T7. Daily sensitivity index (λt) was esti
mated according to Eqs. (6) - (8), where three fitting parameters k, b and 
m in Eq. (6) were optimized by a nonlinear least-squares method as: 
k = 23.38, b = 3.53 and m = 1.04 (Table 3). The changing processes of 
cumulative (Ct) and daily (λt) sensitivity index with normalized heat unit 
index (Ht) are shown in Fig. 3. As designed, an S-shaped Ct naturally 
generated a low-high-low bell shape of λt. The value of λt reached its 
peak of 0.023 at Ht = 0.71, with corresponding Ct = 0.56. With the 
optimized parameters, Ya under different irrigation treatments were 
estimated using the CWPF and compared well with the measured values 
(Fig. 4), with a R2 of 0.84, NSE of 0.79, RMSE of 776 kg ha− 1, and a 
normalized RMSE of 0.098, respectively. 

3.3. Optimization of irrigation scheduling for winter wheat 

3.3.1. Simulation of soil water flow in the soil-wheat system 
The information on soil water dynamics, simulated through Eqs. (9) - 

(12), is necessary for calculating PWDI. To test the reliability of the 
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model, treatments T3 and T5 from the first growing season, and T9 and 
T11 from the second growing season were chosen to simulate the dy
namics of SWC distributions during the period from greening to maturity 
of winter wheat. Eqs. (9) - (12) were solved numerically using the 

implicit finite difference scheme (Wu et. al, 2021). In the simulation, the 
SWC profile measured at greening (168 DAS) was used as the initial 
condition; the upper boundary condition was specified as the evapora
tion or infiltration rate; the lower boundary condition (L = 100 cm) was 
determined by the linear interpolation of two successive soil water 
measurements during the simulation process. The results showed that, 
whether in soil layer of 0–30 cm or 30–60 cm, under various irrigation 

Fig. 2. Comparisons of the measured and estimated daily plant water deficit index (PWDI) based on root-weighted soil water availability under various deficit 
irrigation treatments (T2-T6 and T8-T13) in two growing seasons (2015 and 2016). DAS = days after sowing. 

Table 4 
The determination coefficient (R2), Nash-Sutcliffe efficiency coefficient (NSE) 
and root mean squared error (RMSE) between the measured and estimated plant 
water deficit index (PWDI) based on root-weighted soil water availability under 
various deficit irrigation treatments (T2-T6 and T8-T13) in two growing seasons 
of 2015 and 2016.  

Treatments R2 NSE RMSE 

T2 (2015)  0.53  0.11  0.10 
T3 (2015)  0.68  0.55  0.10 
T4 (2015)  0.76  0.74  0.09 
T5 (2015)  0.54  0.41  0.11 
T6 (2015)  0.71  0.61  0.08 
T8 (2016)  0.67  0.60  0.09 
T9 (2016)  0.71  0.63  0.10 
T10 (2016)  0.61  0.29  0.12 
T11 (2016)  0.57  0.30  0.12 
T12 (2016)  0.42  0.32  0.10 
T13 (2016)  0.83  0.81  0.06 
Overall  0.80  0.77  0.10  

Fig. 3. Cumulative (Ct) and daily (λt) water stress sensitivity index as a function 
of normalized heat unit index (Ht). k, b and m are fitting parameters. 
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treatments, the simulated average SWCs were found to match the 
measurements well (Fig. 5a – d), with the RMSE consistently less than 
0.03 cm3 cm− 3, and R2 and NSE greater than 0.86 and 0.53, respectively. 
The established model therefore appeared to be reliable and reasonable 
for simulating soil water flow in the soil-wheat system. 

3.3.2. Effects of the irrigation schemes controlled by constant and variable 
PWDI threshold 

When constant PWDI thresholds were maintained over the period 
from greening to maturity, gradual increase in their values from 0.01 to 
0.99 with an interval of 0.01 led to decrease in the number of simulated 
irrigation events (and total irrigation depth) from 86 times (52.7 cm) to 
zero (Fig. 6a). Under the fixed irrigation events (corresponding to 
different PWDI thresholds, as shown by the dashed rectangle in Fig. 6a), 
total irrigation depth was found to increase with increasing PWDI 
threshold. Simulated relationships between PWDI threshold and relative 
yield (Yr), and relative irrigation water use efficiency (IWUEr) are shown 
in Fig. 6b. Increasing PWDI threshold (corresponding to gradually more 
serious crop water stress) caused Yr to decline from a maximum close to 
1 to a minimum of 0.39 when PWDI threshold = 0.99. Changes in IWUEr 
were more complicated. The changing process of IWUEr vs. PWDI 

threshold could generally be divided into two stages. At the first stage 
when the threshold was less than 0.90, IWUEr increased gradually from 
a minimum of 0.39 (corresponding IWUE = 2.26 kg m− 3) at threshold of 
0.01 to a maximum of 1.00 (5.79 kg m− 3) at threshold of 0.90. At the 
second stage IWUEr rapidly decreased to 0.69 (3.99 kg m− 3) at 
threshold of 0.94 (no calculation required for IWUEr at the threshold of 
> 0.94 due to the lack of irrigation event (Fig. 6a)). Additionally, IWUEr 
was observed to change periodically with irrigation events, showing a 
gradual deceasing trend with increasing PWDI threshold in each cycle 
with fixed irrigation events. 

Through the procedure based on GA, the variable PWDI threshold 
combinations for triggering irrigation events were optimized, and 
thereupon a corresponding irrigation quantity for each event (Eq. (16)), 
final Yr (Eq. (2)) and IWUEr (Eq. (17)) was obtained (Table 5). In gen
eral, both total irrigation depth (the sum of each irrigation quantity) and 
Yr increased, but IWUEr decreased with increasing number of irrigation 
events due to gradually improved water supply and thus reduced water 
deficit. Specifically, for a single irrigation event, the PWDI threshold 
{irrigation quantity} was optimized as 0.90 {11.19 cm} at Ht = 0.70 
(corresponding to around flowering-filling stage), leading to a Yr of 0.53 
and an IWUEr of 1.00. For two irrigation events, the PWDI threshold 
{irrigation quantity} combination was optimized as [0.86, 0.36] and 
{[10.08, 9.20 cm]}, corresponding to around late jointing stage (Ht =

0.55) and flowering-filling stage (0.68), and a Yr of 0.77 and an IWUEr of 
0.84 were obtained. Note that square brackets [] are used to denote 
PWDI threshold and irrigation quota combinations or vectors, and curly 
brackets {} distinguish irrigation quota from PWDI threshold. For three 
irrigation events, the PWDI threshold combination was optimized as 
[0.80, 0.46, 0.35] {[9.25, 8.69, 8.60 cm]}, corresponding to around 
middle jointing stage (Ht = 0.47), booting-heading stage (0.57) and 
flowering-filling stage (0.70), and Yr increased to a higher level of 0.84 
but IWUEr decreased to a smaller value of 0.67. For four irrigation 
events, the PWDI threshold combination was optimized as [0.55, 0.48, 
0.19, 0.25] {[8.02, 8.05, 7.37, 7.62 cm]}, corresponding to around early 
jointing stage (Ht = 0.41), late jointing stage (0.51), booting-heading 
stage (0.59) and flowering-filling stage (0.71), which generated the 
highest Yr of 0.88 but lowest IWUEr of 0.60 among four designed irri
gation scenarios. 

In comparison with the results from variable PWDI thresholds, cor
responding Yr, IWUEr, and other related optimization parameters such 
as the value of PWDI threshold, Ht, and irrigation quantity based on a 

Fig. 4. Measured and estimated actual yields (Ya) of winter wheat in the field 
lysimetric experiment and spring maize in the field drip irrigation experiment 
from Shi et al. (2020) based on respectively parameterized crop-water pro
duction functions. Horizontal error bars indicate standard error. 

Fig. 5. Measured and simulated average soil water contents (SWCs) at depths of 0–30 cm and 30–60 cm under treatments (a) T3 and (b) T5 in 2015, and (c) T9 and 
(d) T11 in 2016. DAS = days after sowing. 
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constant PWDI threshold including both low and high values for a fixed 
number of irrigation events are also shown in Table 5. When the number 
of irrigation events was fixed as 2, 3, and 4, Yr (IWUEr) was 24–26% 
(33–40%), 22–38% (31–68%) and 9–22% (22–58%) higher than those 
with low-high constant threshold, respectively. 

3.3.3. Optimization of variable PWDI threshold combinations under 
different climatic conditions 

The effects of varying meteorological conditions due to climate 
change on the optimization results of variable PWDI threshold combi
nations were investigated and evaluated by numerical simulation using 
the optimization procedure according to the historic meteorological 
data in the study area from 1981 to 2018. The numerical simulation for 
each growth season included four irrigation schemes with 1–4 irrigation 
events starting from the field measured SWC distribution at greening 
stage in 2016. By running the optimization procedure repeatedly as 
presented in Fig. 1, maximum relative crop yield (Yr, max) and corre
sponding optimal PWDI threshold (PWDIopt) combinations for four 
different irrigation schemes were simulated for all the 38 growing sea
sons. The Yr, max and precipitation (Pr) during the growing season (be
tween greening and maturity) of winter wheat over the 38 years from 
1981 to 2018 are shown in Fig. 7. The changing tendency of Yr, max was 
found to be positively correlated to Pr with the Pearson correlation co
efficient varying between 0.69 and 0.77 (P < 0.01), independent of 
number of irrigation events. In addition, Yr, max increased with 
increasing number of irrigation events, but its increasing rate tended to 
slow down gradually. For example, the average Yr, max (0.70) for a single 
irrigation over the 38 years was 15.7%, 20.5% and 23.9% respectively 
lower than those for two (0.83), three (0.88) or four (0.92) irrigation 
events. 

Frequency analysis results of precipitation data showed that the 38 
years were comprised of nine wet years (e.g. 1987, 1998, 2008) with 
precipitation frequency P = 0–25%, 20 normal years (e.g. 1991, 2002, 
2018) with P = 25–75% and nine dry years (e.g. 1982, 1986, 2013) with 
P = 75–100%. The relationship between optimized PWDI threshold 
(PWDIopt) and frequency P was influenced by both irrigation sequence 
and number of irrigation events (Fig. 8a–j). For each combination of 
irrigation sequence and number of irrigation events, all the values of 

Fig. 6. Simulated (a) irrigation events and total irrigation depth; and (b) relative grain yield (Yr) and irrigation water use efficiency (IWUEr) as a function of constant 
PWDI threshold value. The labels "low" and "high" represent the relatively low and high PWDI thresholds for fixed number of irrigation events (e.g. 3 events), 
respectively. 

Table 5 
The plant water deficit index (PWDI) threshold combinations, timing of irrigation represented by the normalized heat unit index (Ht), irrigation quota combinations, 
final relative yields (Yr), and irrigation water use efficiencies (IWUEr) triggered with constant (low or high for a fixed number of irrigation events) or variable PWDI 
threshold, respectively. (EJ: early jointing stage; MJ: middle jointing stage; LJ: late jointing stage; BH: booting-heading stage; FF: flowering-filling stage; FI: filling 
stage; MA: mature stage).  

Number of irrigation events Threshold types Threshold combination Ht → growth stage Irrigation quota (cm) Yr IWUEr 

One – [0.90] [0.70] → [FF] [11.19]  0.53  1.00 
Two Variable [0.86, 0.36] [0.55, 0.68] → [LJ, FF] [10.08, 9.20]  0.77  0.84 
Two Constant (low) [0.84, 0.84] [0.51, 0.75] → [LJ, FI] [9.78, 11.03]  0.62  0.63 
Two Constant (high) [0.89, 0.89] [0.68, 0.95] → [FF, MA] [10.98, 11.85]  0.61  0.60 
Three Variable [0.80, 0.46, 0.35] [0.47, 0.57, 0.70] → [MJ, BH, FF] [9.25, 8.69, 8.60]  0.84  0.67 
Three Constant (low) [0.71, 0.71, 0.71] [0.43, 0.57, 0.79] → [EJ, BH, FI] [8.49, 9.53, 10.69]  0.69  0.51 
Three Constant (high) [0.83, 0.83, 0.83] [0.49, 0.74, 0.99] → [MJ, FI, MA] [9.54, 10.94, 11.68]  0.61  0.40 
Four Variable [0.55, 0.48, 0.19, 0.25] [0.41, 0.51, 0.59, 0.71] → [EJ, LJ, BH, FF] [8.02, 8.05, 7.37, 7.62]  0.88  0.60 
Four Constant (low) [0.51, 0.51, 0.51, 0.51] [0.40, 0.52, 0.66, 0.81] → [EJ, LJ, FF, FI] [8.02, 8.34, 8.89, 9.73]  0.81  0.49 
Four Constant (high) [0.70, 0.70, 0.70, 0.70] [0.43, 0.56, 0.77, 0.99] → [EJ, BH, FI, MA] [8.49, 9.38, 10.40, 11.14]  0.72  0.38  

Fig. 7. The optimized maximum relative crop yield (Yr, max) for different 
number of irrigation events (i.e. one, two, three or four), and the precipitation 
(Pr) during the growth season (between greening and maturity) of winter wheat 
over the 38 years from 1981 to 2018. 
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PWDIopt in the same type of hydrological year were averaged and shown 
in Fig. 8a–j with a dashed line. Irrespective of how many irrigation 
events winter wheat received after the greening stage, the mean PWDIopt 
of the 1st irrigation increased to a higher level when P rose from 0% to 

25% to 25–75% (viz. with decreasing precipitation and increasing 
drought degree), and then tended to be approximately stable at the 
second rising round of P from 25% to 75% to 75–100% (Figs. 8a, 8b, 8d, 
8g). A similar trend was observed for the mean PWDIopt of the 2nd 

Fig. 8. Optimized plant water deficit index threshold (PWDIopt) and precipitation frequency (P) for each sequence of irrigation (e.g. 1st, 2nd, 3rd or 4th irrigation) 
for different numbers of irrigation events (a) one, (b-c) two, (d-f) three and (g-j) four. 

Table 6 
The mean (MN) and coefficient of variation (CV) of optimal plant water deficit index thresholds (PWDIopt) for each combination of irrigation sequence and number of 
irrigation events under three typical types of hydrological year as wet (with precipitation frequency P = 0–25%), normal (25–75%) and dry (75–100%) over the 38 
years (in which n denotes the total number of a specific type of hydrological year).  

Number of 
irrigation events 

P (%) 1st irrigation  2nd irrigation  3rd irrigation  4th irrigation 

MN CV MN CV MN CV MN CV 

One 0–25 (n = 9, wet)  0.56  0.22                
25–75 (n = 20, normal)  0.78  0.15                
75–100 (n = 9, dry)  0.82  0.08                

Two 0–25 (n = 9, wet)  0.45  0.31   0.23  0.16           
25–75 (n = 20, normal)  0.72  0.18   0.30  0.31           
75–100 (n = 9, dry)  0.76  0.12   0.33  0.30           

Three 0–25 (n = 9, wet)  0.33  0.24   0.27  0.14   0.26  0.12      
25–75 (n = 20, normal)  0.56  0.21   0.31  0.21   0.25  0.19      
75–100 (n = 9, dry)  0.57  0.16   0.32  0.16   0.29  0.22      

Four 0–25 (n = 9, wet)  0.27  0.25   0.17  0.15   0.12  0.12   0.22  0.33 
25–75 (n = 20, normal)  0.37  0.26   0.23  0.38   0.18  0.29   0.14  0.26 
75–100 (n = 9, dry)  0.39  0.29   0.24  0.33   0.13  0.19   0.17  0.39  
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irrigation but the increment of its first rising round was greatly reduced 
(Figs. 8c, 8e, 8h), while little change was observed for the mean PWDIopt 
of the 3rd or 4th irrigation with P value (Figs. 8f, 8i, 8j). In addition, 
when irrigated with 2, 3 or 4 events, the mean PWDIopt of the 1st irri
gation (Figs. 8b, 8d and 8g) was much higher than those of other 
sequential irrigations (Figs. 8c, 8e–f and 8h–j). 

Both mean (MN) and coefficient of variation (CV) of PWDIopt for each 
combination of irrigation sequence and number of irrigation events 
under different types of hydrological year are listed in Table 6. For each 
sequential irrigation event, the highest MN was almost always in dry 
years with the least precipitation but lowest in wet years. All the 
calculated CV varied between 0.08 and 0.39, with a median of 0.21. 

4. Discussion 

4.1. PWDI estimation and CWPF evaluation 

Root-weighted PWDI estimation seems to provide a reliable method 
to evaluate the extent of crop water deficit (Fig. 2, Table 4). One 
explanation for its success probably lies in its rigorous consideration of 
the effect of relative distribution patterns of soil water to roots on crop 
water use (Shi et al., 2015; Wu et al., 2017). Nevertheless, the estimated 
PWDI failed to match a few fluctuations of measured PWDI, likely 
resulting from occasionally sharp changes of a meteorological variable 
such as solar radiation (Wu et al., 2017) or the unavoidable hysteresis 
effect of previous water stress on transpiration (Wu et al., 2020, 2021). 
For example, the measured PWDIs under treatment T12 on 211 and 228 
DAS (0.25 and 0.26) were observed to be obviously lower than their 
estimated values (0.60 and 0.67, Fig. 2j). This is presumably explained 
by the sudden decrease of solar radiation from 11.7 and 15.1 MJ m− 2 

d− 1 on the previous days to 2.9 and 2.2 MJ m− 2 d− 1, respectively, 
leading to the lowest R2 of 0.42 among all the irrigation treatments 
(Table 4). In addition, different from the estimated PWDIs simulta
neously and sharply decreasing close to zero after re-watering on 216, 
230 and 239 DAS due to abruptly improved soil water status, the 
measured PWDIs at the post-irrigation corresponding durations of 
216–218, 230–233, and 239–242 DAS under treatment T2 tended to 
decline gradually and deviate far from the estimated values (Fig. 2a), 
thus leading to the lowest NSE of 0.11. We attribute this phenomenon 
when plant response lags behind water status changes in soil, and is 
therefore hard to predict, mainly to the hysteresis effect of previous 
water stress (Anderegg et al., 2015; Wu et al., 2021). In order to 
represent crop water deficit degree more accurately, the effects of 
weather changes as well as plant hysteresis dynamics after re-watering 
resulting from drought stress should therefore be taken into account. 

Parameterization (Eq. (6)) revealed that the largest increased rate of 
Ct, equivalent to the highest λt, was situated at Ht = 0.71 (Fig. 3), cor
responding to the flowering-filling stage of winter wheat. Such indica
tion that the flowering-filling stage is the most sensitive period of winter 
wheat to water stress is consistent with many other reported results (Li, 
1990; Zhang and Oweis, 1999). The root-weighted soil water avail
ability based PWDI (used to represent real-time crop water deficit 
extent) combined with the daily sensitivity index generated from cu
mulative function (used to describe crop water sensitivity dynamics 
during crop growing season) established a novel CWPF providing a 
reasonable and reliable prediction for winter wheat yield under various 
levels of water supply (Fig. 4). 

In order to further verify the reliability of the proposed CWPF con
struction method under different conditions, we utilized data from a 
two-year field drip irrigation experiment conducted in Inner Mongolia, 
China published in Shi et al. (2020), to parameterize the CWPF for 
spring maize grown in a sandy soil. Eight treatments with various water 
supply levels were evaluated in the experiment. Different from the linear 
form demonstrated in Eq. (4), a nonlinear soil water stress response 
function was necessary to estimate the PWDI for each treatment in the 
Shi et al. (2020) experiment. Based on the parameterized CWPF with 

k = 1.47, b = 5.90 and m = 0.68 for Eq. (6), the spring maize yields were 
estimated under various water supply treatments and compared with the 
measured values (Fig. 4). The results showed good agreement between 
measured and estimated actual maize yield (Fig. 4) with a R2 of 0.61, 
NSE of 0.57, and normalized RMSE of 0.11. The success of the method 
for both winter wheat and spring maize, representing crops with 
different water stress response characteristics (linear and non-linear) 
under different environments (soil type, climate zone and irrigation 
method) raises our confidence in the reliability and applicability of the 
proposed method of CWPF construction to accurately evaluate crop 
yields generally. 

4.2. Irrigation scheduling using optimized constant and variable PWDI 
thresholds 

One potentially important use of the established CWPF is to deter
mine optimal irrigation timing using PWDI thresholds to trigger irriga
tion events (Osroosh et al., 2015; Shi et al., 2020). When the PWDI 
threshold was kept constant throughout the growing season, the incre
mental PWDI threshold generally resulted in a smaller number of 
simulated irrigation events (and less total irrigation depth), as a function 
of prolonged duration between two successive irrigation events 
(Fig. 6a). For a fixed irrigation event, the positive relationship between 
total irrigation depth and PWDI threshold (Fig. 6a) can be explained by 
higher PWDI thresholds resulting in greater soil water deficit in the root 
zone prior to irrigation, and that more irrigation water was required to 
achieve the target water content (viz. field water capacity, Eq. (16)). 

Besides irrigation scheduling, crop yield and WUE are also influ
enced by many other factors such as weather, crop variety, and field 
management. Normalizing the yield and WUE by their respective 
maximum values may be helpful to avoid the impact from other factors 
to a certain extent and reasonably evaluate the effects of irrigation 
(Zheng et al., 2012; Shi et al., 2021). The increasing trend of relative 
irrigation water use efficiency (IWUEr) at the first stage when the 
threshold ≤ 0.90 (Fig. 6b) was likely due to the faster declining rate of 
total irrigation depth (Fig. 6a) relative to yield (Fig. 6b). At the later 
stage when threshold > 0.90, the rapidly declining IWUEr resulted 
conversely from the sharply dropping crop yield due to severe water 
deficit (Fig. 6b). In each cycle with fixed irrigation events, IWUEr 
decreased slowly with increasing PWDI threshold values (Fig. 6b), as a 
result of the incremental increase in total irrigation depth (Fig. 6a) but 
declining crop yield (Fig. 6b) according to Eq. (17). 

The main shortcoming of scheduling irrigation with a constant PWDI 
threshold is that the sensitivity of crop yield to water deficit is assumed 
to be constant throughout the growing season. Thus, the effect of the 
difference in water sensitivity of different growth stages on the opti
mization of PWDI threshold is ignored (Shi et al., 2020, 2021). The 
procedure based on GA overcame this shortcoming by globally opti
mizing the variable PWDI threshold combinations for triggering irriga
tion events. The optimization results showed that the prime timing for 
variable irrigation events occurred during the period between jointing 
and filling stages of winter wheat, especially in flowering-filling stage 
(Table 5), which should be critical to yield formation of the crop (Li, 
1990; Zhang et al., 1999). In other words, sufficient water supply during 
this stage is essential for maximizing crop yield irrespective of the 
number of irrigation events during the complete growing season. Rela
tive to the constant threshold, there was obvious superiority of regulated 
deficit irrigation (RDI) triggered with a variable threshold in improving 
both Yr and IWUEr (Table 5). This suggests that full consideration of 
water demand characteristics of crops at different growth stages, and 
thus reasonable allocation of irrigation water is desired and possible 
(Foster and Brozovi, 2018; Shi et al., 2021). However, these conclusions 
may be biased due to being based on numerical simulation results ob
tained only from a controllable field lysimetric experiment for winter 
wheat during a specific growing season when natural rainfall was pre
vented by a movable rain-shelter. 
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4.3. Effects of climate change 

The effects of climate change on optimized variable PWDI threshold 
combinations and maximum relative yield of winter wheat (Yr, max) were 
investigated based on historic meteorological data. The positive corre
lation between the optimized Yr, max of winter wheat and Pr in the 38 
growth seasons (Fig. 7) indicated that natural precipitation has a sig
nificant impact on the potential yield of winter wheat. The gradually 
waning increasing rate of Yr, max from one to four irrigation events 
(Fig. 7) demonstrated a significant diminishing return for irrigation 
(Foster and Brozovi, 2018; Li et al., 2018a, 2018b). 

Whether for 2, 3 or 4 irrigation events, the highest mean PWDIopt 
(optimal plant water deficit index threshold) was always found under 
the 1st irrigation (Fig. 8b–j), mainly because the 1st irrigation was 
basically conducted during the period from erecting to jointing stage 
(with Ht of about 0.35–0.45) of winter wheat when its sensitivity to 
water was relatively low (Fig. 3). Therefore, continuous water con
sumption by evapotranspiration would inevitably lead to significant 
reduction of root-zone SWC and in further increase of PWDI. During the 
later period, from jointing to filling stages (with Ht = 0.45–0.75), the 
significantly enhanced crop water sensitivity (Fig. 3) resulted in rela
tively more sufficient water supply and thus lower mean PWDIopt be
tween 0.12 and 0.33 for the 2nd, 3rd and 4th irrigation (Figs. 8c, 8e-8f, 
8h-8j). 

The values of MN and CV (Table 6) represent the statistical charac
teristics of PWDIopt under three typical types of hydrological year. For a 
fixed combination of irrigation sequence (1st, 2nd, 3rd, or 4th) and 
number of irrigation events (1− 4), most MNs were observed to decrease 
with decreasing P (i.e. from dry to normal and then to wet years), except 
for the very few cases with higher irrigation sequence and number of 
irrigation events (e.g. the 3rd and 4th irrigation under four irrigation 
events), which were likely affected by local uncertainty of meteorolog
ical factors (e.g. precipitation, air temperature, solar radiation, etc.) 
among and within different types of hydrological years. The variability 
of PWDIopt for different combinations of irrigation sequence and events 
under the same kind of hydrological year likely originated from the 
uncertainty or stochasticity of hydrological elements such as precipita
tion and evapotranspiration, the important driving factors of soil water 
dynamics and PWDI estimation. Because of the inherent huge uncer
tainty of the climate, the variability represented by CV < 0.39 is 
generally considered to be small (Kassie et al., 2014). Therefore, it 
should be reasonable to ignore the differences of PWDIopt among various 
growth seasons under the same type of hydrological year, and apply the 
calculated MN to support local irrigation decisions and meet agricultural 
water management requirements. 

To examine the applicability of the MN listed in Table 6, all 30 values 
of MN for different irrigation sequence and number of irrigation events 
were used to replace the originally optimized variable PWDI threshold 
combinations (Fig. 8) of the 38 growth seasons from 1981 to 2018 ac
cording to their classification of hydrological year. Thereafter, they were 
applied to trigger irrigation during the simulation of soil water flow and 
estimate the relative yield (Yr, est) of winter wheat using the integrated 
optimization procedure via the coupling of the Richards equation, CWPF 
and GA. The values of Yr, est from one, two, three or four irrigation events 
in the 38 years were compared with corresponding maximum relative 
crop yields Yr, max (Fig. 7, optimized using the original variable PWDI 
threshold combinations) in Fig. 9, in which the percentages (80%, 90%, 
95% or 100%) represent the ratio of Yr, est to Yr, max. The results show 
that all Yr, est estimated based on the MN were above the level of 80% Yr, 

max, and the percentage of Yr, est exceeding 90% (95%) of Yr, max reached 
up to 91% (85%). The degree of closeness of Yr, est to Yr, max increased 
significantly with increasing number of irrigation events. For example, 
the proportion of Yr, est exceeding 95% of Yr, max was 69%, 81%, 96% and 
98% for one, two, three, and four events, respectively. Obviously, MN- 
based Yr, est was comparable with Yr, max in most cases, especially 
when three or four irrigation events were applied, which exactly reflects 

common practice in agricultural water management in the North China 
Plain (Yang et al., 2014). Therefore, the values of MN in Table 6 can be 
recommended as variable PWDI threshold combinations to schedule RDI 
as a function of number of irrigation events and type of hydrological 
year, which should be helpful for maximizing water use efficiency, 
particularly when water supply is limited and deficit irrigation strategies 
are necessary. However, it should be noted that the optimized MN might 
be very different from its theoretical or true threshold as a result of the 
possibly dramatic variation of intra and inter annual meteorological 
conditions in practice, especially under actual field conditions. Further 
practical research is needed to introduce uncertainty estimation 
methods such as stochastic, fuzzy and interval mathematical program
ming into the optimization procedure to more rationally reflect the 
impact of climate change and the complexity of irrigation systems (Li 
et al., 2018a, 2018b). 

5. Conclusions 

A novel crop-water production function (CWPF) was proposed by 
combining root-weighed soil water availability based PWDI with daily 
water sensitivity index derived from a sigmoidal cumulative function. 
Whether parameterized using data from a winter wheat field lysimetric 
experiment conducted in the North China Plain or a spring maize field 
drip irrigation experiment in Inner Mongolia, China, the CWPF 
reasonably estimated crop yields under various deficit irrigation treat
ments, with the R2 not less than 0.61, NSE not less than 0.57 and 
normalized RMSE not more than 0.11 between the measured and esti
mated values. By coupling the genetic algorithm with the verified in
tegrated simulations of soil water dynamics, PWDI and CWPF, an 
optimization procedure was developed to determine a PWDI threshold 
combination for winter wheat, whether constant or variable, and to 
investigate the effects of climate change on optimized variable PWDI 
threshold combinations based on 38 years of local historic meteoro
logical data. Relative to the constant threshold, RDI initiated with a 
variable threshold resulted in a significant increase of 9–38% in crop 
yield and 31–68% in IWUE due to the consideration of relative sensi
tivity of crop yield to water deficit at different growth stages. Regardless 
of how many times winter wheat was irrigated after the greening stage, 
the variability of optimized PWDI thresholds among various growth 
seasons under the same kind of hydrological year (wet, normal or dry) 
was not very large (CV < 0.39) and might be negligible in many practical 
cases. When the mean values of optimized PWDI thresholds for different 
irrigation sequence and number of irrigation events were used to 
schedule RDI of winter wheat under the same kind of hydrological year, 
up to 91% of the estimated relative yields exceeded 90% of their 

Fig. 9. Comparisons of the relative yield (Yr, est) estimated based on combi
nations of the mean of originally optimized plant water deficit index (PWDI) 
thresholds and the maximum relative yield (Yr, max) directly estimated with 
combinations of the originally optimized PWDI thresholds. The percentage (80, 
90, 95, 100%) represents the ratio of Yr, est and Yr, max. 
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corresponding maximums, with the closeness degree between them 
increased with increasing number of irrigation events. The mean values 
appear to be a valid technique for optimizing irrigation management of 
winter wheat in the North China Plain. However, further actual field 
studies regarding rational quantitative description on the uncertainty of 
meteorological conditions due to climate change and its impacts on 
PWDI threshold optimization are necessary. 
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