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ABSTRACT

Agricultural drought intensifies crop water stress and limits photosynthetic productivity, thereby threatening
food security and socio-economic development. However, current drought indices from model simulations or
remote sensing have limitations with regard to fully considering the complex interactions between various
climate factors and crop water demands. Furthermore, estimates from remote sensing-based drought indices are
subject to significant uncertainties due to the coarse spatiotemporal resolution of the data sources, inherent
systematic errors in methodologies, and the limited number of ground observations. This study aimed to bridge
these gaps by employing the nationwide Agricultural Drought Monitoring Network covering over 2000 in-situ
observations and the Crop Water Deficit Abnormal Index (CWDIa) to quantify the spatiotemporal characteris-
tics of agricultural drought from 1960 to 2020. The duration and severity of drought in northern China were
significantly greater than in the southern regions, especially in the North China Plain, and the northern Tibetan
Plateau. The occurrence of severe drought in southwestern China and in the southern Tibetan Plateau during the
spring and winter seasons was driven by persistent water deficits. Over the past 60 years, China has experienced
an overall alleviation in the severity and duration of agricultural drought. However, the drought situation has
continued to worsen in certain regions, such as in southwestern China and the southern North China Plain.
Multiscale decomposition of the ensemble empirical mode has further strengthened this finding (i.e., the drying
trend in southwestern China since 1990). As seen in authoritative drought statistics, the integration of CWDIa
and dense observations in the drought monitoring framework have demonstrated robust efficacy in capturing
over 80 % of the actual drought-covered and drought-affected area. These findings highlight the importance of
incorporating climate and crop water demand in agricultural drought monitoring to provide reliable and long-
term spatiotemporal estimates of drought characteristics based on a nationwide observation network.

1. Introduction

and a drought-affected area of 8.87 million hectares (Yu et al., 2014;
Zhai et al., 2017; Wang et al., 2023). Annual losses in food production

Drought is one of several extreme weather events that has become
more frequent than ever before due to climate change occurring over
most of world, even in wet or humid regions (Mishra and Singh, 2010;
Dai, 2011). Extreme drought has profound impacts on agriculture, water
resources, the ecosystem carbon cycle, and socio-economic development
(Clarke et al., 2021; Luo and Keenan, 2022; Yin et al., 2023). China is
one of the countries currently dealing with significant drought disasters.
It has an average annual drought-covered area of 20.9 million hectares

caused by drought range from millions of tons to in excess of 30 million
tons (Qin et al., 2014; Shi et al., 2021; Wang et al., 2023). With
increasing drought intensity and areal coverage across China, drought
losses could double in response to global warming of 1.5 °C to 2.0 °C (Su
et al., 2018). Therefore, drought disaster is a serious threat to food and
ecological security, and has become a constraining factor for sustainable
socio-economic development in China (Zhang et al., 2020).

There exist a plethora of indices derived from a variety of data-driven
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approaches, theoretical foundations, and model structures that have
been used to assess and predict the spatiotemporal evolution of agri-
cultural drought in China, based on meteorology [Standardized Pre-
cipitation Index (SPI), Standardized Precipitation Evapotranspiration
Index (SPEI), and Palmer Drought Severity Index (PDSI)], soil moisture
[Standardized Soil Moisture Index (SSI), hydrology [Standardized
Runoff Index], and remote sensing [Vegetation Condition Index]
(Palmer, 1965; McKee et al., 1993; Liu and Kogan, 1996; Vicente-
Serrano et al., 2010; Rojas et al., 2011; AghaKouchak, 2014; Martinez-
Fernandez et al., 2015). For example, SPI contains a flexible time scale,
but it neglects the influences of temperature and evapotranspiration
(McKee et al., 1993). SPEI is an extension of SPI that incorporates pre-
cipitation and potential evapotranspiration in determining drought
(Vicente-Serrano et al., 2010). PDSI considers not only the current water
supply and demand, but also the impact of past dry and wet conditions
and their duration. However, meteorological drought may not accu-
rately reflect agricultural drought due to differences in the characteris-
tics of drought indices, the time effect in drought spread, and crop
resilience. Hence, researchers have used soil moisture derived from
model simulations and remote sensing data to construct agricultural
drought indices. However, current spatiotemporally continuous soil
moisture datasets inevitably contain significant errors and uncertainties
due to systematic biases, challenges related to human management
practices, limited station observations, and coarse spatiotemporal res-
olution. Moreover, the development of drought indices based solely on
soil moisture provides only an indirect reflection of agricultural drought
characteristics (Zhang et al., 2023). In light of these concerns, there is a
crucial need to integrate complex climate factors and crop water de-
mands for accurate monitoring of agricultural drought conditions and
for accurate quantification of crop water deficits (Sawada et al., 2014).

Indeed, assessments derived from various drought indices can yield
disparate or even contradictory outcomes. For example, Wu et al. (2020)
employed SPEI_ PM to evaluate drought characteristics in China from
1960 to 2014, and found a wetting trend during this period. Yao et al.
(2018) reported consistent findings according to multiple drought
indices, revealing an overall alleviation of drought conditions in China
from 1961 to 2013. In contrast, Han et al. (2020) analyzed the spatio-
temporal pattern of drought in China from 1950 to 2009 using an in-
tegrated scPDSI dataset. Their findings showed a slight increase in the
intensity of annual and seasonal drought over the past 60 years,
particularly in eastern China where dry conditions have become more
severe. Even employing an identical drought index does not guarantee
consistent drought assessments, as substantial deviations can emerge
due to differences in a study’s time periods. For instance, an evaluation
based on SPEI revealed a drying trend across northwestern China from
1985 to 2018 (Shi et al., 2023). However, an entirely opposite outcome
was found when the analysis period was extended to cover the years of
1965 to 2017 (Zeng et al., 2020).

The use of ground-based observations have typically been regarded
as the most reliable and accurate method for monitoring agricultural
drought (Srivastava, 2017). However, past research has been limited by
sparse and unevenly-distributed site observations that have hindered the
accurate detection of drought conditions. Although remote sensing and
numerical simulations serve as alternatives for large-scale drought
monitoring, these methods still struggle to overcome the challenges of
low assessment accuracy and limited practical application. To bridge the
research gap, the China National Meteorological Center developed the
Crop Water Deficit Anomaly Index (CWDIa) by combining meteorolog-
ical drought, anthropogenic management, and crop water demand. They
also established a national agricultural drought monitoring service
system that consists of a network of over 2000 site observations across
China to accurately monitor agricultural drought status.

The overall objective of this study was to quantify agricultural
drought characteristics (duration and severity) in China over the past six
decades (1960-2020) using long-term observations from a dense
drought-monitoring network along with statistical data on drought
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events. In addition, we used CWDIa as a probe to investigate agricultural
drought, considering crop water balance under the interactions of
climate change and crop water demand. This study addressed the
following scientific questions: (1) How have spatial and temporal vari-
ations in agricultural drought in China changed as assessed by CWDIa?
(2) What are the geographic differences in the multiscale characteristics
(periodicity and trend) of drought based on long-term and multi-site
observations across China? (3) Can the proposed drought evaluation
system capture actual drought disasters in a robust and accurate
manner?

2. Materials and methods
2.1. Study area

China stands globally as one of the countries with the highest fre-
quency of drought occurrences. Drought characteristics induced by
climate change exhibit substantial temporal and regional disparities.
Considering the diverse combinations of temperature, precipitation, and
solar radiation, the entire nation has been classified into twelve sub-
climatic zones based on their region-specific climatic features (Fig. 1),
including Northeast China (NE), North China (NC), South China (SC),
Huanghuai district (HH), Jianghan district (JHA), Jianghuai district
(JHI), Jiangnan district (JN), Inner Mongolia (NM), Tibetan Plateau
region (QT), East-central Northwest China (CEN), Southwest China
(SW), and Xinjiang (XJ) (China Meteorological Administration, 2018).

These sub-regions cover diverse geographical features and the main
grain-producing areas across China, such as the wheat-producing re-
gions in the North China Plain, rice-producing regions in northeastern
and southern China, corn-producing regions in northwest China, and
barley-producing regions on the Qinghai-Tibet Plateau. A dense network
of meteorological monitoring stations (totaling 2055 stations) is
distributed throughout each of the sub-regions (Fig. 1), spanning the
extensive period from 1960 to 2020.

2.2. Crop water deficit Abnormal Index

The Crop Water Deficit Abnormal Index (China Meteorological
Administration, 2015) was calculated as:

CWDI — CWDI' 100%whenCWDI > 0
100 — CWDI (@)

CWDIwhenCWDI < 0

CWDI, =

where CWDI is the crop water deficit index, which is calculated in
equation (2); CWDI is the average crop water deficit abnormal index
during a climatic period (e.g., 1981-2010 would be 30 years), which is
defined in equation (3). CWDI is calculated as:

CWDI = a x CWDI;+b x CWDI;_; +c¢ x CWDI; > +d x CWDI,; 5 +e
x CWDI; 4
(2

where CWDI; is the crop water deficit index during the j* period (taken
as 1 d), which is calculated in equation (4). CWDI;_;, CWDI;_>, CWDI;_3,
CWDI;_4 are the crop water deficit indices during the (j — 1)® (- 2)%,
G- 3)”’, G- 4)”’, periods, respectively. a, b, c, d, e represent the weight
of the coefficient of the crop water anomaly index in different periods. In
general, the closer the time period, the larger the weight of the coeffi-
cient. In this study, a was 0.3; b was 0.25; ¢ was 0.2; d was 0.15; e was
0.1, with reference to agricultural drought grade (China Meteorological
Administration, 2015).

The average crop water deficit abnormal index (CWDI) was
expressed as:
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Fig. 1. Meteorological stations and geographical regions. NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district; JHA: Jianghan district;
JHI: Jianghuai district; JN: Jiangnan district; NM: Inner Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW: Southwest China;

XJ: Xinjiang.
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where n is 30 (the most recent three decades). The crop water deficit
index during the j* period (CWDI) is expressed as:

P+

cwpI; = (11— Ltk

ET

G

) « 100% @

where P; is the accumulated precipitation (mm) during the j™ period; I; is
the irrigation amount (mm) during the j* period; ET¢; is the crop po-
tential evaporation (mm), calculated as:

ETc; = K.ET, 5)

where K. is the crop coefficient, which was the average crop coeffi-
cient during a given period in a specific region. Detailed K, values for
each province are shown in Appendix A. ET, (mm day!) is the reference
crop evapotranspiration as defined by FAO (Allen et al., 1998). The
specific equation is:

_ 0.408A(R, — G) + yus(e; — €,)[900/ (T + 273) ]
N A+ y(1 4 0.34u,)

ET, (6)

where T is mean daily air temperature at 2 m height (°C); R, is net
radiation (MJ m~2 day’l); G is soil heat flux density (MJ m~2 day’l); Uy
is wind speed at 2 m height (m s™1); e, and e, are saturation vapor
pressure and actual vapor pressure, respectively (kPa); A is the slope of
the vapor pressure—temperature curve (kPa °C™1); and y is the psy-
chrometric constant (kPa °C™1).

The drought classifications based on CWDI, are given in the Table 1.
Notably, we assumed rainfed conditions for the entire study area due to
the limited amount of irrigation data at the site scale and the inherent
uncertainty associated with irrigation maps. This assumption implies
that CWDI, may overestimate or underestimate the capturing of agri-
cultural drought characteristics in irrigated regions to some extent.
Further elaboration on this issue will be provided in the Discussion

Table 1
Drought classifications of Crop Water Deficit Abnormal Index
(CWDI).

Drought classification CWDI, (%)

Normal CWDI, < 40

Mild drought
Moderate drought
Severe drought
Extreme drought

40< CWDI, < 55
55< CWDI, <70
70< CWDI, < 85
CWDI, > 85

section.
2.3. Drought severity and duration

Run theory (Yevjevich, 1967) was used to define the drought events
as shown in Fig. 2. A drought event started when daily CWDI, was above
the drought threshold (40 % in the Table 1), and ended when CWDI,, fell
below the threshold value (China Meteorological Administration, 2015).
The period between the beginning and ending times was the drought
duration. The drought severity of a drought event was defined as the
shaded area surrounded by the daily CWDI, and CWDI threshold lines
(Fig. 2). The annual drought duration at a meteorological station was the
sum of all drought event durations in a year. Similarly, annual drought
severity was the sum of all drought event severities in a year.

2.4. Meteorological and drought disaster survey data

The original meteorological data were obtained for 2419 stations
from the National Meteorological Center of the China Meteorological
Administration (http://data.cma.cn), including daily mean, maximum,
and minimum air temperatures, precipitation, wind speed, relative hu-
midity, and sunshine hours for the period of 1960-2020. Consistent
quality control standards were applied to these data. Before performing
calculations, data with missing values exceeding 5 % of the total number
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CWDI, is the crop water deficit abnormal index

CWDIy is the drought threshold of crop water deficit abnormal index
ty is the begin time of a drought event

t, is the end time of a drought event

D is the drought duration
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Fig. 2. Drought duration and severity based on the daily Crop Water Deficit Abnormal Index using run theory.

of days were excluded. Moreover, we employed historical data from
certain sites to estimate the missing meteorological parameters by
calculating average values from corresponding days across different
years. Ultimately, 2055 meteorological stations were retained for the
computation of drought indices and characteristics (Fig. 1). The area
encompassing the stations was divided into twelve geographical regions
according to the geographical partition of meteorological products in
China (China Meteorological Administration, 2018).

The annual statistics of drought disaster survey data and crop
planting areas during 1960 to 2020 (with breaks in 1967-1969) were
obtained from the National Bureau of Statistics of China (http://www.st
ats.gov.cn/) that included national-level drought-covered areas and
drought-affected areas. The ratios of drought-covered and drought-
affected areas were calculated using disaster survey data divided by
crop planting areas.

2.5. Data analysis

Annual drought duration and severity at each station were calculated
as described section 2.2. Mean annual, spring, summer, autumn, and
winter drought duration and severity at each station were also calcu-
lated. The annual drought duration and severity in 12 geographical re-
gions were aggregated by averaging the corresponding stations in each
region. We used a non-parametric trend test (i.e., Sen Slope estimator
test; (Sen, 1968) to examine the temporal trend at each station and
region.

2.6. Emerging hot spot analysis

An Emerging Hot Spot Analysis approach was employed in this study
to identify the spatiotemporal trends and clustering features of drought
characteristics. Firstly, a space-time cube was created using ArcGIS Pro
V3.0 software, in NetCDF format, based on annual drought character-
istics (duration and severity) from 1960 to 2020 (for details of the
space-time cube see: https://bit.ly/3GZhh8a). Each bin in this cube
contained unique identifiers for location, time-step, count values, and
aggregated variables produced during the cube’s creation (Khoshnazar
et al.,, 2023). Bins associated with the same time-step interval were
combined into a time slice. Bins at different time dimensions but the
same location were integrated to create a time series containing variable
information. We then utilized the emerging hot spot analysis tool in
ArcGIS Pro V3.0 to drive the constructed space-time cube and explore
spatial clustering distribution and temporal trends of drought

characteristics. A non-parametric Mann-Kendall trend test was applied
to assess the trend characteristics of the time series. Hence, the outcome
of this analysis was a clustering trend z-score, p-value, and binning
category for each location. Moreover, based on the spatiotemporal re-
lationships of z-scores and p-values, we further identified cold spots and
hot spots in sixteen patterns, comprising eight patterns each for cold
spots and hot spots (Scott and Janikas, 2010; Khoshnazar et al., 2023).
The pattern names and definitions of hot spot analysis are listed in the
Table S2. For additional details and instructions for the Emerging Hot
Spot Analysis, please refer to the following link: https://pro.arcgis.co
m/en/pro-app/latest/tool-reference/space-time-pattern-mining/emer
ginghotspots.htm.

2.7. Ensemble Empirical mode Decomposition

To obtain the different temporal scales and nonlinear trends in the
drought duration and severity series, Empirical Mode Decomposition
(EMD) was used. This is an adaptive and efficient method to decompose
nonlinear and non-stationary data into several components of intrinsic
mode function (IMF) and a residual using a sifting process. This sifting
process is described as follows:

Identify the local maxima and minima of the original data x(t). All
local maxima are then connected by a cubic spline to form the upper
envelope, and minima are connected to form the lower envelope. Their
mean is designated as m;, and the difference between x(t) and m; is the
first component hy:

h] :x(t) —m (7)
However, if h; does not satisfy the definition of an IMF, then the process
is repeated.
hiy = hy —my, ®
where my; is the mean envelope of h; . Repeat this step k times until hyy is
an IMF.
hix = hig—1)y —mi (C)]
Then, the first IMF,c; = hy;x when
2

_ Yol (0) = hu(1)]

S olhign ()

where Dy is the stop criterion and smaller than a predetermined
value such as 0.2. Once the first IMF is removed from the original

Dy (10)
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data, x(t)
r=x(t) — ¢ 1D

Because r; still contains information of longer period components, it
is treated as the new data and subjected to the same sifting process as
described above. If ¢; or r; is smaller than a predetermined value, or
becomes a monotonic function, then the sifting process is stopped. Thus,

ri=x(t) —ci,ry = x(t) — ¢y Ty = Fay — Ca 12

x(r) = Z;ci + 7, 13)

Thus, a series of IMFs can be obtained.

The mode mixing was a significant drawback of EMD, and implied
that there was a single IMF consisting of signals of obviously disparate
scales or a signal of the same scale appearing in a different IMF
component. Wu and Huang (2009) proposed a new noise-assisted
analysis method called Ensemble Empirical Mode Decomposition
(EEMD) to overcome this problem. The algorithm of EEMD is described
as follows:

(1) Add a white noise series to the original signal and decompose the
signal with added white noise into IMFs using EMD.

(2) Repeat step (1) but with a different white noise series each time
and obtain the corresponding IMF components of the decompositions.

(3) Adopt the means ensemble corresponding to the IMFs and residue
of compositions as the final result. The significance of IMF white noise is
tested according to the method introduced by Wu and Huang (2004).
The variances of each IMF and residual were -calculated as
variance(IMF;)/ > variance(IMF;).

Journal of Hydrology 627 (2023) 130454
2.8. Drought analysis framework

The drought analysis framework is shown in Fig. 3. Firstly, the
CWDI, for each station from 1961 to 2020 was calculated using daily
meteorological data at 2055 stations. Secondly, annual drought duration
and severity at each station were assessed by run theory, and the mean
drought duration and severity in different seasons were also estimated.
Additionally, Sen’s slope values for the annual drought duration and
severity at each station were estimated. To explore temporal and spatial
patterns of drought characteristics, the average duration, severity, and
their slopes during the past six decades were interpolated across the
entire nation with 5-km spatial resolution using the inverse distance
weight method. The temporal-spatial evolution of drought characteris-
tics was further identified based on emerging hot spot analysis. Thirdly,
annual drought duration and severity at the stations were aggregated to
national and regional scales. Fourthly, EEMD was used to decompose the
period characteristics and nonlinear trends. Finally, the relationships
between drought disaster survey data and national and regional drought
duration and severity estimates were examined.

3. Results
3.1. Spatial characteristics of drought

From the spatial distribution of mean drought duration over
1961-2020 (Fig. 4a), it can be seen that XJ, NM, western NE, NC, HH,
northern QT, and western SW had larger mean drought duration than
other regions, indicating that their regions had higher frequency of
drought. The mean drought durations of the above-mentioned regions
ranged from 105 to 267 days. Mean drought severity (Fig. 4b) showed a
similar spatial distribution as observed for drought duration (Fig. 4a).

__ Daily solar radiation, ET, | Calculate Daily CDWla Precipitation,
air temperature, wind speed, > . i K
saturation vapor pressure, at 2055 stations Irrigation
Run theory
Calculate Drought
duration and severity
IDW method
Spatial
pattern Spatial
N . characteristics
. Temporal Annual drought duration
Emerging Hot Spot | spatial . . R
Analysis Pattern and severity at each station >
from 1960 to 2020
» Temporal trend
Temporal
Aggregation attern
8eres ‘ P Sen slope test

o - N

! 1

1 . 1
[}

1 el s?ale National scale |

1 (12 sub-regions) |

I‘\ /l

e ;Z:Zrusgllllrtv . Validate the ' Multi Nonlinear
o y results timescales trend

Validation and Test

Multiscale decomposition of
drought characteristics

Fig. 3. Framework for drought analysis. Multiscale decomposition of drought characteristics is based on Ensemble Empirical Mode Decomposition. CWDIa: Crop
Water Deficit Abnormal Index; IDW: inverse distance weight; ET,: reference crop evapotranspiration.
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(a) mean drought duration

Days

| e
LIy [ 77104
| Y [ o5 131
. R
- [
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Fig. 4. Mean drought duration (a) and drought severity (b) from 1960 to 2020. NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district;
JHA: Jianghan district; JHI: Jianghuai district; JN: Jiangnan district; NM: Inner Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW:

Southwest China; XJ: Xinjiang.

The mean drought severity of the above-mentioned regions ranged from
34 to 135. JN, SC, and eastern SW had the lowest mean drought duration
and lowest severity, ranging from 17 to 76 days and from 3 to 21,
respectively.

Annual average drought days in the 12 regions are shown in Table 2.
XJ had the greatest number of annual average drought days (150 days)
and the greatest severity (57). The average drought duration for NC, HH,
NM, and CEN was more than 100 days. SC and JN had fewer drought
days (65 and 51 days, respectively) than other regions. JN had the
smallest average drought severity.

The intra-annual distribution of average drought duration and
severity in the 12 different regions varied (Table 2). There were more
drought days or greater drought severity in winter and spring in NE, NC,
HH, NM, QT, CEN, and SW. There was higher frequency in autumn and
winter in SC, JHA, and JHU. Summer and autumn droughts were more
obvious in JN.

In spring, drought duration values ranged from 26 to 76 days in
western NE, NM, NC, northern CEN, and western of SW, which were
more than in the other regions (Fig. 5a). JN and northern SC had the
fewest average drought days (less than 15 days). In summer (Fig. 5b),
the drought center was mainly located in northern and northwestern
China, especially in XJ and NC. The mean drought duration ranged from
35 to 58 days. In autumn, eastern China and XJ had higher drought
frequency than other regions, and drought duration was between 28 and
33 days (Fig. 5¢). In winter, the mean drought duration in western NE,
NM, XJ, CEN, NC, HH, QT, and western SW ranged from 30 to 73, and
was larger than observed for the other regions. The spatial pattern of

Table 2

drought severity in different seasons (Fig. 6) was similar to the spatial
pattern of drought duration (Fig. 5).

3.2. Temporal-spatial variations in drought characteristics

The temporal trends of agricultural drought characteristics (duration
and severity) at each station estimated by Sen’s Slope were interpolated
over China (Fig. 7). In contrast to previously reported results from prior
investigations, there was a discernible decline in both drought duration
(Fig. 7a) and severity (Fig. 7b) across the majority of China. However, in
contrast to this overarching trend, a notable increase in drought dura-
tion and severity was observed across most of SW, northern SC and JHA,
southwestern NC, and western HH (Fig. 7). Table 3 and Table 4 provide a
temporal summary of the decadal average and linear trend of drought
characteristics, encompassing the entirety of China and 12 sub-regions.
Specifically, the linear trend for drought duration (Table 3) and severity
(Table 4) for China exhibited rates of —0.23 (days yr ™) and —0.07 (days
yr 1), respectively, spanning the period from the 1960 s to the 2020 s.

The interdecadal variations in drought duration and severity un-
derscores the distinct temporal trend (Table 3 and Table 4). Specifically,
the temporal trends were characterized by a decline from the 1960 s to
the 1980 s, followed by an increase from the 1980 s to the 1990 s, and
then a renewed decrease spanning the 1990 s to the 2010 s. Paralleling
the nationwide trend, a decreasing trend in drought duration was
observed for most of the 12 regions, ranging between —0.03 and —0.91
(days yr1). Notably deviating from this pattern was an increase noted in
JHA and SW (Table 3). Similarly, the prevailing trend in most regions,

Seasonal and annual average drought duration (days) and severity from 1961 to 2020 in 12 regions.

Region Drought duration (d) Drought severity
Entire year Spring Summer Autumn Winter Entire year Spring Summer Autumn Winter

NE 98 33 19 20 26 25 9 3 4 9
NC 135 38 25 28 45 41 11 5 7 18
SC 65 12 6 23 23 18 3 1 6 8
HH 119 31 23 27 38 33 8 5 7 13
JHA 93 18 22 24 29 21 3 4 6 8
JHI 84 15 17 27 25 19 3 3 7 7
JN 51 2 13 27 9 12 0 2 7 2
NM 135 40 25 29 41 41 13 5 7 16
QT 111 32 14 20 45 35 10 3 5 17
CEN 107 27 23 18 39 30 7 5 4 14
SW 71 27 9 7 27 17 7 2 1 7
XJ 150 40 35 43 32 57 16 10 16 15

NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district; JHA: Jianghan district; JHI: Jianghuai district; JN: Jiangnan district; NM: Inner
Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW: Southwest China; XJ: Xinjiang.
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(a) mean drought duration
(spring)

(b) mean drought duration
(summer)

(¢) mean drought duration
(autumn)

(d) mean drought duration
(winter)

Fig. 5. Mean drought duration in spring (a), summer (b), autumn (c) and winter (d). NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district;
JHA: Jianghan district; JHI: Jianghuai district; JN: Jiangnan district; NM: Inner Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW:

Southwest China; XJ: Xinjiang.

except for SW, was a decline in drought severity (Table 4).

The interdecadal variation of drought duration exhibited four pat-
terns (Table 3). For all of China, NE, SC, HH, JHU, and NM, the variation
pattern was “Decrease-Increase-Decrease”. NC and JHA had a
“Decrease-Increase-Decrease-Increase” pattern. JN and CEN had an
“Increase-Decrease-Increase-Decrease” pattern. QT and SW had a
“Decrease-Increase” pattern. Similarly, the interdecadal variation of
drought severity followed four patterns (Table 4). A “Decrease-Increase-
Decrease” pattern appeared in China, NE, SC, HH, JHA, NM, and CEN.
NC and JHU had a “Decrease-Increase-Decrease-Increase” pattern. JH
had an “Increase-Decrease-Increase-Decrease” pattern. QT, SW, and XJ
had a “Decrease-Increase” pattern.

Based on the sixteen patterns from the emerging spatiotemporal
analysis, the study area was divided into multiple cold spot and hot spot
regions (Fig. 8). Over the past six decades, variations in drought dura-
tion have highlighted hot spots (regions with higher duration, P < 0.05)
in southern XJ and western QT. Furthermore, cold spots (regions with
lower duration, P < 0.05) were found across southern China, the eastern
Qinghai-Tibet Plateau, and the majority of northeastern China. These
cold spot patterns were mainly identified as intensifying (4 %), persis-
tent (9.4 %), sporadic (9.2 %), and oscillating (14.4 %). The spatial
distribution of cold spots and hot spots for drought severity closely
resembled that of drought duration, but with differences in temporal
dynamics. Specifically, for drought severity, northeastern China and
northern XJ displayed broader and stronger cooling trends, while
persistent cold spot patterns dominated in southern China. Southern XJ
and the western QT exhibited significant intensifying or persistent
drying trends. The significant cold spots with oscillating pattern (P <
0.05) implied that these regions were previously identified as hot spots,

while recent observations indicated a reduction in drought severity. If
these trends persist, the drought conditions in these areas might be
further alleviated in the future.

In summary, our analysis uncovered an overarching trend indicating
the mitigation of agricultural drought across China. The amelioration of
drought conditions enhanced the water supply to croplands, thereby
increasing both crop yields and quality, ensuring the stability of farmers’
livelihoods and the national food supply system. Furthermore, the de-
creases in drought helped to alleviate the pressures on soil degradation
and water resource depletion, contributing to the preservation of
ecosystem health and the sustainable development of the ecological
environment.

3.3. Multiscale decomposition of drought characteristics based on EEMD

To explore the potential changes in long-term drought signals, we
decomposed the interannual drought characteristics into different
timescales using the EEMD method. The IMFs and trends were obtained
from decomposing the time series of drought duration and severity
(Figs. 9 and 10). For all of China, four modes were sufficient to
decompose the complex dynamic signals. Specifically, the first and
second modes represented inter-annual perturbations (quasi-3 and
quasi-7-year for drought duration; quasi-3 and quasi-6 year for drought
severity). And the third and fourth IMFs reflected inter-decadal cycle
characteristics (quasi-15 and quasi-27 year for drought duration; quasi-
12 and quasi-25 year for drought severity), which could be influenced by
long-term atmospheric and oceanic factors (Table 5). The final compo-
nent exhibited the slow-changing residual of climate oscillations, sug-
gesting the intrinsic trend of the dataset (Table 5). In addition, the first
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Fig. 6. Mean drought severity in spring (a), summer (b), autumn (c) and winter (d). NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district;
JHA: Jianghan district; JHI: Jianghuai district; JN: Jiangnan district; NM: Inner Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW:

Southwest China; XJ: Xinjiang.
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Fig. 7. Sen’s slope of drought duration and severity from 1960 to 2020. NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district; JHA:
Jianghan district; JHI: Jianghuai district; JN: Jiangnan district; NM: Inner Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW: Southwest

China; XJ: Xinjiang.

IMF explained over 70 % of the variation in long-term drought charac-
teristics, indicating that the nonlinear and non-stationary drought signal
was mainly influenced by the inter-annual scale (Table 5). The mean
drought duration and severity showed periodic variations, yet these
fluctuations demonstrated a significant nonlinear decline over the last
six decades (Figs. 9 and 10). Thus, the average drought characteristics in
China were summarily characterized as periodic oscillations with a
significant downward trend.

However, the trend of these drought characteristics varied among

the 12 agricultural regions across China (Fig. 11). Drought duration
showed an obvious downward trend in NE, QT, and XJ over the past 60
years. In addition, the time series of drought duration in SC, HHA, and
SW exhibited a concave curve form with the inflection point appearing
around the 1990 s. For NC, HHU, NM, and CEN, the trend of drought
severity first increased and then decreased, with different mutation
times (Fig. 11). Similar to the multi-scale decomposition at the national
level, the IMF1 of the 12 regions explained the majority of the variations
in drought duration (64.2 + 7.7 % of the total variance, Table 6). The
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Decadal average drought duration (days) and Sen’s slope trend rate for China and its 12 regions.
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Region 1961-1970 1971-1980 1981-1990 1991-2000 2001-2010 2011-2020 Sen’s slope (days/year) Interdecadal variation pattern

China 103 97 91 94 92 88 —0.23 Decrease-Increase-Decrease

NE 118 105 89 101 91 86 —-0.50 Decrease-Increase-Decrease

NC 140 133 139 149 124 128 —0.18 Decrease-Increase-Decrease-Increase
SC 74 61 62 64 74 55 —0.06 Decrease-Increase-Decrease

HH 132 110 122 123 113 118 —-0.03 Decrease-Increase-Decrease

JHA 100 95 80 97 89 98 0.03 Decrease-Increase-Decrease-Increase
JHI 100 89 70 86 82 81 —0.25 Decrease-Increase-Decrease

JN 56 59 48 49 53 40 —0.22 Increase-Decrease-Increase-Decrease
NM 148 140 133 134 135 124 —0.25 Decrease-Increase-Decrease

QT 128 121 112 929 101 106 —-0.53 Decrease-Increase

CEN 109 112 104 118 106 97 —0.28 Increase-Decrease-Increase-Decrease
SW 74 72 64 61 74 79 0.20 Decrease-Increase

XJ 180 169 151 141 129 136 —0.91 Decrease-Increase-Decrease-Increase

NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district; JHA: Jianghan district; JHI: Jianghuai district; JN: Jiangnan district; NM: Inner
Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW: Southwest China; XJ: Xinjiang.

Table 4
Decadal average of drought severity and Sen’s slope trend rate for China and its 12 regions.

Region 1961-1970 1971-1980 1981-1990 1991-2000 2001-2010 2011-2020 Sen’s slope(/year) Interdecadal variation pattern

China 30.1 26.9 24.9 26.6 24.9 24.4 —0.07 Decrease-Increase-Decrease

NE 34.1 25.0 21.7 25.0 22.0 22.9 —0.18 Decrease-Increase-Decrease

NC 44.3 40.4 40.5 46.3 35.5 37.9 —0.09 Decrease-Increase-Decrease-Increase
SC 20.6 16.8 16.4 17.8 21.6 14.2 —0.02 Decrease-Increase-Decrease

HH 37.3 29.9 32.6 35.3 30.5 30.8 —0.04 Decrease-Increase-Decrease

JHA 22.3 22.2 17.7 24.3 18.4 21.0 —0.01 Decrease-Increase-Decrease

JHI 22.8 22.3 15.4 20.9 17.0 18.2 —0.08 Decrease-Increase-Decrease-Increase
JN 12.8 14.4 10.3 11.1 12.4 9.3 —0.06 Increase-Decrease-Increase-Decrease
NM 47.2 41.7 39.5 40.8 40.2 38.9 —0.09 Decrease-Increase-Decrease

QT 41.9 38.3 34.2 30.3 30.8 35.3 -0.15 Decrease-Increase

CEN 32.3 29.7 29.9 34.3 28.4 26.2 —0.08 Decrease-Increase-Decrease

SW 18.9 17.0 15.1 13.9 18.4 19.2 0.05 Decrease-Increase

XJ 68.9 64.1 57.0 52.6 46.2 50.8 —0.38 Decrease-Increase

NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district; JHA: Jianghan district; JHI: Jianghuai district; JN: Jiangnan district; NM: Inner
Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW: Southwest China; XJ: Xinjiang.
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Fig. 8. Emerging Hot Spot Analysis to identify temporal-spatial cluster trends of drought characteristics. Various patterns of cold spots and hot spots are shown in
blue and red, respectively. NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district; JHA: Jianghan district; JHI: Jianghuai district; JN:
Jiangnan district; NM: Inner Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW: Southwest China; XJ: Xinjiang. (For interpretation of the

references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 9. Original signal of drought duration decomposed into four intrinsic mode function (IMF) components and a residual by Ensemble Empirical Mode Decom-
position. The yellow band and red line in the top panel represent the 95% confidence interval and the linear trend for the original signal, respectively. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

contributions of the second, third, and fourth modes decreased
sequentially, with IMF2 accounting for 17.3 + 7.1 %, IMF3 accounting
for 10.0 £ 3.5 %, and IMF4 accounting for 3.6 + 3.2 % of the variations.
It is noteworthy that the variance contribution and period of the fourth
mode in QT were significantly higher than in the other regions (13.2 %
and 40-year, respectively), indicating that the inter-decadal scale
influenced by long-term atmospheric factors is an important periodic
characteristic (Table 6).

In most regions, the temporal patterns for long-term drought severity
were similar to those for drought duration (Fig. 11). Specifically, we
observed a significant downward trend in NE, HH, NM, QT, and CEN,
and a concave curve in SC and SW. In contrast, HH, long-term drought
severity showed the opposite pattern, with more persistent but milder
droughts (Fig. 11). In addition, we also found that the variance contri-
bution and period of the fourth mode of drought severity (9 % and 42-
year, respectively) in QT deviated significantly from the mean level
(Table 7). This highlighted the fact that the drought characteristics on
the Qinghai-Tibet Plateau were regulated not only by interannual
weather conditions but also by long-term climate warming and oceanic
patterns. In general, drought duration and severity showed similar fre-
quency changes, but there were significant differences in the long-term
drought characteristics among the different regions.

10

3.4. Detecting actual drought disaster

To validate the effectiveness and practicality of the drought index
proposed in this study for detecting actual drought coverage and
affected areas, we conducted statistical verification and provided high-
precision correlation based on officially released field survey data on
drought (Fig. 12). The drought duration derived from CWDIa captured
about 80 % of the variations in drought-covered and drought-affected
areas (with R? of 0.85 and 0.78, respectively, and P < 0.001). For
each additional 10 days of drought duration, there was a corresponding
1.54 % increase in the drought-covered area and a 0.71 % increase in the
drought-affected area (Fig. 12a and b). Notably, the impact of increased
drought severity on drought disasters was more than three times greater
than that of increased drought duration. The significant relationship
between drought severity and drought-covered/affected area was
confirmed in Fig. 12 (with R? of 0.84 for drought-covered area and R? of
0.76 for drought-affected area). Specifically, for each increase of 10 in
drought severity, the drought-covered and drought-affected areas
increased by 5.4 % and 2.5 %, respectively.

The boundaries of each climatic zone do not entirely coincide with
provincial borders. As a result, we extracted drought disaster statistics
from the main provinces within each sub-region to validate the drought
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Table 5
The period and variance contribution of IMFs and trend for national drought
duration and severity.

IMF1 IMF2 IMF3 IMF4 Trend
Drought Period (years) 2.6 7.1 14.5 26.5 -
duration Variance 76.2 13.5 5.8 1.9 2.5
contribution (%)
Drought Period (years) 2.6 6 11.6 24.5 -
severity Variance 72.8 9.2 121 2.1 3.8

contribution (%)

monitoring performance of CWDIa. We found a robust linear relation-
ship between drought duration and the drought-covered area with R?
values ranging from 0.57 to 0.77 (Fig. S1). Upon implementing drought
duration onto the drought-affected area, a slight decrease in effective-
ness was observed (R? = 0.42-0.69, Fig. S2). Similarly, drought severity
also effectively captured the covered area (R? values ranging from 0.56
to 0.75, Fig. S3) and the affected area (R? values ranging from 0.44 to
0.69, Fig. S4) within each sub-region. Overall, the drought index
developed in this study robustly and accurately reflected actual drought
occurrence, and therefore has significant implications and potential
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applications for guiding drought management.

4. Discussion
4.1. Performance of multiple drought indices in assessing drought disaster

The results of this study, based on agricultural drought statistics,
provided compelling evidence for the effectiveness of a drought moni-
toring framework using the CWDIa method and a dense network of
observations. Our findings demonstrated the exceptional performance of
the framework in accurately detecting drought events and precisely
capturing drought-covered and drought-affected areas across China
(Fig. 12). Our method outperformed commonly used drought indices,
with R? values exceeding 0.8. For example, Cai et al. (2023) found that
the multisource remote sensing-derived Scaled Drought Condition Index
explained only 35 % of the drought area derived from statistical data.
Moreover, Zhang et al. (2023) introduced the Crop Water Anomaly
Percentage Index that considered crop water demand, and achieved a
higher correlation coefficient of 0.79 with the simulated drought area,
outperforming the Soil Moisture Anomaly Percentage Index. This
remarkable drought assessment performance can be attributed to the
extensive coverage provided by over 2000 observation sites throughout
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Fig. 11. Residuals of drought duration and severity decomposed by Ensemble Empirical Mode Decomposition in different regions. NE: Northeast China; NC: North
China; SC: South China; HH: Huanghuai district; JHA: Jianghan district; JHI: Jianghuai district; JN: Jiangnan district; NM: Inner Mongolia; QT: Tibetan Plateau

region; CEN: East-central Northwest China; SW: Southwest China; XJ: Xinjiang.

China.

Incorporation of site-based observational drought indices in this
study effectively avoided the uncertainties arising from remote sensing
products, including sensor errors and atmospheric disturbances. Previ-
ous investigations focusing on site-based analyses have successfully
attained multiscale drought estimations across China. Wang et al.
(2021) constructed an extensive daily dataset of SPEI using data from
427 observation stations across mainland China, spanning the period
from 1961 to 2018. Furthermore, Wu et al. (2020) conducted a
comprehensive analysis of China’s drought characteristics over the past
60 years by integrating monthly meteorological data from 618 stations
nationwide and the Penman-Monteith equation. Nonetheless, these
studies were constrained by their reliance on a limited number of
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observations that hindered the acquisition of reasonable spatiotemporal
patterns and unbiased estimates of drought characteristics. The inherent
uncertainty from data sparsity in certain regions is a substantial chal-
lenge for monitoring drought. Hence, a crucial contribution of this study
is the provision of more precise, continuous, and multiscale estimates of
drought characteristics that comes from utilizing a network of over two
thousand long-term observation sites.

In addition, the drought indices used in this study considered climate
characteristics and crop water demand to assess agricultural drought. In
previous investigations, soil moisture has frequently been adopted as a
proxy for the water balance to depict agricultural drought, embodying
the interaction among precipitation, evapotranspiration, groundwater,
and irrigation practices. Nevertheless, the incorporation of soil moisture
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Table 6
The period and variance contribution of IMFs and trend for regional drought duration.
IMF1 IMF2 IMF3 IMF4 Trend
Region  Period Variance Period Variance Period Variance Period Variance Period Variance
(years) contribution (%) (years) contribution (%) (years) contribution (%) (years) contribution (%) (years) contribution (%)
NE 2.9 67.8 6.2 11.9 18.0 12.5 35.3 2.5 - 5.3
NC 3.0 70.3 6.0 14.1 16.0 11.6 16.7 0.8 - 3.2
SC 2.8 61.9 5.7 5.0 14.0 15.0 55.0 4.7 - 13.5
HH 2.7 79.1 5.8 9.9 11.8 9.9 20.0 0.6 - 0.5
JHA 2.5 65.3 5.6 15.1 12.2 13.6 25.3 4.6 - 1.3
JHI 2.9 62.3 7.0 27.5 13.8 5.4 32.7 4.3 - 0.5
JN 2.8 62.5 6.1 18.9 13.4 15.3 20.8 2.0 - 1.3
NM 2.5 64.4 6.3 22.7 11.2 7.4 28.5 2.7 - 2.8
QT 3.4 57.1 10.2 16.1 16.0 4.5 40.0 13.2 - 9.1
CEN 3.4 73.4 6.8 13.6 13.8 8.4 25.0 1.1 - 3.5
SW 2.9 57.1 6.5 30.0 11.8 7.5 33.0 3.2 - 2.2
XJ 2.7 48.9 6.6 23.3 11.6 8.3 28.0 3.6 - 15.9

NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district; JHA: Jianghan district; JHI: Jianghuai district; JN:

Jiangnan district; NM: Inner

Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW: Southwest China; XJ: Xinjiang.

Table 7
The period and variance contribution of IMFs and trend for regional drought severity.
IMF1 IMF2 IMF3 IMF4 Trend
Region  Period Variance Period Variance Period Variance Period Variance Period Variance
(years) contribution (%) (years) contribution (%) (years) contribution (%) (years) contribution (%) (years) contribution (%)
NE 2.7 64.2 6.2 13.3 18.3 10.3 36.0 4.2 - 8.0
NC 2.8 70.3 5.3 12.7 12.0 12.3 18.4 0.4 - 4.3
SC 2.7 65.5 8.6 10.9 11.8 13.8 27.5 2.1 - 7.7
HH 2.9 74.7 5.5 10.6 11.8 12.7 20.4 0.8 - 1.2
JHA 2.5 67.0 5.6 13.4 12.2 16.6 27.5 2.4 - 0.7
JHI 2.8 69.3 5.9 15.2 12.2 8.5 27.5 5.6 - 1.4
JN 3.0 61.4 6.7 17.3 14.3 18.8 28.0 1.6 - 0.9
NM 2.5 67.2 5.4 21.0 12.4 5.3 22.4 3.0 - 3.4
QT 3.2 47.2 8.6 31.6 18.3 3.9 42.0 9.0 - 8.2
CEN 2.9 61.8 7.6 16.4 15.4 15.5 55.0 1.2 - 5.2
SW 3.0 64.9 6.7 19.1 12.4 8.6 37.3 2.5 - 4.9
XJ 2.9 48.5 6.6 18.9 11.6 9.1 28.5 2.1 - 21.3

NE: Northeast China; NC: North China; SC: South China; HH: Huanghuai district; JHA: Jianghan district; JHI: Jianghuai district; JN:

Jiangnan district; NM: Inner

Mongolia; QT: Tibetan Plateau region; CEN: East-central Northwest China; SW: Southwest China; XJ: Xinjiang.

measurements in long-term site observations is a costly and scarce op-
tion. Additionally, currently available spatiotemporally continuous soil
moisture datasets, such as GLDAS, FLDAS, ERA5-Land, and MERRA-2,
unavoidably introduce substantial errors and uncertainties due to
incomplete consideration of water balance processes, systematic errors
in modeling, challenges in characterizing human management practices,
limited in-situ observations, and coarse spatiotemporal resolutions
(Zeng et al., 2015; Zhang et al., 2017; Chen et al., 2020). Previous in-
vestigations have revealed considerable disparities in assessing agri-
cultural drought in China through the utilization of model-simulated
and satellite-derived soil moisture data. Our study not only highlighted
the importance of integrating climate characteristics and crop water
demand into drought indices for agricultural drought assessment, but
also provided a practical alternative framework as a replacement for
predicted soil moisture data.

4.2. Spatiotemporal patterns of drought characteristics in China

Our findings indicated that average drought duration and severity
over the past sixty years in China exhibited similar geographic patterns
(Fig. 4). Specifically, drought severity was more pronounced in the
northwestern and northern regions of China (including the North China
Plain and Inner Mongolia grassland-desert belt), while the southern
regions experienced relatively milder drought conditions. Yang et al.
(2023) also observed more severe drought using the multivariate
drought index on the Qinghai-Tibet Plateau and the North China Plain
compared with the southern regions, exhibiting consistent spatial
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patterns of drought duration and severity with our study. Furthermore,
severe drought conditions were also observed in the northern regions of
Yunnan (Fig. 4), a finding that is corroborated by other studies (Lin
et al., 2015; Zhao et al., 2023). In recent years, decreased precipitation
in southwestern China has triggered severe drought, resulting in the
spread of meteorological drought to agricultural drought (Yu et al.,
2019). The drought monitoring framework introduced in this study
effectively captured the spatial evolution of drought.

In addition, our findings indicated a progressive mitigation of
drought in most regions of China during 1960 to 2020 except in
southwestern China (including Yunnan, Guizhou, Guangxi, and
Guangdong) (Fig. 7). The high temperatures and persistent decrease in
precipitation induced by atmospheric circulation anomalies were the
primary drivers of drought in the southwestern region (Zhang et al.,
2012; Zhang et al., 2013). More than 50 % of water deficits occurred
from September to March of the following year (Figs. 5 and 6), resulting
in significant water shortages (Yu et al., 2019). These findings have been
robustly supported by previous studies (Zhang et al., 2012). He et al.
(2023) employed a coupled SPI dataset incorporating meteorological
station data and topographic data over the past forty years and found
temporal drought trend characteristics that were consistent with the
results of our study. They observed a decreasing trend in both severity
and duration of drought in China at seasonal and annual scales, partic-
ularly in the northwestern region and the Tibetan Plateau (He et al.,
2023). However, in Northeast China, the SPI-based estimates exhibited a
stronger drying trend, possibly because SPI focuses on meteorological
drought rather than considering crop water demand.
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Fig. 12. Relationships between drought characteristics and actual drought-covered area rate (a and ¢) and drought-affected area rate (b and d).

The multiscale decomposition of drought characteristics further
strengthened the temporal pattern identified in this study because it was
able to separate the long-term trends from the complex drought signals
having periodicity (Figs. 9, 10, and 11). Specifically, (1) Overall drought
conditions in China have lessened over the past 60 years, and the
northwest region has exhibited a warm and moist trend (Peng and Zhou,
2017) ; (2) Droughts have intensified in the North China Plain and
southwestern region (Zhang et al., 2019; He et al., 2023); and (3)
Droughts have decreased on the Tibetan Plateau (He et al., 2023). The
application of EEMD for decomposing drought characteristics provided
more robust and precise trend estimations, avoiding the interference
caused by cross-scale periodic signals.

4.3. Potential attribution for overall drought alleviation

This study revealed an overall alleviation of agricultural drought in
China across spatiotemporal scales based on observations from 2000
monitoring sites. However, intensified drought conditions persisted in
specific regions (Fig. 7, Table 3, and Table 4). These findings are
consistent with previous studies based on site-level observations, grid-
ded data, and modeling (Wang et al., 2017b; Zeng et al., 2020; He et al.,
2023). Drought assessment based on drought indices relies on the dy-
namic interplay between water supply (precipitation) and water de-
mand (actual evapotranspiration). Most of the observation sites located
in drought-alleviated regions experienced a range of temperature in-
creases (Tmax, Tmin, and Tmean), along with augmented precipitation
and decreased ETy (Yao et al., 2018; Pan et al., 2023). While the sus-
tained rise in temperature exacerbates evapotranspiration to drive the
evolution of drought, the compensation effect of increased precipitation
might generate more positive contributions within intricate hydrologi-
cal processes, potentially leading to an overall alleviation of drought
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conditions (Feng et al., 2023). The influence of dynamic interplay be-
tween precipitation and evapotranspiration on drought patterns has
been investigated in past research. Most of those studies have posited
that lack of precipitation stands as the primary driver for the evolution
of drought in northern regions, whereas evapotranspiration (ET) plays a
more prominent role in driving drought changes in southern areas (Liu
etal., 2022; Guo et al., 2023; Wan et al., 2023). The reduction in drought
severity and duration in northern regions corresponds to an increasing
trend in precipitation, especially evident in the northwest. This implies
that increased precipitation in northern China has alleviated drought
and reduced agricultural drought risk (Guo et al., 2023). The abundant
water supply in southern and southwestern China has the potential to
meet the atmospheric evaporation requirements and to support vege-
tation physiological activities, exacerbating agricultural drought (Wang
et al., 2022; Guo et al., 2023).

The variations in precipitation and ET can be further explained by
the large-scale atmospheric circulation characteristics, sea surface
temperature anomalies, and anthropogenic activities(Jin et al., 2013;
Horton et al., 2015). For instance, the El Nino-Southern Oscillation
serves as a pivotal driving factor for changes in precipitation and tem-
perature across tropical and temperate regions, exerting varying degrees
of impact on the climatic conditions of different sub-regions in China
(Hao et al., 2018). The El Nino occurring in the tropical Pacific Ocean
can potentially weaken the Northwestern Pacific Subtropical High and
the East Asian summer monsoon, resulting in insufficient moisture
transport to China and ultimately causing drought. Conversely, La Nina
weakens the transport capacity of the Southeast and Southwest moisture
channels, directly leading to drought (Wang et al., 2017a). Furthermore,
Guo et al. (2023) found that the Atlantic Multidecadal Oscillation
exacerbated the severity of drought in the Yangtze River Basin and the
Pearl River Basin. Additionally, the North Atlantic Oscillation exhibited
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an ascending trend, particularly concentrated in the southern regions,
thereby contributing dynamically to prolonged drought duration.
Human activities (such as land use changes, irrigation, and reservoir
management) can either promote or suppress drought propagation by
altering the hydrological cycle (Zhou et al., 2019). For instance, a range
of ecological engineering practices implemented in China in the 21st
century, such as water diversion, desertification control, and afforesta-
tion, has enhanced soil water retention. This subsequently has increased
precipitation and relative humidity, indirectly alleviating agricultural
drought (Wang et al., 2017b; Pan et al., 2023). In summary, the overall
alleviation of drought in China has been due to the combined influence
of climate and human activities. The attribution of changes in drought
characteristics in specific regions necessitates context-dependent
analyses.

4.4. Limitations and perspectives

Despite these findings, our study had some limitations that need to be
further clarified. Firstly, although CWDIa considers various climatic
factors affecting crop water balance and maintains a high level of con-
sistency with prior studies in nationwide agricultural drought assess-
ment, its calculations predominantly focused on crop water
requirements. As a consequence, careful consideration is necessary
when extrapolating its application beyond agricultural contexts. Spe-
cifically, China’s heterogeneous and vast geographical expanse encom-
passes a range of diverse underlying environments such as forests,
grasslands, and deserts. Applying CWDIa based on crop coefficients and
reference crop evapotranspiration can potentially underestimate actual
water depletion in desert or barren terrains. And its application in forests
or grasslands could also lead to some degree of overestimation or un-
derestimation, depending on geographical distribution, climate condi-
tions, and vegetation types. In non-agricultural settings, direct
application of CWDIa without prior coefficient calibration or site vali-
dation will likely introduce certain limitations for drought estimation.
Therefore, we emphasize prioritizing the application of CWDIa for
assessing agricultural drought. Next, our study incorporated the most
comprehensive observation network, but the lack of stations on the Ti-
betan Plateau and in Xinjiang remains a notable limitation, potentially
introducing uncertainties in regional drought assessment. While esti-
mates of drought characteristics in Xinjiang and on the Tibetan Plateau
have been corroborated by other studies, the quantification of un-
certainties in these estimations remains challenging. Future studies may
overcome this limitation by use of data assimilation techniques that
integrate observations and remote sensing data.

In addition, the absence of irrigation components in the drought
indices can introduce uncertainty in the detection of agricultural
drought, particularly in irrigated regions (Zhang et al., 2023). Irrigation
practices increase soil moisture and mitigate the photosynthetic limi-
tations caused by dry-hot climates, thereby restricting the spread of
meteorological drought into agricultural drought. However, not all re-
gions in China require irrigation to compensate for water deficits; for
instance, sufficient precipitation and the high cost of irrigation in
southern China mitigate the necessity for irrigation. Actual irrigation
rates for agricultural activities remain at low levels even in arid regions
(national average irrigation rate in 2019 = 6.8 + 15.7 %; average irri-
gation rate in cropland = 19.5 + 21.3 %, Fig. S5). Furthermore,
obtaining comprehensive site-specific irrigation statistics remains chal-
lenging in practice. Actual irrigated quotas and areas in current irriga-
tion maps may be significantly underestimated compared with statistical
data due to crop rotation, water scarcity, and damage to irrigation
infrastructure. Despite this, the actual application of CWDIa was not
hindered. Regions with available irrigation statistics can integrate them
as inputs, while CWDIa without irrigation data can still provide accurate
nationwide estimates. In the future, developing precise and dynamic
irrigation maps and incorporating irrigation timing and quotas based on
publicly available and comprehensive statistics will be a critical
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challenge in evaluating drought disasters using drought indices.

This study provided a multidimensional assessment of agricultural
drought based on CWDIa that considered meteorological factors and
crop water requirements. This approach facilitated the design of prior-
itized and differentiated policy attention and regional resource alloca-
tions towards various agricultural drought hot spots. The identification
of spatiotemporal variations, sensitivity, and potential future evolutions
in drought characteristics demonstrates the distribution of agricultural
drought risks at varying confidence levels. Incorporating such assess-
ments into national or regional disaster management and prevention
strategies would be beneficial for gradually mitigating the impacts of
drought. As climate change continues to amplify the risk of drought,
there is a pressing need to further conduct research on drought hazards,
develop drought early warning systems, and enhance drought mitiga-
tion strategies in high-risk regions (Khoshnazar et al., 2023). In sum-
mary, our study established a comprehensive and dependable
framework for assessing agricultural drought in China, thereby pro-
moting the transition from hazard assessment to risk evaluation in the
context of providing reliable information for future research directions.

5. Conclusions

We integrated data from 2055 stations and CWDIa to quantify the
spatiotemporal variations of agricultural drought characteristics in
China over the past 60 years. EEMD was used to effectively separate
complex drought signals into their multiscale periodic variations. The
results indicated that the duration and severity of drought in northern
China were significantly higher than in the southern regions, particu-
larly in the northwestern part, the North China Plain, and the northern
Tibetan Plateau. Persistent water deficits during the spring and winter
seasons in the southwestern regions and the southern Tibetan Plateau
drove the occurrence of more severe droughts. Over the past 60 years,
agricultural drought severity and duration have generally decreased in
China, but an increasing drought trend was observed in southwestern
China and parts of the North China Plain based on EEMD. The integra-
tion of CWDIa and a dense network of in-situ observations in the drought
monitoring framework robustly captured about 80 % of the actual
drought-covered and drought-affected areas. Our findings provided
compelling evidence for assessing the spatiotemporal patterns of
drought characteristics over the past 60 years using extensive observa-
tions across China. The study results underscored the significance of
incorporating multiple climatic factors and crop water demand into the
drought assessment. Accurate drought estimates will contribute to
governments and stakeholders being able to make timely adjustments to
agricultural policies and to implement adaptations in order to mitigate
crop yield failure.
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