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Abstract: Climate change has significantly influenced water resource patterns in arid regions. Ap-
plying effective water-saving measures to improve irrigation efficiency and evaluate their future
water-saving capabilities is crucial for ensuring the sustainable development of irrigation agriculture.
Based on the daily meteorological data from 15 global climate models (GCMs) in the sixth phase
of the Coupled Model Intercomparison Project (CMIP6), this study used the AquaCrop model to
perform high-resolution (0.1◦ × 0.1◦) grid simulations of cotton yields and irrigation requirements.
The study also investigated the ability of film-mulched drip irrigation (FMDI) to improve future
irrigation efficiency under two shared socio-economic pathways (SSP245 and SSP585) in the Tarim
River Basin (TRB), Central Asia, from 2025 to 2100. The results showed that the cotton yield and
irrigation water productivity (WPI) in the TRB exhibited an upward trend of 13.82 kg/ha/decade
(80.68 kg/ha/decade) and 0.015 kg/m3/decade (0.068 kg/m3/decade), respectively, during the study
period. The cotton yield and WPI were higher in the northern, northwestern plains, and northeastern
intermountain basin areas, where they reach over 4000 kg/ha and 0.8 kg/m3/decade. However, the
cotton yield and WPI were lower in the southwestern part of the study area. Therefore, large-scale
cotton production was not recommended there. Furthermore, compared to flood irrigation, the use
of FMDI can, on average, improve the WPI by approx. 25% and reduce irrigation water requirements
by more than 550 m3/ha. Therefore, using FMDI can save a substantial amount of irrigation water
in cotton production, which is beneficial for improving irrigation efficiency and ensuring the future
stable production of cotton in the TRB. The research results provide a scientific reference for the
efficient utilization and management of water resources for cotton production in the TRB and in
similar arid regions elsewhere in the world.

Keywords: climate change; film-mulched drip irrigation; AquaCrop; irrigation water productivity;
cotton

1. Introduction

The continuous increase in global temperature and atmospheric carbon dioxide (CO2)
concentrations has received widespread attention for its impact on agricultural produc-
tion [1–3]. In arid regions, which account for 41% of the global land area, the warming
trend is significantly higher than the global average, making these regions more sensitive to
climate change [4,5]. Precipitation patterns in arid zones are also affected by the warming
climate, increasing the frequency of extreme rainfall, accelerating glacier melting, and
changing the usage patterns of existing water resources [6,7]. These changes pose a serious
risk to irrigation agriculture, where water resources are the primary limiting factor [8].
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The Tarim River Basin (TRB) in Central Asia has a fragile ecosystem that is highly
sensitive to climate change. In recent decades, changes in water storage and accelerated
glacier melting have emerged in the TRB, which have disrupted water resource allocation
in the region [9]. Despite its arid environment, the TRB is an important cotton production
base in China and one of the major cotton producing areas in the world. However, cotton
is a water-intensive crop that requires significant irrigation during production, which
exacerbates the water resource burden [10]. Therefore, it is crucial to identify effective
adaptation measures to mitigate the more severe water constraints that cotton production
in the TRB may face under climate change [11].

In previous studies, agricultural water-saving measures have been employed to im-
prove irrigation efficiency, showing they provide an effective means to alleviate water
resource stress for irrigated agriculture in arid and semi-arid regions [12]. A meta-analysis
of drip irrigation demonstrated that improved irrigation methods can significantly enhance
the yield, water productivity, and nitrogen use efficiency, leading to water and fertilizer
conservation [13]. Ding, et al. [14] simulated the effects of different levels of deficit irrigation
on crop yield using the DSSAT crop model. The results indicated that the crop yield and
water productivity were significantly enhanced under deficit irrigation. Feng, et al. [15]
showed through field experiments that mulching film improved soil moisture and heat
conditions in arid areas, promoting crop growth. Although the above-mentioned measures
have shown significant water-saving capabilities, deficit irrigation usually requires adjust-
ing irrigation plans by considering factors such as irrigation methods, climate conditions,
soil properties, etc. Hence, various difficulties remain in implementing these measures
in practical applications [16]. One approach that combines drip irrigation and mulching
film is film mulching drip irrigation (FMDI). FMDI not only decreases losses during irri-
gation, but also reduces water waste due to soil evaporation during crop growth, thereby
further improving the water-saving capacity [17,18]. In addition, FMDI can improve soil
temperature conditions, ensuring that crops have the necessary heat during their early
growth stages or the wheat green-up period [19,20]. For widespread saline–alkali land in
arid regions, FMDI can inhibit salt accumulation in the root zone, alleviating the salt stress
faced by crops during growth [21,22]. Due to FMDI’s numerous advantages and excellent
water-saving abilities, several locations across the TRB have promoted and applied the
technique, including cotton production [23]. However, under the threat of future climate
change, further research is needed to evaluate whether FMDI’s water-saving abilities will
be challenged or whether the method will continue to serve as an effective measure for
saving agricultural water.

Process-based crop models, such as DSSAT, EPIC, APSIM, and AquaCrop, are in-
creasingly being used as low-cost and efficient methods to evaluate the impact of climate
factors and irrigation management on crop growth and yield formation [23,24]. Since most
crop models can simulate crop growth changes caused by changes in CO2 concentrations
during the simulation process, they have also been used in recent years to assess the impact
of climate change on agricultural production [2,25]. AquaCrop is a water-driven model
that can be used to evaluate crop productivity related to the water supply and agronomic
management. It is often used to simulate crop responses and soil moisture changes under
different irrigation scenarios [23,26]. This kind of application uses field experiments and
site-scale simulations, with model parameters that are mostly obtained through exper-
imental observations [23]. However, when the focus of a study is the analysis of crop
irrigation water demand at the basin scale, site-scale simulations are often unable to meet
the research needs. Therefore, to satisfy the demand for large-scale simulations in climate
change research in recent years, scientists have developed global gridded crop models
and corresponding input datasets [27,28]. Unfortunately, the spatial resolution of these
models is 0.5◦, which is somewhat rough and inadequate when applied at the basin scale.
Achieving higher resolution gridded simulations and creating corresponding gridded input
data are two important problems that crop modelers need to solve.
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To that end, the present study quantified the water-saving abilities of FMDI in the
TRB under future climate change. Based mainly on observational data and the data from
15 global climate models (GCMs), the AquaCrop model was used to simulate the cotton
yield, irrigation requirements, and soil evaporation at a resolution of 0.1◦ for two shared
socio-economic pathways (SSPs) and two irrigation conditions. The SSPs were SSP245 and
SSP585, and the conditions were flood irrigation (FI) and FMDI in the TRB from 2025 to
2100 at the basin scale. According to the simulation results, the following aspects were
analyzed: (1) the spatiotemporal changes in future cotton yield in the TRB under a changing
climate; (2) the spatiotemporal changes in future cotton irrigation water productivity (WPI);
and (3) the FMDI’s capacity to improve future cotton WPI. This study provides important
scientific evidence for the sustainable development of irrigation agriculture and for alleviat-
ing pressure on agricultural water use in the TRB. It also offers decision-making references
for future agricultural layout adjustments and watershed water resources planning.

2. Study Area and Data
2.1. Study Area

The Tarim River Basin is located in the hinterland of the Eurasian continent (34.6◦–43.4◦N,
73.1◦–90.3◦E) (Figure 1). It is surrounded by high mountains, has few water bodies other
than rivers, and is far from the ocean. These factors give the TRB an extremely arid climate,
with an annual precipitation of less than 50 mm and the potential evaporation exceeding
3000 mm. The center of the basin is dominated by the world’s second largest mobile desert,
the Taklimakan Desert [29]. The croplands in the basin are mainly distributed along the
rivers and piedmont (foothills) plains, and almost all of them are irrigated agriculture. Due
to the region’s paucity of large water bodies, glacier and snow meltwater are important
sources of irrigation water in the TRB.
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2.2. Data

The historical climate data and phenological observation data used for the model
calibration and validation in the study were obtained from 23 agro-meteorological stations
in the TRB. The simulated climate data for the future period were derived from the daily
data of 15 GCMs under two shared socio-economic pathways (SSP245 and SSP585) in the
sixth phase of the Coupled Model Intercomparison Project (CMIP6) (Table S1). The SSP is a
prediction of the future climate that takes into account a variety of factors, including the
rate of greenhouse gas emissions, natural forcing, and socio-economic changes such as the
population, urban development, and emission reduction policies. Among them, SSP245
represents CO2 emissions hovering around the current levels before starting to decline in
the middle of the century, but not reaching net zero by 2100. This represents a “middle path”
for climate change. SSP585 represents a baseline scenario in which CO2 emissions continue
to increase without policy intervention, which is the worst-case scenario. Under the
two scenarios, warming by the end of the century would be 2.7 ◦C and 4.4 ◦C, respectively.

Since the different GCM data have different resolutions, and numerous studies have
indicated that there are certain errors between the GCMs and the historical observation
data [30], the present study applied the ISIMIP3BASD method to bias-correct and downscale
the data from the 15 GCMs [31], and then unify the data into a resolution of 0.1◦. The
reference evapotranspiration (ET0) required by the AquaCrop model for both the historical
and future periods was calculated according to the “Food and Agriculture Organization
(FAO)” Irrigation and Drainage Paper 56 [32].

The soil parameters required for the model were from the Harmonized World Soil
Database (HWSD) [33], with an original resolution of 1 km (30 arc seconds × 30 arc
seconds). The study used the soil parameters at the 0.1◦ grid center as the input data for the
gridded simulation and resampled the soil data to a 0.1◦ resolution. The crop phenological
parameters for the future period were based on the median observation data for each
phenological period as the model inputs. To make the simulation results more accurate,
the study calibrated and validated the model using the statistical data on the county-level
cotton yield, which was from the Xinjiang Statistical Yearbook [34]. The statistical data
included the average county-level cotton production of 23 counties from 2016 to 2020. The
spatial distribution of cropland was based on “China’s Multi-Period Land Use Land Cover
Remote Sensing Monitoring Data Set” (CNLUCC). The dataset was based on Landsat
remote sensing images from the United States as the main information source, and the
land use/land cover thematic database was constructed via manual visual interpretation.
In order to fully consider the possible planting areas of cotton in the future, we initially
resampled the land use data for all the periods (1980 to 2020) in the CNLUCC into a uniform
0.1◦ grid. Then, the union set of cultivated land in all the periods was taken as the range of
the grid simulation. The resampling was done in a conservative manner using the “xESMF”
Python package. The CNLUCC data was from the Resource and Environment Science Data
Center [35].

2.3. Methods
2.3.1. AquaCrop Model

The AquaCrop model was developed by the FAO to address food security and evaluate
the impact of environmental and management measures on crop production [26]. It can
simulate the achievable yield of herbaceous crops under different conditions using a
daily time step and is particularly suitable for simulating the effects of water conditions
on crops. Currently, AquaCrop has been widely used to simulate many crops, such as
maize [36], wheat [37], and cotton [23,38], and has achieved good simulation results. With
the increasing demand for large-scale simulation, the FAO has also released a Python
implementation of the model (AquaCrop-OSPy), which greatly improves its flexibility and
computational efficiency [39].
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A major advantage of AquaCrop over other crop models is that it not only requires
fewer parameters, but the determination method of these parameters is simpler. To run the
model, only a few explicit parameters and some mostly intuitive variables are needed [40].
Hence, the FAO’s AquaCrop offers simplicity, accuracy, and robustness. This ideal combi-
nation of characteristics means that the model can largely avoid the cumbersome process
of preparing the input data when applied to the grid simulation.

AquaCrop separates the actual evapotranspiration (ET) in agricultural fields into soil
evaporation (E) and crop transpiration (Tr) (Equation (1)) and divides the final yield (Y)
into biomass (B) and the harvest index (HI) (Equation (2)), which can be expressed as
the following.

ET = E + Tr (1)

Y = HI × B (2)

Additionally, the model distinguishes between soil evaporation and crop transpiration,
which avoids the mixing effect of non-productive consumptive water. This is important
because it provides the conditions for simulating the reduction in soil evaporation due to
FMDI. It also simulates changes in soil evaporation caused by canopy shading during crop
canopy development.

The crop biomass (B) is calculated using the crop transpiration (Tr) and water produc-
tivity normalized by the ET0 and CO2 concentration (WP*) [40]. The core formula can be
expressed as the following.

B = WP∗ ×∑Tr (3)

where Tr is the crop transpiration (in mm) and WP* is the water productivity parameter
(kg of biomass per m2 and per mm of cumulated water transpired over the time period in
which the biomass is produced).

During the simulation process, Equation (3) was inserted into a set of additional
model components to simulate the effects of other factors on crop growth. These factors
included the soil water balance, climatic conditions, and management measures. The
process allowed for the simulation of the final yields and irrigation requirements, along
with other relevant information.

The present study used soil moisture variation as an irrigation trigger during the
simulation process, where irrigation was triggered when the soil moisture decreased to
50% of the field capacity. The maximum irrigation amount per day was set at 25 mm.

The TRB’s FMDI consisted of two parts. The first part was the drip irrigation belt
that plays the role of water supply and irrigation. Generally speaking, one drip irrigation
belt was responsible for the irrigation of two rows of crops. The second part was the
plastic film mulching that reduced evaporation and retained soil moisture. A combination
of flat mulching and partially covered methods are usually employed. According to the
research results from Kader et al. [18] and Li, et al. [41], this film mulching reduced approx.
70% of soil evaporation. Therefore, when simulating the FMDI conditions, we set the soil
evaporation to 30% of the normal conditions, which changed the changing process of soil
water and realized the simulation of the irrigation amounts and other aspects under the
FMDI conditions.

All the crop simulations conducted in the present study, including the model calibra-
tion and validation, were based on AquaCrop-OSPy v2.2.

2.3.2. Model Calibration and Validation

Since there was no corresponding parameter calibration program for AquacCop, this
study used an (µ+ λ) evolution strategy to estimate five parameters under the growing
degree days (GDD) conditions at each site. The five parameters were the seeding density,
maximum canopy cover (CCX), canopy growth coefficient (CGC), canopy decline coefficient
(CDC), and harvest index (HI0) [42]. The other parameters required during calibration,
such as the planting (GDD), emergence (GDD), HI_Start (GDD), flowering (GDD), and
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senescence (GDD), were derived from the actual phenological and meteorological data
observed by the agricultural meteorological stations. The location distribution of the
stations is shown in Figure 1. The parameters obtained from the actual observations
and those generated by the (µ+ λ) evolutionary strategy together drove the AquaCrop
model to generate the simulated cotton yield results. The root mean square error (RMSE)
between the measured yield and the simulated yield was used as the fitness function for
the evolutionary strategy.

Based on the experimental results, the average fitness of the population at each site
could reach stability within 100 iterations. Therefore, the study set the number of iterations
to 100 and used the group of parameters with the smallest RMSE in the last generation as
the final calibration parameters for the corresponding site.

The range of crop parameters was determined based on the recommended range in
the AquaCrop v6.1 reference manual and actual conditions [40], as shown in Table S2. The
study used the data from 2016 to 2019 for the calibration and the data from 2020 for the
validation. To evaluate the overall consistency between the simulated and observed yields
for the 23 sites, the RMSE and the consistency index (d) were used. The evaluation results
are shown in Table 1. The RMSE was calculated using the following formula (Equation (4)).

RMSE =

√√√√ n

∑
i=1

(Yobs,i −Ysim,i)
2/n (4)

where Yobs,i is the observed yield, Ysim,i is the simulated yield of the model, and n is
the number of observations. The consistency index (d) was calculated according to the
following formula (Equation (5)) [38].

d = 1− ∑n
i=1(Yobs,i −Ysim,i)

2

∑n
i=1
(∣∣Yobs,i −Yobs

∣∣− ∣∣Ysim,i −Yobs
∣∣)2 (5)

where Yobs is the mean value of n observed yields. The range of d values was from 0 to 1,
and the closer d was to 1, the better the quality.

Table 1. Statistical evaluation of the crop model simulated yield and observed yield.

RMSE d

Calibration 122.47 kg/ha 0.95
Validation 131.91 kg/ha 0.92

2.3.3. Grid-Based Crop Simulation

According to the principle that “the more similar the geographical environment, the
more similar the geographical features” [43,44], the crop parameters in the study area
were expected to have certain similarities, since the sites shared similar natural and socio-
economic conditions. Therefore, this study used a combination of spatial interpolation and
cross-validation to address the issue of the grid input parameters that were lacking.

First, the interpolations were performed based on the observed phenological parame-
ters and estimated crop parameters. Each interpolation used the data from the 22 stations,
and the results were extracted from the non-interpolated station. The interpolation was
repeated 23 times to obtain the interpolation results for all the stations. Next, the RMSE
and d were used to evaluate the 23 sets of actual and interpolated values to determine the
optimal interpolation method for each parameter. Finally, the optimal interpolation method
for each parameter was employed to generate the gridded parameters using the data from
the 23 stations as the input.
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The above method not only evaluated the accuracy of the interpolation results under
different interpolation methods using cross-validation to determine whether the current
interpolation method met the requirements [45]. It also allowed for the early selection of
more suitable interpolation methods based on the spatial distribution patterns of the other
factors that affected the parameters. This approach further improved the accuracy and
testing efficiency under a variety of conditions [46]. In the present study, eight interpolation
methods were used, and the model parameters were interpolated under different main pa-
rameters, giving a total of 27 different interpolation schemes. All the interpolation methods
and main parameters used in the study are detailed in Table S3. The optimal interpolation
methods, corresponding main parameters, and evaluation indicators for each parameter are
presented in Table 2. Since the units of each parameter were inconsistent, it was difficult to
make a direct comparison using the RMSE. Therefore, the study conducted normalization
processing by dividing the RMSE by the average value of the corresponding parameter.

Table 2. Statistical comparison of the interpolation results of the different crop parameters with the
observed values under the optimal interpolation methods and corresponding main parameters.

Crop Parameter Optimal Interpolation Method
Interpolation Main Parameter

RMSE d
Main Parameter Parameter Values

Planting UK Semivariogram Props Quadratic drift 39.46% 0.60
Emergence SP Spline Type Regularized 39.91% 0.56

HI_Start SP Spline Type Tension 22.16% 0.38
Flowering SP Spline Type Tension 11.46% 0.47
Senescence GPI Power 1 8.26% 0.51
Maturity GPI Power 1 8.46% 0.55

Plant Density GPI Power 3 30.84% 0.52
CCX GPI Power 3 5.5% 0.78
CDC UK Semivariogram Props Quadratic drift 17.1% 0.63
CGC SP Spline Type Regularized 18.2% 0.27
HI0 GPI Power 1 11.59% 0.82

In this table, planting, emergence, HI_Start, flowering, senescence, and maturity represent the planting time,
the time required from seeding to emergence, the time when the yield began to form, the time when flowering
began, the time when canopy senescence began, and the time required to reach maturity, respectively. All six
parameters were in GDD mode as the model input. Plant density, CCx, CDC, CGC, and HI0 represent the
planting density, maximum canopy coverage, canopy decline coefficient, canopy growth coefficient, and harvest
index, respectively. UK, SP, and GPI in the interpolation method represent universal kriging, spline, and global
polynomial interpolation, respectively, as shown in Table S3.

2.3.4. Irrigation Water Productivity (WPI)

To better consider the changes in the yield and crop water requirements, this study
used alterations in WPI to represent the future irrigation efficiency changes and the FMDI’s
ability to improve irrigation efficiency in the TRB cotton production [47]. WPI is generally
defined as the ratio between the yield and irrigation water use and can be used to measure
the irrigation efficiency in agricultural production [48,49]. In this study, we calculated
the WPI using the simulated irrigation requirements (IRs) as the irrigation water use
(Equation (6)).

WPI = yield (kgha−1)/IR (m3ha−1) (6)

2.3.5. Multi-Model Ensemble and the Kolmogorov–Smirnov Test

The Kolmogorov–Smirnov (KS) test is a goodness-of-fit measure that can be used
to determine whether a set of samples fits a certain theoretical distribution [50]. It is
commonly applied in climatology and meteorology [51,52]. The KS test examines the
distance between the empirical distribution function Fn(x) of a sample and the theoretical
cumulative probability distribution function F0(x) by quantifying it. The test statistic D is
expressed as Equation (7) [53].

D = max|Fn(x)− F0(x)| (7)
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If D is smaller than the critical value D(n,α) corresponding to the critical value table
(where n is the sample size and α is the significance level), then the null hypothesis (H0: the
sample comes from a population that follows the theoretical distribution) is not rejected.

It is worth noting that when the KS test is conducted, the parameters of the theoretical
distribution are often estimated from the sample. This can make it easier for D to meet the
critical value and results in a Type II error (failure to reject when H0 is false) [51]. Therefore,
this study used the Lilliefors correction of the KS test to adjust the judgment of the results
by utilizing the adjusted D(n,α) [54].

In order to fully consider the simulation results of the different GCMs and quantify
the uncertainty generated by them, simulations were first performed for the 15 GCMs,
from which an ensemble of multi-model simulation results emerged. Each simulation
result in the ensemble was viewed equally as a possibility for the future. The simulation
results for each year were then compared with 17 theoretical distributions using the KS
test. The distribution that satisfied the D(n,α=0.1) the most across 76 years of testing results
was selected as the optimal distribution. Finally, the value corresponding to the maximum
probability density for each year under the optimal distribution was used as the final
prediction result. The 17 theoretical distributions used in the study are listed in Table S4.

2.3.6. Trend Analysis and Bayesian Change-Point Detection

To better analyze the change trends of the yield and WPI in future periods and identify
their fluctuation patterns, a segmented analysis of the simulation results was performed
by fitting a linear model using the least square method and applying Bayesian change-
point detection. The Bayesian method identifies the most probable change points (CP) by
analyzing the model-fitting results before and after each time point [55,56]. In the Bayesian
change-point detection approach, assuming (CP) is a change point in a time series, the
data on both sides of the change point can be represented by a linear model (Equation (8)).

Yi = a1 + b1Xi + εi, i ≤ CP

Yi = a2 + b2Xi + εi, i > CP
(8)

where, Yi is the sampled result at time point i = 1, 2, I, n; a1, a2, b1, and b2 represent the
intercepts and slopes of the linear models on both sides of the change point; and εi is the
residual of the linear fit at each time point.

Assuming that each time point i is a CP, the quality of the linear model fitting before
and after each CP is judged based on the size of the likelihood probability. When the CP
time is t, the joint posterior probability of the sampling results (Y1, . . . , Yn) can be expressed
as Equation (9).

L(Y1, . . . , Yn|CP = t ) =
t

∏
i=1

ple f t(Yi|µi, σ)

n

∏
i=t+1

pright(Yi|µi, σ) (9)

where ple f t(Yi|µi, σ) and pright(Yi|µi, σ) represent the probability density functions of the
sample results Yi at time i on the left and right sides of the CP, respectively.

Finally, the likelihood function was calculated for each time point, and the time with
the maximum likelihood function was determined as the CP (Equation (10)).

ĈP = argmaxt=1, ..., nL(Y1, . . . , Yn|CP = t ) (10)

The overall research process is shown in Figure 2.
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3. Results
3.1. Spatial–Temporal Variations of Future Cotton Yield in the TRB

From the results of the multi-model simulations (Figure 3a,c), it can be seen that
while most of the GCMs produced results that were concentrated within a narrow range
of yields, some models showed significant differences. For example, when using climate
data from the FGOALS-g3 model as the input, higher yields were simulated for most
years compared to the other GCMs under both climate change scenarios. In order to
better identify the trends in the future yield changes and quantify the uncertainty in the
yield changes, the study performed goodness-of-fit tests on the multi-model ensemble of
cotton yield projections from 2025 to 2100 under two climate change scenarios using the
KS test (Figure S1). At a significance level of α = 0.1, the log-logistic distribution was
optimal for SSP245, with 74 years of simulated results following the distribution, while
the exponentially modified Gaussian distribution was optimal for SSP585, with 73 years of
simulated results following it.

Based on the fitting results obtained from the best-fit distribution (Figure 3b,d), the
probability density of the yield changes captured the concentrated range and overall trend
of the simulation results very well. This indicated that the probability density of the best-fit
distribution could effectively express the changing information contained in the multi-
model ensemble and quantify the uncertainty within the ensemble. Therefore, the study
used the yield corresponding to the maximum probability density as the final prediction
and analyzed its changing characteristics in the future.
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Figure 3. Temporal trends and spatial distributions of cotton yield in the Tarim River Basin from 2025
to 2100 under different climate scenarios. (a) Yield simulation results from 15 sets of GCMs under
the SSP245 scenario. (b) The cotton yield trend was calculated based on the simulation results and
the optimal distribution under SSP245. The different shades of red represent the probability density,
and the line connects the maximum probability density point for each year. The gray shaded area
labeled “50% probability” indicates the most likely cotton yield range with a 50% probability. Only
the part with a probability density greater than 0.5 is plotted. (c,d) The corresponding results under
SSP585. The average values of all the regions reported in this study were calculated by weighing
the area of each grid cell. (e,f) The spatial distribution of the average cotton yield under SSP245 and
SSP585, respectively.
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According to the prediction results (Figure 3b,d), the cotton yield showed an increasing
trend under both scenarios in the future. Under SSP245, the cotton yield slowly increased
at a rate of 13.82 kg/ha/10a (10 years), while under the more severe warming conditions
of SSP585, it increased at a rate of 80.68 kg/ha/10a. It is worth noting that there was a
significant difference in the interannual variability of the yield between the two climate
scenarios. Under SSP245, the coefficient of variation in the yield after detrending was 0.016,
whereas under SSP585, it increased to 0.024. This indicated that more severe climate change
could intensify the interannual variability of the yield, making it more unstable. Such
variations were reflected in SSP585, where sudden drops in the yield in some years were
followed by a return to normal fluctuations in the following years. This kind of change can
be extremely detrimental to agricultural production and seriously affect the production
enthusiasm of farmers [57].

Looking at the cotton yield in the different regions in the future (Figure 3e,f), the
spatial distribution pattern under the SSP245 and SSP585 scenarios was quite similar.
The southwestern part of the TRB had lower yields, mostly below 3600 kg/ha, while the
northern and northwestern plains had higher yields, with the highest cotton yield occurring
in the basin’s northern plains, reaching over 4200 kg/ha. Furthermore, under SSP585, the
cotton yield in many areas of the basin’s northern plains reached over 4400 kg/ha, whereas
there was no significant difference in the average yield in the southwestern part of the basin
under either scenario.

To analyze the trend change of the cotton yield in different regions of the basin
further, the study conducted Bayesian change-point detection on each pixel. The detection
results (Figure 4) showed that under SSP245, cotton in nearly half of the region exhibited
a continuous upward trend, mainly distributed in the northern plains of the basin, with
the change-point time concentrated in 2060 to 2070. Two trends—a continuous decline and
a decline followed by an increase—mainly occurred in the northwestern TRB, with the
change-point time concentrated in 2040 to 2050. However, under SSP585, most of the region
was dominated by a continuous upward trend, while the areas that showed a continuous
decline under SSP245 also turned into a declining trend followed by an increasing one.
Therefore, under SSP585, nearly 75% of the TRB showed a continuous upward trend, and
most of the change-point time was during 2060 to 2070.

It is worth noting that the spatial distribution of the areas with a simulated yield
accumulation of zero for more than three years was nearly the same in both SSP scenarios
and was distributed in the piedmont (foothills) of the TRB. This was mainly because the
temperature in the foothills is usually relatively low, making it difficult to meet the heat
requirements for crop maturity in colder years. The outcome was an inability to simulate
the yield results. Therefore, the study believes that under climate change, the interannual
variation in the yield in the TRB’s piedmont regions was too large, meaning that cotton
production is not suitable for these areas. A trend analysis was, therefore, not performed.

By further comparing the change trends in cotton yield before and after the change
point, the study found that the regions with large changes in both SSP scenarios significantly
reduced after the change point, and that most of them were small changes. Even in those
piedmont areas that showed a sharp increase in SSP245 before the change point, most had
only small increases or decreases after the change point. In terms of the magnitude of
changes in different scenarios, the overall change magnitude under SSP245 was smaller
than that under SSP585. In addition, in the SSP245 scenario, although the change trend in
many locations changed, the overall trend was a small fluctuation between ±3 kg/ha/a,
resulting in little variation in the average yield.
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Figure 4. Variations and trends in the yield changes from 2025 to 2100 under different climate
change scenarios in the Tarim River Basin. The results for the SSP245 scenarios are shown in (a,c,e,g),
while (b,d,f,h) show the results for the SSP585 scenarios. (a,b) The trend of the yield changes. “−”
indicates a simulated yield accumulation of zero for more than three years between 2025 to 2100,
so the trend was not analyzed. “↑”, “↓”, “↑−↓”, and “↓−↑” represent “a continuous increase”, “a
continuous decrease”, “an increase followed by a decrease”, and “a decrease followed by an increase”,
respectively, in the trend before and after the change point. (c,d) The time of the change point.
(e,f) The trend before the change point. (g,h) The trend after the change point. The colored ring in the
lower right corner of the figure represents the proportion of the different types of pixels.

3.2. Spatial-Temporal Variations of Future Cotton WPI in the TRB

According to the goodness-of-fit test results (Figure S2), the optimal distribution
for the future TRB cotton WPI under SSP245 was the Burr Type XII distribution, while
under SSP585, it was the exponentially modified Gaussian distribution. The probability
density fitted from the optimal distribution (Figure 5a,b) indicated that the future trends
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of the WPI in different scenarios were similar to those of the yield changes, with both
showing an increasing trend. Under SSP245, the WPI increased by 0.015 kg/m3/10a, while
under the more severe climate change scenario of SSP585, the increase was even greater,
reaching 0.068 kg/m3/10a. However, the WPI showed a greater variability in its future
trend changes than its yield, with coefficients of variation of 0.042 and 0.059 under SSP245
and SSP585, respectively.
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Figure 5. (a–d) The trend and spatial distribution of the average cotton irrigation water productivity
in the Tarim River Basin from 2025 to 2100 under different climate scenarios. (a,b) represent the
probability density of the average cotton irrigation water productivity under SSP245 and SSP585,
respectively. This was the same as Figure 5c,d, which showed the spatial distribution of the average
cotton irrigation water productivity under SSP245 and SSP585, respectively.

The spatial distribution pattern of the WPI was also very similar to that of the yield
(Figure 5c,d). In both climate change scenarios, the plains areas with the highest cotton
yield in the northern part of the TRB also had a higher WPI, exceeding 0.7 kg/m3 (SSP245)
and 0.8 kg/m3 (SSP585). In contrast, the WPI was lower in the southwestern part of the
basin. Under SSP585, the average WPI in each region of the study area was generally higher
than under SSP245. The highest WPI locations were often located in the piedmont and
intermountain basins in the northern part of the TRB. However, the yield in these areas
was not necessarily the highest, and some grids even had very low yields. Through an
analysis of the relevant climatic factors (Figure S3), the study found that the main reason
for this distribution pattern was that the temperatures and reference evapotranspiration
were lower in the piedmont areas, while precipitation was significantly higher than in the
plains areas, resulting in a lower IR and a higher WPI.

The analysis of the WPI trend changes across the different regions in the future
(Figure 6) showed that under SSP585, the WPI in the entire basin had a continuous upward
trend. The change point mostly appeared in 2060 to 2070, which was consistent with the
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yield change point. However, ahead of the change point, the increases were relatively small
(0.02–0.06 kg/m3/10a), whereas after the change point they were significantly higher, with
most areas reaching more than 0.06 kg/m3/10a. In the plains and intermountain areas
in the northern TRB, the increase in the WPI exceeded 0.08 kg/m3/10a. Under SSP245,
the trend was mainly a continuous increase and an increase followed by a decrease. The
change-point time was relatively dispersed. Although more than half of the locations under
SSP245 showed trend changes, the changes before and after the change point were between
± 0.02 kg/m3/10a, which was relatively small. Based on these findings, the overall time
series change amplitude of the entire region was not significant.
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“↑”, “↓”, “↑−↓”, and “↓−↑” represent “a continuous increase”, “a continuous decrease”, “an increase
followed by a decrease”, and “a decrease followed by an increase”, respectively, in the trend before
and after the change point. (c,d) The time of the change point. (e,f) The trend before the change
point. (g,h) The trend after the change point. The colored ring in the lower right corner of the figure
represents the proportion of the different types of pixels.

Therefore, considering the spatial distribution and trends for both the WPI and yield,
the plains and intermountain areas in the northern TRB exhibited high yields and high
WPI, along with a somewhat higher irrigation efficiency compared to the western and
southwestern parts of the basin, making them more suitable for cotton production under
future climate change.

3.3. FMDI’s Ability to Improve Future Cotton WPI in the TRB

To analyze the water-saving abilities of FMDI in the TRB under climate change, the
goodness-of-fit test was performed on the simulation results under FMDI (Figure S4).
The change trends of the WPI under two irrigation conditions were then compared. The
results (Figure 7a,b) indicated that FMDI showed a good water-saving effect in both of the
climate change scenarios, with an average increase of about 25% in the WPI. Moreover, the
effect was relatively stable and achieved an increase of over 20% almost every year. Under
SSP245, FMDI reduced the interannual variation of the WPI, with the coefficient of variation
decreasing from 0.042 to 0.035. However, under SSP585, there was a sharp fluctuation in
the WPI after 2080 and the coefficient of variation did not show a significant improvement.
From the perspective of the IR changes (Figure 7c,d), the fluctuation trends of the IRs under
both irrigation conditions were essentially the same. After using FMDI, the IRs decreased
by an average of 624 m3/ha (SSP245) and 605 m3/ha (SSP585). Such reductions in the IRs
effectively alleviated the TRB’s agricultural water burden. Interestingly, in this study, the
IRs gradually decreased over time, and the FMDI’s reduction in the IRs showed this trend.
It is also worth noting that the decrease in the IRs under SSP585 was much greater than
that under SSP245.
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the change trend for the average cotton irrigation water productivity under SSP245 and SSP585,
respectively, and the bar chart shows the increase in the WPI achieved by adopting film-mulched
drip irrigation (FMDI) relative to flood irrigation (FI). (c,d) display the time variations of the average
cotton irrigation requirements under SSP245 and SSP585, respectively, while the bar chart shows the
reduction in the IRs achieved by using FMDI compared to FI.

From a spatial perspective (Figure 8a,b), the improvement in the WPI using FMDI
was generally consistent under both climate change scenarios, with an increase of over
15% in all the locations. However, the increase in the WPI was greater under SSP585 than
under SSP245, and there were spatial differences in the degrees of improvement. In the
plains areas of the northern and northwestern parts of the TRB, the improvement in the
WPI using FMDI was smaller, with increases mainly between 15% and 25%. In contrast, in
the intermountain basins and piedmont areas in the northern TRB, the improvement in the
WPI was larger, with increases mostly exceeding 35%. However, the reduction in the IRs
using FMDI did not show a consistent spatial distribution with the improvement in the
WPI (Figure 8c,d), as FMDI could reduce the IRs by almost 550 m3/ha in all the areas.
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Figure 8. Improvement capacities of FMDI for the average cotton irrigation water productivity and
irrigation requirements in the Tarim River Basin during 2025 to 2100. (a,b) show the improvements
in irrigation water productivity using FMDI under SSP245 and SSP585, respectively. (c,d) illustrate
the reduced irrigation requirements using FMDI under SSP245 and SSP585, respectively.

The largest reductions in the IRs occurred in the western and southwestern parts of the
basin, most of which exceeded 750 m3/ha. The piedmont areas in the southwest showed
the greatest reductions (exceeding 950 m3/ha). Meanwhile, the IRs decreased using FMDI
in the plains areas of the northern and northwestern parts of the basin where both high
yields and a high WPI had been achieved. The results were relatively low, mostly ranging
between 550 and 750 m3/ha. Overall, the reduction in the IRs using FMDI was higher
under SSP245 than under SSP585, which was opposite to the improvement in the WPI
using FMDI.
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4. Discussion
4.1. Evaluation of the Simulation Results and Changes in the Cotton Yield and WPI

To assess the errors between the simulated and observed values, the present study
evaluated the simulation results by using the RMSE and d. The RMSE and d for the valida-
tion period cotton yield were 131.91 kg/ha and 0.92, respectively. However, AquaCrop’s
simulation performance for the cotton yield varied across different studies. Voloudakis [38]
simulated the cotton yield in Greece, with the validation results showing an RMSE of
170 kg/ha and a d of 0.94, while Tan [23] simulated the cotton yield in Xinjiang, China,
obtaining an RMSE of 438 kg/ha and a d of 0.82. Compared to these studies, the simu-
lation results in this research were favorable. This suggested that the AquaCrop model,
after calibration using the (µ+ λ) evolutionary strategy, could perform well in the Tarim
River Basin.

However, when interpolating the various parameters for the grid-based simulation,
there were significant differences in the validation results. The parameters such as HI0 and
CCX had good validation results after interpolation, while CGC and HI_Start had poor
validation results. This may have been related to the interpolation methods used in the
study, as all eight methods used in the research were interpolated based on the spatial
distribution and numerical values of the data itself, without introducing any covariates
for assistance [58]. Other studies [59,60] have shown that the differences in a range of
variables, such as elevation and climatic factors, can significantly affect the performance
of the interpolation method. Thus, the accuracy of the interpolation results could be
significantly improved by considering the spatial distribution of the covariates. Therefore,
in future studies, other interpolation methods that consider covariates or machine-learning
methods could be employed to improve the accuracy of the interpolation of the required
parameters and further enhance the accuracy of the grid-based simulations [61].

According to the simulation results of this study, cotton yields are projected to increase
under both of the future climate change scenarios, with a greater increase occurring under
SSP585. This result was consistent with the other research findings [2,62]. The main reason
for the projected increase was that in the hypothetical scenarios of the different degrees
of climate change in the future, the rise in temperature and CO2 concentrations occur
simultaneously. The increase in CO2 concentrations will have a significant water-saving
and yield-increasing effect on C3 crops. This effect not only increases the yield, but also
reduces crop transpiration and greatly improve the WPI [63]. Additionally, since nearly all
the agriculture in the TRB is irrigated, it has a stronger resistance to meteorological drought,
so the yield is less affected when drought occurs [38].

Moreover, the increase in the yield variability under SSP585 may be related to the
interannual variability of climate factors. Under climate change, climate factors will exhibit
a greater interannual variability, and the frequency of extreme weather events will also
increase [64], making crops more vulnerable to stress and affecting their normal growth and
yield formation [65]. In the warmer SSP585 scenario, the impact is expected to be stronger.
Furthermore, the interannual variability of rainfall in the climate factors directly affects
the interannual variability of the IRs, which in turn increases the interannual variability of
the WPI.

4.2. Influencing Factors of the FMDI’s Water-Saving Capacities

The FMDI’s water-saving effects and its ability to improve the WPI were consistent
with the results of the field experiments [15,41]. However, the spatial variability of the
FMDI’s ability to improve the WPI was likely related to the crop growth situation. When
considering the spatial distribution of the IRs and soil evaporation (Figures S3 and S5),
it was observed that the northern and northwestern plains had high IRs and low soil
evaporation. On one hand, this was related to the high yield in these regions, which
usually means a higher crop transpiration water demand [66]. At this time, soil evaporation
accounts for a smaller proportion of water consumption, and the reduction in the IRs
caused by FMDI may not be sufficient to cause a significant increase in the WPI. In the
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TRB’s piedmont areas, the opposite was true. Both the crop transpiration water demand
and the IR were lower, indicating that reductions in soil evaporation could easily lead to
significant increases in the WPI. In the intermountain basins, due to climatic differences, the
ET0 was lower, but when the cotton yield was similar to that in the plains area, the amount
of water consumed by crop transpiration was less [67]. Therefore, it would be relatively
easy to improve the WPI through FMDI. On the other hand, in the simulation process of
the AquaCrop model, when the surface soil was relatively wet, the crop transpiration water
demand was mainly extracted from the surface soil [40]. In this case, the simultaneous
consumption of crop transpiration and soil evaporation would accelerate the reduction in
surface soil water. In the northern and northwestern plains, the water demand for crop
transpiration was greater, which further accelerated the consumption rate of surface soil
water. However, when the surface soil water decreased to a certain extent, the crop could
still obtain transpiration water from the lower soil layers [40], and soil evaporation could
enter a decreasing stage. At this time, the amount of soil evaporation is highly dependent
on the hydraulic properties of the soil. The simulation results of soil evaporation also reflect
this law. In areas with a high yield and reference evapotranspiration, soil evaporation was
lower, whereas in areas with low yield, the opposite was true.

Additionally, the study demonstrated a decreasing trend over time, both in the TRB’s
cotton IRs and the FMDI’s ability to reduce the IRs. This decrease was even greater under
SSP585 and was mainly related to changes in the crop-growing cycles (Figure 9). Since
the study did not consider variety improvement, crop development will likely accelerate
with the continuous intensification of climate warming, leading to earlier maturity [68].
Therefore, the reduction in IRs should be consistent with the actual phenomenon. This
does not mean that the water-saving ability of FMDI would be affected or that the accuracy
of the model simulation is problematic, but that the total amount of soil evaporation and
crop transpiration would be reduced due to the shortening of the growth cycle of crops.
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Nevertheless, a warming climate also means the potential for a longer (prolonged)
crop-growing period [69]. The related studies have shown that, by adjusting the sowing
period of crops, improving the varieties to extend the growing cycle, and fully utilizing
the increased heat conditions, the impact of climate change on crops can be alleviated and
crop yields can be further improved [70]. However, the IRs will inevitably increase after
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extending the growing cycle. Therefore, the changes in the WPI when both FMDI and
improved varieties are used at the same time still needs further study.

4.3. Shortcomings of AquaCrop and the Study Limitations

Although this study analyzed the water-saving abilities of FMDI under different
climate change scenarios and validated its effectiveness as a water-saving measure, there
were still some limitations in this work. Firstly, the AquaCrop model only evaluated the
impact of FMDI on the IRs in the WPI, while the yield was only considered in terms of
its response to climate change. In fact, the use of FMDI greatly improved the soil thermal
conditions [19], which was difficult to achieve with organic cover materials such as wheat
straw [71]. In regions with poor heat conditions in colder years, the use of FMDI can more
easily meet the heat requirements of crops and reduce interannual variations in the yield.
The related experimental results showed that these effects further increased the crop yield
and improved the WPI [20]. However, the AquaCrop model did not include calculations
for the processes involved and could not simulate the increase in the soil temperature and
its impact on crops after the use of FMDI. Therefore, the degree of improvement in the WPI
shown by FMDI in this study was underestimated, and the actual situation may in fact be
even better.

A second limitation concerned the potential spread or conversion of croplands. Al-
though the simulation range integrated all the cropland regions from 1980 to the present,
new croplands may appear in other regions or established cropland may convert to a
different type of land use. These potential future changes were not simulated here. A third
limitation involved the transferability of FMDI. Since FMDI has been shown in this study
to achieve water savings by reducing soil evaporation, it is likely to have the same excellent
water-saving abilities in irrigated agriculture in other arid regions. However, due to the
limitations in the study area, the performance of FMDI in other arid regions still needs
further investigation.

5. Conclusions

Based on the site observation data and GCM model output, this study used the
AquaCrop model to simulate potential future spatiotemporal changes in cotton yield and
cotton WPI under SSP245 and SSP585 scenarios. The study also analyzed the ability of
FMDI to improve cotton WPI and reduce IRs. The results showed the following.

(1) Under climate change, the TRB’s cotton yield in different future scenarios show
an increasing trend of 13.82 kg/ha/decade (SSP245) and 80.68 kg/ha/decade (SSP585),
but there were spatial differences in the extent of these increases. In terms of the spatial
distribution, the highest yields occurred in the northern plains and northeastern intermoun-
tain basins.

(2) An increasing trend emerged in both the cotton WPI and yield. The rate of increase
under SSP245 was 0.015 kg/m3/decade, while under SSP585 it reached 0.068 kg/m3/decade.
The spatial differences in the change trend differed slightly from those in the yield. In terms
of the spatial distribution, the WPI was higher in the northern and northwestern plains,
and in the mountainous basins in the northeast.

(3) With the adoption of FMDI, the TRB’s cotton WPI improved by approx. 25%, and
this improvement effect remained stable over time. Spatially, the WPI improvement for
all the areas was above 15%, and the reduced IR was mostly above 550 m3/ha. Therefore,
FMDI can be an effective water-saving measure in cotton production in the TRB and ensure
the stable future development of agriculture in the region.
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