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ARTICLE INFO ABSTRACT

Keywords: As a core region for winter wheat production in China, the Yellow River Basin (YRB) is increasingly exposed to
Non-stationary drought index drought stress, posing a substantial threat to national food security. Quantifying drought-induced yield losses and
Crop model

unraveling their underlying mechanisms are therefore essential for developing adaptive management strategies.
This study integrated meteorological, soil, historical drought, winter wheat growth and yield data to construct a
coupled analytical framework. The non-stationary Standardized Precipitation Evapotranspiration Index (NSPEI)
and the Standardized Soil Moisture Index (SSI) were employed jointly with an improved DSSAT-CERES-Wheat
model to investigate the spatiotemporal characteristics of drought across the YRB from 1961 to 2021, and to
assess its impacts on winter wheat development and yield reduction from 1981 to 2021. The results underscored
a declining trend in both NSPEI and SSI values within the Yellow River Basin over the study period, signifying an
intensification of drought conditions. Notably, agricultural drought exhibited a discernible lagged response
relative to meteorological drought. During the winter wheat growing seasons from 1981 to 2021, the nine-month
timescale drought indices showed a certain consistency with the water stress factor (WFTD) simulated by the
improved DSSAT model in some drought years, indicating that crop water stress intensified as drought conditions
became more severe. Deep-layer soil moisture (10-40 cm and 40-100 cm) deficit emerged as an important
determinant of severe winter wheat yield reduction in the YRB, conveying a markedly higher level of yield loss
certainty than meteorological or shallow-soil droughts, which afford only limited buffering capacity under mild
water stress. This study advances the mechanistic understanding of drought-yield relationships by integrating
non-stationary climate indices with biophysical crop modeling. Our framework provides actionable insights for
drought monitoring, risk assessment, and mitigation strategies in semi-arid agricultural systems.

Winter wheat
Yield reduction
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1. Introduction growing threat to food production (Li et al., 2024). There are four types

of drought: meteorological, agricultural, hydrological, and

Climate warming has intensified the global drought trend, leading to
increased drought-affected areas, longer durations, and higher fre-
quencies (Dai, 2011; Duncan et al., 2015). Since the late 1970s, the
frequency of droughts has been increasing, threatening national food
security and social stability (AghaKouchak et al., 2014; Wang et al.,
2023a; Yang et al., 2024). In recent years, the frequency, duration, and
intensity of droughts have risen in the Yellow River Basin, posing a

socio-economic, each corresponding to deficiencies in precipitation, soil
moisture, runoff, and water for socio-economic development, respec-
tively (Dracup et al., 1980). Agricultural drought is defined by a decline
in soil moisture that reduces crop yields or leads to crop failure, even in
the absence of surface water resources (Mishra and Singh, 2010). To
better assess the impact of drought on crop growth, various drought
indices have been developed, such as the Palmer Drought Severity Index
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(PDSI) (Palmer, 1965), Standardized Precipitation Index (SPI) (McKee
et al.,, 1993), Standardized Precipitation Evapotranspiration Index
(SPEI) (Vicente-Serrano et al., 2010), Standardized Soil Moisture Index
(SSI) (Martinez-Fernandez et al., 2016; Mpelasoka et al., 2008; Sadri
etal., 2018; Trnka et al., 2015). Among these, the SPEI comprehensively
considers the influence of precipitation, temperature fluctuations, and
solar radiation on regional drought, and it was widely used in the
analysis of regional drought distribution and the monitoring of agri-
cultural droughts (Li et al., 2021; Ng et al., 2024; Potop et al., 2012; Yao
et al., 2020a). The SSI accounts for the influence of soil moisture on
agricultural drought and has been widely used as an index for evaluating
and predicting agricultural drought across various soil types (Kumar and
Chu, 2024; Shyrokaya et al., 2024).

Studies on the spatiotemporal dynamics of drought patterns in the
Yellow River Basin have made significant progress globally. The SSI-
based assessment of agricultural drought indicates an increase in
drought events, although their rate of occurrence has slowed (Li et al.,
2024). Over half of the regions experience drought recovery periods
lasting more than four months (Liu and Xue, 2022), with notable spatial
variability in drought vulnerability (Wu et al., 2013). Analysis of his-
torical wet-dry changes using various drought indices shows a wide-
spread trend toward desertification in most areas, with the northwest
facing more severe drought conditions (Wang et al., 2024; Zhao et al.,
2021). The propagation of meteorological drought into hydrological
drought has been influenced by human activities, which have amplified
regional differences and slowed the rate of propagation (Wang et al.,
2023c). Additionally, multi-scale SPEI in the basin shows a positive
correlation with the global "OCO-2" solar-induced chlorophyll fluores-
cence (SIF) data, with average SIF values during the growing season
displaying a distinct spatial pattern of higher values in the south and
lower values in the north (Geng et al., 2022). Although previous studies
have used various drought indices to monitor the characteristics of
droughts in the Yellow River Basin, most of these studies are based on
stationary drought indices. This approach has its limitations and may
overestimate the impact of climate change on future droughts (Wen
et al., 2020). Therefore, research that integrates non-stationary meteo-
rological drought indices, which account for meteorological variability,
and agricultural drought indices that consider soil moisture, to deeply
explore the spatiotemporal evolution of droughts in the Yellow River
Basin, remains relatively limited.

Currently, there are several methods for assessing the impact of
drought on winter wheat growth, including field water control experi-
ments (Li et al.,, 2010a; Zhang et al., 2017), crop growth models (Bai
et al., 2024; Rahimi-Moghaddam et al., 2021), and statistical analyses
(Javed et al., 2021; Shi et al., 2024). Some studies have investigated how
water availability at different growth stages affects winter wheat
development and yield, identifying the greening and grain-filling stages
as critical for field water management (Yao et al., 2015c¢). Other research
has combined meteorological and agricultural drought indices with the
DSSAT-CERES-Wheat model, emphasizing a stronger connection be-
tween agricultural drought and wheat growth in the Loess Plateau re-
gion (Chen et al., 2020). However, research that combines field
experiments with the CERES-Wheat model aims to elucidate the
response mechanisms of winter wheat to water stress and has indicated
that the CERES-Wheat model has certain limitations in simulating
winter wheat growth under complex drought conditions (Yao et al.,
2020b). At that time, most studies were limited by experimental con-
ditions, model accuracy, and analysis methods. Although the response
mechanism of winter wheat yield to drought had been clarified, the
results had certain limitations. Therefore, in order to reduce the un-
certainty of a single method, it was necessary to combine multiple
methods to analyze the impact of drought on winter wheat growth (Sun
et al., 2021).

To address these gaps, this study integrates both meteorological and
soil moisture data from the Yellow River Basin to analyze the spatio-
temporal evolution of drought using the Non-Stationary Standardized
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Precipitation Evapotranspiration Index (NSPEI) and the SSI. By
combining these indices with historical drought events and field ex-
periments, we aim to assess the ability of these indices to monitor
drought with greater accuracy and sensitivity. By revealing spatiotem-
poral patterns of drought across different growth stages of winter wheat,
this research allows for a more precise quantitative assessment of
drought’s impact on crop yield and provides predictions for yields under
various drought scenarios. Ultimately, the findings contribute to better
drought prevention, mitigation, and food security strategies in the Yel-
low River Basin.

2. Materials and methods
2.1. Study area and data source

The Yellow River is the second longest river in northern China,
running from west to east across nine Chinese provinces, and finally
merging into the Bohai Sea in Shandong. The basin ranges from 95°53' to
119°05' E, 32°10' to 41°50' N, with a total area of 7.95 x 10° km?. To
better analyze the spatial heterogeneity of winter wheat growth and
drought response, the basin was divided into three regions according to
the agricultural regionalization of China, together with differences in
topography, climatic conditions, soil moisture regimes, and winter
wheat site distribution. Region 1 corresponds to the arid and semi-arid
agricultural region of northern China, where precipitation is relatively
limited and crop growth is strongly affected by water availability. Re-
gion 2 represents the Qinghai-Tibet Plateau agricultural region, which is
characterized by high elevation, low temperature, and distinct hydro-
thermal conditions. Region 3 includes the Loess Plateau and
Huang-Huai-Hai Plain agricultural regions, where winter wheat is more
widely distributed and irrigation plays an important role in crop pro-
duction. These regions show clear differences in elevation, precipitation,
temperature, soil water conditions, and cropping systems, which may
lead to different responses of winter wheat to meteorological and agri-
cultural drought. Therefore, this regional division provides a reasonable
basis for investigating spatial differences in winter wheat drought
response and yield reduction risk across the Yellow River Basin (Fig. 1).

The daily meteorological data for the Yellow River Basin from 1961
to 2021 were obtained from the China Meteorological Data Service
Center (http://data.cma.cn/). The dataset includes daily records of
precipitation, relative humidity, temperature, wind speed, and sunshine
duration. Additionally, phenological data collected from observation
stations between 1992 and 2013, as well as winter wheat yield data
recorded from 2000 to 2013, were also sourced from the same data
center and used for the calibration and validation of the crop model. The
winter wheat phenology data included the anthesis date and maturity
date. Based on the parameter adjustment and validation requirements of
the DSSAT-CERES-Wheat model, 14 winter wheat stations with com-
plete data for three years or more were selected.

Soil data, including soil moisture and physical parameters, were
obtained through the Google Earth Engine (GEE) platform (https://co
de.earthengine.google.com/). For stations with both meteorological
data and winter wheat phenological observations, this study extracted
daily soil moisture data at depths of 0-10 cm, 10-40 cm, 40-100 cm,
and 100-200 cm from the GLDAS dataset for the period 1961-2021.
Data on soil physical parameters, including bulk density, field capacity,
and wilting coefficient, were sourced from the Cold and Arid Regions
Science Data Center National Earth Science Data Platform (http://we
stdc.westgis.ac.cn/). The types, sources, and sampling details of all
datasets can be found in Wei et al. (2025).

2.2. Computation of drought indices
The study had selected both meteorological and agricultural drought

indices to analyze drought conditions in the Yellow River Basin. How-
ever, the commonly used meteorological drought indices, such as the
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Fig. 1. Information of the Yellow River Basin. (a) Geographical location, (b)Elevation, (c) Study area division and winter wheat site, (d) Meteorological site.

SPEIL, were typically based on stationary models. In these models, the
location parameter (y) of the probability density function fitted to the
dataset using a three-parameter log-logistic distribution was fixed and
did not change dynamically with the characteristics of different datasets.
This stationary approach did not account for non-stationarity in the
data, which meant that the resulting meteorological drought indices
might not accurately reflect the true severity of drought. To address this
issue, the study employed the NSPEI and the SSI for drought assessment
and monitoring in the Yellow River Basin. These indices were better
suited to capture the trends in meteorological and soil variables, thereby
increasing the accuracy of drought assessments and more closely
aligning with historical drought events.

The NSPEI is an optimized version of the traditional SPEIL. The SPEI
had defined the difference between precipitation and potential evapo-
transpiration as the water deficit (D) and fitted this deficit using a
probability function with a stationary three-parameter log-logistic dis-
tribution, which included scale, shape, and location parameters. The
fitted probability distribution was then standardized to compute the
SPEI. However, in traditional SPEI calculations, the fitting function for
the water deficit was fixed, and the location parameter was constant,
which introduced some inaccuracies. In contrast, the NSPEI based on the
GAMLSS framework incorporates non-stationarity by allowing the dis-
tribution parameters, especially the location and scale parameters, to
vary with time, leading to a more reasonable and accurate assessment of
meteorological drought in the Yellow River Basin (Wen et al., 2020). In
this study, R language and the Generalized Additive Models for Loca-
tion, Scale, and Shape (GAMLSS) framework were used, together with
the Akaike Information Criterion (AIC) and Schwarz Bayesian Criterion
(SBQ), to select the most appropriate probability distribution function
for the water deficit D from several candidate distributions and to
construct the optimal GAMLSS model. By allowing the distribution pa-
rameters, especially the location parameter 4 and scale parameter o, to
vary over time in stationary, linear, or nonlinear forms, the model can
better capture the non-stationary characteristics of the water deficit
series. This approach improves the accuracy of meteorological drought

assessment using the NSPEL First, the FAO56 Penman-Monteith equa-
tion (Allen et al, 1998) was used to estimate monthly reference
evapotranspiration (ETp). The cumulative D over different timescales
was calculated as follows:

D=P—ET, (€8]

where P is the monthly precipitation (mm).

The optimal probability distribution function was selected from
several candidate distributions using the GAMLSS framework, with
model performance evaluated by AIC and SBC. This fitting process
determined the time-varying sequences of the location parameter 4 and
scale parameter ¢. (Niu et al., 2024). Taking the gamma distribution as
an example, the cumulative probability F(x) can be calculated by inte-
grating the fitted probability density function:

oo = [ " Flxlp,0)dx @

Finally, the series was standardized to a normal distribution to obtain
the NSPEL The specific calculation was as follows:
Co + 1w + cow?

NSPEIl =w — 3
w 1+ dyw + dow? + dsw? 3

w=+/—21nP(x) 4

where ¢y = 2.515517, ¢; = 0.802853, ¢; = 0.010328, d; = 1.432788, d,
= 0.189269, d3 = 0.001308 (Vicente-Serrano et al., 2010). If P(x) < 0.5,
then P(x) = 1-F(x). If P(x) > 0.5, P(x) is replaced by 1 — P(x), and the
NSPEI value is assigned the opposite sign.

The Standardized Soil Moisture Index (SSI) was first developed by
Hao, AghaKouchak, (2013) and was calculated in a manner similar to
the SPI. However, unlike precipitation data, soil moisture content typi-
cally does not follow a unimodal distribution; instead, it often displays
bimodal, multimodal, or skewed distributions (Vidal et al., 2010).
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Therefore, using the Kernel Density Estimation (KDE) method, a
non-parametric test approach, provided a better fit for these types of
distributions. In the KDE method, the kernel function (K) and bandwidth
(h) of the probability density function significantly affected the fitting
accuracy. The choice of kernel function had a relatively minor effect,
while the bandwidth selection had a more substantial impact. If the
bandwidth was too large or too small, it could result in underfitting or
overfitting, respectively (Rajagopalan et al., 1997; Silverman, 1986;
Weng et al., 2015). In this study, the KDE method was used to fit the soil
moisture data from various stations in the Yellow River Basin. KDE
allowed for the fitting of multimodal distributions of soil moisture data.
The bandwidth of the probability density function was dynamically
optimized based on changes in soil moisture content. After calculating
the cumulative kernel density function, it was standardized to obtain the
SSI. The specific calculation process was as follows:

For each site's time series, the probability density function (PDF) of
soil moisture content was given by:

where N represents the total number of years; x; is the soil moisture
content in the current period for the i-th year; K(x) is the kernel function;
h is the bandwidth. Here, the Gaussian kernel function, which fits the
majority of soil moisture variation patterns, is chosen as the kernel
function:

1 2
K(x) :Ee 2 (6)

The bandwidth was calculated using a rule of thumb, which
defaulted to the minimum of 0.9 times the standard deviation and the
interquartile range divided by the sample size raised to the power of —1/
5, consistent with Silverman's "rule of thumb" (Silverman, 1986). This
calculation was performed using the “density” function in R, which
estimated the probability density function. Integrating the probability
density function yielded the cumulative probability function. By stan-
dardizing this cumulative probability function, the Standardized Soil
Moisture Index (SSI) was obtained.

F(x) = /j f(u)du @

To evaluate the spatiotemporal evolution of drought conditions in
the Yellow River Basin, this study analyzed drought indices at 1, 3, 6,
and 12-month timescales. These timescales corresponded to changes in
moisture conditions on a monthly, seasonal, semi-annual, and annual
basis. Additionally, the moisture conditions during the 9-month winter
wheat growing season (from sowing in October of the previous year to
harvest in June of the current year) significantly affected the growth and
development of winter wheat. Therefore, calculating the NSPEI and SSI
drought indices during the winter wheat growing season was essential to
accurately assess the impact of drought on crop development. Normal,
mild, moderate, severe, and extreme drought conditions correspond to
NSPEI or SSI intervals of (—0.5, 0.5], (—1.0, —0.5], (—1.5, —1.0], (—2.0,
—1.5] and <-2.0, respectively.

2.3. Analysis of the spatiotemporal evolution of drought

2.3.1. Mann-Kendall trend analysis

The trend analysis utilized the Modified Non-parametric Mann-
Kendall (MMK) method, which considered all significant autocorrela-
tions within the time series. This method did not require the sample to
follow a specific distribution and effectively reduced interference from a
few outliers. Hamed and Rao (1998) improved the accuracy of trend
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tests by accounting for lag-i autocorrelation (usually i = 1), which could
significantly affect the results, thereby eliminating the autocorrelated
component from the time series. The MMK test was used to detect trends
in meteorological variables, such as precipitation (P), maximum tem-
perature (Tpay), minimum temperature (Tpi,), relative humidity (RH),
wind speed (Ws), and sunshine duration (n), as well as drought indices,
including NSPEI and SSI, in the Yellow River Basin during the historical
period from 1961 to 2021.

When the test statistic Z* is greater than zero, it indicates an
increasing trend in the time series; when Z* is less than zero, it indicates
a decreasing trend. Under the null hypothesis of no trend, the stan-
dardized MMK test statistic approximately follows a standard normal
distribution. Therefore, +-1.96 was used as the critical value for a two-
tailed significance test at the 95% confidence level (p < 0.05). Specif-
ically, Z* > 1.96 indicates a significant increasing trend, whereas Z*
< —1.96 indicates a significant decreasing trend (Li et al., 2010b). The
MMK test statistic Z* is calculated as follows:

VA

\/n/nx

where n is the total number of data points and n* may be the length of
the sequence after adjusting for autocorrelation.

The Sen's slope was calculated for meteorological variables (such as
P, Timaxs Tmin, RH, W, n) and drought indices (NSPEI and SSI) in the
Yellow River Basin during the historical period (1961-2021). Sen (1968)
calculated the trend slope using Kendall’s Tau rank correlation coeffi-
cient method, known as Sen’s slope. The calculation is given as below:

I =

(®

. Xj —Xi\. .
b = Median <;>1 <j 9
where x; and x; are the data points in the time series, and i and j are their
corresponding time indices.

2.3.2. Wavelet analysis

Wavelet analysis was a method that used a set of wavelet functions to
represent a signal. It was used to separate the periodicities of drought
indices on seasonal and interannual timescales. By transforming the
time series signal into the time-frequency domain, the primary patterns
of variation could be identified, along with how these patterns changed
over time. The mother wavelet function was expressed by the following
equation (Torrence and Compo, 1998):

/ e =0 a0

—o0

where t represents time; y(t) is the wavelet function, which can be
translated and scaled along the time axis to form a family of functions.

Yep(t) = \al*”zw(%),a,b €Ra#0 an

where y 5 (1) is the wavelet; a reflects the wavelet length factor; b is the
time translation factor. Morlet wavelet is used as the basis function and
MATLAB is used for wavelet analysis.

2.3.3. Run theory

In order to identify and quantify drought events, this study utilized
Run theory to calculate the duration, intensity, and frequency of drought
events (Wu et al., 2017; Wu and Chen, 2019). This method could provide
a more intuitive understanding of the temporal and spatial distribution
of drought in the Yellow River basin.

The Run theory used different thresholds to identify drought events
(Fig. 2 and Table S1). Drought scenarios are divided into two types. In
the first scenario, when the threshold falls below lower thresholds (Ry), a
drought event is recorded, with a drought intensity of Sp and a duration
of Dy. In the second scenario, there is a minor wet event of short duration
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D, S, =spts;

Fig. 2. Schematic diagram of each variable in run theory. The symbols in the
figure are described in the main text. Ry, Ry, and R represent the upper,
middle, and lower thresholds for drought events under each drought category,
respectively, and are used to distinguish different drought scenarios within each
drought category. Dy, D;, and D, denote drought duration, while Sy, S;, and S,
denote drought intensity.

between two drought events, with the wet duration being less than six
months and the threshold below upper threshold (Ry). In this case, the
two drought events are treated as a single drought event. This is depicted
in Fig. 2 as do, dy, and d. Here, the total drought duration is Do= dgy + d;
+ dy, and the drought intensity is So= so + s3.

Based on Run theory and the 12-month time scale NSPEI, the years
1961-2021 were divided into 1961-1970, 1971-1980, 1981-1990,
1991-2000, 2001-2010, and 2011-2021. This classification was used to
analyze the temporal and spatial variability of drought in the Yellow
River Basin, focusing on the intensity, duration, and frequency of
drought events. The spatial distribution characteristics of extreme
drought, severe drought, and moderate drought in the Yellow River
Basin were identified by the Run theory. The study did not separate out
mild drought because it had little impact on crop growth and develop-
ment. Therefore, mild drought was combined with normal conditions
(which were applied throughout the study).

2.4. CERES-Wheat model

The DSSAT model, developed by the United States Department of
Agriculture, was a sophisticated crop model. The CERES-Wheat model,
integrated into the Cropping System Model (CSM) platform (DSSAT
v4.7), simulated soil carbon, nitrogen, and water balance, as well as the
growth, development, and yield of wheat. By inputting meteorological,
soil, crop management, and crop parameter data into the model, it could
simulate various growth factors such as phenology and yield from
sowing to harvest (Jones et al., 2003). The DSSAT-CERES-Wheat model
typically operated on a daily scale, simulating processes including can-
opy solar radiation absorption and photosynthesis, root nutrient uptake,
assimilation and allocation, water uptake and transpiration, growth and
respiration, leaf area expansion, organ growth and senescence, and field
management (Dar et al., 2021; Ding et al., 2021; Gunawat et al., 2022;
Liu et al., 2019; Zhang et al., 2019).

Identifying a reasonable set of genetic parameters was key to
enhancing model prediction accuracy (Wei et al., 2022; Yao et al.,
2022). The DSSAT-CERES-Wheat model included seven genetic param-
eters (Table 1). The model parameters were estimated using the GLUE
method with 10,000 iterations to obtain a set of reasonable genetic
parameters for winter wheat. In this study, winter wheat yield from
1981 to 2021 was simulated using the CERES-Wheat model. The period
1961-1980 was not included in the yield simulation because reliable
winter wheat phenological and yield observation data were unavailable,
which could not support model calibration and validation. During the
1981-2021 simulation period, crop management practices were kept
consistent across years to highlight the effects of drought on winter
wheat yield. Specifically, all simulations were conducted under rainfed
conditions. Due to the lack of long-term and spatially consistent crop
management records across the study area, temporal changes in
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Table 1
Definitions and ranges of genetic parameters of winter wheat in the DSSAT-
CERES-Wheat model.

Parameters ~ Parameters definition Parameters Unit
range

P1V The number of days required to pass the 5-65 d
vernalization
stage at the optimum temperature

P1D Photoperiod parameter 0-95 %

P5 Accumulated temperature in grain filling ~ 300-800 °Cd
period

Gl Number of seeds per crown mass at 15-30 No
anthesis period g !

G2 Standard grain weight under optimal 20-65 mg
conditions

G3 Standard dry weight per stem and ear at 1-2 g
maturity
without stress

PHINT The accumulated temperature needed to 60-100 °Cd

complete the growth of a leaf

fertilization and tillage practices were not explicitly considered in this
study.

This study used an improved DSSAT-CERES-Wheat model to simu-
late winter wheat growth in the Yellow River Basin from 1981 to 2021.
The data used for model calibration and validation were randomly
divided at a ratio of 70% and 30%, with 70% used for model calibration
and the remaining 30% used for model validation. Model performance
was evaluated using the relative mean absolute error (RMAE) and
relative root mean square error (RRMSE) (He et al., 2010). The
improved DSSAT-CERES-Wheat model used a nonlinear SWFAC to
quantify the effect of drought stress on winter wheat yield. Compared
with the original model, the RMAE of the improved model decreased by
13.7%, indicating that the overall simulation accuracy of the model was
improved (Yao et al., 2025).

2.5. Assessment of yield reduction

Under rainfed conditions, drought could lead to reduced yields of
winter wheat. This study used the yield reduction rate to reflect the
extent of yield loss caused by drought to winter wheat.

y= (Y, —Y)/Y, x 100% (12)

where y is the yield reduction rate, %; Y is the winter wheat yield in
drought years, kg/ha; Y, is the reference yield in the absence of drought,
kg/ha. In this study, the trend yield was used as the reference yield
under non-drought conditions. It mainly reflects long-term yield
changes caused by non-climatic factors, such as technological progress,
cultivar improvement, and advances in management practices, and was
estimated from the 1981-2021 winter wheat yield series using the
quadratic exponential smoothing method. The difference between Y and
Y; was considered to be mainly driven by climatic variability and was
therefore used to characterize drought-related yield loss (Boken, 2000;
Duan and Niu, 2018; Liu et al., 2025).

To quantitatively analyze the impact of drought on winter wheat
yield, this study first performed a normality test on yield anomalies
under different drought intensities and soil depths. Based on the stan-
dardized drought indices (NSPEI and SSI at different soil layers), three
drought categories were defined: mild, moderate, and severe-or-above
drought. Because the number of extreme drought samples was limited,
severe and extreme droughts were combined into a single severe-or-
above drought category to ensure the robustness of the statistical anal-
ysis. Combined with Quantile-Quantile plots (Q-Q Plot) and normal
fitting histograms, a visual diagnosis of the data distribution charac-
teristics for each subgroup was conducted (Fig. S1). In addition, the
Shapiro-Wilk test was used for quantitative statistical verification. The
results showed that the p-values of all subgroups were greater than 0.05,
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indicating that there was no significant evidence against the normality
assumption for yield anomalies under different drought scenarios.

On the basis of verifying the normality hypothesis, the conditional
probability distribution of yield under different drought grades was
further calculated. For multi-source drought indices (NSPEI and SSI ¢_1¢
ems SSI 10-40 em> and SSI 49-100 em), the cumulative distribution functions

(CDF) of yield anomalies were respectively fitted. Through the condi-
tional probability model P (Y <y | D), the probability response of the
target yield reduction level (y) under a specific drought intensity (D) was
quantitatively evaluated. By comparing the horizontal displacement
laws of the CDF curves under different drought gradients, the sensitivity
differences of winter wheat yield in the Yellow River Basin in response to
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drought propagation in different soil layers were profoundly revealed.
Meanwhile, Pearson correlation analysis was used to verify the rela-
tionship between drought intensity and yield loss.

3. Results
3.1. Temporal variation of different drought indices

The NSPEI values of various time scales were mainly concentrated in
the range of —1.5-1.5 over 1961-2021 (Fig. 3). The linear slopes of
NSPEI for the 1, 3, 6, and 12-month timescales were —0.005, —0.002,
—0.003, and —0.009, respectively. This demonstrated that NSPEI
decreased with the increase of time after considering the non-
stationarity of meteorological factors, indicating a significant drought
trend in the Yellow River Basin during 1961-2021 (p < 0.001). The
negative troughs of NSPEI were less pronounced at the 1- and 3-month
timescales, suggesting that severe drought was not evident on these two
scales. In contrast, the 6-month and 12-month timescales showed larger
NSPEI peaks with more pronounced fluctuations. At the 6-month time-
scale, NSPEI values were notably low in 1974 and 1997, reflecting the
occurrence of severe droughts. At the 12-month timescale, the NSPEI
values in years such as 1965, 1974, 1997, and 2019 fell below —1.5,
indicating more severe drought conditions.

The linear slopes of the SSI for the 0-10 cm soil layer at the 1, 3, 6,
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and 12-month timescales were —0.002, —0.003, —0.004, and —0.006,
respectively (Fig. 3). For the 10-40 cm soil layer, the linear slopes were
—0.004, —0.006, —0.005, and —0.012, respectively (Fig. S2). In the
40-100 cm soil layer, the slopes were —0.005, —0.009, —0.011, and
—0.014, respectively (Fig. S3). The results indicated that, according to
the agricultural drought index, the trend of dryness and wetness changes
in the Yellow River Basin from 1961 to 2021 was consistent with the
meteorological drought index results, showing a trend toward increasing
drought. Compared to the SSI at monthly timescales, the SSI at annual
timescales showed a more gradual change. The SSI peaks for the
0-10 cm soil layer were higher than those for the 10-40 cm and
40-100 cm soil layers, indicating that the surface soil was wetter, while
deeper soil layers contained lower moisture and were more prone to
drought. Notably, years such as 1966, 1974, 1988, and 1998 experi-
enced more intense agricultural drought, with SSI values falling below
-1.0.

Based on the temporal variation graphs of NSPEI and SSI at different
timescales, it was evident that the slopes were negative, indicating that
drought conditions in the Yellow River Basin intensified from 1961 to
2021. Meteorological drought tended to precede agricultural drought,
suggesting a certain lag effect in the onset of agricultural drought.
Additionally, the slope values for agricultural drought were larger than
those for meteorological drought, implying that the trend towards
drought was more pronounced in agricultural drought compared to
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Fig. 4. Temporal variation of drought index during winter wheat growth period in the Yellow River Basin from 1961 to 2021. The black semicircle line indicates a
drought index of 0. The dots of different colors represent the drought index, with red indicating drought and blue indicating wet. The darker the color means the

higher the value, the more severe the drought or wet degree.
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meteorological drought.

Drought conditions, indicated by NSPEI and SSI, were prevalent
during the winter wheat growing season, particularly for NSPEI and the
SSI 9-10 em (Fig. 4). Over the 61 years from 1961 to 2021, years with a
drought index greater than 0 were rare: only 10 years for NSPEI and just
6 years for the SSI o 10 cm s0il layer. Most years during the winter wheat
growing season experienced drought conditions. While the SSI for the
10-40 cm and 40-100 cm soil layers showed more wet years over the
61-year period, drought still occurred in the majority of years. From
1961-2021, the probability of drought clearly increased over time.
However, there were no years with NSPEI values below —1.5, indicating
that severe drought did not occur. The SSI of the 0-10 cm soil layer was
around —1.0 in most years, indicating frequent moderate drought. Se-
vere drought conditions, where the SSI approached —2.0, were observed
in 1966, 1971, 1973, and 1999. The SSI for the 10-40 cm soil layer
typically indicated mild drought, with moderate and severe droughts
being rare; significant drought occurred only in 1973, 1987, 1992, and
1998. The SSI for the 40-100 cm soil layer showed similar results to the
10-40 cm layer, but severe drought was even less frequent, occurring
mainly in 1973, 1992, and 1998. Overall, agricultural drought appeared
to be more severe than meteorological drought. The SSI for the 0-10 cm
soil layer indicated the most severe drought, followed by the 10-40 cm
and 40-100 cm layers. Some years experienced severe droughts. While
NSPEI indicated drought in many years, the drought severity was rela-
tively low, mostly classified as mild, which had a limited impact on the
growth and development of winter wheat.

The trends and drought identification patterns of NSPEI and SSI were
generally consistent. To evaluate the ability of the drought indices to
identify actual drought events, representative stations from three
different regions of the Yellow River Basin were selected in this study.
The drought processes identified by the 12-scale NSPEI and SSI at
different soil layers during 1961-2021 were compared with historical
drought records (Fig. S4). The results showed that NSPEI could effec-
tively capture the timing of historical drought events. Overall, NSPEI
can reliably identify historical drought events, while SSI provides
complementary information on the severity of agricultural drought
across different soil layers (Fig. S4).

3.2. Spatiotemporal distribution of drought characteristics

The spatial distribution of different drought indices across the basin
was generally consistent, with slight differences in significance (as
shown in Fig. 5 and Table S2). Over the past 61 years, the Sen's slope of

Agricultural Water Management 333 (2026) 110643

non-stationary meteorological and agricultural drought indices in most
areas of the Yellow River Basin was negative, indicating a drying trend.
In contrast, positive values were observed in the western part of the
basin, with minimal changes in the far eastern region, suggesting that
the eastern part maintained the most stable moisture conditions. There
were slight variations between the changes in NSPEI and the SSI at
different soil depths (0-10 cm, 10-40 cm, 40-100 cm). NSPEI showed
positive values in both the southern and northern parts of the basin,
while the SSI at all three soil depths exhibited positive values only in the
northern part, with Sen's slope values smaller than those of NSPEL. The
range of Sen's slope values was smallest for NSPEI and SSI 10940 cm»
indicating the most significant variability in moisture conditions. SSI
0-10 ecm had the largest positive Sen's slope (sen slope = 0.0040), while
SST 40-100 cm had the smallest negative Sen's slope (sen slope = —0.0032).
As shown in Table S2, out of the 77 stations across the Yellow River
Basin, more than 40 stations exhibited a decreasing trend, most of which
were statistically significant. A small number of stations showed an
increasing trend, but the changes were not significant. Overall, from
1961 to 2021, there was some spatial variability in NSPEI and SSI across
the Yellow River Basin, but the overall trend indicated an intensification
of drought conditions.

From 1961-2021, the intensity of drought in the Yellow River Basin
gradually increased (Fig. S5). Between 2011 and 2021, there were sta-
tions where the intensity of moderate, severe, and extreme droughts all
ranged from 41% to 50%. Severe drought, in particular, had a higher
number of stations with drought intensity exceeding 30% compared to
moderate and extreme droughts. Most stations with drought intensity
greater than 40% were concentrated in the midstream region of the
Yellow River Basin, indicating that the midstream region experienced
higher drought intensity. Moderate drought reached its peak intensity
from 2001 to 2010, with two stations recording drought intensity of
50%. Most cases of extreme drought had intensities between 0% and
10%, but these increased over time, with many stations showing drought
intensities between 30% and 50% by the 2011-2021 period.

The overall duration of drought in the Yellow River Basin increased
from 1961 to 2021, with the longest durations occurring during
2001-2011 (Fig. 6). The average duration of all drought types across the
Yellow River Basin was approximately seven months. Extreme and
moderate droughts each had durations of around three months, with the
longest durations observed from 2011 to 2021. Severe droughts lasted
about four months, with the longest durations occurring during the
periods 1981-1990 and 2001-2010, reaching around five months. The
longer duration of severe drought compared to moderate and extreme
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Fig. 5. Spatial distribution of Sen’s slope of drought index on 12-month time scale in the Yellow River Basin from 1961 to 2021. (a)-(d) indicates NSPEIL SSI o 10 cm
soil layer, SSI 19_40 cm S0il layer and SSI 40 100 cm SOil layer during the growth period of winter wheat, respectively.
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Fig. 6. Different drought durations in the Yellow River Basin from 1961 to
2021. Different sectors indicate different time periods, including 1961-1970,
1971-1980, 1981-1990, 1991-2000, 2001-2010, and 2011-2021. The colors
represent drought categories: yellow indicates moderate drought, blue indicates
severe drought, and red indicates extreme drought.

droughts indicates that the drought conditions in the Yellow River Basin
were particularly severe from 1961 to 2021.

This study divided the period from 1961 to 2021 into decadal in-
tervals and analyzed the frequency of three types of drought: extreme,
severe, and moderate (Fig. 7). The results indicated that extreme
droughts occurred less frequently than moderate and severe droughts.
Among the different drought levels, moderate droughts were the most
frequent, with an average frequency ranging from 3 to 5 occurrences,
showing an overall increasing trend, reaching 5 occurrences in the
period from 2011 to 2021. Severe droughts followed, with an average
frequency of 1-3 occurrences. Extreme droughts were the least frequent
overall, generally averaging 0-1 occurrence in most periods. However,
their frequency increased from 1961 to 2010 and peaked at nearly 3
occurrences during 2001-2010, before decreasing to 1 occurrence dur-
ing 2011-2021. Severe droughts were most frequent during 1991-2000,
with an average frequency of approximately 3 occurrences.

The drought index at the 12-month time scale exhibited the strongest
periodicity (Fig. S6). In contrast, the 1-month time scale SSI for the
0-10 cm soil layer, the 3-month time scale NSPEI, and the 0-10 cm soil
layer SSI showed no significant periodicity. The SSI for the 10-40 cm
and 40-100 cm soil layers exhibited similar periodic oscillations, with a
cycle of 4-7 years observed for the SSI from 1983 to 1992. The periodic
signal was more pronounced in the SSI for the 10-40 cm soil layer.

3.3. Quantitative evaluation of winter wheat yield losses under drought

The specific genetic parameters of winter wheat phenology and yield
simulation in three regions of the Yellow River Basin by using the

Drought frequency

1961-1970 1971-1980 1981-1990 1991-2000

Year

2001-2010  2011-2021

Fig. 7. Cloud and rain map of different drought frequency in the Yellow River
Basin from 1961 to 2021. Yellow represents moderate drought, blue represents
severe drought, and red represents extreme drought. The solid black lines in
each box chart represent the median frequency of the time period, the upper
and lower boundaries of the box chart represent the upper and lower quartiles
of the frequency, and the whisker lines above and below the box chart represent
the 90th and 10th percentiles of the frequency, respectively. The half-violin
diagram shows the frequency density. Scatter points represent different fre-
quencies. The broken line is the average line from 1961 to 2021, showing the
changing trend of the frequency of different types of drought.
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improved DSSAT-CERES-Wheat model were shown in Table S3. The
improved DSSAT-CERES-Wheat model demonstrated high reliability in
simulating winter wheat phenology and yield (Table S4). For pheno-
logical dates, RMAE and RRMSE values remained below 10%, with the
maturation date showing higher precision (RMAE: 1.46-4.02%) than
anthesis. Although yield simulation errors were relatively higher, all
RMAE and RRMSE values remained within a robust range of
6.31-18.41%. Notably, Region 1 exhibited superior simulation accuracy
compared to Regions 2 and 3. Overall, with all error metrics for both
calibration and validation under 20%, the model proved well-suited for
simulating winter wheat growth dynamics in the Yellow River Basin.
Therefore, using the improved DSSAT-CERES-Wheat model to simulate
winter wheat growth and yield formation in the Yellow River Basin was
feasible.

Using the calibrated DSSAT-CERES-Wheat model, simulations were
conducted for all winter wheat sites in the three regions of the Yellow
River Basin, covering anthesis date (ADAP), maturity date (MDAP),
yield (HWAM), aboveground biomass (CWAM), maximum leaf area
index (LAI), and evapotranspiration (ET) (Fig. 8). Both ADAP and MDAP
showed decreasing trends from 1981 to 2021, indicating that the
anthesis and maturity dates of winter wheat occurred earlier over time.
Region 2 had the latest anthesis and maturity dates, whereas Region 3
had the earliest, likely due to differences in geographic location and
altitude. HWAM and CWAM both showed a decreasing trend, with re-
gion 2 having higher yield and biomass compared to regions 1 and 3. LAI
fluctuated between 1 and 9, showing a decreasing trend in region 2. The
ET fluctuated around 1.0 from 1981 to 2021, but showed an upward
trend, with higher ET in regions 1 and 3 compared to region 2.

WEFTD showed a certain consistency with NSPEI and SSI in some
drought years (Fig. S7). In Region 1, the representative site was Huan-
xian in Gansu Province, where WFTD fluctuated between approximately
0 and 0.6, showing large interannual variability. In Region 2, the
representative site was Minhe in Qinghai Province, where WFTD ranged
from about 0.4-0.7, with smaller fluctuations than those in Regions 1
and 3. In Region 3, the representative site was Linfen in Shanxi Province,
where WFTD fluctuated between approximately 0 and 0.6. Overall,
WFTD was slightly higher and more stable in Region 2, indicating
relatively weaker crop water stress in this region. In years with lower
NSPEI and SSI values, WFTD also decreased in most cases, suggesting
that meteorological drought and soil moisture drought could partly
explain crop water stress. However, this relationship varied among sites,
indicating that WFTD was also influenced by crop growth stage, soil
water supply, root water uptake, and local environmental conditions.

Winter wheat yield reduction rates in the Yellow River Basin exhibit
significant spatiotemporal heterogeneity (Fig. 9). In Region 1, yield
losses were slightly higher before 2000 than after 2000, but the overall
magnitude of yield reduction was relatively small, with a maximum
value of 35%. Yield reduction events in Region 2 were more episodic,
but some years experienced substantial losses, reaching up to 57%.
These severe losses were mainly concentrated between 1990 and 2000
and were mostly associated with soil drought indicated by SSI 19_40 cm,
and SSI 40-100 em- In contrast, Region 3 showed more continuous
drought-related yield losses after 2000, but the overall intensity was
lower than that in Region 2. The consistency between severe yield
reduction (>30%) and SSI in deep soil layers indicates that water deficits
in the 10-40 cm and 40-100 cm soil layers had a more pronounced ef-
fect on winter wheat yield loss than short-term meteorological drought.
Overall, deep layer soil moisture conditions are an important factor
influencing severe yield reduction events.

The conditional CDF of winter wheat yield in the Yellow River Basin
showed different responses to meteorological and soil droughts
(Fig. 10). Overall, as drought intensity increased from mild to severe or
extreme levels, the CDF curves shifted leftward, indicating an increased
probability of negative yield anomalies under stronger drought condi-
tions. The response magnitude differed among drought indices, with soil
drought indices generally showing stronger relationships with yield



Y. Wei et al.

Agricultural Water Management 333 (2026) 110643

300

(a) ADAP (b) MDAP
2804 Region1 === Region2 === Region3 3201
2 2601 vam
< <
£ % =
240 a, 280
2 g
% 220'% : 260_%
200+ 240+
180+ ; : . ; y . X y 20+ y ; : . ; . . ;
1981 1986 1991 1996 2001 2006 2011 2016 2021 1981 1986 1991 1996 2001 2006 2011 2016 2021
Year Year
10000 20000
(c) HWAM (d) CWAM
80001 16000+
) o
< =
g 6000+ %012000-
<§C 4000 <EC 8000
= =
e O
2000+ 40001
1981 1986 1991 1996 2001 2006 2011 2016 2021 1981 1986 1991 1996 2001 2006 2011 2016 2021
Year Year
12 2.59
(e) LAI HET
10 2.0
81 —
_ T 15
3 6 £
= 1.01
44 m
5] 0.5

Year

1981 1986 1991 1996 2001 2006 2011 2016 2021

0.0+4 : . : : . . . .
1981 1986 1991 1996 2001 2006 2011 2016 2021
Year
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Fig. 9. Yield reduction rates of winter wheat under drought stress across three
regions of the Yellow River Basin from 1981 to 2021. " + " denotes the occur-
rence of drought. Shading indicates the yield reduction rate, with darker colors
denoting greater yield losses.

anomalies than the meteorological drought index. In particular, SSI
10-40 em and SSI 40 100 cm Showed the strongest correlations with yield
anomalies (|r| > 0.34), whereas NSPEI and SSI ¢_19 cm exhibited rela-
tively weaker correlations. Comparisons among soil layers further
indicated that water deficits in the middle and deep soil layers had a
more pronounced effect on winter wheat yield loss. Under SSI 19_40 cm

10

and SSI 40100 em conditions, stronger drought categories corresponded
to higher conditional probabilities near Yield Anomaly = 0O (Table S5),
suggesting that intensified middle- and deep-layer soil drought
increased the likelihood of negative yield anomalies. In contrast, the
curves for NSPEI and SSI ¢ 10 cm showed relatively smaller separation
among drought categories, indicating that short-term meteorological
drought and shallow soil moisture variation had more limited explan-
atory power for yield loss. Overall, at Yield Anomaly = 0, the condi-
tional probability of negative yield anomalies under stronger drought
conditions was generally close to or greater than 50%, with higher
probabilities associated with middle- and deep-layer soil drought. This
suggests that soil moisture conditions in the 10-40 cm and 40-100 cm
layers are important factors influencing winter wheat yield loss risk in
the Yellow River Basin (Table S5).

4. Discussion
4.1. Suitability of drought indices

Previous studies have suggested that, compared with stationary
drought indices, non-stationary drought indices can provide more ac-
curate assessments of the spatiotemporal variations and propagation
characteristics of drought (Niu et al., 2024). NSPEI has also been re-
ported to outperform the traditional stationary SPI in capturing drought
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characteristics under non-stationary climatic conditions (Chiru Naik
et al., 2023; Rashid and Beecham, 2019). The Generalized Additive
Model for Location, Scale, and Shape (GAMLSS), which incorporates
time-varying location parameters, was used to fit non-stationary
drought index distributions, and it was found that non-stationary
drought indices provided more accurate estimates of drought charac-
teristics under climate change scenarios (Dixit and Jayakumar, 2022). In
particular, the Non-Stationary Standardized Runoff Index (NSRI) was
used to assess the impacts of climate change and human activities on
hydrological drought, confirming the non-stationarity of hydrological
processes in the basin (Wang et al., 2023b). Based on the non-parametric
KDE method, SSI obtained by selecting the optimal bandwidth according
to soil moisture characteristics, was found to have a stronger ability to
describe drought conditions (Ji, 2022). This study utilized the NSPEI
developed based on the GAMLSS model and the SSI calculated using the
KDE method to diagnose drought in the Yellow River Basin from 1961 to
2021, demonstrating their effectiveness in capturing the spatiotemporal
dynamics of drought with higher accuracy compared to traditional
methods (Fig. 6).

4.2. Drought evolution in the Yellow River Basin

Research on the spatiotemporal changes of drought in the Yellow
River Basin garnered widespread attention. Three typical spatiotem-
poral distribution patterns of interannual drought in the Yellow River
Basin were identified: the whole basin type, the southeast-to-northwest
type, and the east-to-west type (Zhou et al., 2021). Studies found a
decreasing trend in the SPEI across the Yellow River Basin, with a
smaller decrease in the downstream regions of the eastern part of the
basin (Wang et al., 2023c). Analysis using various drought indices
revealed that most areas within the basin had become progressively
drier from 1950 to 2016 (Wang et al., 2022). The risk of drought
occurrence was found to vary across different regions of the Yellow
River Basin, with the midstream region facing a higher risk compared to
other areas (Huang et al., 2015), and agricultural drought was found to
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be more concentrated in the western part of the basin (Niu et al., 2024).
The results of this study indicated that both the NSPEI and the SSI were
decreasing over time, leading to increasing aridity in the basin. Specif-
ically, the midstream region was experiencing a more severe trend to-
wards dryness, while the downstream region showed smaller changes in
the slope of aridity, with slower drought development. These findings
were consistent with previous research.

4.3. Evaluation of winter wheat yield due to drought

Climate change and human activities impact winter wheat growth,
leading to extensive research by scholars (Han et al., 2023; Wu et al.,
2022). Climate change has been shown to impact the growth and yield of
winter wheat (Tao et al., 2022). For instance, rising temperatures have
led to the advancement of phenological stages and a subsequent decline
in yield (Xu et al., 2020), with the anthesis and maturity stages
advancing by an average of 0.19 and 0.1 days per year, respectively (Liu
et al., 2018). In the Guanzhong plain, higher average temperatures have
shortened the vegetative and reproductive phases of winter wheat,
consequently affecting yield (Wu et al., 2022). Our study found that
amidst global warming, both the anthesis and maturity dates of winter
wheat in the Yellow River Basin have advanced from 1981 to 2021,
along with a trend of decreasing yield. However, there are differences
among the three regions; compared to regions 1 and 3, region 2 exhibits
longer phenological stages and higher yields, which is consistent with
previous research.

This study further elucidates the underlying mechanism of how
multi-dimensional water deficits impact crop yields. The results indicate
that the conditional CDF curves of winter wheat yield exhibit a distinct
leftward shift as drought intensity escalates (Fig. 10), quantitatively
confirming the non-linear response relationship between drought
severity and yield reduction risk (Leng and Hall, 2019). To further verify
the explanatory role of deep soil moisture deficits in yield losses, we
supplemented the probability analysis of winter wheat yield reduction
under different drought conditions (Table S5). The results showed that
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the probability of yield reduction generally increased with drought
severity. Under severe drought conditions (< —1.5), the probabilities
were 0.46, 0.55, 0.57, and 0.57 for NSPEL SSI ¢.10 cm» SSI 1040 em, and
SSI 40-100 em, respectively. This indicates that deep-layer soil drought
was more consistent with winter wheat yield reduction events than
meteorological drought and surface soil drought, particularly under
severe drought conditions (Fig. 9; Table S5). This suggests that in the
Yellow River Basin, deep-layer soil moisture is the key determinant for
winter wheat's resilience against sustained drought. This can be attrib-
uted to the filtering and lag effects during the evolution of drought from
the atmosphere to the soil, which allow deep-layer soil moisture dy-
namics to more accurately capture the substantial impacts of agricul-
tural drought. When meteorological drought occurs, winter wheat can
still compensate for and buffer water stress by utilizing deep-layer soil
water storage through its well-developed root system (Li et al., 2026).
However, depletion of deep-soil water reserves eliminates the crop's
final buffer, leading to irreversible and inevitable yield losses.

Numerous studies had employed crop models to simulate the growth,
phenology, and yield of winter wheat (Ishaque et al., 2023; Long et al.,
2022). The overall root mean square error (RMSE) for yield simulation
using the DSSAT model had been 13%, yet there was significant un-
certainty associated with individual model simulations (Kassie et al.,
2016). Parameter uncertainty in the MANIHOT model had been found
to significantly impact predictions, with uncertainties being 2-5 times
higher under high-temperature conditions compared to
low-temperature conditions (Moreno-Cadena et al., 2020). An analysis
using three DSSAT wheat models had revealed that the uncertainty in
yield simulation was greater than that for phenology, with higher un-
certainties in regions experiencing high temperatures and drought (Liu
and Xue, 2022). In this study, we had utilized an improved
DSSAT-CERES-Wheat model to simulate the growth and yield of winter
wheat in the Yellow River Basin, observing that the accuracy of yield
simulation was lower than that for phenological stages. The uncertainty
in yield simulation had been attributed to factors such as planting
density, management practices, and sowing dates, which could lead to
simulation errors.

4.4. Limitations and future outlook

Despite the insights into the impacts of drought on winter wheat in
the Yellow River Basin, several limitations remain. Regarding field
management practices, due to the lack of long-term and spatially
consistent crop management records across the study area, the DSSAT
model simplified the spatial heterogeneity and long-term changes in
management practices such as irrigation, fertilization, and tillage. This
simplification may introduce uncertainty into yield simulations, because
farmers’ management decisions and adaptive practices may create
microclimatic buffering effects that existing modeling frameworks
cannot fully capture. Therefore, the simplification of crop management
practices should be regarded as one of the limitations of this study.
Future research could further optimize these model inputs by inte-
grating high-resolution satellite-derived management maps, agricultural
statistics, or social survey data. This study focused on revealing the
impacts of drought on winter wheat from the perspectives of meteoro-
logical and agricultural drought, yet has not fully explored the in-
teractions among multiple environmental stressors. Particularly under
future climate scenarios, the synergistic effects of heat stress and COy
fertilization may alter the sensitivity of winter wheat to deep-soil water
deficits. Subsequent research should incorporate these factors to more
comprehensively assess crop resilience. On a broad geographical scale,
the calibration of genetic parameters for winter wheat still faces severe
challenges. Future research should prioritize strengthening the deep
application of multi-source data assimilation technologies (such as Sun-
Induced Fluorescence, SIF, and remote sensing-based soil moisture)
within crop modeling frameworks. By using data assimilation schemes
to bridge the scale gap between micro-plot physiological mechanisms
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and macro-regional yield estimation, it will not only significantly
improve the accuracy of drought early-warning systems but also provide
solid scientific support for the adaptive allocation and precision sched-
uling of agricultural water resources in water-scarce basins.

5. Conclusions

The NSPEI and SSI exhibited a significant negative trend in the
Yellow River Basin from 1961 to 2021, indicating a trend towards
increasing drought. Spatial heterogeneity was observed, with some
areas in the western part of the basin showing a wetting tendency.
During the winter wheat growing season, SSI exhibited more variability,
while NSPEI showed relatively smoother changes. The 12-month
drought indices showed the strongest periodicity. NSPEI performed
well in identifying historical drought events, while SSI provided com-
plementary information on agricultural drought severity across different
soil layers.

Drought intensified with increasing severity in the Yellow River
Basin over the past 61 years. Since 2000, sites with drought intensity
exceeding 40% emerged, particularly in the midstream region. Drought
duration initially decreased but then increased, fluctuating between 3
and 4 months. The frequency and duration of moderate droughts had
increased overall over the past 61 years, reaching up to 5 occurrences
and 4 months during 2011-2021.

The simulation results from the improved DSSAT-CERES-Wheat
model were relatively stable. Region 2 had higher yields and above-
ground biomass compared to other areas, with lower ET from 1981 to
2021. During the winter wheat growing season, WFTD showed a certain
consistency with NSPEI and SSI in some drought years. Deep-layer soil
moisture is an important determinant of severe winter wheat yield re-
ductions in the Yellow River Basin, exerting a more persistent and severe
impact than meteorological or shallow-soil droughts.
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