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ARTICLE INFO ABSTRACT
Keywords: Climate change and growing water scarcity pose major challenges for cotton irrigation in Xinjiang. A soil
Cotton moisture threshold-based irrigation strategy (SMTIS) offers a promising pathway to improve water-use efficiency

Soil moisture threshold-based irrigation
AquaCrop

Economic benefits

Climate change

and enhance climate resilience. However, regionally optimized, stage-specific soil moisture thresholds that ac-
count for crop physiological responses, spatial heterogeneity, and associated economic implications remain
poorly quantified. In this study, we coupled the AquaCrop model with a constraint-based nonlinear optimization
framework to optimize stage-specific soil moisture thresholds by maximizing irrigation water productivity under
a yield loss constraint (<10%), and evaluate irrigation water requirements and yield responses across Xinjiang
for the historical period (2000-2022) and two future periods (2031-2050 and 2061-2080). Validation of the
AquaCrop model against canopy cover, aboveground biomass, and seed cotton yield achieved high accuracy (R?
= 0.80-0.95; index of agreement = 0.96-0.99). Compared with conventional irrigation strategy, SMTIS reduced
seasonal irrigation amounts by an average of approximately 247 mm across all periods. Irrigation water pro-
ductivity increased by an average of 0.83 kgm™, with peak gains approaching 1.0 kg m~ under high-emission
scenarios in the 2070s. During the historical period, SMTIS generated a mean economic benefit of
1.27 x 103 CNY ha across all regions. Regression analysis revealed that climatic factors (particularly reference
evapotranspiration and precipitation) dominated SMTIS effectiveness, while soil properties played a secondary
but increasingly important role under future climate conditions. Overall, SMTIS emerged as a robust and climate-
resilient irrigation strategy that enables substantial irrigation water savings and supports effective irrigation
planning and water management in arid cotton-growing regions.

1. Introduction agricultural systems, particularly in arid and semi-arid regions where
limited water availability is the primary constraint on productivity (Mao
Climate change is introducing increasing uncertainty into global etal., 2025). Xinjiang, located in northwestern China, supplies over 90%
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of China’s cotton but relies heavily on extensive irrigation (Geng et al.,
2023; Hu et al., 2021; National Bureau of Statistics of China, 2022)
(Fig. S1). Conventinal irrigation practices, typically involving
fixed-interval applications that replenish soil moisture to field capacity,
have ensured yield stability but at the cost of excessive water con-
sumption, groundwater depletion, soil salinization, and increased
environmental pressure (Geng et al., 2023; Guan et al., 2025, 2024; Li
et al., 2024a; Song et al., 2023). Moreover, climate projections indicate
intensifying water scarcity and increasing hydroclimatic variability in
Northwest China (Liu et al., 2024). Under these combined pressures,
improving irrigation water productivity (IWP)—defined as the ratio of
yield to seasonal irrigation amount—is no longer merely a technical
objective, but a critical requirement for sustaining cotton production
and farm profitability in the region (Shao et al., 2022). This calls for a
transition from conventional fixed-interval irrigation practices toward
more robust, water-saving strategies that can maintain yield stability
under increasing climate variability.

Soil moisture threshold (SMT)-based irrigation has emerged as a
promising scheduling paradigm for improving water use efficiency by
aligning irrigation triggering with crop water-stress sensitivity across
phenological stages (Liu et al., 2025; Xiao et al., 2023). In practice,
defining these SMTs requires a metric that is both physiologically sound
and transferable. While thresholds based on field capacity (FC) or soil
matric potential are common, they are either site-specific or require
dense instrumentation, restricting their regional scalability (He et al.,
2020; Liu et al., 2025; Pan et al., 2019; Xiao et al., 2023). In contrast,
thresholds based on total available water (TAW) depletion offer a
distinct advantage: by normalizing soil water availability between FC
and permanent wilting point, TAW-based criteria are universally
transferable across diverse soil types (Kelly and Foster, 2021; Madra-
mootoo and Mortel, 2025). However, a critical knowledge gap remains:
how to determine the optimal combination of thresholds for different
growth stages? Since cotton sensitivity to irrigation varies dynamically
throughout the season (Ma and Li, 2002), finding the ideal threshold
configuration that balances yield stability and water savings under
climate uncertainty is a complex non-linear optimization problem (Liu
et al., 2025; Moghbel and Aguilar, 2025). Traditional field experiments
are prohibitively costly and time-constrained to exhaustively explore
this combinatorial space or to evaluate the robustness of candidate
strategies under future decadal climate variability and extreme events.
This limitation underscores the necessity of a modeling-based optimi-
zation framework for designing robust stage-specific SMT irrigation
strategies.

Process-based crop models provide an effective complement to field
trials by integrating physiological processes, soil water balance, and
yield responses under diverse conditions (Garcia-Vila and Fereres, 2012;
Rotter et al., 2018; Zhou et al., 2025). Compared with traditional ex-
periments, such models enable the systematic evaluation of irrigation
thresholds across extensive spatial and temporal scales (Himanshu et al.,
2019; Thorp, 2020). Among existing crop models, AquaCrop stands out
for maintaining an optimal balance between robustness and simplicity
(Kelly and Foster, 2021; Zhang et al., 2025). Unlike more physiologically
detailed models, AquaCrop requires substantially fewer input parame-
ters, which reduces calibration uncertainty in data-scarce regions while
achieving high simulation accuracy under water-limited conditions
(Raes et al., 2009). The model has been extensively validated for cotton
under full, deficit, and regulated irrigation regimes, demonstrating
reliable performance in reproducing canopy development, biomass
accumulation, and yield responses to soil moisture constraints (Jiang
et al.,, 2025; Li et al., 2024b; Tan et al., 2018). Given its parameter
parsimony and demonstrated applicability in Xinjiang, AquaCrop pro-
vides an well-suited platform for optimizing irrigation strategies under
changing climatic conditions.

Although AquaCrop has been frequently applied to evaluate and
optimize irrigation strategies (Du et al., 2024; Linker et al., 2016; Zhang
etal., 2022; Zhu et al., 2024), most existing studies still rely on a limited
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set of predefined scenario simulations (i.e., trial-and-error approaches)
rather than formal mathematical optimization frameworks. As a result,
they are unable to reliably identify globally optimal solutions for irri-
gation scheduling problems characterized by complex, non-linear
crop-soil-atmosphere interactions. While some recent efforts have
coupled crop models with heuristic optimization algorithms (e.g., ge-
netic algorithms) to refine irrigation schedules (Liu et al., 2025; Wang
et al., 2025), several critical gaps remain. First, most optimization
studies are confined to historical climate conditions, leaving the
robustness of optimized irrigation strategies under future high-emission
scenarios and intensified warming largely unquantified. Second, exist-
ing applications are predominantly conducted at single experimental
sites, thereby neglecting the pronounced spatial heterogeneity in soil
properties that critically governs SMT behavior across large irrigated
regions such as Xinjiang. Third, optimization objectives commonly
emphasize either yield maximization or irrigation water reduction, with
limited consideration of economic trade-offs that ultimately shape
farmer decision-making. Consequently, there is a lack of systematically
optimized, stage-specific SMT thresholds that are robust across both
spatial heterogeneity and future climate trajectories.

To bridge these gaps, this study couples AquaCrop with a nonlinear
optimization framework to derive robust, stage-specific soil moisture
threshold-based irrigation strategies (SMTIS) across Xinjiang under
both historical and future climate scenarios. Unlike conventional opti-
mization approaches that primarily seek to maximize absolute yield or
IWP, our framework identifies threshold configurations that maximize
IWP while explicitly constraining yield failure risk (yield loss < 10%)
under multidecadal climate variability. Specifically, this study aims to:
(1) derive climate-resilient, stage-specific SMTs across Xinjiang’s
diverse cotton-producing regions using a computationally efficient
optimization framework; (2) quantify the associated water savings and
IWP gains under both historical (2000-2022) and future (2031-2050
and 2061-2080) climate conditions, and evaluate the economic benefits
of these strategies relative to conventional irrigation practices under
historical baseline conditions; and (3) elucidate the climatic and edaphic
drivers governing the spatial variability in SMTIS performance. By
achieving these objectives, this study provides a regional-scale, forward-
looking biophysical assessment and delivers actionable irrigation stra-
tegies to support sustainable cotton production under a changing
climate.

2. Materials and methods
2.1. Study area

The Xinjiang Uyghur Autonomous Region, located in northwestern
China (73°40'-96°18E, 34°25'-48°10'N), covers an area of approxi-
mately 1.66 x 10° km? (Fig. 1a). The region is divided by the Tianshan
Mountains into Northern Xinjiang (NXJ) and Southern Xinjiang (SXJ)
(Fig. 1), which exhibit markedly different climatic conditions. NXJ,
situated at higher latitudes, is generally cooler and wetter. In contrast,
SXJ, shaped by the arid continental climate of the Tarim Basin, is
characterized by hotter and drier conditions and substantially stronger
evaporative demand (Zhou et al., 2025). These climatic contrasts
fundamentally shape regional water availability and determine irriga-
tion requirements. This study includes 10 experimental sites distributed
across both subregions (Fig. 1b), with detailed meteorological charac-
teristics provided in Table S1. Climatic conditions during the cotton
growing season (April to October) are illustrated in Fig. lc—f. Mean
temperatures range from 15 to 25 °C (Fig. 1c), with higher values
observed in the Tarim Basin and Turpan region. Precipitation remains
low throughout the area (Fig. 1d), with most locations receiving less
than 200 mm. Reference evapotranspiration (ETo) is relatively high
(500-1300 mm; Fig. le). Additionally, the region accumulates consid-
erable growing degree days (GDD), up to 2500 °C-day (Fig. 1f), which
are favorable for the growth and development of heat-loving cash crops
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Fig. 1. Geographic distribution of cotton cultivation areas and climatic conditions in Xinjiang. (a) Topography and geographic location of Xinjiang. (b) Distribution
and regional divisions of cotton planting areas. (c-f) Annual mean temperature, precipitation, reference evapotranspiration (ETo), and growing degree days (>10°C)
during the cotton growing season (April-October). Spatial meteorological data are derived from ERA5 and represent average conditions from 2000 to 2022. (g)
Seasonal dynamics of cotton water requirements across growth stages, showing peak demand and intensity during the flowering and boll-forming stage (>50% of
total seasonal water use), followed by the budding stage, with comparatively lower water demand during emergence and boll-opening stages.

such as cotton. Taken together, low precipitation and high evaporative
demand make irrigation indispensable for stable cotton production in
Xinjiang.

Beyond ensuring adequate water supply, further gains in water-use
efficiency depend on aligning irrigation with crop physiological de-
mand. In particular, leveraging phenology-driven differences in water
requirements provides a practical lever to optimize allocation under
water-limited conditions (Fig. 1g). Water demand is lowest during the
seedling stage, increases during squaring, and peaks during flowering
and boll setting, which typically accounts for > 50% of seasonal use;
demand then declines during boll opening (Ma and Li, 2002). This
pronounced intra-seasonal pattern provides a clear rationale for

stage-specific, demand-driven irrigation strategies in Xinjiang.

2.2. The technical route

The technical route of this study consists of five steps (Fig. 2). First,
observed data on cotton yield, growth, weather, soil properties, and
management were collected for model calibration and validation. Sub-
sequently, the AquaCrop model was calibrated and validated at 10
experimental sites using parameter sets of 15 widely cultivated cotton
varieties, with model performance evaluated against canopy cover,
aboveground biomass, and seed cotton yield. In the third step, both
conventional irrigation strategy (CIS) and SMTIS were designed. Site-
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Fig. 2. Schematic overview of the technical framework for developing soil moisture threshold-based irrigation strategies for cotton in Xinjiang using the AquaCrop
model. Abbreviations: Xinluzao33, XinshiK4, Zhongmian49, Xinluzhong66, and Tamian2 = representative cotton cultivar parameter sets used for model calibration
and validation; CIS = conventional irrigation strategy; SMTIS = soil moisture threshold-based irrigation strategy; SLSQP = Sequential Least Squares Quadratic
Programming (optimization algorithm); IWP = irrigation water productivity; AYield, Alrrigation, and AIWP = changes in yield, irrigation, and IWP under SMTIS
relative to CIS (SMTIS — CIS); GCMs = general circulation models; SSP = Shared Socioeconomic Pathway (scenarios SSP2-4.5 and SSP5-8.5); Tavg = mean tem-
perature during the cotton growing season; Prcp = precipitation during the growing season; ETo = reference evapotranspiration during the growing season; GDD
= growing degree days during the growing season; Silt, Clay = soil texture composition (%); Bdod= bulk density; SOC = soil organic carbon.
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specific SMTs were optimized using the sequential least squares pro-
gramming (SLSQP) algorithm to maximize IWP under a yield loss < 10%
constraint, and spatially SMTs maps were generated through Ordinary
Kriging. These optimized thresholds provided the basis for the fourth
step, in which AquaCrop was applied to regional-scale simulations under
historical (2000-2022) and projected future (2031-2050 and
2061-2080) climate scenarios, driven by six general circulation models
(GCMs) and two SSPs (SSP2-4.5 and SSP5-8.5). Finally, the benefits of
SMTIS relative to CIS was assessed in terms of changes in cotton yield
(AYield), irrigation amount (Alrrigation), irrigation water productivity
(AIWP), and economic benefits (EB), while the driving fac-
tors—including mean temperature, precipitation, ETo, soil organic car-
bon, bulk density, and soil texture—were identified through correlation
and regression analyses.

2.3. Data sources and processing

This study integrates multi-source datasets—including field trials,
meteorological observations, climate projections, cropland maps, and
soil attributes—to support model calibration and regional simulations in
Xinjiang. Field observations were compiled from 10 cotton experimental
sites spanning diverse agro-environmental conditions (Table 1).

The primary variables included leaf area index (LAI), aboveground
biomass, and seed cotton yield; where available, management infor-
mation (e.g., planting date, irrigation scheduling, and tillage) was also
recorded. Specifically, to capture the physiological dynamics across
growth stages, LAI data were collected as a continuous time series
(typically 4-6 measurements) spanning from seedling to maturity for
each site-year. For model simulations, canopy cover (CC) was estimated
from LAI using the empirical relationship proposed by Garcia-Vila et al.
(2009) :

1

— 1.3

cc ziew 1)
1+e13

Among these sites, a two-year field experiment was conducted at the
Shihezi in 2021-2022, where LAI, aboveground biomass, and yield of
the cultivar Xinluzhong46 were measured. Three additional sites—Aksu,
Fukang, and Qira—belong to the Chinese National Ecosystem Research
Network (CERN; https://www.cnern.org.cn), which provides long-term
standardized agricultural observations across multiple cultivars
(2005-2020). Data for the remaining six sites (Weili County, Tumush-
uke, Korla, Huyanghe, Urumgqi, and Shawan County) were extracted
from peer-reviewed publications. To ensure robust evaluation, each site
dataset was consistently split into calibration and validation years ac-
cording to the cultivar and observation period.
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These harmonized datasets provided the basis for analyzing long-
term regional patterns in cotton production and water use. Based on
observational data from 10 experimental sites, we analyzed the inter-
annual variation in cotton yield, irrigation amount, and IWP under this
cultivation system (Fig. 3a—c). From 2005-2021, cotton yield increased
from 4.72 t ha™ in 2005-6.21 t ha™! in 2021, with an average of 5.21 t
ha™' . Seasonal irrigation amount showed substantial interannual vari-
ability, averaging 763.16 mm, while IWP exhibited an overall increasing
tendency despite fluctuations, with a mean of 0.84 kg m= . The shaded
areas represent the standard deviation among sites, indicating the
spatial variability of the observed indicators.

In addition to the field observations, several gridded datasets were
used to provide consistent spatial information on cotton cropland dis-
tribution, meteorological conditions, and soil properties (Table 2).

Cotton cropland in Xinjiang was delineated from the SPAM 2020
v2.0 global dataset, which provides 5-arcminute resolution crop distri-
bution maps derived through a cross-entropy downscaling approach.
The SPAM dataset is widely used due to its high consistency with official
agricultural statistics and its reliable representation of spatial crop
patterns (International Food Policy Research Institute (IFPRI), 2024).

For regional simulations, historical daily meteorological data
(2000-2022) were derived from the ERA5-Land Daily Aggregated
reanalysis product, which provides global land surface variables at 0.1°
spatial resolution (Copernicus Climate Change Service, 2019). Future
daily climate data (2023-2080) were sourced from the
NEX-GDDP-CMIP6 v2.0 archive (Thrasher et al., 2022). This dataset
downscales CMIP6 model output to ~0.25° resolution using the
bias-correction spatial disaggregation method. This method uses quan-
tile mapping to align each model’s cumulative distribution with obser-
vations from the Global Meteorological Forcing Dataset over a
1960-2014 reference period, and then reinstates long-term trends. Bias
correction and downscaling are applied to variables such as daily
maximum and minimum temperature, precipitation, humidity, radia-
tion and wind speed; from these we extracted bias-corrected tempera-
ture and precipitation and combined them with scenario-specific CO2
trajectories for our simulations. Projections were drawn from six CMIP6
models (BCC_CSM2 MR, HadGEM3_GC31_LL, FGOALS-g3, IPSL_C-
M6A_LR, GFDL_ESM4 and MIROC6, see Table S2) under two
socio-economic pathways (SSP2-4.5 and SSP5-8.5), capturing a repre-
sentative range of climate sensitivities and regional responses (O’Neill
et al., 2016). Fig. S2 shows projected changes in mean temperature,
precipitation, and atmospheric CO:. In Xinjiang’s cotton-growing re-
gions, temperature is projected to increase steadily, with stronger
warming under SSP5-8.5, while precipitation remains relatively stable.
Atmospheric CO:z concentrations are projected to increase from current
levels (~410 ppm) to approximately 520 ppm under SSP2-4.5 and

Table 1
Summary of sites, data sources, observed variables, cultivars, and calibration/validation years.
Site Source Observations Cultivar Calibration year Validation year
Shihezi Field experiment (this study) LAI, Biomass Xinluzhong46 2021 2022
Yield
Aksu Chinese National Ecosystem Research Network LAI, Biomass, Zhongmian49 2007 2008
(https://www.cnern.org.cn/) Yield Tongnong1 2009 2010
Tamian2 2012-2014 2015
LAI, Biomass, Xinluzhong66 2018 2019
Fukang Yield 83-1 (local line; exact cultivar name not reported) 2009-2014 2015-2020
XinshiK4 2005-2006 2007-2008
Qira LAI Biomass, Xinluzao28 2013 2018
Yield Yumianl5 2015 2016
Zhongkemian1 2019 2020
Weili County Meng (2021) LA]J, Yield Xinluzhong78 2018 2019
Tumushuke Zhang et al. (2016) LA]J, Yield Zhongmian49 2014 2015
Korla Bai et al. (2024) LAL Yield Xinluzhong67 2020 2021
Huyanghe Kang (2021) Biomass, Yield Zhongmiansuo109 2019 2020
Urumgqi Wang et al. (2016) LAI, Biomass, Xinluzao26 2010 2011
Yield
Shawan Zhao (2022) Yield Xinnongdal2 2017 2018




B. Chen et al.

European Journal of Agronomy 178 (2026) 128152

~ 8- (a)
IfU
<
)
=
=
>
~ (b)
£ 1500 1
£ 1000
< -
2
£ 500

2005 2007 2009 2011

2013 2015 2017 2019 2021

Fig. 3. Long-term trends in seed cotton yield, seasonal irrigation amount, and irrigation water productivity at 10 experimental sites in Xinjiang from 2005 to 2021
(a—c).Temporal trends in average cotton yield (t ha’l), seasonal irrigation amount (mm), and irrigation water productivity (kg m~2) from 2005 to 2021, based on
observational data from 10 experimental sites. Solid lines indicate annual means, shaded areas represent the standard deviation among sites, and dashed horizontal
lines denote the multi-year averages. Data from 2022 were excluded because only one site-year of observations was available.

Table 2
Spatial datasets with temporal coverage and source links used in this study.

Data name Data type Link Period Spatial resolution

Original After sampling
SPAM 2020 v2.0 Cropland map https://doi.org/10.7910/DVN/ZWSFAA Static 5' 5'(~10 km)
ERA5-Land Historical meteorological dataset https://doi:10.24381/cds.68d2bb30 2000-2022 0.1°
NEX-GDDP-CMIP6 Future meteorological dataset https://doi:10.5194/hess-16-3309-2012 2031-2080 0.25°
SoilGrids Soil dataset https://doi.org/10.7910/DVN/1PEEYO0 Static 5

about 650-670 ppm under SSP5-8.5 by the 2070 s.

Soil properties were obtained from a global gridded soil database at
5-arcminute resolution (Poggio et al., 2021). The dataset includes six
standard soil layers (0-5cm, 5-15cm, 15-30cm, 30-60 cm,
60-100 cm, and 100-200 cm), and provides key physical and chemical
attributes such as soil texture (sand, silt, and clay), bulk density, soil
organic carbon, cation exchange capacity, and hydraulic parameters
required for crop modeling. All spatial inputs were resampled to 5-arc-
minute (~10 km) resolution, yielding 1337 cotton cropland simula-
tion grids.

2.4. Model-based simulation of cotton growth and yield

2.4.1. AquaCrop model

The AquaCrop model, developed by the Food and Agriculture Or-
ganization, simulates crop growth, biomass accumulation, and yield
formation under different water conditions (Todorovic et al., 2009).
Designed to balance biophysical realism with parameter simplicity, it
captures key soil-plant-atmosphere interactions while remaining robust
across diverse climates and management practices. Owing to these fea-
tures, AquaCrop is widely used for irrigation scheduling, water pro-
ductivity assessment, and climate impact analysis.

The model consists of four main modules—meteorology, crop, soil,
and management—that jointly simulate the soil-plant-atmosphere con-

tinuum. Its core mechanism is based on a daily soil water balance and
quantifies the effects of water stress on crop productivity. AquaCrop
builds on the classical water-yield relationship described in FAO Irri-
gation and Drainage Paper No. 33 (Doorenbos and Kassam, 1970):

Yn—Y, ET, — ET,
Ym Ky( ETn ) 2
where Y, and Y, are maximum and actual yields, ET,, and ET, are
maximum and actual evapotranspiration. K, the proportionality factor
between relative yield decline and relative reduction in evapotranspi-
ration.

AquaCrop evolves from the K, approach by separating the actual
evapotranspiration (ET) into soil evaporation (E) and crop transpiration
(Tr).

ET=E+Tr 3

The model assumes that crop yield is primarily driven by transpira-
tion rather than evaporation. Daily crop transpiration is linked to
aboveground biomass production (B) via a normalized water produc-
tivity parameter (WP*):

B=wpS Tr, “

n

i=1
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where B (kg m2) is total aboveground biomass, WP* (kg m2mm D is
the normalized water productivity parameter, Tr; is transpiration (mm)
on day i and n is the number of growing days.

The final seed cotton yield (Y, kg m~2) is computed as the products of
d aboveground biomass and the harvest index (HI), where HI represents
the fraction of total aboveground biomass allocated to the economic
yield:

Y=HIB (5)

2.4.2. Model calibration and validation

In this study, we utilized AquaCrop-OSPy (version 3.0.11), the open-
source Python implementation of AquaCrop (Kelly and Foster, 2021).
While AquaCrop provides a suite of standard crop parameters for cotton,
these parameters necessitate adjustment to align with local environ-
mental and agronomic conditions (Raes et al., 2012). To enhance model
reliability for the study region, we calibrated and validated
AquaCrop-OSPy using aforementioned field trial data, including canopy
cover (CC), aboveground biomass, and seed cotton yield, collected from
10 experimental sites. Prior to calibration, we assumed full pre-planting
irrigation across all plots, with initial soil water content set to field ca-
pacity. Mulching was applied with a coverage rate of 80% (Tan et al.,
2018). Given the deep groundwater table in most parts of Xinjiang,
groundwater contribution was excluded from the simulation (Li et al.,
2024b).

The calibration process involved iteratively adjusting parameters
within the ranges recommended by Raes et al. (2012) and Tan et al.
(2018). Calibration and validation were performed independently for
each cotton variety at each site, using a trial-and-error approach to
fine-tune and correct model parameters based on these reference values.
The calibration process began with the simulation of canopy develop-
ment by adjusting parameters such as maximum canopy cover, the
canopy growth coefficient, the canopy decline coefficient, and
water-stress parameters. Model outputs were evaluated against
observed canopy cover values (Fig. S3 and Fig. S4). Subsequently,
aboveground biomass (Fig. S5 and Fig. S6) and seed cotton yield were
calibrated. The final calibrated parameters for each cotton variety are
provided in Table S3.

2.4.3. Model performance evaluation
We assessed model performance using the coefficient of determina-
tion (RZ), root mean square error (RMSE), and the index of agreement

(d):

RZ — i=1 (6)

— — PR— . 2
RMSE =, |- le (Si—0) @)
(S — 0,2
d= 1- = (8)

> (IS = 0| +0: - 0])*

i=1

where Oland S’ are observed and simulated values, O is the mean of
observed values, and n is the sample size. R? quantifies the proportion of
variance explained; RMSE reflects absolute deviations (lower is better);
d evaluates overall agreement and is informative when R? alone may
miss systematic bias. Model performance is generally considered
acceptable when R? > 0.5 or d > 0.65; RMSE approaching zero indicates
high accuracy (Jacovides and Kontoyiannis, 1995; Legates and McCabe,
1999).
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2.5. Definition and optimization of irrigation scheduling strategies

2.5.1. Conventional irrigation strategy

In Xinjiang, limited water availability has led to government-
regulated rotational irrigation, typically at 5-10 day intervals (Meng,
2021; Wu, 2015). In this study, CIS is represented by a 7-day fixed
schedule following Song et al. (2023), with soil moisture replenished to
field capacity at each event.

2.5.2. Soil moisture threshold-based irrigation strategy

The SMTIS was implemented in AquaCrop by defining stage-specific
soil moisture thresholds as fractions of TAW. Irrigation was automati-
cally triggered once simulated root-zone depletion exceeded the
threshold for a given growth stage. The SMTs in four cotton phenological
stages were considered: emergence (SMT1), canopy growth (SMT>2),
maximum canopy cover (SMTs), and senescence (SMT4) (Liu et al.,
2025).

Soil moisture threshold definition
For each experiment site i = 1, ..., 10 and cotton growth stage s =
1,...,4, the soil moisture threshold is denoted:

SMTi_s S [SMTmin, SMTmax] (9)
where SMT;is the soil moisture threshold (as a fraction of TAW) that
triggers irrigation, and SM Ty, and SM Ty, are the lower and upper
bounds of allowable thresholds, set to 55% and 100%, respectively.
A lower bound of 55% TAW was imposed to avoid excessive stress
during optimization, consistent with FAO-56 guidelines for row
crops such as cotton (Allen et al., 1998; Fereres and Soriano, 2007).
Irrigation trigger condition

On day t of year n at site i, the relative root-zone depletion is
defined as:

Orci — Oine

Din: = Dy €[0,1] 10)

Orci — Opwpi

where Op¢; is the volumetric soil water content at field capacity,
Opwp; is the volumetric soil water content at permanent wilting
point, and
0;n: is the actual soil water content on day t of year n at site i.
Let s(t) denote the growth stage of the crop on day t. Irrigation was
triggered when:

line =1 { Din.x(t) > SMT; } (11

where [;,; represents the irrigation decision variable (1 if irrigation
occurs, 0 otherwise) on day t of year n at site i; when triggered,
irrigation replenished the soil profile to field capacity.
Optimization framework

The optimization aimed to maximize IWP while constraining yield
loss under SMTIS to less than 10% relative to the CIS. This dual-
objective design reflects both the regional imperative of improving
water-use efficiency and the agronomic requirement of yield stability
(Fanuel et al., 2018; Sadati et al., 2014).IWP and yield difference are
defined as:

wp— _ed 12
Irrigation
AYield = YieldSMT[S — Yieldas (13)

where Yield is the seed cotton yield (kg ha™), Irrigation is the seasonal
irrigation amount (m?® ha™'), and AYield is the yield difference be-
tween SMTIS and CIS.

For each site, AquaCrop simulations were conducted over the
historical period (2000-2022), and annual results for yield and
irrigation water were averaged to obtain long-term mean values.
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These multi-year averages were then used to calculate irrigation
water productivity (see Supplementary Text S1 for the detailed
formulation of annual averaging and calculations). The optimization
problem for site i is formulated as:

{sMT;,, SMT;,, SMT,, SMT;,}—arg max IWP:({SMT.})

{sMIic}
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subject to the yield constraint:

Yasi — Yi({SMT})

<10% (15)
Yas.

where IWP; denotes the mean irrigation water productivity, and Vs ;
and Y;({SMT;;}) denote the mean yields under CIS and SMTIS,
respectively, over the historical period at site i.

These optimized thresholds represent site-specific lower limits for
soil moisture that balance the trade-off between maximizing IWP and
maintaining yield stability. By integrating local soil hydraulic
properties and long-term climate variability, the optimization iden-
tifies the critical depletion levels required to minimize non-
productive evaporation while ensuring crop water stress remains
within a recoverable range (yield loss < 10%).

The nonlinear constrained optimization problem described above
was solved using the Sequential Least Squares Programming (SLSQP)
algorithm, a gradient-based iterative method that efficiently handles
both equality and inequality constraints (Gong et al., 2023). SLSQP is
particularly suitable in this context because irrigation thresholds
must remain within physically realistic bounds while simultaneously
satisfying yield constraints (Ran et al., 2025). To enhance robustness
and reduce sensitivity to initial conditions, each site-level optimi-
zation was repeated 1000 times with randomly generated initial
threshold values, and the best-performing solution was retained.
Detailed descriptions of the optimization configuration—including
convergence criteria (e.g., termination tolerance, constraint viola-
tion thresholds) and stopping conditions—are provided in Text S2.
All optimization runs converged successfully under these criteria,
and the stage-specific optimal thresholds for each site are summa-
rized in Table S4.

Because crop water requirements are jointly determined by soil
water status and atmospheric demand (Zhang et al., 2021), it is
necessary to clarify how atmospheric demand is represented within
the modeling framework. In AquaCrop, atmospheric evaporative
demand is incorporated through reference evapotranspiration (ETo),
which is calculated using the FAO Penman—Monteith equation (Allen
et al., 1998):

900
0.408A(R, — G) + ymuz(es —€) (16)

A +7(1+40.34u,)

ETy =

where ET) is reference evapotranspiration (mm day™), R, is net ra-
diation at the crop surface (MJ m™ day™), G is soil heat flux density
(MJ m2day™), T is mean daily air temperature at 2 m height (°C), uy
is wind speed at 2 m height (m s™), e, is saturation vapour pressure
(kPa), e, is actual vapour pressure (kPa), es-e, represents the vapour
pressure deficit (VPD, kPa), A is the slope of the vapour pressure
curve (kPa °C™), and y is the psychrometric constant (kPa °C™).
Variations in VPD are therefore inherently captured in ETo calcu-
lations and directly regulate crop transpiration and soil water
depletion rates (an example is shown in Fig. S10). Under higher at-
mospheric demand, accelerated transpiration leads to more rapid
soil moisture depletion, causing the prescribed threshold to be
reached earlier and increasing irrigation frequency. Conversely,
under lower atmospheric demand, soil water depletion proceeds
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more slowly and irrigation events are delayed. Consequently,
although this study employs fixed, stage-specific soil moisture
thresholds, irrigation timing and frequency respond dynamically to
atmospheric demand through the coupled soil-plant-atmosphere
system dynamics.

Importantly, the optimal stage-specific thresholds (SMT;,) are
derived through nonlinear constrained optimization over a long-
term historical climate sequence (2000-2022), which spans a wide
range of atmospheric demand conditions, including years with high
VPD and elevated evaporative demand. In this sense, the thresholds
can be viewed as having been implicitly stress-tested across diverse
atmospheric regimes. Consequently, the optimized stage-specific
thresholds represent a statistically optimal compromise under his-
torical climate variability, balancing yield risk during high-demand
periods against water-saving potential during low-demand
conditions.

Spatial upscaling of optimal SMTs

Having obtained site-level optimal thresholds, we then upscaled
these point-based results to regional surfaces for spatial analysis.
Optimized stage-specific thresholds (SMT;-SMT,) were interpolated
into regional maps using Ordinary Kriging. Station coordinates were
reprojected to the target coordinate reference system, and interpo-
lation grids were generated from the study GeoTransform. Following
semi-variogram testing, a spherical model was selected, as it is
widely used in agricultural and environmental applications for
capturing spatial dependence that levels off beyond a finite range
(Hengletal., 2017; Wen et al., 2025). Model parameters (nugget, sill,
range) were automatically fitted to the data. The interpolated out-
puts were masked to cotton cropland and exported as single-band
GeoTIFFs with consistent coordinate reference system and 5
(~10 km) resolution.

2.6. Regional-scale simulation in Xinjiang

Regional simulations were performed for 1337 cotton cropland grids
in Xinjiang, with all 15 cotton cultivars simulated in each grid. Grid-
level results were calculated as the mean of the cultivar-specific simu-
lations. To ensure consistency and comparability, all non-climatic inputs
and model parameters were kept constant between the historical and
future simulations. These inputs included planting dates, crop parame-
ters, and management practices, all of which were based on the vali-
dation values described in previous sections. Soil properties, derived
from the SoilGrids dataset, were treated as static inputs, as they change
slowly over time and are unlikely to vary significantly within the
simulation period.

The only inputs that varied between the historical and future simu-
lations were the climate drivers, including temperature, precipitation,
and atmospheric CO2 concentration. Historical simulations used ERA5-
Land reanalysis data, while future projections were based on statisti-
cally downscaled NEX-GDDP-CMIP6 climate scenarios. Under these
consistent settings, the AquaCrop model was used to simulate seed
cotton yield, seasonal irrigation amount, and IWP under both the CIS
and SMTIS. This approach ensured that any differences in simulation
outcomes between the historical and future periods could be attributed
solely to the effects of climate change.

2.7. Evaluation of SMTIS benefits and its driving factors

To evaluate SMTIS benefits relative to CIS, we calculated changes in
seasonal irrigation amount, irrigation water productivity, and economic
benefits:

Alrrigation = Irrigationg,,,s — Irrigation s a7

AIWP = IWPgyrs — IWP¢is 18)
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EB = AYield x CP — Alrrigation x WP (19)
where Alrrigation is the change in seasonal irrigation amount (m® ha™),
AIWP is the change in irrigation water productivity (kg m™>), and EB is
the net economic benefit (CNY ha!) of SMTIS relative to CIS. The cotton
price (CP), representing the market price of seed cotton, was set at 7.20
CNY kg™, while the water price (WP), representing the cost of irrigation
water, was set at 0.407 CNY m™3 (Dong et al., 2024; Yang and Ma, 2024).

To identify the key climatic and soil drivers of SMTIS effectiveness,
we employed an ordinary least squares regression with standardized
predictors and response variables (Freedman, 2009).The predictors
included mean growing season temperature (Tavg), precipitation (Prcp),
ETo, GDD, soil texture components (silt and clay), bulk density (Bdod),
and soil organic carbon (SOC). To minimize multicollinearity among
predictors, we adopted a correlation-based screening approach,
excluding variables with Pearson correlation coefficients [r| > 0.8 (Chen
etal., 2025a; Jayasinghe and Kumar, 2019; Yu et al., 2022). As shown in
Fig. S7, sand content was strongly negatively correlated with silt
(r =-0.85) and therefore excluded, while either Tavg or GDD was
retained because of their near-perfect positive correlation (r = 0.95).
The remaining predictors all exhibited |r| < 0.6, indicating acceptable
levels of intercorrelation for regression analysis.

The response variable Y in Eq. (20) represents one of the four metrics
comparing SMTIS with CIS: change in seed cotton yield, change in
irrigation water amount, change in IWP, or EB. Each response was
modeled separately. To capture temporal heterogeneity, interaction
terms between predictors and simulation periods (historical, 2040 s,
2070 s) were included. All predictors and responses were standardized
to allow comparability of effect sizes. The regression model was
expressed as:

Y = Z.Xi X Periodj + & (20)

where X; denotes standardized predictors, Period; represents simulation
periods, and interaction terms capture the marginal contributions of
predictors within each period. Standardized regression coefficients were
extracted for each period, and mean values across periods were calcu-
lated to reveal overall trends.

To facilitate transparency, reproducibility, and future reuse, the
optimization framework integrating AquaCrop with the SLSQP algo-
rithm and the accompanying geospatial data processing scripts has been
publicly released. The codes are available at https://github.com/Smart
AG-NWAFU/xinjiang-cotton-smt-irrigation.

3. Results
3.1. Model calibration and validation

The AquaCrop model was calibrated and validated using observed
canopy cover, aboveground biomass, and seed cotton yield across the 10
experimental sites (Fig. 4). Canopy cover was reproduced with high
accuracy (R? = 0.94, RMSE = 7.45%, d = 0.99 for calibration; R* = 0.95,
RMSE = 6.69%, d = 0.99 for validation). Aboveground biomass was also
well captured (R? = 0.95, RMSE = 1.29 t ha™!, d = 0.99 for calibration;
R? = 0.91, RMSE = 1.78 t ha’l, d = 0.98 for validation). Seed cotton
yield was simulated with acceptable accuracy, though less precise than
canopy cover and biomass (R2 = 0.88, RMSE = 0.36 t ha™, d = 0.97 for
calibration; R? = 0.80, RMSE = 0.38 t ha™!, d = 0.96 for validation).
Overall, these results confirm that AquaCrop can reliably reproduce
cotton growth and yield dynamics in Xinjiang, providing a robust
foundation for subsequent optimization and scenario analyses.

3.2. Optimized spatial thresholds for SMTIS

After model validation, stage-specific soil moisture thresholds were
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Fig. 4. Comparison between observed and simulated values of canopy cover,
aboveground biomass, and seed cotton yield during model calibration (left
panels) and validation (right panels). The black dashed lines represent the 1:1
line. Biomass refers to aboveground biomass, and yield refers to seed cotton
yield. Model performance was evaluated using the coefficient of determination
(Rz), root mean square error (RMSE), and the index of agreement (d). Model
performance is generally considered acceptable when R* > 0.5 or d > 0.65,
with RMSE values approaching zero indicating high simulation accuracy.

optimized at each site and interpolated into regional maps (Fig. 5). The
optimized threshold during the emergence stage (SMT;) remained
relatively uniform across Xinjiang, clustering around 62-63% of TAW
(mean = 62.6%). During canopy growth, the optimized threshold
(SMT3) increased slightly, ranging from 64% to 72% of TAW (mean =
67.9%), reflecting the greater water requirements associated with rapid
vegetative expansion. The threshold during the maximum canopy cover
stage (SMT;) exhibited the highest spatial variability, spanning
74-100% of TAW (mean = 81.6%), indicating strong spatial heteroge-
neity in mid-season water demand. By contrast, the threshold during
senescence (SMT,) decreased and converged toward lower values,
averaging around 57% of TAW (mean = 57.4%), consistent with
declining water demand in the late growth stage. Overall, these results
demonstrate that irrigation thresholds are most sensitive and spatially
variable during the maximum canopy cover stage, underscoring the
critical importance of mid-season water management for optimizing
irrigation water productivity at the regional scale.

3.3. Effects of SMTIS on yield, irrigation and water productivity

To further assess the performance of the SMTIS and its potential
advantages over the CIS, we analyzed their impacts on seed cotton yield,
seasonal irrigation water amount and IWP under both historical and
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Fig. 5. Optimized spatially soil moisture thresholds for cotton at four growth stages: emergence (SMT;), canopy growth (SMT3), maximum canopy cover (SMT3),
and canopy senescence (SMT,). Thresholds are expressed as percentages of total available water (TAW). Insets show frequency distributions of thresholds, and the

red dashed line indicates the mean value for each stage.

future climate conditions. Figs. S8 and S9 present the spatial and tem-
poral patterns of seed cotton yield, irrigation water amount, and IWP
under CIS and SMTIS, respectively. Under the CIS, seed cotton yield
exhibited a broadly similar spatial distribution across Xinjiang. Irriga-
tion water amount showed a distinct spatial gradient, with higher values
in southern Xinjiang (around 700 mm) and lower values in the northern
region (around 550 mm). IWP was consistently higher in northern areas
than in the south. From a temporal perspective, climate change led to a
clear increase in yield, rising from approximately 6.0 t ha™! in the his-
torical period to about 6.9 t ha™ in future scenarios, whereas changes in
irrigation water amount and IWP remained relatively small. Under the
SMTIS (Fig. S9), the spatial distribution of yield was broadly similar to
that under CIS, and IWP remained slightly higher in northern Xinjiang.
Spatial differences in irrigation water amount were less pronounced,
with values in both regions mostly ranging between 350 and 450 mm.
Over time, climate change further increased yield and slightly improved
IWP, while irrigation water amount exhibited minimal variation.
Building on these spatial and temporal patterns, we further quanti-
fied the relative performance of SMTIS compared with CIS to understand
how the optimized irrigation strategy modifies crop production and
irrigation water amount (Fig. 6). Cotton yields showed slight reductions
in the historical period (0-0.5 t ha™'), but shifted to consistent gains in
the future, with the largest increases (0.5-0.92 t ha™) projected for the
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2070 s under SSP5-8.5. Seasonal irrigation amount was consistently
reduced. Historically, reductions were concentrated at 200-300 mm,
while under future climates the spatial gradient widened: 200-250 mm
in northern Xinjiang and 250-300 mm in the south. IWP improved
robustly across all scenarios. Increases of 0.5-0.85kg m™ were
observed historically, rising to 0.75-1.0 kg m™ by the 2070 s under
SSP5-8.5. Northern Xinjiang generally exhibited stronger improvements
than the south, particularly in the historical period.

3.4. Comparative performance of SMTIS and CIS under climate change

Fig. 7 provides an overall comparison of SMTIS and CIS across his-
torical and future climate scenarios. In the historical period, cotton seed
yields under the two strategies were nearly identical. Under future cli-
mates, however, SMTIS delivered clear advantages, with mean yield
gains reaching 0.65 t ha™ by the 2070 s under SSP5-8.5 (Fig. 7a). In
contrast, irrigation and IWP exhibited complementary responses. Sea-
sonal irrigation under SMTIS was consistently lower, averaging 247 mm
less than CIS across all periods (Fig. 7b). These reductions directly
translated into efficiency gains, with mean IWP increasing by
0.83 kg m™ relative to CIS (Fig. 7c). The consistency across six CMIP6
climate models—evidenced by narrow interquartile ranges and close
agreement of multi-model means—underscores the robustness of these
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Fig. 6. Changes in cotton yield (AYield), seasonal irrigation amount (Alrrigation) and irrigation water productivity (AIWP) under soil moisture threshold-based
irrigation strategy relative to conventional irrigation strategy in Xinjiang. Results are shown for the historical period (2000-2022) and future scenarios (2040 s:
2031-2050; 2070 s: 2061-2080) under SSP2-4.5 and SSP5-8.5. Insets show site-level frequency distributions for each indicator.

outcomes. Overall, SMTIS emerges as a reliable strategy for reducing
water use while simultaneously enhancing productivity under varying
climate conditions.

3.5. Drivers of SMTIS effectiveness

Fig. 8 presents the regression coefficients of climatic and soil pre-
dictors for SMTIS effectiveness, including average effects across all
simulation periods (Fig. 8a) and period-specific effects for the historical
period, the 2040 s, and the 2070 s (Fig. 8b-d). Overall, climatic variables
exerted stronger influences than soil properties. Higher ETo was strongly
and negatively associated with Alrrigation (—0.82), indicating greater
irrigation savings under high evaporative demand. Precipitation showed
negative coefficients with both AYield (—0.34) and EB (—0.28), sug-
gesting that drier regions benefited more in terms of yield and profit-
ability. In contrast, precipitation was positively related to AIWP (0.36),
meaning that wetter regions achieved larger improvements in irrigation
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water productivity. Among soil factors, silt content was positively
associated with AIWP (0.17) and EB (0.11).

Period-specific effects revealed clear shifts over time. For AYield, the
coefficient of Tavg was positive in the historical period (0.24) but
became negative in the 2040 s (—0.06) and 2070 s (—0.08). Likewise,
ETo had a negative coefficient with AYield historically (—0.46) but
turned positive in the future (0.03 and 0.05 in the 2040 s and 2070 s).
Soil effects also strengthened: the coefficient of silt with AYield rose
from 0.02 in the historical period to 0.12 in the 2070 s, while bulk
density increased from —0.02-0.11 over the same interval.

Together, these results demonstrate that SMTIS effectiveness is co-
regulated by climate and soil. Climate variables dominate under cur-
rent conditions, whereas soil properties gain importance as climate
stress intensifies. This pattern is conceptually summarized in Fig. S11,
which highlights the temporal shift from climate-dominated to more
soil-influenced regulation of SMTIS performance. These findings suggest
that prioritizing SMTIS in regions with high evaporative demand and
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Fig. 7. Comparative performance of soil moisture threshold-based irrigation strategy (SMTIS) and conventional irrigation strategy (CIS) for cotton production in
Xinjiang under climate change scenarios. Panels show (a) cotton seed yield, (b) seasonal irrigation amount and (c) irrigation water productivity across the historical
period (2000-2022), the 2040 s (2031-2050), and the 2070 s (2061-2080). Results are presented for six CMIP6 climate models under SSP2-4.5 and SSP5-8.5, with

red points indicating multi-model means.

favorable soil conditions will maximize water-saving and economic
benefits.

4. Discussion

Xinjiang, one of the world’s largest cotton-producing regions, faces
severe water scarcity, making efficient irrigation essential (Chen et al.,
2025b; Geng et al., 2023). In this study, we combined the AquaCrop
model with the SLSQP algorithm and Kriging interpolation to design a
soil moisture threshold-based irrigation strategy (SMTIS). Once vali-
dated, SMTIS demonstrated that optimized thresholds could lower sea-
sonal irrigation amount by 200-300 mm, while keeping yields stable in
the past and improving them under future climates. Yield gains were
most pronounced in the 2070 s under the SSP5-8.5 scenario, reaching
up to 0.92 t ha™', alongside notable improvements in irrigation water
productivity (IWP) ranging from 0.75 to 1.0 kg m=. Overall, SMTIS
offers a robust and climate-resilient pathway to improve water-use ef-
ficiency, sustain cotton yields, and support water management in arid
cotton-growing regions.

4.1. Optimized SMTIS thresholds

The optimized soil moisture thresholds exhibited clear stage-specific
differences, consistent with cotton’s physiological water requirements.
In this study, the average optimized thresholds, expressed as percent-
ages of total available water (TAW), were 62.1% at emergence, 67.0% at
canopy growth, 81.9% at maximum canopy cover, and 57.1% at canopy
senescence (Fig. 5). This progression reflects cotton’s dynamic water
demand: moderate during early vegetative growth, peaking during
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reproductive development when boll formation is highly sensitive to
stress, and declining during maturation as assimilates are redirected to
fiber development (Dong et al., 2000; Li et al., 2019). Previous studies
based on field capacity reported broadly similar ranges, such as 55-80%
FC across stages (Li et al., 2013; Pan et al., 2019; Wang et al., 2018).
Compared with these FC-based guidelines, our TAW-based results pro-
vide a more systematic and spatially explicit framework, enabling
thresholds to be dynamically adapted to environmental conditions
across Xinjiang.

Beyond the stage-specific averages, thresholds also displayed sub-
stantial spatial variability, indicating that optimal irrigation regimes are
shaped by environmental as well as physiological factors. Thresholds at
maximum canopy cover showed the widest spread (74-100% of TAW),
whereas emergence and canopy senescence thresholds were more
narrowly distributed (+3-5%). This variability reflects the joint influ-
ence of climate and soil conditions. In southern Xinjiang, where pre-
cipitation is scarce and evaporative demand is high, higher thresholds
were required to avoid water stress, consistent with findings by He et al.
(2020), who reported sharp yield declines when irrigation was delayed
below 65-70% FC (about 40-50% TAW). By contrast, in northern Xin-
jiang, relatively higher rainfall and lower evaporative demand, allowed
crops to tolerate lower thresholds without yield penalties. Soil proper-
ties reinforced these regional contrasts: sandy soils with low organic
matter and high bulk density, common in the south, dried rapidly and
necessitated earlier irrigation, while loamy soils with higher
water-holding capacity in the north buffered short-term deficits and
permitted lower thresholds without yield loss (Li et al., 2019; Rui, 2024;
Wang et al., 2023). These spatial contrasts demonstrate that climatic
aridity and soil properties jointly drive the regional variability of
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(c)
Alrrigation = 0.08 0.59 -0.10 -0.02 0.03 0.01
AYield 4 -0.06 -0.36 0.03 0.13 0.06 0.10 -0.03 2040s
AIWP 4 -0.06 0.33 -0.21 I 0.19 0.07 -0.02 -0.01
(d)
Alrrigation = 0.07 0.55 -0.79 -0.09 -0.01 0.03 0.01
Avield 4 -0.08 -0.36 0.05 0.12 0.06 0.11 -0.03 | 2070s
AIWP 4 -0.05 0.37 -0.23 0.18 0.06 -0.01 -0.02
I 1 1 I I T T
Tavg Prcp ETO Silt Clay Bdod SOC

Fig. 8. Regression coefficients of climatic and soil predictors for soil moisture threshold-based irrigation strategy effectiveness. (a) Average coefficients across all
simulation periods (historical:2000-2022, 2040 s: 2031-2050, and 2070 s: 2061-2080); (b—d) Period-specific coefficients. Tavg: mean growing season temperature;
Prcp: precipitation; ETo: potential evapotranspiration; GDD: growing degree days; Silt and Clay: soil texture components; Bdod: bulk density; SOC: soil organic
carbon. Response variables include AYield (yield change), Alrrigation (irrigation change), AIWP (change in irrigation water productivity), and EB (change in

economic benefits), each expressed relative to conventional irrigation.

optimized irrigation thresholds, indicating that uniform thresholds are
unsuitable across Xinjiang. Instead, regionally tailored, stage-specific
threshold maps are essential for irrigation management.

4.2. Climatic and soil drivers of SMTIS effectiveness

Climatic variables emerged as the dominant drivers of SMTIS effec-
tiveness across Xinjiang. Higher reference evapotranspiration (ETo) was
strongly associated with greater irrigation savings, indicating that under
high evaporative demand conditions the optimized strategy delivers
substantial water-saving benefits. Precipitation showed an inverse
relationship with yield gains and economic benefits, with drier regions
exhibiting larger improvements in seed cotton yield and profitability.
However, the response of IWP differed slightly, showing greater im-
provements in wetter regions (Fig. 8). This pattern aligns with previous
findings that deficit or threshold-based irrigation strategies are most
effective in arid and semi-arid environments, where each unit of irri-
gation water has higher marginal value (Fanuel et al., 2018; Plumblee
et al, 2019). Collectively, these results confirm that climatic con-
ditions—particularly evaporative demand and rainfall—largely deter-
mine where SMTIS provides the greatest comparative advantage.

Although secondary at present, soil factors also influenced SMTIS
outcomes, and their importance is likely to increase under future climate
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stress. Soil texture, bulk density, and SOC regulate water retention and
infiltration, thereby shaping how threshold-based irrigation translates
into plant-available water. Loamy soils with higher organic matter
buffer short-term deficits, allowing lower thresholds without yield
penalty. In contrast, sandy soils with low SOC and high bulk density dry
rapidly and require earlier or more frequent irrigation triggers (Dong
et al., 2000; Li et al., 2019; Rui, 2024). Yu et al. (2020) similarly found
that deficit irrigation performed best in areas with < 200 mm rainfall
and coarse-textured soils, particularly under border and furrow systems,
underscoring the interaction between soil conditions and irrigation
strategy.

From a management perspective, SMTIS should be prioritized in
regions with high evaporative demand and scarce rainfall, such as the
oases of southern Xinjiang, where water-saving and economic benefits
are greatest. At the same time, soil properties must be considered to
avoid delayed irrigation in sandy soils and excessive irrigation in loamy
or clay soils. In short, climate determines where SMTIS is most benefi-
cial, while soil properties determine how it should be tailored locally,
providing a dual basis for precision irrigation in Xinjiang and other arid
regions.
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4.3. Application potential of SMTIS in Xinjiang

The application of the SMTIS holds significant potential for
improving irrigation water management in Xinjiang. Our results indi-
cate that, on average, SMTIS consistently reduced irrigation water use
by 200-300 mm per season across all periods and regions, while main-
taining or even improving yields and IWP, with gains ranging from 0.5
to 1.0 kg m™ . Economic benefits were assessed for the historical period
(2000-2022), as shown in Fig. 9. The results indicate that approximately
17.36% of the cotton-growing areas experienced slight economic losses,
ranging from O to 1.99 x 10 * CNY ha™'. In contrast, the majority of
regions (82.64%) exhibited positive economic gains between 0 and
3.0 x 10 3 CNY ha™!. Overall, the mean economic benefit across all re-
gions reached 1.27 x 10 ® CNY ha™ , highlighting the general economic
advantage of SMTIS over conventional irrigation under historical
climate conditions.

The effectiveness of SMTIS varied regionally, with particularly
notable results in southern Xinjiang, where water scarcity and high
evaporative demand present significant challenges. This region is also
highly vulnerable to the impacts of climate change, which is expected to
exacerbate drought stress (Kuang et al., 2024). As a result, SMTIS was
especially effective in conserving water and improving crop yields in
these areas. In contrast, northern Xinjiang showed smaller, but still
positive, improvements, suggesting that SMTIS could first be imple-
mented in the water-scarce southern oases before expanding to the less
stressed northern regions.

Notably, improvements in yield and IWP were even more pro-
nounced under the high-emission scenario, as shown in Fig. S9. Two
factors help explain why using less water can still boost production in
future climates. First, elevated atmospheric CO: (Fig. S2) concentrations
enhance photosynthesis and increase water-use efficiency in cotton
(Jans et al., 2021). Second, a soil-moisture-threshold irrigation
approach allows water to be applied only when root-zone water drops
below a critical threshold, improving the timing and distribution of
irrigation; experiments have shown that such thresholds can maximize
irrigation water-use efficiency (Li et al., 2019). These mechanisms
enable SMTIS to deliver higher yields and profits despite reduced water

Historical economic benefits (103 CNY ha)

-2, -1 0 1 2 3
N
48°N - A
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39°N i Mean=1.27
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Fig. 9. Spatial distribution of historical economic benefits (10 > CNY ha™)
during 2000-2022 under the soil moisture threshold-based irrigation strategy
compared with the conventional irrigation strategy across Xinjiang. Insets show
the frequency distribution of economic benefits, with the black dashed line
indicating the mean value.
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inputs, underscoring its potential as a climate-resilient strategy for
sustaining cotton production. Furthermore, the practicality of SMTIS for
large-scale implementation is underpinned by its reliance on thresholds
optimized under historical climate variability. This design ensures that
the strategy remains robust and operationally simple—qualities that are
essential for the extensive cotton production systems in Xinjiang. By
prioritizing long-term stability, SMTIS offers a solid and scalable
framework for formulating regional irrigation strategies.

However, it is acknowledged that SMTIS may not represent the
optimal irrigation decision at the daily scale, as crop water stress can
differ even under similar soil moisture conditions when atmospheric
demand fluctuates. Dynamic threshold approaches, which directly
respond to short-term variations in vapor pressure deficit or evaporative
demand, could offer advantages in highly instrumented precision irri-
gation systems (Zhang et al., 2021). Therefore, when applying SMTIS for
field-level irrigation guidance, local calibration and small-scale valida-
tion are recommended, with due consideration of cotton cultivar char-
acteristics, soil hydraulic properties, and prevailing atmospheric
conditions.

Looking forward, future work could build upon the current SMTIS
framework by introducing a hierarchical two-layer control scheme. In
such a system, the stage-specific thresholds optimized by SMTIS would
serve as a baseline control layer to ensure long-term robustness and
water productivity, while an upper-layer daily adjustment module could
be incorporated to fine-tune irrigation timing in response to short-term
atmospheric demand indicators. This hybrid approach has the potential
to enhance the applicability of SMTIS in precision irrigation contexts
without compromising its scalability and suitability for data-limited
production environments.

4.4. Limitations and future research

While this study provides a robust framework and promising results,
there are several limitations that should be considered. First, the opti-
mization process in this study prioritized yield and irrigation water
productivity, without explicitly considering other critical factors such as
fiber quality, operational farm-level costs (e.g., pumping energy, labor,
and equipment), or broader environmental impacts (Li et al., 2025; Rui,
2024). Future research could adopt more multi-objective frameworks to
balance water savings, yield, quality and environmental considerations.

Second, economic analysis in this study was intentionally restricted
to the historical period. Projecting specific economic returns several
decades into the future would require assumptions about cotton prices,
water costs, trade policies, subsidies, and technological developments,
all of which are highly uncertain and beyond the predictive scope of crop
modeling. Consequently, future scenario analyses in this study focus
exclusively on biophysical indicators, such as irrigation water use, yield,
and irrigation water productivity, rather than long-term economic
valuation.

Third, it is important to distinguish the strategic focus of this study
from real-time irrigation management. We acknowledge that recent
advances have successfully integrated remote sensing data with crop
models to correct state variables and capture intra-field variability,
thereby enhancing field-scale phenology characterization and within-
season decision support (Wang et al., 2022). However, as our study
aimed to evaluate the resilience of irrigation strategies under multi-
decadal climate variability and future warming scenarios, it necessitated
a reliance on process-based modeling underpinned by rigorous experi-
mental calibration and validation. Consequently, the optimized SMTIS
derived here serves as a strategic baseline. Future implementation could
effectively bridge these approaches by using remote sensing to spatially
characterize real-time water stress dynamics and guide irrigation
scheduling based on the robust thresholds identified in this study.

Finally, a limitation arises from the reliance on standard 2-m height
meteorological data for irrigation scheduling. Although widely used,
these data may not accurately reflect canopy-level conditions, especially
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under water stress when temperatures at the crop canopy can differ
substantially from air temperatures. The relationship between air and
canopy temperatures is dynamic, influenced by various environmental
factors (Morales-Santos and Nolz, 2023). This discrepancy is particularly
important under future climate scenarios where temperature increases
and water stress could shift this relationship in ways that current models
cannot fully capture. While this is a known limitation of crop models,
future work should explore ways to incorporate canopy temperature
data or refine models to better address crop water stress under changing
climates.

5. Conclusions

This study integrates the AquaCrop model with a nonlinear optimi-
zation framework to evaluate the impacts of a soil moisture thresh-
old-based irrigation strategy (SMTIS) on cotton yield and irrigation
water requirements under historical and future climate conditions. On
average, SMTIS reduced seasonal irrigation by 200-300 mm, while
maintaining or even enhancing yields, resulting in irrigation water
productivity improvements ranging from 0.5 to 1.0 kg m™ across all
periods. During the historical period, SMTIS generated a mean economic
benefit of 1.27 x 10 ®* CNY ha™' across all regions. The optimized soil
moisture thresholds demonstrated clear stage-specific and spatial vari-
ability, with the maximum canopy cover stage being the most sensitive,
and southern Xinjiang requiring higher thresholds due to harsher envi-
ronmental conditions. Climatic variables emerged as the dominant
drivers of SMTIS effectiveness, while soil properties played a secondary,
yet increasingly important role under future climate scenarios. Overall,
this study presents a robust and climate-resilient irrigation strategy for
Xinjiang and other arid cotton-growing regions, offering a practical so-
lution to sustain cotton production while enhancing water-use efficiency
and profitability in the face of growing climate and water challenges.
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