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Abstract: Planting with non-film mulching is the fundamental means to eliminate the pollution of
residual film in cotton fields. However, this planting approach should have regional adaptability.
Therefore, the calibrated WOFOST model and an early mature cultivar CRI619 (Gossypium hirsutum
Linn) were employed to simulate the cotton growth, and regions were then evaluated for planting in
Xinjiang. A field experiment was conducted in 2019–2020 at the experimental irrigation station of
Alar City, and the data were used to calibrate and validate the WOFOST model. The field validation
results showed that the errors of the WOFOST simulation for emergence, flowering, and maturity
were +1 day, +2 days, and +1 day, respectively, with good simulation accuracy of phenological
development time. The simulated WLV, WST, WSO, and TAGP agreed well with measured values,
with R2 = 0.96, 0.97, 0.99, and 0.99, respectively. The RMSE values of simulated versus measured
WLV, WST, WSO, and TAGP were 175, 210, 199, and 251 kg ha−1, and showed high accuracy. The
simulated soil moisture (SM) agreed with the measured value, with R2 = 0.87. The calibration model
also showed high SM simulation accuracy, with RMSE = 0.022 (cm3 cm−3). Under all treatments,
the simulated TAGP and yield agreed well with the measured results, with R2 of 0.76 and 0.70,
respectively. RMSE of simulated TAGP and yield was 465 and 200 kg ha−1, and showed high
accuracy. The percentage RMSE values (ratio of RMSE to the average measured value, NRMSE) of
ETa and WUE were 9.8% and 11.7%, indicating extremely high precision (NRMSE < 10%) and high
precision (10% < NRMSE ≤ 20%), respectively. The simulated results for phenology length at the
regional scales showed that the effective accumulation temperature in counties such as Yingjisha and
Luntai was not enough for the phenological maturity of the studied cotton cultivar. The southern
area of Xinjiang had a generally higher yield than the northern area but required more irrigation.
This research can provide a method for evaluating the adaptability of filmless cultivation techniques
for cotton in different counties.

Keywords: cotton; grow simulation; filmless cultivation; yield assessment; phenology; transpiration

1. Introduction

Cotton is among the essential economic fiber crops and raw materials for the textile
industry. China is one of the major cotton lint-producing countries, producing 6,102,800 t,
and accounting for about 25% of global cotton production (FAO, 2018). As China’s most
significant growth and production region, Xinjiang Uygur Autonomous Region contributes
almost 85% of the national cotton fiber production (National Bureau of Statistics of China).

However, the long-term and large-scale use of plastic agricultural film has become a
significant factor constraining many aspects of the sustainable development of the Chinese
cotton industry. Although other studies have explored many methods in treating mulch
film pollution and achieved specific results, the problem is still severe. In 2017, the Cotton
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Research Institute of the Chinese Academy of Agricultural Sciences successfully bred a new
extra-early maturing cotton cultivar (CRI619), suitable for planting without membranes,
and conducted a large-scale demonstration application in Shaya County, Aksu Prefecture,
that achieved good results. However, whether this cultivar can be demonstrated in other
regions of Xinjiang has yet to be proven.

In addition, regional cotton yield assessment in Xinjiang is an indicator for cotton trade
and devising planting policies, which have become crucial for ensuring the sustainable
development of the cotton industry. However, climate fluctuations in different regions and
years can lead to significant variability in yield and water consumption, especially against
the background of global warming and climate stress [1,2]. Crop models use mathematical
equations to simulate how crop growth and development, photosynthetic production,
organ construction, and yield formation are affected by the meteorological environment
and agricultural management, and have become an essential means to analyze the climate
changes response to crop yields [3].

The development and application of the cotton simulation system began in the United
States in the 1960s, and have now expanded to the major cotton production regions world-
wide. Mature cotton growth models include GOSSYM [4], COTCO2 [5], OZCOT [6], and
CROPGRO-Cotton [7,8]. In addition, some general crop growth models are also used
to simulate cotton growth, such as Environmental Policy Integrated Climate (EPIC) [9],
World Food Studies (WOFOST) [10], Cropping Systems Simulation Model (CropSyst) [11],
and AquaCrop (a crop-water productivity model) [12]. Although there are some differ-
ences in the simulated methods, details, and yield components of existing cotton models,
the main processes include phenology, light energy interception, carbon (C) assimilation,
respiration, organ formation, biomass accumulation and distribution, and stress factor
simulation [13]. These models have been used in irrigation management [14–21] and water
use efficiency evaluation [22–24], assessment of effects of deficit irrigation on cotton growth
and yield [25–28], evaluation of saline water irrigation on cotton growth and yield [29],
nitrogen and phosphorus dynamics and fertilization management [14,30,31], fiber quality,
embryo oil and protein accumulation simulation [32–34], and topping management [35].

These models estimate crop yields by simulating the contribution of meteorology, soil
moisture, nutrients, and management to plant growth and development, and have been
widely used for simulating climate change impacts on cotton production [36]. The GOSSYM
model was employed for estimating US cotton yields and climate stresses from 1979 to
2005, such as water, carbon, and nitrogen stress [37]. The CSM-CROPGRO-Cotton model
integrated into DSSAT was used to optimize the cultivars and identify optimum planting
dates for optimum cotton growth at all key phenological development stages by utilizing
optimal weather conditions [38]. APSIM, AquaCrop, and CROPGRO-Cotton, combined
with meteorological prediction models, have been used to quantify and predict the climate
change response of cotton growth and yields, and seed cotton yield, in eastern Australia,
Greece, the Texas High Plains, and Pakistan [1,39–41]. Attempts have also been made to
use the COZCOT model to evaluate the performance of different management strategies
in dealing with climate change impacts on cotton growth and yield in Australia [42].
CROPGRO-Cotton was also employed to simulate the effects of agronomic practices and
climate change on cotton growth and evapotranspiration [43], and to evaluate the climate
change impact on water use efficiency [44]. CROPGRO-Cotton can help cotton managers
make management decisions to minimize risks associated with environmental changes
and optimize the effective use of limited resources [14,19,45]. The World Food Studies
(WOFOST) model, jointly developed by Wageningen Agricultural University and the
World Food Research Center, is the earliest application-oriented dynamic and mechanistic
explanatory model for simulating annual crop growth under specific climate and soil
conditions. The WOFOST model simulates the biomass of crop roots, stems, leaves, and
storage organs; and the soil moisture according to meteorological and soil conditions. In
detail, it simulates the ecological and physiological processes of one-year-old crops with
daily time steps. The simulation includes assimilation, respiration, transpiration, dry matter
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accumulation, and distribution, and how the environment affects these processes. In the
past few decades, the WOFOST crop model has been used to examine many aspects, such
as the analysis of yield risks, inter-annual yield changes, and the impact of soil conditions,
meteorological conditions, crop varieties, and farming systems on yield [3].

However, few studies have focused on simulation studies of the cultivar CRI619 and
the evaluation of the adaptability of this cultivar at regional scales. In addition, assessing
cotton yield in this region is significant for understanding the global cotton production
distribution, import and export trade, policy formulation, and production safety. There
are significant differences in different regions between cultivars, and the input parameters
of the cotton model need to be calibrated and validated for regional applications. The
calibrated cotton model parameters in the literature may not be suitable for this cultivar.
Therefore, the purpose of this study was to (i) analyze the significance of yield and total
biomass under different irrigation treatments; (ii) calibrate the cultivar input parameters
of WOFOST for CRI619 in Xinjiang, and validate the simulation performance in terms
of final yield, total aboveground biomass, evapotranspiration, and water use efficiency;
and (iii) use the calibrated WOFOST model to evaluate the regional adaptability of mulch-
free cultivated cotton in Xinjiang based on the simulated phenology length, yield, and
transpiration evapotranspiration.

2. Materials and Methods
2.1. Study Area and Planting Area Distribution

This study investigated cotton-growing areas in Xinjiang (Figure 1). The cotton plant-
ing regions of Xinjiang include 28 major ecological zones (counties). The cotton planting
area in each zone is greater than 0.5% of the total area of Xinjiang, ranging from 0.5% to 9%.
The cotton planting area of 14 zones is greater than 3%, and that of 4 zones accounted for
less than 1%. Shaya County had the highest planting area, followed by Awati, Wusu, and
Shawan, at over 5%.
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Figure 1. Major ecological planting zones for cotton and % area proportion in Xinjiang, China.

The cotton region of Xinjiang is a temperate continental climate with complex terrain,
diverse climate features, and areas of less-cultivated land. The meteorological resources are
conducive to cotton production, with sufficient heat, a significant temperature difference
between day and night, long hours of sunshine, scarce precipitation, and a dry climate. In
addition, the dry climate characteristics and significant temperature difference between day
and night can effectively suppress the occurrence of insect pests. According to the water
demand of cotton, artificial irrigation is used to ensure the water supply. The advantages
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of good climate resources have led to the rapid development of cotton production in this
area, which has become the world’s main cotton production region.

2.2. Field Experiment

The WOFOST model was chosen to simulate cotton growth and estimate yield in this
study. To calibrate and validate the model, field trials were carried out at the experimental
irrigation station of Alar City (81◦17′56′′ E, 40◦32′36′′ N) in 2019 and 2020. Irrigation was
carried out in drip mode with 6 irrigation treatments (W1–W6). The plot area was 166 m2,
with 3 replicates. In addition to the irrigation water at the time of seedling emergence,
irrigation was carried out at the interval of 13 days for emergence and bud stages, every
7 days for flowering and boll stages, and every 9 days for the boll stage. The specific
irrigation scheme for W1–W6 treatment is shown in Table 1, and the irrigation date was
appropriately adjusted according to rainfall and specific growth conditions.

Table 1. Irrigation scheme (m3/666 m2).

Number Date W1 W2 W3 W4 W5 W6

1 2 June 8.0 9.0 10.0 11.0 12.0 13.0
2 15 June 12.0 13.5 15.0 16.5 18.0 19.5
3 28 June 16.0 18.0 20.0 22.0 24.0 26.0
4 5 July 28.0 31.5 35.0 38.5 42.0 45.5
5 12 July 36.0 40.5 45.0 49.5 54.0 58.5
6 19 July 32.0 36.0 40.0 44.0 48.0 52.0
7 26 July 28.0 31.5 35.0 38.5 42.0 45.5
8 2 August 16.0 18.0 20.0 22.0 24.0 26.0
9 9 August 16.0 18.0 20.0 22.0 24.0 26.0
10 18 August 16.0 18.0 20.0 22.0 24.0 26.0
11 27 August 8.0 9.0 10.0 11.0 12.0 13.0
12 5 September 8.0 9.0 10.0 11.0 12.0 13.0

Total 224.0 252.0 280.0 308.0 336.0 364.0

2.3. Field-Observed Data

After sowing, the germination, budding, flowering, boll opening, and maturity dates
of cotton were recorded. Photosynthetically active radiation (PAR) and leaf area index (LAI)
were measured by a SunScan canopy analyzer (Delta company, Cambridge, UK) every
10 days. Net photosynthetic rate, stomatal conductance, intercellular CO2 concentration,
and transpiration rate were measured by Li6400xt portable photosynthesis tester every
10 days. Samples were taken every 10 days for biomass measurement and 10 times for the
growing season. Three cotton plants were selected for each time. The roots, stems, leaves,
and fruits were returned to the laboratory and dried to constant weight at 80 ◦C. The dry
weight of each organ was measured. Before and after irrigation, soil samples were taken
from 0–100 cm soil depth with a root drill every 20 cm, and soil volume moisture content
was measured more than 20 times a year. Soil parameters such as soil holding capacity,
bulk density, saturated soil moisture content, soil water response curve, and permeability
coefficient were measured by the direct sampling method, and irrigation date and irrigation
amount were recorded simultaneously. An automatic weather station was installed in
the experimental field regions for long-term meteorological data observations, including
measuring daily maximum and minimum temperatures, solar radiation, precipitation,
relative humidity, and wind speed, which were used to drive the field-scale cotton growth
model. The yield was observed around the middle of October every year.

2.4. Regional Meteorological Data

The spatial distribution of the mean value of the meteorological data used in the study
is shown in Figure 2. Weather-driven data for the model were taken from surface weather
observatories in the counties, including minimum temperature, maximum temperature,
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radiation, wind speed at 2 m height, and precipitation. The average temperature and
radiation in southern Xinjiang are generally higher than those in northern Xinjiang, whereas
the rainfall is lower than that in northern Xinjiang. Wind speed is unevenly distributed.
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2.5. WOFOST Model Description and Calibration

The WOFOST model is a mechanism-based crop growth model jointly developed by
Wageningen University in the Netherlands and the World Food Research Center [10]. This
model uses light interception and CO2 assimilation as a growth-driving process. A crop
phenology development process is used to describe crop growth. The simulated growth
process mainly includes crop carbon assimilation, respiration, transpiration, and dry matter
distribution. The model has two main application modes [3]. In the latent mode, the crop
growth is only determined by temperature and solar radiation, and other growth limiting
factors are not considered; crop growth in the water-limited mode is restricted by water
availability. The WOFOST model is a universal model that can simulate different types of
crops by customizing different parameters. It has strong applicability and is a good tool
for various crop simulations under various environmental conditions. Therefore, in this
study, the WOFOST model was used for simulating growth and evaluating the regional
adaptability of the mulch-free cultivated cotton in Xinjiang.

The WOFOST model requires each cell’s meteorological, soil, cultivar, and manage-
ment parameters. Before a crop model is used in a given agro-ecological zone, it must be
calibrated and evaluated to ensure that the model can accurately simulate the growth pro-
cess of the crop by explaining the variability of local cultivars. Our study mainly calibrated
cultivar parameters using cotton’s phenological development time and biomass parameters
measured in the field during the growing season. Calibration and validation details for
WOFOST have been reported previously [43]. In the study, field-measured phenological
development stages (emergence, flowering, first pods, first seeds, and maturity dates),
total aboveground biomass (TAGP), final yield, leaf area index (LAI), and soil moisture
(SM) during the entire growing season in 2019 and 2020 were used to finely calibrate
and validate the CRI619 cultivar parameters for the WOFOST model to improve model
simulation performance, respectively.
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2.6. Evaluation of Simulated Performance

The coefficient of determination (R2) and root mean square error (RMSE) were applied
to evaluate the performance. In addition, the ratio of performance to deviation (RPD) [46]
was determined as an additional evaluation of modeling utility. If the RPD value is more
than 2, the model has good prediction ability and is considered adequate for analytical
purposes [46].

Their values were calculated by Equations (1)–(3):

R2 = 1− ∑n
i=1(yi − ỹi)

2

∑n
i=1(yi − yi )

2 (1)

RMSE =

√
∑n

i=1(ỹi − yi)
2

n
(2)

RPD =
SD

RMSE
(3)

where ỹi represents simulated value, yi represents measured value, yi is the average value
of the measured values, and n is the number of samples. SD is the standard deviation of
measured values.

3. Results
3.1. Significance of Yield and Total Biomass under Different Irrigation Treatments

The yield showed an increasing trend with the increase in irrigation amount in 2019
and 2020, see Figure 3. The highest yields occurred in the W5 treatment, indicating that
cotton yield would not continue to increase when irrigation increased to a certain threshold.
The yield of W1 and W2, W3 and W4, and W5 and W6 treatments in both years were not
significantly different (p > 0.05); see Figure 4.

1 
 

 
图 3 
 

 
图 5 
 

图 7 

Figure 3. Measured final cotton yield for all irrigation treatments (W1−W6) in 2019 and 2020.
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Figure 4. Significance of yield under 6 irrigation treatments in 2019 (a) and 2020 (b) (p < 0.05).

The TAGP also showed an increasing trend with the increase in irrigation amount in
2019 and 2020 (Figure 5). The highest TAGP appeared in the W5 treatment in 2019 and the
W6 treatment in 2020. Higher total biomass was identified in the W6 treatment than in the
W5 treatment in 2019, whereas this result was reversed in 2020. The results showed that
the highest total biomass does not necessarily have the highest yield, which may be related
to the length of cotton fiber growth and accumulation. TAGP of W3W4, W4W5, W4W6,
and W5W6 treatments in both years were not significantly different (p > 0.05); see Figure 6.

It is worth noting that when the irrigation strategies and management modes are
almost the same, the climate changes significantly impact the yield and TAGP [47]. The
average daily temperature for the 2020 cotton growing season was 0.4 ◦C higher than in
2019, resulting in slightly shorter growing cycles. However, the average daily radiation in
2020 (21,635 kJ m−2 d−1) was significantly higher than in 2019 (18,168 kJ m−2 d−1), and the
photosynthesis efficiency and organic matter accumulation were more significant in 2020
than in 2019. Hence, the total biomass and yield were slightly higher than in 2019 under
the same irrigation treatment conditions.
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Figure 5. Measured final total aboveground biomass for all irrigation treatments (W1–W6) in 2019
and 2020.
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3.2. Calibration and Validation under W6 Treatment

The corrected cotton crop parameters are shown in Table 2 based on W6. The parame-
ters were taken from the measured value (m), the corrected value based on the measured
value (m−c), the estimated value (e), the corrected value (c), and the reference value from
the literature.
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Table 2. Calibrated values of the main crop parameters used in the model.

Parameter Name Description Value Units Source

Emergence parameter
TBASEM lower threshold temp. for emergence 12 ◦C
TEFFMX upper threshold temp. for emergence 30 ◦C e
TSUMEM temperature sum from sowing to emergence 62 ◦C m−c
Phenology parameter
TSUM1 temperature sum from emergence to anthesis 750 ◦C d−1 m−c
TSUM2 temperature sum from anthesis to maturity 1120 ◦C d−1 m−c

DTSMTB100 effective daily accumulated temperature at an
average temperature of 10 ◦C 0 ◦C d−1

DTSMTB350 effective daily accumulated temperature at an
average temperature of 35 ◦C 20 ◦C d−1

Initial parameters
TDWI initial total crop dry weight 6 kg ha−1 m
LAIEM leaf area index at emergence 0.004 ha ha−1 m
RGRLAI maximum relative increase in LAI 0.05 ha ha−1 d−1 m
Green area
SLATB000 specific leaf area when DVS = 0 0.0016 ha kg−1 m−c
SLATB100 specific leaf area when DVS = 1 0.0021 ha kg−1 m−c
SLATB200 specific leaf area when DVS = 2 0.0014 ha kg−1 m−c
SPAN life span of leaves growing at 35 ◦C 40 [d] c
TBASE lower threshold temp. for the aging of leaves 10 ◦C
CO2 assimilation

KDIFTB00 extinction coefficient for diffuse visible light
when DVS = 0 0.6 \ m−c

KDIFTB200 extinction coefficient for diffuse visible light
when DVS = 2 0.6 \ m−c

EFFTB19.5 leaf photosynthesis efficiency at 0 ◦C 0.40 kg ha−1 hr−1 J−1 m2 s m−c
EFFTB355 leaf photosynthesis efficiency at 40 ◦C 0.40 kg ha−1 hr−1 J−1 m2 s m−c

AMAXTB00 maximum carbon dioxide assimilation rate
when DVS = 0 39.0 kg ha−1 hr−1 m−c

AMAXTB170 maximum carbon dioxide assimilation rate
when DVS = 1.7 39.0 kg ha−1 hr−1 m−c

AMAXTB200 maximum carbon dioxide assimilation rate
when DVS = 2 0 kg ha−1 hr−1 m−c

Conversion of assimilates into biomass
CVL efficiency of conversion into leaves 0.720 kg kg−1 c
CVO efficiency of conversion into storage organs 0.610 kg kg−1 c
CVR efficiency of conversion into roots 0.720 kg kg−1 c
CVS efficiency of conversion into stems 0.690 kg kg−1 c
Maintenance respiration
Q10 the relative growth rate of respiratory rate for

every 10 ◦C increase in temperature 2 kg CH2O kg−1 d−1 m

RML relative respiratory rate of leaves 0.0264 kg CH2O kg−1 d−1 m
RMO relative respiratory rate of fruit 0.035 kg CH2O kg−1 d−1 m
RMR relative respiratory rate of root 0.038 kg CH2O kg−1 d−1 m
RMS relative respiratory rate of stem 0.006 kg CH2O kg−1 d−1 m
Partitioning parameters

FLTB leaf partition coefficient at DVS = 0, 0.9, 1.03,
1.50, 1.85 and 2.00

0.6, 0.4,
0.5, 0.0,
0.0 and
0.0

kg kg−1 m−c

FSTB stem partition coefficient at DVS = 0, 0.9, 1.03,
1.50, 1.85 and 2.00

0.4, 0.6,
0.5, 0.2,
0.0 and
0.0

kg kg−1 m−c

FOTB fruit partition coefficient at DVS = 0, 0.9, 1.03,
1.50, 1.85 and 2.00

0.0, 0.0,
0.0, 0.8,
1.0 and
1.0

kg kg−1 m−c

Death rates
RDRSTB00 DVS = 0 relative stem mortality 0.0 \ e
RDRSTB150 DVS = 1.5 relative stem mortality 0.0 \ e
RDRSTB15001 DVS = 1.5001 relative stem mortality 0.02 \ e
RDRSTB200 DVS = 2.0 relative stem mortality 0.02 \ e
Water use
CFET correction factor transpiration rate 1.0 \ c
DEPNR crop group number for soil water depletion 1.5 \ c
RDI initial rooting depth 3 cm m−c
RRI the maximum daily increase in rooting depth 0.35 cm d−1 c
RDMCR maximum rooting depth 60 cm m−c
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Field validation showed that the WOFOST-simulated emergence, flowering, and
maturity errors were +1 days, +2 days, and +1 days, respectively, showing good simulation
accuracy for phenology development time. The field-verified results of the simulated
dry weight of leaves (WLV), stems (WST), storage organs (WSO), and total aboveground
production (TAGP) are shown in Figure 7. Table 3 shows that the simulated WLV, WST,
WSO, and TAGP agreed well with measured values, with R2 = 0.96, 0.97, 0.99, and 0.99,
respectively. The RMSE values of simulated versus measured WLV, WST, WSO, and TAGP
were 175, 210, 199, and 251 kg ha−1, showing high model accuracy. All RPD values were
more than 2, which means that the model had good simulation ability and was considered
adequate for analytical purposes [46].

1 

图 3 

图 5 

图 7 

Figure 7. Verified cotton growth dynamics during the 2019 growth period under W6 irrigation
treatment, including the dry weight of leaves (WLV), stems (WST), storage organs (WSO), and total
aboveground production (TAGP).

The simulated soil moisture (SM) was in good agreement with the measured value,
with R2 = 0.89 (Figure 8). The calibration model also showed high simulation accuracy,
with RMSE = 0.021 (cm3 cm−3). The ratio of RMSE to the mean measured value was
approximately 8.6%. The model has good prediction and analytical abilities, with RPD = 3.1,
which is higher than 2 [46].

Agriculture 2022, 12, x FOR PEER REVIEW 12 of 22 
 

 

 
Figure 8. Simulated versus measured soil moisture (SM) during the 2019 growth period under W6 
irrigation treatment. 

3.3. Validated Results under All Treatments 
Measured final yield, TAGP, 𝐸𝑇 , and WUE for all the treatments were used to eval-

uate the simulation performance. The scatter plots of the simulated yield, TAGP, 𝐸𝑇 , and 
WUE versus measured values were shown in Figure 9. The simulated TAGP and yield 
agreed well with the measured results, with R2 of 0.76 and 0.70, respectively. RMSE values 
of simulated TAGP and yield were 465 and 200 kg ha–1, respectively, showing high accu-
racy. Although the agreement between simulated and measured ETA and WUE was less 
than 0.1, the percentage RMSE values (ratio of RMSE to the average measured value) of 𝐸𝑇  and WUE were, respectively, 9.8% and 11.7%, indicating extremely high precision 
(NRMSE < 10%) and high precision (10% < NRMSE ≤ 20%), respectively. 

 

 

 

 

 

 

Figure 8. Simulated versus measured soil moisture (SM) during the 2019 growth period under W6
irrigation treatment.



Agriculture 2022, 12, 895 11 of 20

Table 3. Validated results for WLV, WST, WSO, and TAGP based on the calibrated model.

Simulated WLV
kg ha−1

Simulated WST
kg ha−1

Simulated WSO
kg ha−1

Simulated TAGP
kg ha−1

RMSE 175 210 199 251
R2 0.96 0.97 0.99 0.99

RPD 5.2 6.3 9.5 16.6

3.3. Validated Results under All Treatments

Measured final yield, TAGP, ETa, and WUE for all the treatments were used to evaluate
the simulation performance. The scatter plots of the simulated yield, TAGP, ETa, and WUE
versus measured values were shown in Figure 9. The simulated TAGP and yield agreed well
with the measured results, with R2 of 0.76 and 0.70, respectively. RMSE values of simulated
TAGP and yield were 465 and 200 kg ha–1, respectively, showing high accuracy. Although
the agreement between simulated and measured ETA and WUE was less than 0.1, the
percentage RMSE values (ratio of RMSE to the average measured value) of ETa and WUE
were, respectively, 9.8% and 11.7%, indicating extremely high precision (NRMSE < 10%)
and high precision (10% < NRMSE ≤ 20%), respectively.

Figure 9. Simulated versus measured TAGP, yield, ETa, and WUE for six irrigation treatments.

In addition, the range of relative bias error (RBE) for the simulated TAGP was from
−6.0% to 12.1%, with an average of 1.2% (Figure 10). RBE was almost uniformly distributed.
RBE of the simulated yield ranged from−1.3% to 9.7%, with an average of 3.76%. Although
most of the samples were slightly overestimated, the errors of the simulated output of
different treatments were all within 10%, showing a good yield simulation accuracy. RBE
of the simulated ETa ranged from −16.3% to 15.2%, with an average of −4.1%. Most of the
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samples were slightly underestimated. WUE of the simulated yield ranged from −5.4%
to 19.6%, with an average of 8.8%. More samples were slightly overestimated, and the
simulation accuracy was slightly lower than that of the other three indexes.
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3.4. Evaluation of the Regional Adaptability for Mulch-Free Cultivated Cotton

In this section, the calibrated and validated models are used to evaluate the phenologi-
cal length, yield, and evapotranspiration of mulch-free cultivated cotton in the main cotton
planting regions of Xinjiang, and then to evaluate the adaptability in different regions.

3.4.1. Phenology Length Estimation in Different Regions

The growth period is the growth response of plants to the influence of external ecolog-
ical factors. The sowing time of CRI619 is usually mid-to-late April. Figure 11 shows the
duration of phenological development at different stages in the cotton region of Xinjiang.
The development stage (DVS) is an important index to judge whether cotton is mature.
The DVS values of Yingjisha and Luntai were lower than 2, so the cotton in these two
areas could not mature. Figure 11a shows the phenology time required for cotton from
sowing to the emergence of seedlings in various regions. The average seedling emergence
time in Keping County was 7.75 days, the average seedling emergence time in Wusu City
was 12.75 days, and the seedling emergence time in other counties and cities was within
8–12 days. Figure 11b shows the phenology time required from emergence to flower-
ing. Except for Manasi and Kelamayi, which required 53.25 and 52.75 days, respectively,
emergence to flowering was within 54–63 days for other regions. Figure 11c shows the
phenology time from flowering to maturity. Wensu and Shule required a longer period for
growth and development—101.25 days and 102 days, respectively. In other regions, flower-
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ing to maturity was within 62.5–92.5 days. The main reason for the significant differences
is probably the meteorological factors in each region. Figure 11d shows the phenology
time from emergence to maturity. Wensu and Shule took 162.25 and 165 days, followed
by Kuche, Qiemo, Shache, and Xinhe, which took 153.25, 153, 152.25, and 152.25 days,
respectively. In other regions, emergence to maturity was between 115.25–149.25 days.
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3.4.2. Yield Estimation in Different Regions

Figure 12 provides the geographic distribution of cotton yield from 2017 to 2020 in
response to the impact of regional climate variations. Figure 12 shows that, except for the
four regions of Bole, Jinghe, Wusu, and Yuli, the output of the southern region of Xinjiang
was higher than that of the northern region of Xinjiang. The most critical factors affecting
cotton growth are temperature, solar radiation, water, and nutrient supply. In the north,
lower solar radiation and temperature are not conducive to cotton growth, but rainfall and
irrigation water are sufficient. In the southern region, sufficient sunshine radiation and
high temperature can promote the growth of cotton, but the extremely dry and hot weather
may cause severe water and heat stress, and rainfall and irrigation water are less abundant
than in the northern region.

3.4.3. Evapotranspiration Estimation during the Growth Period in Different Regions

Figure 13 shows the average evapotranspiration for each growth period in the study
area from 2017 to 2020. For the Xinjiang cotton region, the evapotranspiration in the south is
higher than that in the north. The main reason for this is that the temperature and radiation
in the south are generally higher than those in the north (Figure 2), indicating that more
irrigation water is needed to ensure the normal growth and development of CRI619 in the
southern area.
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 Figure 12. Simulated cotton yield in different regions of Xinjiang, China.
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4. Discussion
4.1. Simulation Performance Analysis of the Calibrated WOFOST Model for Cotton

In the research, the simulated errors of the calibrated WOFOST for emergence, flow-
ering, and maturity were +1 days, +2 days, and +1 days, respectively, showing good
simulation accuracy (2.74% error). Existing studies have shown that the average error of
phenological development time simulated by calibrated CROPGRO-Cotton in southern
Xinjiang is 2.52% [48], which is close to the simulation accuracy of this study. Other research
results show that calibrated CROPGRO-Cotton fairly predicts phenological events such
as anthesis and physiological maturity with RMSE of ≤2.27 and ≤4.98 d, respectively, in
northwestern India [49], and absolute relative errors of 1.7%, 1.1%, and 1.1% based on
modified CROPGRO-Cotton. These differences might result from the effects of cotton
cultivar and cultivation.

The simulated TAGP and yield agree well with the measured results, with R2 of
0.76 and 0.70, and RMSE of 465 and 200 kg ha−1, respectively (Figure 9). AquaCrop is a
valuable tool in predicting cotton yield under different irrigation scenarios. The coefficient
of determination (R2) in this research is lower than that in the research results of [28]
(R2 = 0.976 and 0.950), [29] (R2 = 0.92 and 0.90), and [21] (R2 = 0.92 and 0.90). However,
the modeling accuracy is higher than that in the research results of [28] (RMSE = 666 and
999 kg ha−1), [29] (RMSE = 1.19 and 0.25 kg ha−1) and [21] (RMSE = 810 and 751 kg ha−1).
CROPGRO-Cotton also shows good prediction performance for TAGP and yield. TAGP
and yield exhibit the RMSE of ≤706 and ≤126 kg ha−1, respectively [50].

The simulated soil moisture (SM) is accurate and in good agreement with the measured
value, with R2 = 0.89 and RMSE = 0.021 (cm3 cm−3) (Figure 8), which is higher than
the estimation result of the calibrated AquaCrop model, with R2 of 0.65 and RMSE of
30.88 mm [29], and the calibrated CROPGRO-Cotton model, with R2 of 0.72 and RMSE of
0.087 (cm3 cm−3) [51]. However, this result is lower than the research result of [25] based
on calibrated AquaCrop, with R2 ≥ 0.93 and RMSE ≤ 16.23 mm for the six cotton crop files.

4.2. Uncertainty of the WOFOST Model

When using crop growth models for yield assessment, the uncertainties of input pa-
rameters, meteorological driving data, and the simplification of model simulation processes
will affect the accuracy of yield estimation [52]. This study simulated the potential crop
growth conditions, in which the simulated crops are not affected by water stress, nutrient
stress, pests, weeds and other factors, which is very difficult to achieve in the actual plant-
ing process. Some studies have confirmed that the TDWI and SPAN parameters strongly
influence the initial growth rate of crops and show a high degree of uncertainty, which can
affect the growth rate of the initial LAI and the maximum LAI [53]. Although SPAN, which
determines the rate and timing of leaf senescence, is a characteristic of crop variety, this
parameter may be influenced by nitrogen shortage and pests and diseases [54]. However,
the WOFOST model cannot simulate the effects of these factors on SPAN [50].

In addition, the input crop parameters, meteorological parameters, and soil parameters
are also uncertain. In the study, the model parameters for the new cotton cultivar CRI619
were calibrated and verified by field experiments. The results show that the corrected
model predicted the plant growth and development processes well. Therefore, we used the
correction model to simulate the growth and yield formation of CRI619 in different cotton
regions. In future research, we can use remote sensing to assimilate the state variables
such as soil moisture and leaf area index to correct the soil attribute parameters and
crop parameters at a regional scale, and thereby provide a rational simulation model for
regional-scale analysis of the effects of non-film cultivation on cotton growth and yield.

4.3. The Influence of Temperature on Phenological Development Length

The phenological development length of cotton is mainly affected by temperature [2].
Figure 11 also confirms that temperature differences in different cotton growing areas lead



Agriculture 2022, 12, 895 16 of 20

to significant differences in emergence to maturity dates, and even some areas cannot reach
the accumulated temperature for cotton maturities, such as Yingjisha and Luntai counties.

The suitable temperature index for cotton planting is such that the average daily tem-
perature for five consecutive days is above 15 ◦C [55]. Below this temperature, conditions
are not suitable for cotton planting. The average temperatures in April for the seven regions
of Bole, Changji, Jinghe, Luntai, Qiemo, and Wusu are below 15 ◦C. Therefore, it is better to
postpone planting to the end of April or the beginning of May.

The higher the daily average temperature after sowing cotton, the shorter the period
of seedling emergence. When encountering freezing weather, the intensity and duration of
the low temperatures are closely related to the length of time from sowing to the emergence
period. When the day’s minimum temperature drops below 10 ◦C, cold damage will occur,
and the emergence time will increase significantly [56]. The lowest temperatures in Akesu,
Bole, Changji, Hami, Jinghe, Kuqa, Qiemo, Shaya, Wensu, Wusu, Xinhe, and Yingjisha are
all below 10 ◦C, and cold damage is likely to occur. The average temperature in the five
regions of Hami, Hutubi, Kuqa, Shule, and Yingjisha is between 15–16 ◦C. Therefore, the
development is prolonged, as the optimum temperature is 25–30 ◦C.

Cotton must go through two periods: emergence to budding and budding to flowering.
The minimum temperature for development from emergence to budding is 12 ◦C, the
optimum temperature is about 25 ◦C, and the upper limit temperature is 35 ◦C [55]. The
development time is usually late April or early May to early mid-June. The average
temperature in May in all regions is above 19 ◦C, the highest temperature is around
27 ◦C, the average temperature in June is around 25 ◦C, and the highest temperature is
around 31 ◦C. The temperature is highly suitable for the growth and development of
cotton. From budding to blooming (usually from mid-to-late June to mid-to-late July),
the optimum average temperature is about 25 ◦C. When the average daily temperature
is ≤15 ◦C, the growth and development of cotton will slow. Similarly, when the daily
maximum temperature is ≥35 ◦C, it will not only cause the shedding of young buds but
also reduce the vigor of pollen, affect normal pollination, and reduce the rate of boll setting.
The average temperature in June and July is around 25 and 27 ◦C, respectively. Except
for the five areas of Hami, Kelamayi, Manasi, Qiemo, and Shawan, the daily maximum
temperature is less than 35 ◦C.

Cotton must go through a boll-splitting period from flowering to maturity. The period
from flowering to splitting usually occurs from mid-to-late July to mid-to-early September.
The minimum, maximum, and average temperatures from July to September show a
downward trend. The mean average temperature in September dropped to about 19 ◦C,
the mean minimum temperature dropped to about 13 ◦C, the mean maximum temperature
dropped to about 26 ◦C, and the lowest minimum temperature was 8.6 ◦C in Qiemo. This
reduction in average temperatures usually starts from mid-to-early September to mid-to-
early October. The mean minimum temperature in October dropped below 8 ◦C, and the
lowest temperature reached −2.3 ◦C in Qiemo.

4.4. Simulated Cotton Yield in Different Regions

For the adaptability of CRI619 (Gossypium hirsutum Linn) in different regions, yield
is one of the critical evaluation indicators. In this study, we mainly explored the impact
of meteorological changes on cotton yield and evaluated the yield changes of the CRI619
cultivar in different planting regions using a calibrated model (Figure 12). The yield of
the southern region of Xinjiang is higher than that of the northern region of Xinjiang,
which is mainly affected by temperature and solar radiation. Temperature mainly affects
phenological developmental length [57], as shown in Figure 11. Generally, a longer phe-
nological time can accumulate more biomass; in particular, the phenological length of
the fruit development period is more beneficial to yield accumulation [47]. Average daily
radiation directly affects photosynthesis efficiency and organic matter accumulation, and
high radiation levels usually contribute positively to yield [36]. In addition, improved crop
management techniques and varieties may increase yields in many regions. In practice, soil
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properties, fertilization, and production management will have essential effects on yield,
and these factors are not considered in the simulation process.

4.5. Simulated Evapotranspiration in Different Regions

In the arid and semi-arid regions of Xinjiang, water consumption is also an important
indicator for evaluating the adaptability of CRI619. Meteorological factors have a significant
influence on the evapotranspiration of cotton. The most influential factors include total
solar radiation, temperature, and wind speed, of which total solar radiation is the most
critical [40]. Figure 13 shows that the evapotranspiration in the south is higher than that
in the north, and is mainly determined by temperature, radiation, and wind speed, as
shown by the analysis of the model mechanism [3]. Although the yield in southern Xinjiang
is relatively high, the water consumption is also relatively large. In arid regions, the
balance between yield and water use should be considered in practice to improve water
use efficiency and promote sustainable agricultural development.

4.6. Improvement in Cotton Growth Simulation and Yield, Evapotranspiration
Evaluation Performance

Remote sensing assimilation is an optimization method that addresses the regional ap-
plicability and versatility of crop modeling, scale issues, application fields, and mechanism
and application improvements [52]. Remote sensing can provide essential information
about meteorology, vegetation, and soil conditions to simulate crop growth within a re-
gion. The data of phenological information, LAI, biomass, leaf nitrogen accumulation,
evapotranspiration, and soil moisture can be obtained over a large area [58]. These canopy
and soil state variables can be integrated into the crop growth model to reduce the uncer-
tainty of the key input parameters of the crop model and improve the simulation results.
According to the cotton growth simulation and yield evaluation method carried out in
this study, the initial input parameters having large regional uncertainty in the WOFOST
model (such as initial dry weight, phenological development parameters, and photosyn-
thesis parameters) are expected to be corrected. The state variables observed by remote
sensing can be used to optimize the accuracy of cotton growth simulation and regional
yield evaluation. In addition, it is also expected that deep learning methods can be used to
further analyze and improve the uncertainty of the input parameters of crop models [59].
Remote sensing assimilation is also a potential method to improve the uncertainty of model
input parameters.

In addition, since the simulation parameters of the model are obtained by adjusting
the data of an experimental field, there is still some instability. In the future, crop phenology
research will comprise a combination of field test observations, crop models, statistical
analysis, and other research methods to further improve research results’ reliability. The
response mechanism of crop phenology to climate change effects in different regions is
variable; according to the characteristics of phenological changes in different regions,
corresponding management measures should be adopted to deal with climate change,
which is likely to be one of the main directions for future crop phenology research.

5. Conclusions

In this study, the main crop parameter files and simulation processes of the WOFOST
model were corrected and improved, and the daily growth and development processes
of cotton’s stem, leaf and storage organ biomass, leaf area index, and transpiration were
simulated. After calibrating the model, the simulated results agreed well with measured
field data for biomass and soil moisture. The corrected model was used to simulate and
analyze the phenological development length, yield distribution, and water demand of cot-
ton growing areas in Xinjiang. The simulated phenological development length and yield
distribution well reflected the influence of meteorological factors on the growth and devel-
opment process and the final yield of CRI619. The simulated water demand thoroughly
explained the water demand of CRI619 in different cotton regions. The results showed that,
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in the Xinjiang cotton region, southern Xinjiang had the more suitable temperature and
radiation for the growth and development of CRI619, and more water demand during the
whole growth period, and the final yield was significantly higher in the south than in the
north. Cotton cannot mature in Yingjisha and Luntai, so CRI619 is unsuitable for planting
in these two areas. This research is a promising method for evaluating the adaptability of
filmless cultivated cotton in different regions.
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