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Abstract: With advancement of remote sensing techniques, remote-sensing drought
indices have been widely used for drought monitoring. However, the monitoring
accuracy of a specific drought index regionally varies. Considering the deficiency of
existing drought indices in reflecting vegetation growth, here we propose a Modified

Drought Severity Index (MDSI) with local optimization method constrained by the
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inclusion of vegetation greenness, crop water shortage, canopy temperature, vegetation
structure, and physiological status. We evaluated drought monitoring performance of
MDSI across China, and detected high correlations between MDSI and soil moisture
(SM), Standardized Precipitation Index at a 3-month scale (SPI-3), actual drought-
affected areas (ADA), evidencing higher drought performance of MDSI when
compared to 8 widely-used drought indices. Besides, MDSI performed better in
monitoring agricultural drought. We found amplifying short-term drought intensity in
the future. Ecological restoration and cultivated land reclamation can alleviate drought
effects. However, urbanization can potentially intensify droughts. How to adapt human

behavior to droughts is a challenging task.

Key words: Modified Drought Severity Index; Drought monitoring; Soil moisture;

Drought-affected croplands; Spatiotemporal pattern

1. Introduction

The United Nations proposed sustainable development goals (SDGs) in 2015
which include 17 goals and 169 targets. Droughts directly exacerbates water stress and
hence threatens food security, and causes ecological crisis and poverty and hampers
sustainable development (Pradhan et al., 2017; Zhang and Yuan, 2020). Drought is
usually viewed as one of the costliest natural hazards over the globe (Mishra and Singh,
2010; Zargar et al., 2011; Zhang et al., 2015; Shen et al., 2022), causing damaging

impacts on society and eco-environment (Zhang et al., 2017). Global economic losses
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caused by droughts have been estimated to be as high as 6 to 8 billion US dollars
annually, far larger than those caused by other meteorological disasters (Wilhite, 2000).
Furthermore, accelerated hydrological cycle can be expected in the backdrop of global
warming (Allen and Ingram, 2002; Zhang et al., 2013), which potentially increases the
frequency and/or intensity of climate extremes at regional and global scales, such as
floods and droughts (Li et al., 2015; Hu et al., 2018). Therefore, to achieve sustainable
development in China renders it necessary to develop scientific mitigation strategies for
drought risks (Battisti and Naylor, 2009; He et al., 2017; Zhang et al., 2019).

Drought indices have been widely used in the analysis and monitoring of drought
events (Um et al., 2018). The first step for drought analysis is to develop an appropriate
drought monitoring index (Coats & Mankin, 2016; Zhang et al., 2018). Due to the
complexity of droughts, there are multiple drought indices (e.g. Sun et al., 2017).
Compared to meteorological drought index, remote sensing monitoring provides
continuous spatiotemporal monitoring of dynamic change of the earth's surface (Ma et
al., 2021), including nonparametric integrated agrometeorological drought monitoring
(Zhang et al., 2018), Vegetation Condition Index (VCI) (Kogan, 1995), Vegetation
Supply Water Index (VSWI) (Carlson et al., 1994), Temperature Condition Index (TCI)
(Kogan, 1995), Crop Water Stress Index (CWSI) (Jackson et al., 1981, 1988), and
Temperature Vegetation Dryness Index (TVDI) (Sandholt et al., 2002). Mu et al. (2013)
integrated MODIS data, actual evapotranspiration, potential evapotranspiration (PET),
and Normalized Difference Vegetation Index (NDVI) data in studying effects of

droughts on soil moisture. However, the influencing factors considered in the
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development of these drought indices are assumed to be spatially homogeneous and
cannot reflect spatial complexity of drought conditions.

Mu et al. (2013) proposed a Drought Severity Index (DSI) based on moderate
resolution imaging spectroradiometer (MODIS)-based evapotranspiration (ET),
potential evapotranspiration (PET), and Normalized Difference Vegetation Index
(NDVI). DSI has been widely used in drought monitoring (e.g. Um et al., 2018).
However, NDVI cannot well reflect the growth status of vegetation and has a certain
lag (Agutu et al., 2017). Kogan et al. (2012) proposed the Vegetation Health Index
(VHI), based on the impact of moisture and heat on vegetation, describing greenness,
vitality, and thermal status of vegetation canopy (Kogan et al., 2012; Bokusheva et al.,
2016; Li et al., 2020). Leaf Area Index (LAI) can well reflect vegetation structure and
physiological parameters, and some previous studies found decreased LAI due to
water shortage (Fisher et al., 2007; Yazdani et al., 2007). Mu et al. (2018) compared
DSI (Drought Severity Index) and PDSI (Palmer Drought Severity Index) during the
growing season and evaluated the applicability of DSI in drought monitoring, but did
not evaluate DSI from multiple time scale perspectives. From the perspective of
vegetation growth, it is critical to consider responses of vegetation canopy temperature,
vegetation structure and physiological parameters to regional agricultural drought. In
addition, DSI is the sum of crop water stress index (ET/PET) and vegetation greenness
index (NDVI) on the basis of equal weight. However, obvious spatial heterogeneity in
climate changes may differentiate combination values of different regional weights.

Hence, calculation of DSI should include multiple vegetation-related limiting
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factors and weights of each vegetation-related limiting factors in different regions. To
address these issues, the objective of this study is to develop and evaluate a Modified
Drought Severity Index (MDSI) based on remote sensing data for agricultural drought
monitoring under different underlying surface conditions. The constrained
optimization method was adopted to decide the local optimal weights for MDSI across
China (Powell., 1978; Hao et al., 2015). Our approach uses local optimal weights to
integrate single agricultural drought-related variables. Local optimal weights were
selected to use regionally-varying weights to reflect spatial heterogeneity of droughts.
The MDSI was integrated with agricultural drought-related variables, such as
vegetation greenness, water stress of crops, vegetation canopy temperature, vegetation
structure and physiology, derived from MODIS and GLASS. Considering that
Standardized Precipitation Evapotranspiration Index (SPEI) has the advantage over
Standardized Precipitation Index (SPI) in the mathematical calculation of water
balance and over PDSI in multi scalar analysis, SPEI at 3-month scale (SPEI-3) can
reveal regional agricultural drought to a certain extent, and SPEI has been widely
applied in drought monitoring across China (Vicente-Serrano et al., 2010; Seibert et
al., 2012; Begueria et al., 2014; Yu et al., 2014; Xu et al., 2015; Ye et al., 2019). Thus,
this study used SPEI-3 as the in-situ index and agricultural drought-related variables
to determine the local optimal weight of each variable and calculate MDSI by a
constrained optimization method.

The objectives of this study therefore were to (1) develop MDSI for monitoring

agricultural drought in China; (2) compare AVI (Anomaly Vegetation Index) (Huete,
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1988; Sun et al., 2017), VCI, VSWI, TCI, CWSI, TVDI, DSI, VHI (denoted simply as
DI hereafter), and MDSI to evaluate the applicability of MDSI in drought monitoring
across China based on soil moisture, precipitation, and actual drought-affected area;
(3) monitor agricultural drought using MDSI at different time scales across China; and
(4) quantify the impacts of underlying surface changes on drought tendencies using
land use conversion datasets.
2. Data
Here we analyzed daily precipitation, minimum temperature, maximum
temperature, relative humidity, sunshine hours and wind speed data sourced from the
National Meteorological Information Center of the China Meteorological

Administration (http://data.cma.cn/). To ensure the integrity and continuity of the data

series, stations with missing data of >1% were removed from analysis. We selected
1957 meteorological stations (Fig. 1d) spanning 1980-2019 across China for ongoing
analysis. The Moderate Resolution Imaging Spectroradiometer (MODIS) composite 8-
day ET and PET with 0.5 km resolution, monthly LST with x0.05° resolution, and
monthly NDVI with 1 km resolution for the period of 2001-2018 were obtained from
National Aeronautics and Space Administration’s (NASA,

https://modis.gsfc.nasa.gov/). The GLASS 8-day LAI data from 2001 to 2018 were

obtained from http://glass-product.bnu.edu.cn/ (Li et al., 2018).

The monthly SM data with 0.5°x0.5° spatial resolution for the period of 2001—
2018 was used in this study and the dataset was sourced from the U.S. Climate

Prediction Center (https://www.esrl.noaa.gov/). The data were tested and validated with
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in situ SM. In spite of its simplicity, the product matched the seasonal and interannual
variability of in situ SM fairly well (Dirmeyer et al, 2004; Wu et al., 2015). The data
were calculated on a daily time step based on the water balance in the soil by a layered
hydrological model (Fan et al., 2004).

The vegetation type data were sourced from the Resource and Environment Data

Center of the Chinese Academy of Sciences at http:/www.resdc.cn/ (Fig. 1a). The

remotely sensed Land use/land cover change (LUCC) data with a 1 km resolution across
China from 2000 to 2018 were sourced from the Resource and Environment Data

Center, Chinese Academy of Sciences (http:/www.resdc.cn/). We calculated and

mapped the spatial distribution of the converted land use pattern from 2000 to 2018,
and subdivided the land use pattern into unchanged areas, reclaimed land cover (land
types reclaimed for woodland and grassland, or from grassland to woodland); urban
expansion areas, i.e. built-up land; cultivated land reclamation areas (land conversion
from other land covers into cropland); and grassland degradation areas (degraded
grassland) (Fig. 1b). The actual irrigation areas were sourced from the Irrigated Area
Map Asia and Africa prepared by International Water Management Institute (Fig. 1¢)
(Zhang et al., 2018). The actual drought-affected areas (ADA) of each province in
China during 2001 to 2018 were sourced from the National Bureau of Statistics

(https://data.stats.gov.cn/).
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Fig. 1 Spatial pattern of vegetation types (a), land use transform (b), actual irrigation
area (c) and altitude and locations of the 9 major river basins and meteorological Station
(d) by Resource and Environment Science and Data Center across China. These 9 major
river basins include Songliao River Basin (SLRB), Hai River Basin (HARB), Huai
River Basin (HURB), Yellow River Basin (YRB), Yangtze River Basin (YZRB), Pearl
River Basin (PRB), Southeast River Basin (SERB), Southwest River Basin (SWRB)
and Inland River Basin (IRB).

3. Methods
The framework shown in Fig. 2 describes overall processes of developing an

agricultural drought monitoring model and analyzing its applicability based on MODIS

data and GLASS LALI data in this study.
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Fig. 2 A analysis framework for building a modified drought severity Index model.

3.1 Meteorological drought index
The SPI and SPEI were introduced by Mckee et al. (1993) and Vicente-Serrano et
(2010), respectively. The 1-month SPI/SPEI has been used to monitor
meteorological drought. 3-month SPI/SPEI can reflect soil moisture changes and the
12-month SPI/SPEI the long-term changes in run off, groundwater, and freshwater
storage (Mishra and Singh, 2010). Therefore, we applied SPEI-3 as the in-situ index

and the variables related to crop growth were used to calculate MDSI by a constrained
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optimization method. SPI-3 was used to verify the sensitivity of MDSI to precipitation
3.2 Modified Drought Severity Index (MDSI)

There are 8 widely-used Dls, i.e. AVI, VCI, VSWI, TCI, CWSI, TVDI, DSI and
VHI, which can be categorized into three groups: (1) drought indices considering
vegetation growth, such as AVI, VCI, VSWI, TCI, TVDI, and VHI; (2) drought index
considering crop water stress only such as CWSI; and (3) drought indices considering
vegetation growth and SM such as DSI. DSI combines NDVI, ET and PET, where
NDVI describes vegetation growth changes, the ratio of ET to PET better reflects the
energy and water exchange among vegetation, soil and atmosphere, and can describe
crop water stress (Allen et al., 2011; Cooke et al., 2012; Park et al., 2016; Huang et al.,
2018). More detailed descriptions can be found in Table 1 (Jackson et al., 1981, 1988;
Chen et al., 1994; Carlson et al., 1994; Kogan, 1995; Sandholt et al., 2002; Kogan, F.,

2012; Mu et al., 2013).

Table 1 Remote sensing-based drought indices considered in this study

Indices Variables Equations
AVI NDVI AVI = NDVI; — NDVI
\VCI NDVI Vel = NDVI; — NDVIin
NDVIygr — NDVI,i,
VSWI NDVI, LST VSN2V
LST;
TCI LST TCl = LSTmax — LST;
LSTax — LSThin
CWSI ET, PET ET
CWSI =1- PET
TVDI NDVI, LST LSTnpyr min = @1 + by X
NDVI
LSTnpvimax = @z + by X
NDVI
TVDI

— (LST - LSTNDVI,min)
(LSTNDVI,max — LSTNDVI,min)

10
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DSI ET, PET,

NDVI — NDVI
NDVI ZNDVI =

ONDVI

ET _ET

7 _ PET PET

ET —————————
PET 0 BT
PET

Zy = Zypy + Z T
PET

Z—Z
01
VHI NDVI, LST VHI=0.5XVCI+0.5 X TCI

DSI =

The algorithm of MDSI is as follows. The first step is to calculate the index
reflecting the greenness (VCI), temperature (TCI), vegetation structure, and

physiological parameters (LAP) of the vegetation canopy:

NDVI;=NDVIpin

Vel = (1)
NDVIpax—NDVImin
TCI = _LSTmax—LSTi (2)
LSTmax—LSTmin
LAP = Lal—LAl (3)
LAI

While NDVI is the normalized difference vegetation index, LST is the surface
temperature, LAI is the leaf area index, *iis the * value of the variable during the ith
period within a certain year, *max is the maximum value of the variable in the ith period
within a certain year, *min is the minimum value of the variable in the ith period within
a certain year, * is the multi-year average value of the *variable during the ith period
within a certain year.

The second step is to standardize VCI, TCI, LAP and ET/PET:

Index;—Index

Zingex =, —— “4)
where Index; is the value of the variable during the ith period of within a certain

year, Oqer 18 the standard deviation of Index, and Index is the multi-year average

11
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of the index variable during the ith period within a certain year. Z;,40, 18 VCI, TCI,
LAP and % standardized by the Z-score. Zy.; denotes the greenness of the
vegetation canopy. The larger the Zy.; value, the better the vegetation growth
condition. Zr.; describes the temperature of the vegetation canopy. The larger the
Zrc; value, the weaker the effect of temperature stress on vegetation growth. Z; 4p

indicates the structure and physiological parameters of vegetation. The larger the Z; 4p

value, the stronger the photosynthesis of vegetation. Z er  expresses crop water stress
PET

information such that the larger the Z er value the weaker the vegetation under water
PET

stress.

Taking SPEI-3 as the in-situ index, we summed up Zy¢;, Zrcy, Zpap and Z er,
PET

based on the optimal weight from the constrained optimization method, and then we

obtained the MDSI as:
E{(X—uX Y—-uy
1)< s (L2222 >
X = SPEL-3 (6)
O=aXZy+BXZreg+yXZppgpt+(l—a—p—y)XZer (7
PET
0<ax<l1
0<p<1 (®)
o0<y<1
MDSI = 22 9)
g0

While f(X,Y) isthe highest correlation between X and Y; Y is the comprehensive

standard score derived from Zy¢;, Zrcp, Zpap and Z er ; X is the in situ index SPEI-
PET

3; oy is the standard deviation of Y; Y; is value of the variable during the ith period
within a certain year; Y is the multi-year average value of the Y variable during the ith
period within a certain year. MDSI is a modified version of DSI. Positive MDSI shows

12
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wet conditions and higher MDSI shows wetter conditions and vice versa.

However, one issue about the constrained optimization method is regionally
varying weights, irrespective of regional differences across the underlying surface.
Therefore, based on the pixel scale and in-situ drought index, this study calculated the
optimal weights of different agricultural drought-related variables to improve the
regional applicability of constrained optimization method. Both MDSI and DSI are
defined by the Z-score. The MDSI proposed in this study follows the Normal
distribution (average value is 0, standard deviation is 1). Since they have the same

drought and humidity monitoring results, the same drought and humidity classification

standards can be used (Zhang and Yamaguchi, 2014) (Table 2).

Table 2 Categories and wetness/dryness conditions related to different MDSI

values
Categories Wet/dry MDSI values
intensities
W5 Extremely wet =1.50
W4 Very wet 1.20sMDSI<
1.50
W3 Moderate wet 0.90<MDSI<
1.20
W2 Slight wet 0.60<MDSI<
0.90
W1 Incipient wet 0.30<MDSI<
0.60
WD Normal -0.30sMDSI<
0.30
D1 Incipient dry -0.60<MDSI<-
0.30
D2 Slight dry -0.90<MDSI<-
0.60
D3 Moderate dry -1.20<MDSI<-
0.90
D4 Heavy dry -1.50<MDSI<-
1.20
Ds Extremely dry <-1.50

13



237 3.3 T-test of the correlation coefficient
238 The correlation coefficient is a statistical indicator showing the degree of correlation
239  between two variables. In this study, we used the correlation coefficient to quantify the
240  correlation between DIs and SM, and between SPI-3 and ADA at the pixel scale. The
241  significance of the correlation coefficient was evaluated using the T-test.
242 3.4 Sen’s slope and modified Mann-Kendall trend test
243 Sen’s slope is a robust non-parametric statistical method for the detection of trends
244 and is widely used for meteorological, hydrological, and vegetation data (Theil, 1992).
245  The modified Mann-Kendall test (MMK) (Hamed and Rao, 1998; Daufresne et al.,
246 2009; Zhang et al., 2012) was employed and more detailed algorithm of the MMK can
247  be referred to Daufresne et al. (2009). Based on the MMK (Altman and Bland, 2011)
248 and Sen’s slope, trends of MDSI were evaluated and subdivided into seven grades
249  (Table 3).
250 Table 3 Classification of MDSI-based drought tendencies
MDSIgi0pe |Z|
1Z]<1.960 1.960<|Z|<2.576 1Z|>2.576

Slope<0 Slightly Dry Dry Significantly dry

Slope=0 No tendency

Slope>0 Slightly wet Wet Significantly wet
251 3.4 Hurst exponent
252 The persistency of MDSI across China was evaluated using the Hurst exponent
253  (Hurst, 1951) based on the rescaled range (R/S) analysis method with respect to long-
254  range correlation. The Hurst exponent ranges from 0 to 1, with H = 0.5 indicating
255  random nature, and H > 0.5 persistent tendency of the current changes. The greater the
256  H value the stronger the persistency of the time series; 0 < H < 0.5 indicates that the
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future changes are opposite of the past, i.e. the anti-persistency. The smaller the H value
the stronger the anti-persistency (Hurst, 1951). According to the Hurst exponent and
Sen’s slope, the persistency of MDSI was divided into five grades (Table 4). Fig. 2

demonstrates the entire analysis procedure of the current study.

Table 4 Classification of MDSI-based drought persistency

Slopeypsr Hurst
Hurst < 0.5 Hurst = 0.5 Hurst > 0.5
Slopeyps; <0 From dry to wet 1 No persistency Persistent drought 2
Slopeypsi=0 No persistency
Slopeypsi =0 From wet to dry 3 No persistency Persistent wetness 4
4. Results

4.1 Applicability of MDSI in drought monitoring across China

4.1.1 Remote sensing DIs vs. SM relations

We evaluated applicability of 9 drought indices in drought monitoring across China
(Fig. S1), and found that DIs considering ET and PET, such as CWSI, DSI, and MDSI,
had higher correlation coefficients with SM than other DIs. MDSI had higher
correlation coefficients with SM than did other DIs. All DIs monitored SM changes in
the southwest of SLRB, the YRB, and the northeast of IRB (refer to Fig.1d for the
location of major river basins), while MDSI described SM changes better than other
DIs at a larger spatial scale. It was also found that relatively poor drought monitoring
by DIs in the south of the YZRB and MDSI had high correlation with SM. Furthermore,
comparison between CWSI, DSI and MDSI indicated that significant correlation
between MDSI (97.92% ) and SM was much higher than that between CWSI (46.36%)

and DSI (46.04%) in the vegetation coverage area across China (Fig. 3).
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Fig. 3 Spatial distribution of T-test results for correlation coefficients between drought
index and SM during the growing season. The critical value of 0.1, 0.05, 0.01

significance level corresponding to t-test are 0.69, 2.12 and 2.92, respectively.

Correlations between DIs and SM for specific river basins across China (Fig. S2)
indicated better monitoring performance of MDSI within 9 major river basins (T-
test>2.12, p<0.05). Except MDSI, the other DIs poorly monitored SM changes over the
HRB, PRB, SWRB, and SERB (T-test value<<2.12, p>0.05). For areas with different
vegetation types (Fig. S3), MDSI monitored well the SM of regions with all vegetation
types (T-test>2.12, p<0.05), and especially the SM of the grassland, crops, and Forest
(T-test value>2.92, p<0.01). Thus, it was evident that MDSI, compared to other DlIs,

had monitored SM changes well across China, and deemed to be the right choice for
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drought monitoring practice.
4.1.2. Remote sensing DIs vs. SPI-3 relations

We quantified relations between DIs and SPI-3 and the significance of correlation
was evaluated using the T-test method (Fig. S4). It was found that DIs considering
NDVI, such as AVI, VCI, and VSWI, had lower correlation coefficients with SPI-3 than
had other DIs. The correlation between DIs and SPI-3 was similar to SM, MDSI had
shown advantages over other DIs in terms of its relation with SPI-3 in most phases
expected in autumn and growing seasons. The spatial pattern of relations between 9 DIs
and SPI-3 during the growing season (Fig. 4) showed that MDSI did better in describing
SPI-3 changes than other DIs across China. It is worth noting that MDSI can also
effectively monitor drought changes in areas with sparse meteorological observation
sites, overcoming the spatial discontinuity of meteorological drought monitoring based
on SPI-3, such as the Qinghai-Tibet Plateau and North China. Similar to agricultural
drought monitoring, MDSI had relatively satisfactorily monitored meteorological
drought in the South of the YZRB. DSI, VHI, and MDSI better reflected the impact of
precipitation deficit on agricultural drought compared with other DIs, significantly
related stations between MDSI (68.32% ) and SPI-3 were much higher than those of
DSI (32.35%) and VHI (29.74%) for selected 1957 meteorological stations across

China (Fig. 3).
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Fig. 4 Spatial distribution of T-test results for correlation coefficients between drought

index and SPI-3 during the growing season across China.

For monitoring performance of DIs in different river basins (Fig. S5), MDSI
adequately monitored SPI-3 changes in 7 major river basins (T-test value > 2.12, P <
0.05), except PRB and SWRB. However, the meteorological drought monitored by
other DIs was more frustrating than MDSI in the PRB and SWRB. For monitoring
meteorological drought in regions with different vegetation types (Fig. S6), MDSI
monitored the meteorological drought of regions with all vegetation types (T-test>2.12,
p<0.05), especially the meteorological drought of the grassland, crops, and Forest (T-
test value>2.92, p<0.01). Thus, MDSI had a more widespread and reliable applicability
in monitoring meteorological drought across China.
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4.1.3 Time lag responses of MDSI and other DIs to SPI-3

We analyzed correlation between DIs and cumulative precipitation at time lags of
0-12 months (Wang et al., 2003). The month of maximum correlation coefficient
between drought index of the growing season scale and average SPI-3 in the first 12
months is the lag time. Fig. 5 shows the spatial heterogeneity of lag time in response of
DIs to SPI-3 change. We found a considerable lag time in response of agricultural
drought to the SPI-3 change. Comparison of lag times in response of DIs to the SPI-3
change indicated that DIs, considering vegetation greenness and canopy temperature
(TVDI, VHI, and MDSI) usually had a shorter lag time than other DIs, particularly in
YZRB, HURB and PRB. The DIs, which takes into account crop water stress or
vegetation greenness (AVI, VCI, VSWI, CWSI and DSI), had a longer lag time in their
response to the SPI-3 change, especially in the YRB. Analysis showed that DIs
considering onefold factors usually had longer lag time in response to DIs to SPI-3
change. However, the lag time of MDSI (58.25%) and SPI-3 was less than 3 months,
which was higher than TVDI (53.45%) and VHI (47.32%) for selected 1957
meteorological stations across China (Fig. 5), indicating that MDSI captured well the

agrometeorological drought.
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Fig. 5 Spatial distribution of lag time between drought index and SPI-3 during the

growing season across China.

It can be seen from Fig 4 and Fig. 6 that the correlation between DIs and SPI-3
during the growing season increased significantly given the consideration of lag time,
while the spatial pattern of correlation was similar before and after the consideration of
lag time. Given the consideration of lag time, the correlation between SPI-3 and MDSI
was still the highest when compared to other DIs, indicating that MDSI better monitored
agricultural drought from the viewpoint of meteorological droughts. For correlation
between DIs and SPI-3 for different river basins (Figs. S5, S7) and for regions with
different vegetation types (Figs. S6, S8), different correlations between drought indices

and precipitation were observed. The correlation between DIs and SPI-3 in the YRB,
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SLRB and IRB increased greatly, which indicated that the lack of precipitation in these
basins had a greater impact on the development of agricultural economy. The
correlation between DIs and SPI-3 in HURB and HARB was remote, which indicated
that the occurrence of agricultural drought in these basins was greatly affected by the
precipitation in the same period. From the viewpoint of vegetation types, before and
after considering lag time (Figs. S6, S8) impacts on correlations between DIs and SPI-
3 were small, indicating that the lag time in response of agricultural drought to

precipitation was heavily influenced by the location but not mainly by vegetation type.
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Fig. 6 Spatial distribution of T-test results for correlation coefficients between drought

index and SPI-3 during the growing season considering time lag.

Considering the impact of irrigation on agriculture (Yu et al., 2019), we computed
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maximum correlation coefficients between DIs and SPI-3 for different irrigation areas.
It can be seen from Fig. SO that for different irrigation areas, the maximum correlation
coefficients of agricultural drought response to meteorological drought followed the
following order, i.e. irrigated-single crop > rainfed crop > irrigated-double crop >
irrigated-triple crop. Comparison of the T-test values of the correlation coefficients
between MDSI and other DIs and SPI-3 in different irrigation areas after considering
the lag time showed that lower drought monitoring performance was observed for
drought monitoring indices given irrigated-single crop. Even so, MDSI still showed an
advantage over drought indices in monitoring agricultural droughts in different

agricultural areas.

4.1.4 Correlation between DIs and drought-affected areas

Previous studies mostly focused on the verification of remote sensing drought
indices using SM, precipitation or meteorological drought indices (Sun et al., 2017;
Zhang et al., 2018; Jiao et al., 2019; Yu et al., 2019; Li et al., 2020). Correlation
coefficients were computed between the drought-affected area of each province from
the National Bureau of Statistics and the average of the nine annual-scale DIs (Fig. 7).
It can be seen from Fig. 7 that except for TCI and TVDI, drought indices considered in
this study successfully monitored agricultural drought-affected area over >50% of the
provinces in China, while MDSI monitored well agriculture drought-affected areas in
all the provinces. In addition, DSI, VHI, and MDSI monitored the total drought-affected
area over 40% of the provinces, while MDSI monitored well the total drought-affected

area over >50% of the provinces. Results indicated that MDSI considering greenness
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and temperature of the vegetation canopy, structure and physiological parameters of
vegetation, and water shortage degree of crops better captured crop yields and was of

considerable applicability for agricultural drought monitoring.
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Fig. 7 Spatial distribution of T-test results for correlation coefficients between drought

index and total drought-affected area at the annual scale.

4.2 Spatiotemporal pattern of MDSI droughts across China during 2001 to 2018

4.2.1 Temporal changes of annual droughts across China

We analyzed drought changes across China using the MDSI variation within nine
river basins and related cumulative anomalies of MDSI. It can be seen from Fig. 8 that

an extremely significant wetting tendency was observed in YZRB, YRB, PRB and
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SLRB with a long-term trend greater than 0.25 / 10a. Meanwhile, a significant wetting
tendency was found in the SERB with long-term trends of 0.27 / 10a. Insignificant
wetting tendency was identified in HURB, HARB and SWRB. The cumulative
anomalies of MDSI decreased and then increased in the YZRB, the YRB, the PRB, the
SLRB and the SERB. Specifically, cumulative anomalies of MDSI reached the trough
value in 2009 in the YRB, the SLRB, the IRB and the SERB, indicating that 2009 was
the time point for transition from drying to wetting conditions for these basins. Similarly,

the transition from drying to wetting conditions in the YZRB and PRB occurred in 2013.
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Fig. 8 Annual average MDSI and related cumulative anomalies within 9 major river

basins across China during 2001-2018.

4.2.2 Trends of droughts across China

According to Table 3, the change trend of MDSI was divided and the results are
shown in Fig. 9. At the monthly scale, a slight drying trend was found in the Xilin Gol
grassland in March, and the drying tendency may have a serious impact on the greening
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of grass. The periods of January to March, and July to August witnessed intensifying
droughts over the HURB, particularly for the period from July to August, while the
period of July to August was the critical period for summer maize and rice. The period
from November to February of the following year witnessed a drying tendency in the
hinterland of the Qinghai-Tibet Plateau. A remarkable wetting tendency was found
during May to September over middle and upper reaches of the YRB. The period from
September to January witnessed a considerable wetting tendency in regions south to the
YZRB. The spatial pattern of trends in seasonal droughts was similar to that of monthly
droughts. Drought trends during the growing season and at the annual scale were
consistent in spatial pattern with the trends of autumn droughts, implying a larger
contribution of autumn trends to trends of droughts at the annual scale during the

growing season.
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Fig. 9 Spatial pattern of MDSI-based drought tendency at different time scales across
China during 2001-2018.

Changes in the underlying surface have an impact on the changing trend of regional
drought. We set up four scenarios and control scenarios (unchanged area) according to
the spatial distribution of the transformed land use pattern (Fig. 1b), then calculated the
average of trends in monthly droughts for five scenarios (Fig. 10).

The trend values of MDSI in the YRB, the HURB and the HARB were

significantly higher than those in the unchanged area, showing that ecological
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restoration helped mitigate droughts (Fig. 10). Nevertheless, the trend of MDSI in the
IRB was significantly lower than that in the regions with unchanged area, since the IRB
is mostly the pastoral area, and overgrazing leads to further deterioration of the
ecological environment (Qiu et al., 2020). For drought trends influenced by
urbanization in the YZRB, the YRB, the HARB, the PRB, the SERB, MDSI over the
urbanized regions was lower than that over the regions with unchanged area. This result
indicates that urbanization can potentially intensify droughts. For the cultivated land
reclamation area in the YRB and IRB, the increased irrigation consumption can help
mitigate agricultural droughts. In the regions with grassland, degraded grasslands are
found mainly in the IRB (Fig. 2b, d), and the intensified drought in turn will enhance
grassland degradation and reduce grassland productivity, mainly in the Xilin Gol

grasslands in March and in the Qinghai-Tibetan Plateau from November to February.
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Fig. 10 MDSI-based drought tendency under land use transform at monthly scale.

4.2.3 Persistency of droughts across China
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According to Table 3, the change trend of MDSI was divided and the results are
shown in Fig. 11. It can be seen from Fig. 11 that general anti-persistency of droughts
was observed across China, indicating that the tendency of drought in the near future
was opposite to that in the past. At the monthly scale, in the near future, most areas of
the Xilin Gol grassland was dominated by a drying tendency from June to February.
Meanwhile, the periods of July witnessed a drying tendency in the paddy areas of the
HURB and future drought would potentially be intensified. The periods of May to
September witnessed intensified droughts in the SLRB and the YRB in the near future.
In addition, the seasonal and monthly drought trends had a strong similarity in the
spatial distribution, while the spatial pattern of persistency of drought during the
growing season and that at the annual scale was more consistent with that of summer
drought. Therefore, the persistency of summer drought contributed the most to the
persistency of droughts during the growing season and that at the annual scale.

We also analyzed the Hurst exponents of MSDI over five scenarios from 2000 to
2018, showing the impacts of land use changes on drought persistency (Fig. 1b). It can
be seen from Fig. 11 that the average value of the Hurst exponent of the nine major
river basins in China ranged from 0.40 to 0.50 and droughts within these 9 major river
basins generally had weak anti-persistency. The degraded grassland enhanced anti-
persistency of drought (mainly referring to IRB). Droughts over the regions with urban
expansion areas and cultivated land reclamation areas were subject to weakened anti-
persistency to a certain extent. From the Hurst variation range under the five scenarios,

indicating that changes in the underlying features of the YZRB, the IRB and the SWRB
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remarkably modified the persistency of drought.
5 Discussion

Our overall goal was to enhance the accuracy of drought monitoring by developing
an MDSI that can be applied across countries with large areas, and it was suitable for
areas with sparse stations. A tremendous amount of studies has reached a consensus that
constructing drought indices based on univariate or bivariate is likely to be insufficient
for accurate drought monitoring (Huang et al., 2015; Chen et al., 2020). In addition,
how to effectively integrate different drought-related variables is the key to construct
comprehensive drought index. However, previous works mostly used fixed weights to
blend different drought-related variables (Rhee et al.,2010; Hao et al., 2015; Sun et al.,
2017), which ignored the impact of regional differences on weights. In this study, MDSI
was developed based on the constrained optimization method to calculate the assigned
weights for inputs at multi-temporal scales to reflect the agricultural drought
information, and verified its applicability at the national level (Figs. 3, 4, 7). In general,
NDVI-based DIs poorly monitored droughts in southern China where forests and crops
were dominant with abundant precipitation and strong vegetation transpiration (Li et
al., 2017). However, NDVI constructed by the visible light and near-infrared monitored
the health of vegetation through chlorophyll content, but could not provide timely
information about energy and water exchange among vegetation, soil, and atmosphere
(Olsen et al., 2015). In addition, previous works have confirmed that there is a strong
linear relationship between NDVI and LAI (Fensholt et al., 2004; Qiao et al., 2019),

but some studies show that the impact of climate change on NDVI and LAI has a certain
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degree of difference (Myneni et al., 2007; Lee et al., 2013), and there is the spatial
heterogeneity in the impact of LAI change on terrestrial water storage in China (Tao et
al., 2020). Given the limitation of DSI when used for drought monitoring at a large scale
with complex underlying surface, MDSI combines multiple vegetation growth limiting
factors, thereby leading to the best performance among DIs.

Xu et al. (2018) found that the response of vegetation index to long-term drought
was mainly in Northeast China and YRB, which is similar to our results, as shown in
Fig. 5. The main reason is that afforestation caused high water holding capacity of the
soil and short-term increase or decrease of precipitation could not trigger significant
SM changes in YRB, while the northeastern and southern coastal areas of the SLRB are
dominated by woodlands and shrubs. Higher vegetation coverage and relative stable
ecological environment caused lower responses of DIs to precipitation changes (He et
al., 2017). However, the lag response of DIs for a long time to meteorological drought
makes it difficult to assess the impact of insufficient precipitation on vegetation, while
MDSI has greatly improved in this aspect.

Some researchers have focused on the spatial-temporal distribution of drought in
China, based on the meteorological station data or remote sensing drought index. Using
the Palmer Drought Severity Index, Yan et al. (2016) found that an extreme drought
event occurred in 2001, and relatively severe droughts occurred in North China, which
is similar to our results shown in Fig. 8. The main reason is that the strong La Nifia
phenomenon occurred in 2000-2001, which led to the abundant precipitation in the

South and the dry precipitation in the north (Li et al., 2019). In addition, based on the
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Integrated Surface Drought Index (ISDI) and modified Temperature Vegetation
Drought Index (mTVDI), Zhou et al. (2017) and Zhao et al. (2017) found that drought
in Northeast China and the south of the YZRB showed an obvious decreasing trend in
different periods. Zhu et al. (2019) showed that the SM of farmland increased fastest in
summer and autumn. Many studies above have focused on the temporal-spatial pattern
of drought across the China, while there is comparability in the temporal-spatial pattern
of drought across the China between this study and previous studies.

The results of the study demonstrated that ecological restoration helped mitigate
droughts in Huang-Huai-Hai Plain, and a remarkable wetting tendency was found
during May to September in the middle and upper reaches of the YRB. Ye et al. (2019)
confirmed that ecological restoration has a negative impact on SM in humid and semi-
humid areas, while it has a positive impact on SM in arid and semi-arid areas. Under
the influence of China’s widespread greening, summer precipitation increased in the
Huang-Huai-Hai Plain (Yu et al., 2020). However, some studies also showed that
ecological restoration reduced SM (Feng et al., 2017; Li et al., 2018). These results
suggest that if vegetation greening leads to reduced SM, MDSI can overestimate the
increase of soil wetness in response to ecological restoration across China. In addition,
urbanized areas have a potentially negative effect on drought mitigation. These areas
are urbanizing rapidly, and the rate of urban expansion exceeds the capacity of the
ecological environment, leading to the contradiction between people and land (Liao et
al., 2020).

Our study made an improvement of Drought Severity Index (DSI), and the results
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could provide references for the development of agricultural drought in China and
China’s food security. In this study, the relationship between in-situ drought index
(SPEI-3) and several factors limiting vegetation growth was considered. Compared
with the application of SPEI-3 limited to regions with available meteorological ground
observations, establishing reliable integrated remote sensing based agricultural
drought-related variables which could be applied in various environmental regions
without relying on ground observations was an important avenue for future work
(Ayantobo et al., 2017; Liu et al., 2019; Jiao et al., 2019). Also, in-situ observations of
meteorological variables cannot completely reflect areal drought characteristics (Sun et
al., 2017). In addition, MDSI has higher spatial resolution than reanalysis data, allowing
for high spatial resolution agricultural and meteorological drought monitoring.
However, the accuracy of drought monitoring is still affected by terrain, snow cover,
soil water holding capacity, and human activities, which is also the main reason for the
unsatisfactory monitoring in a few areas. In addition, the Hurst exponent is also used to
study the persistency of drought, but the prediction of future drought has great
uncertainty. In further studies we will consider the influence of other factors on the
accuracy of drought monitoring, and try to use a variety of methods to evaluate the

future trend of drought.

6 Conclusion
In this study, MDSI with vegetation greenness, crop water shortage, canopy

temperature, vegetation structure and physiological status as input variables was
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constructed. We compared DI and MDSI with SM, precipitation, and drought-affected
area in order to evaluate drought monitoring by, evidencing the applicability of MDSI
in drought monitoring across China. Based on MDSI, we analyzed droughts across
China in both space and time. The main conclusions can be drawn as follows:

(1) MDSI described SM changes at a larger spatial scale better than other DIs, especially
in south of the YZRB it has been significantly improved. At most time scales, MDSI
had a higher correlation coefficient with SM/SPI-3 than other DIs, and had highest
correlation in agricultural regions, indicating that MDSI had remarkable advantages
over DIs in monitoring agricultural droughts. Besides, MDSI can monitor well drought-
affected areas, further corroborating the applicability of MDSI in agricultural drought
monitoring across China.

(2) The nine major river basins in China showed a wetting tendency during 2001-2018,
especially in the YZRB, YRB, PRB and SLRB. Xilin Gol Grasslands underwent a
drying tendency in March. A wetting tendency can be found mainly in the regions south
of the YZRB during September to January. Droughts across most regions of China are
subject to anti-persistency, showing a drought tendency in the near future may be
opposite of the past.

(3) The relationship between drought trends and changes in the underlying surface
showed that grassland degradation in IRB intensified drought and enhanced anti-
persistency of drought. The ecological restoration in the Huang-Huai-Hai Plain
decreased drought risks. Rapid urbanization can potentially intensify droughts, while

the cultivated land reclamation areas of the YRB and IRB have promoted drought
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alleviation.

(4) Degraded grassland enhanced anti-persistency of drought (mainly refer to IRB).
Droughts over the regions with urban expansion areas and cultivated land reclamation
areas were subject to weakened anti-persistency. From the Hurst variation range under
the five scenarios, drought persistency of the YZRB, the IRB and the SWRB is most

affected by the change of underlying features.
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