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Abstract: As the climate warms, the impact of drought on plants has increased. We aimed to con-
struct a comprehensive drought index (CDI), coupling soil-vegetation-atmosphere drought and heat
conditions based on multi-source information, and to combine it with static and dynamic drought
hazard evaluation models to analyze the spatial and temporal distribution characteristics of agricul-
tural drought disasters and hazards during the growing season (May to September) in Northeast
China (NEC). The results demonstrated that the CDI could combine the benefits of meteorology
(standardized precipitation evapotranspiration index, SPEI), vegetation (vegetation health index,
VHI), and soil (standardized soil moisture condition index, SMCI) indices. This was performed
using a relative weighting method based on the remote sensing data of solar-induced chlorophyll
fluorescence (SIF) to determine the weights of SPEI, VHI, and SMCI. The CDI for drought monitoring
has the advantages of broad spatial range, long time range, and high accuracy, and can effectively
reflect agricultural drought; the growing season in NEC showed a trend of becoming drier during
1982–2020. However, the trends of the drought index, the impact range of drought events, and the
hazard of agricultural drought all turned around 2000. The drought hazard was highly significant
(p < 0.001) and decreased from 2000 to 2020. The frequency of drought disasters was the highest,
and the hazard was the greatest in May. The best level of climatic yield anomalies in maize were
explained by drought hazard in August (R2 = 0.28). In the center and western portions of the study
area, farmland and grassland areas were where higher levels of hazard were most commonly seen.
The dynamic hazard index is significantly correlated with climatic yield anomalies and can reflect the
actual impact of drought on crop yield. The study results serve as a scientific foundation for drought
risk assessment and management, agricultural planning, and the formulation of drought adaptation
policies, as well as for ensuring food security in China.

Keywords: drought hazard; multi-source data; dynamic evaluation; drought and heat

1. Introduction

Drought is one of the most widespread, long-lasting, and daunting natural hazards
globally, and is associated with heat waves, wildfires, and regional food security [1,2].
Extreme climatic events will become more frequent as a result of global warming, with
droughts occurring frequently in conjunction with high temperatures. The decade from
2011 to 2020 was the warmest observed on record, and warming was greater at high
latitudes than at low latitudes [3]. Northeast China (NEC), located in the middle and high
latitudes, is one of the most vulnerable regions to climate change in China [4]. With a
clear warm-dry trend, temperatures in the region have risen three times faster than the
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global average over the past century, and summer heat and drought events have increased
in NEC in recent decades [4–7]. Drought is one of the most important factors driving
grain output decline, accounting for 60.6% of the total economic loss in NEC [8]. NEC is a
significant area in China for food production and ecological function, and crops in this area
are significantly affected by extreme climatic events, particularly drought-heat and drought
stress [4,9–12]. Therefore, in the context of global warming, research on the spatial and
temporal distribution characteristics of drought disasters and hazards in NEC is extremely
important to assess the effects of drought, prevent and mitigate agricultural disasters, and
ensure ecological security.

Hazard is one of the key components of the disaster risk system, along with vulner-
ability, exposure, and capacity for disaster prevention and reduction [13]. The intensity
and frequency (probability) of catastrophic activity play a major role in determining a
hazard [14–16], and droughts that occur frequently or with high intensity may have serious
adverse effects. Drought levels and their corresponding frequencies are commonly used
to detect and quantify drought hazards [14,15,17]. Currently, the majority of studies on
drought hazards have been conducted for static evaluation over a period of time, and there
is a lack of dynamic evaluation of drought hazards for various years and different periods
of the crop-growing season.

The Palmer drought severity index (PDSI), self-calibrating Palmer drought severity
index (scPDSI), standardized precipitation index (SPI), standardized precipitation evapo-
transpiration index (SPEI), aridity index (AI), and others are commonly used meteorological
station-based drought indices. These indices are effectively used to assess and monitor
drought in various parts of the world [18–22]. Two of the most popular indicators for track-
ing meteorological droughts are the PDSI and the SPI. The PDSI is a drought index based
on a water balance model that combines precipitation and evapotranspiration to capture
the effects of global warming. The scPDSI has been improved to make it comparable across
different climate zones [19]. In contrast to the SPI, which considers only precipitation, the
SPEI considers both precipitation and potential evapotranspiration, capturing the impact
of temperature rise on water demand [20]. However, these drought indices lack spatial
continuity coverage and are insufficient for characterizing and monitoring the detailed
spatial distribution of drought conditions, especially in areas where meteorological stations
are sparse and unevenly distributed.

Remote sensing technologies enable the monitoring of soil moisture and vegetation
conditions over large areas, extend the methods of drought monitoring, compensate for the
disadvantages of spatial discontinuities in site-based drought indices, and capture temporal
and spatial changes in surface states on a large scale [1]. The normalized difference vegeta-
tion index (NDVI) [23], vegetation condition index (VCI) [24], temperature condition index
(TCI) [25], soil moisture condition index (SMCI) [26], and vegetation health index (VHI)
based on vegetation and temperature [27], are commonly used for agricultural drought
monitoring with good effects [28]. However, these indices have limitations. The vegetation
index is an excellent visual indicator for plants after drought stress, but there is a lag in
how quickly it responds to soil and meteorological drought. Other meteorological disasters,
pests, and diseases can also cause a decline in the vegetation indices [1]. Additionally,
the loss of land surface temperature (LST) product data caused by cloud pollution [29]
may compromise the capacity to continue conducting efficient drought monitoring. Soil
moisture is one of the most important indicators of agricultural droughts. However, the
response of various crops to drought are not sufficiently reflected by soil moisture indi-
cators, which only reflect the root environmental conditions for crop growth. The revisit
cycle and consideration of only the surface layer (0–5 cm) in the satellite inversion of soil
moisture restricts its ability to monitor drought. The data assimilation technique com-
bines the benefits of remote sensing monitoring and model simulation, which can improve
the temporal and spatial resolution of the observed data [30]. Agricultural drought is
a complex process that involves several factors that may promote crop growth, such as
meteorological conditions, crop biology, and soil properties. However, the above indicators
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generally ignore the physical mechanisms along the soil-plant-atmosphere continuum
(SPAC) [31]. Therefore, a comprehensive drought index (CDI) based on multi-source in-
formation must be developed to monitor agricultural drought based on meteorological
drought, soil drought, and vegetation response to drought to overcome the limitation of a
single drought index to monitor the complex process of drought stress and to fully capture
the various drought-influencing factors.

Because of its simple calculation, the CDI, which is created by integrating multi-source
information such as meteorology, remote sensing, and data assimilation, and assigning
values to different drought index weights using expert empirical weights [32], equal
weights [33], correlation analysis [26], principal component analysis [34], and the entropy
weighting method [31], is widely used for drought monitoring. In recent years, it has been
suggested that monitoring plant photosynthesis from space using solar-induced chloro-
phyll fluorescence (SIF) is a promising technique. The SIF is regarded as an indicator of the
functional state of plant photosynthesis. SIF has been demonstrated to be more representa-
tive of gross primary production (GPP) than vegetation index, with a higher sensitivity to
environmental stress [35]. As a result, it has strong potential to detect vegetation responses
to water deficit and heat stress. However, coarse resolution and short time scales hinder
the application of SIF data. Researchers have used machine learning methods based on
the OCO-2 Global SIF product (GOSIF) to obtain data at fine resolution (0.05◦, 8 days) and
longer time periods (2000–present) globally [36] to facilitate the study of SIF response to
drought. However, it is still insufficient for drought and drought hazard analysis, which
typically requires at least 30 years of data [37]. Therefore, this study proposes the use of the
SIF data of a short time series (2000–2020), which is more sensitive to high temperatures
and drought, as the dependent variable, and the meteorological drought index (SPEI),
vegetation drought index (VHI), and soil drought index (SMCI) as independent variables.
The relative weight method [38] was used to determine the weights of the independent
variables to construct a comprehensive drought index for the long time series (1982–2020).

Therefore, NEC, which is sensitive to climate change, was used as the study area in
this study. First, a comprehensive drought indicator CDI reflecting drought and its effects
was built based on the SPAC theory by integrating data from multi-source information,
such as meteorology, remote sensing, and reanalysis, and its applicability in the NEC region
was confirmed. Second, the spatial and temporal distribution characteristics of drought
were analyzed based on CDI. Finally, we constructed static and dynamic drought hazard
assessment models to quantitatively assess drought hazard during the crop-growing season
(May to September). The findings of this study are intended to provide a scientific basis for
drought risk management, disaster prevention, and mitigation strategies in NEC.

2. Materials and Methods
2.1. Study Area

The study area is located in NEC, and includes a total of four provinces in Heilongjiang,
Jilin, Liaoning, and northeastern Inner Mongolia. It has a complex topography and is
surrounded by mountains on three sides (Figure 1a). The Northeast Plain is a vast region
with rich black soil resources and deep fertile soils. It is one of the most significant
grain-producing regions in China, with major crops including maize, rice, and soybean,
and the growing season runs from May to September. NEC has a temperate continental
monsoon climate with hot and rainy summers and cold, dry winters, with an average
annual precipitation ranging from 400 to 1000 mm. From south to north, it shifts from a
warm temperate zone to a cool temperate zone, and from east to west, from semi-humid to
semi-arid regions. The complex topography and climatic conditions of NEC have shaped
its diverse land cover types, of which 30.2%, 40.2%, and 19.4% are occupied by farmland,
woodland, and grassland, respectively (Figure 1b).
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Figure 1. Location (a) and land use type (b) of the study area.

2.2. Data and Preprocessing

The primary data sources for this study were meteorology, remote sensing, soil, histor-
ical disasters, and yield data (Table 1). The SPEI was calculated using meteorological data
from 113 weather stations in NEC, including daily precipitation, maximum and minimum
temperatures, sunshine duration, wind speed, and average relative humidity. The VCI, TCI,
and VHI were computed using the normalized difference vegetation index (NDVI) and the
brightness temperatures (BT) extracted from remote sensing data. SMCI was calculated
using root-zone soil moisture data obtained using data assimilation techniques based on
satellite and reanalysis data. The SIF data were used to determine the weights of the
atmospheric, vegetation and soil drought indices. The scPDSI, historical disaster data (area
of drought-affected agricultural regions with total grain yield reduction exceeding 10%
were used to evaluate the impact of agricultural drought) [39,40] and yield data were used
to verify the validity of the CDI and hazard indices. All raster data were resampled to the
same spatial and temporal resolution (4 ×4 km, monthly) using ArcGIS10.4 software.

Table 1. Data types and sources.

Data Type Data Contents Resolution Time Span Data Sources

Meteorological
data

Daily precipitation,
temperature,

sunshine, wind speed and
average relative humidity, etc.

113 weather stations
in NEC 1960–2020

Meteorological Data Center of China
Meteorological Administration

(http://data.cma.cn/, accessed on
17 March 2022)

Remote sensing
data

7-day NDVI, BT 4 × 4 km 1982–2020

Global Vegetation Health Products
(https://www.star.nesdis.noaa.gov/

smcd/emb/vci/VH/index.php, accessed
on 17 March 2022)

8-day SIF 0.05◦ × 0.05◦ 2000–2020
Global OCO-2 SIF data set (GOSIF)

(https://globalecology.unh.edu/data/
GOSIF.html, accessed on 17 March 2022)

Land cover 1 × 1 km 2010

The Data Center for Resources and
Environmental Sciences of the Chinese

Academy of Sciences (RESDC)
(http://www.resdc.cn, accessed on

17 March 2022)

http://data.cma.cn/
https://www.star.nesdis.noaa.gov/smcd/emb/vci/VH/index.php
https://www.star.nesdis.noaa.gov/smcd/emb/vci/VH/index.php
https://globalecology.unh.edu/data/GOSIF.html
https://globalecology.unh.edu/data/GOSIF.html
http://www.resdc.cn
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Table 1. Cont.

Data Type Data Contents Resolution Time Span Data Sources

Soil data Daily root-zone soil moisture 0.25◦ × 0.25◦ 1980–2020

The Global Land Evaporation Amsterdam
Model (GLEAM v3.6a) datasets

(https://www.gleam.eu/, accessed on
17 March 2022)

Historical disaster
data Drought-affected agricultural areas Provinces in NEC 1986–2015

The Crop and Disaster Databases of the
Ministry of Agriculture of the People’s

Republic of China
(http://www.zzys.moa.gov.cn/, accessed

on 17 March 2022)

Yield data Maize yield and area Provinces in NEC 1980–2020
National Bureau of Statistics of China

(https://data.stats.gov.cn/, accessed on
17 March 2022)

Other data scPDSI 4 × 4 km 1960–2020
Terra climate data sets

(http://www.climatologylab.org,
accessed on 17 March 2022)

2.3. Methods
2.3.1. Comprehensive Drought Index (CDI)

The soil-plant-atmosphere continuum (SPAC) is a unified, dynamic, and continuous
system with mutual feedback [31], and there are response relationships among different
types of drought indicators, such as meteorology, soil, and vegetation data. Therefore, we
first selected the SPEI, considering the effects of precipitation and temperature to represent
the meteorological index; SMCI, considering root-zone soil moisture to represent the soil
index; and VHI, considering the vegetation condition (VCI) and temperature condition
(TCI) to represent the vegetation index to construct the CDI. Second, the SIF data of the
short time series (2000–2020), which is more sensitive to high temperatures and drought,
were used as dependent variables, and the SPEI, VHI, and SMCI after standardization were
used as independent variables. The relative weights analysis (rwa, https://github.com/
martinctc/rwa (accessed on 17 March 2022)) [38] was used to determine the weights of the
independent variables to construct the CDI for the long time series (1982–2020). Figure 2
shows the framework for CDI based on the SPAC.
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(1) SPEI

The SPEI was developed from the SPI, which describes the intensity and duration
of droughts at different time scales. It considers not only the impact of precipitation but
also the potential evapotranspiration factor influenced by temperature, and is widely used
for the identification of monthly drought events [20]. The specific calculation process for
the SPEI was as follows: (i) the Penman–Monteith method [41] was used to calculate the
monthly cumulative potential evapotranspiration (PET); (ii) the difference between the
monthly cumulative precipitation (Pc) and PET was used to calculate the water deficit (D);
and (iii) the three-parameter log-logistic theory distribution function was selected to fit the
D time series data and normalized. The SPEI calculation equation is as follows:

SPEI = W − C0 + C1W + C2W2

1 + d1W + d2W2 + d3W3 (1)

W =
√
−2In(P) (2)

where P is the cumulative probability of exceeding the undetermined D value, when
P ≤ 0.5, P = 1 − F(x); when P > 0.5, P = 1 − P. C0 = 2.515517, C1 = 0.802853, C2 = 0.010328,
d1 = 1.432788, d2 = 0.189269, d3 = 0.001308. In general, SPEI values ranged from −2.5–2.5.
A value of less than −0.5 is considered to be a drought event, and Table 2 illustrates the
classification of drought levels based on SPEI [22,42].

Table 2. Classification of drought disaster levels.

Drought Meteorological
Index Vegetation Index Soil Index Comprehensive

Index

Disaster levels SPEI VHI SMCI CDI

None (−0.5, +∞) (0.4, 1] (0.4, 1] (−0.2, 1]
Light (−1.0, −0.5] (0.3, 0.4] (0.3, 0.4] (−0.2, −0.4]

Moderate (−1.5, −1.0] (0.2, 0.3] (0.2, 0.3] (−0.4, −0.6]
Severe (−2.0, −1.5] (0.1, 0.2] (0.1, 0.2] (−0.6, −0.8]

Extreme (−∞, −2.0] [0, 0.1] [0, 0.1] [−1, −0.8]

(2) VHI

VHI was developed to detect vegetation drought and consists of VCI and TCI, which
are obtained from NDVI and BT, respectively; the lower the NDVI value and the higher the
BT value, the poorer the vegetation health. The VHI considers the local biophysics (soil
and slope) and climatic conditions. This method can be used for practical agro-drought
monitoring in various agro-climatic zones. In particular, during crucial stages of crop
growth, VHI and crop yield are strongly correlated [27].

VHIi = α×VCIi + (1− α)× TCIi (3)

VCIi =
NDVIi − NDVImin

NDVImax − NDVImin
(4)

TCIi =
BTmax − BTi

BTmax − BTmin
(5)

where NDVI, NDVImax, and NDVImin (BT, BTmax, BTmin) are the smoothed NDVI (BT) and
the maximum and minimum values of NDVI (BT) for each month in 1982–2020, respectively;
and α represents the weighting coefficient of VCI. in this study, VHI correlates with SIF
most closely when α = 0.7. The value of VHI ranges from 0 to 1, and the smaller the value,
the more severe the vegetation drought. Kogan et al. [43,44] proposed that agricultural
drought occurs when the VHI is less than 0.4, and the classification of drought levels based
on the VHI [45] is shown in Table 2.
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(3) SMCI

Agricultural drought is characterized primarily by insufficient soil moisture for plant
root uptake and normal transpiration, which results in lower crop and pasture yields [30].
The SMCI, which describes drought in terms of soil moisture, is based on the standardiza-
tion of the monthly mean values of root-zone soil moisture (SM) over a long time series.
The calculation equation is as follows:

SMCIi =
SMi − SMmin

SMmax − SMmin
(6)

where SMi, SMmax and SMmin denote the root-zone soil moisture at time i and the maximum
and minimum values of soil moisture during the same period from 1982 to 2020, respectively.
The SMCI value is between 0 and 1. The calculation principle was the same as that of VCI,
and the classification of the drought class based on SMCI [45] was identical to that of the
VHI (Table 2).

(4) CDI

Based on the SPAC theory, the CDI developed from the response of meteorological
drought, soil drought, and vegetation to drought was calculated using the following equations:

CDI = w1 × SPEI′ + w2 ×VHI′ + w3 × SMCI′ (7)

SPEI′ = SPEI/2.5 (8)

SPEI =


2.5 SPEI ≥ −2.5

SPEI 2.5 > SPEI > −2.5
−2.5 SPEI ≤ −2.5

(9)

VHI′ = (VHI − 0.5)× 2 (10)

SMCI′ = (SMCI − 0.5)× 2 (11)

where SPEI’, VHI’, and SMCI’ represent the meteorological, vegetation and soil drought
indicators after standardization of −1–1, respectively, and their drought classification
criteria are the same as those of CDI (Table 1); the specific process of standardization is
shown in Equation (8) to (11). The weights of each indicator, denoted by w1, w2, and w3,
are 0.12, 0.56, and 0.32, respectively.

2.3.2. Static and Dynamic Drought Hazard Models

Drought hazard is defined as the frequency and intensity of drought events [14].
Previous studies mostly weighted sums of drought frequencies with different severities
to roughly represent drought hazards [15]. In this study, the CDI was used to identify
droughts. The probability density curve of the CDI (Figure 3a) was used to construct a
more accurate static hazard index, and the survival probability curve of CDI (Figure 3b)
was used to construct a dynamic hazard index using the following equation:

Hazard =
∫ −0.2

−1
|PDF(CDI)× CDI| (12)

Hazardi =

{
Hazard× (1− CDF(CDIi)) CDIi ≤ 0.2

0 CDIi > 0.2
(13)

where CDI indicates the drought intensity, and PDF(CDI) is the probability density value,
which denotes the probability of different CDI intensity. Because drought is considered to
occur when CDI is less than −0.2, the accumulation of the absolute values of the products
of CDI (from −1 to −0.2) and PDF(CDI) represents the multi-year (1982–2020) static hazard
of a grid point; Hazardi denotes the drought hazard in year i; CDF(CDIi) denotes the
cumulative probability of CDIi, and 1 − CDF(CDIi) is the survival probability. Based on the
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above method, we calculated the static and dynamic drought hazard for each grid point
during the growing season (May to September) in NEC from 1982 to 2020 and standardized
them so that the hazard values of all grid points fell between 0 and 1.
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2.3.3. Climatic Yield Anomalies

Crop yield may be influenced by the weather, pests, diseases, cultivation techniques,
and management. To reflect the effect of climate change on crop yield, the Hodrick–Prescott
(HP) filter method [46] was used to decompose crop yield (Y) into trend yield (Yt) and
climatic yield (Yc). Yt reflects the long-period yield component of the agricultural produc-
tion level, and Yc reflects the short-period yield component influenced by meteorological
elements. (Yc/Yt) × 100% is the climatic yield anomalies, which is not affected by time,
space and agricultural technology level, and is comparable among different regions.

2.3.4. Statistical Analysis

The correlation between SIF and various indices, such as scPDSI, SPEI, SMCI, VHI,
and CDI under non-wet conditions (years with SPEI < 0.5), the correlation between drought-
affected agricultural areas and various indices, and the correlation between climatic yield
anomalies and drought hazard were examined using Pearson correlation analysis. The
nonparametric Mann–Kendall (MK) test [47] was used to test the time-varying characteris-
tics of various indices, where UF (UB) is the sequence (inverse) statistic of the time series
data. Sen’s slope estimation and the MK trend significance test [48,49] were used for the
trend variation and significance analysis of each index in space. The direction of the trend
is indicated by the sign of the Z value in the MK trend significance test results; a positive Z
value indicates an upward trend and vice versa. When |Z| > 1.96, a significant trend was
observed at the 5% significance level.

3. Results and Discussion
3.1. Construction of the CDI
3.1.1. Response of SIF to Different Drought Indices

The results of the correlation analysis between various drought indices and SIF during
the growing season in NEC from 2000 to 2020 (Figure 4a–g) showed that each drought
index in the study area was mainly positively correlated with SIF (more than 80.9% of
grids), especially in farmland and grassland, and the significant (p < 0.05) positively
correlated regions were mainly distributed in the central and western part of the study
area, indicating that drought would suppress photosynthesis in crops. The proportion of
grids with a positive correlation of VCI, VHI and CDI with SIF in the NEC exceeded 98.6%,
probably because VCI and SFI are both vegetation indices of remote sensing inversion, and
the contribution of VCI to VHI and CDI is larger, with the weight of VCI constituting VHI
being 0.7, and the weight of VHI constituting CDI being 0.56. In some woodland areas,
there was a negative correlation between SIF and TCI, SPEI, SMCI, and scPDSI. This is



Remote Sens. 2023, 15, 57 9 of 20

likely because forests are more resilient to short-term droughts than are crops and grass.
When the main factor limiting photosynthesis in plants is not water, temperature and rainy
weather with precipitation will lead to lower temperatures and reduced radiation, thus
limiting photosynthesis in forests, which also indicates that these drought indices are more
applicable in farmland and grassland than in woodland. In contrast, CDI and SIF were
predominantly significantly and positively correlated in the forest region, suggesting that
the comprehensive index extends the applicability of drought monitoring to some extent.
The statistical results of the correlation analysis between each index and SIF in the farmland
and grassland areas (Figure 4h) showed that the correlation between SIF and VHI (r = 0.58)
increased compared to VCI (r = 0.56) after considering TCI. The correlation between SIF
and SPEI (r = 0.12) was the weakest, followed by SMCI (r = 0.49). The correlation between
SIF and CDI (r = 0.65) was the strongest correlation and was significantly higher than that
of the commonly used drought index scPDSI (r = 0.24), indicating that CDI combines the
advantages of soil, vegetation, and meteorological drought indices; considers the effect of
temperature on drought; and can be used for agricultural drought identification in NEC.
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(Dotted areas indicate p < 0.05 significant correlations, dashed lines indicate median correlation
coefficients of all grid points in farmland and grassland areas.)
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3.1.2. Comparison of Temporal Variation of Different Drought Indices

The characteristics of the temporal variation in the different drought indices from 1982
to 2020 (Figure 5) were highly similar, showing a decreasing trend followed by an increasing
trend. The UB curve of the MK test shows that the trend of each index turned around 2000.
All indices showed a decreasing trend, except for VHI, which showed a non-significant
(p < 0.05) increasing trend. This is probably because NEC is located in the middle and high
latitudes, where the lack of heat resources is one of the factors limiting the growth and
development of crops, and warming, combined with relatively sufficient moisture, instead
promoted crop production. The scPDSI had the best correlation with SMCI (r = 0.81),
followed by SPEI (r = 0.75) and the weakest correlation with VHI (r = 0.44). The scPDSI
was less similar to the temporal variation characteristics of the CDI by VHI than SMCI, but
still significantly correlated (r = 0.76, p < 0.01). The SPEI, VHI, SMCI, and scPDSI have been
used to reflect the spatial and temporal variation of agricultural drought characteristics in
NEC, and several studies are consistent with our findings [1,50–55]. Xue et al. [51] found
that the moment of trend shift of SPEI12 in NEC was around 2000, after which the drought
trend eased, and the drought area showed a decreasing trend. After 2000, the annual
precipitation in NEC increased, and the average annual temperature decreased, while it
also showed a trend of greening and productivity growth [52,56]. Because of the significant
decrease in ET0, NEC has experienced significant climatic wetting, which could alleviate
the agricultural drought crisis [55]. Ecological improvements from forest and cropland
protection policies [56] and the seasonal dependence of the Atlantic sea surface temperature
(SST) and atmospheric circulation [57] have improved climatic conditions in NEC, resulting
in a decreasing trend of agricultural drought hazard in the last 20 years.
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3.1.3. Response of Agricultural Drought-Affected Area to Different Drought Indices

We examined the temporal variation in the drought-affected area of agriculture and
various drought indices of farmland areas in the study area from 1986 to 2015 to compare
their applicability to agricultural drought in NEC (Figure 6). The results revealed that the
drought-affected area was highly significantly (p < 0.001) and correlated with each drought
index, with the CDI (r = −0.732) best reflecting the impact of drought on agriculture and
much better than the scPDSI (r = −0.639). Among the soil, atmospheric, and vegetation
drought indices, SMCI (r = −0.712) had the highest correlation, indicating that a soil
moisture deficit is most critical in agricultural drought. The VHI (r = −0.584) has the
worst correlation with the drought-affected area of agriculture, and this may be because
the reduction in VHI is not only due to drought, but also other meteorological disasters
or pests. In addition, factors such as coarse resolution (crops mixed with forests in one
pixel) and cloud pollution can also affect the accuracy of the VHI in monitoring agricultural
drought. Considering the response relationship of each drought index with SIF and the
agricultural drought area, we discovered that the CDI has the advantages of wide spatial
range, long time range, and high accuracy in drought identification, which can be used for
further study of agricultural drought hazards in NEC.
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Figure 6. Temporal variation of drought-affected area of agriculture and different drought indices for
farmland in NEC, 1986–2015. (The scPDSI value typically ranges from −4 to 4, and here it is divided
by 4.)

3.2. Spatial and Temporal Variation of Drought in NEC Based on CDI

The spatial pattern of the CDI trends in the NEC growing season was obtained by
using Sen’s slope and the MK significance test in three time periods: 1982–2020, 1982–1999,
and 2000–2020, and the statistics were conducted by vegetation type (Figure 7). This
analysis revealed that while there was clear spatial heterogeneity in CDI trends across time
periods, there was some similarity between the different months of the growing season.
During 1982–2020 (Figure 7a), the CDI primarily decreased in the western part of the
study area, while it increased in the central and eastern parts. There, CDI significantly
decreased in the western part of the study area in July, August, and September, with the
largest number of significantly decreasing grid points in August. CDI trends were mostly
downward throughout the study area, but in farmland (Figure 7d), the proportion of grids
with decreasing trends decreased with each passing month, from 64.6% in May to 30.0% in
September, with mainly downward trends (becoming dry) in May and June, and mainly
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upward trends (becoming wet) from July to September. The trend of CDI in the study area
shifted significantly around 2000 (Figure 7b–d), with farmland, woodland, and grassland
cover areas dominated by a non-significant decrease from 1982 to 1999 and a significant
increase from 2000 to 2020. However, some of the regional CDI trends remained consistent
in both time periods, while the southwestern region of the study area experienced an
upward trend in CDI during various months of the growing season during both periods,
whereas the northwestern and southeastern regions experienced an opposite trend. The
range of CDI trends for both periods before and after 2000 was higher than that of 1982–2020
(Figure 7a–c), indicating that later wetting suppressed the trend of drying throughout the
period. Areas of significant changes in CDI trends over the three time periods were mostly
found in farmland and grassland areas, indicating that dry/wet conditions and vegetation
growth in these areas are more susceptible to climate change.
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Figure 7. Spatial pattern (a–c) and statistics (d) of CDI trends during the growing season in NEC at
different periods. (Dotted area indicates an MK significance test of |Z| > 1.96; the upper part of the
bar graph indicates the proportion of the grid with an increasing trend, and the colored part indicates
the proportion of the grid with significant change.)

According to the drought levels classified by the CDI, the spatial distribution of
drought frequencies of varying severity during the growing season in NEC from 1982 to
2020 is presented (Figure 8). The results showed that the frequency decreased with increas-
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ing drought intensity. May and June had more drought occurrences than July through
September. The western and eastern regions of the study area have a high frequency of
light drought, while the central farmland and southern grassland regions have a high
frequency of moderate, severe and extreme drought. Severe and extreme drought disasters
rarely occur in woodlands. On the one hand, forest ecosystems are complex and have a
high stability of resistance [48], and on the other hand, the CDI is a short-term drought
monitoring indicator, which is more suitable to reflect agricultural drought.
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season of NEC from 1982 to 2020.

The impact of different levels of drought during the growing season of farmland
and grassland in NEC from 1982 to 2020 (Figure 9) showed that agricultural drought
events in different months of the growing season were mainly concentrated in 2000–2009,
with light and moderate drought dominating before 2000 and after 2009, and the impact
scope of severe and extreme drought increasing greatly from 2000 to 2009. The average
drought impact scopes were 30.5%, 29.3%, 21.4%, 16.8% and 19.5% from May to September,
respectively, which indicated that the farmland and grassland in NEC was most severely
affected by spring drought, and it was the main factor limiting crop sowing and the
cultivation of strong seedlings. The year 2000 had the highest average drought impact
scope (67.4%) during the growing season, which had abnormally high temperatures and
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little rain around June and July. The drought lasted for a long time with high intensity,
which exacerbated the adverse effects of drought on crops in the absence of sufficient
water [6]. This caused serious consequences, and the grain yield was reduced by more than
30% in the majority of areas. Therefore, based on the CDI, drought hazard evaluation is
important for the government and farmers to formulate relevant disaster prevention and
mitigation strategies and reduce drought losses.
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Figure 9. Temporal changes in drought impact scope based on the CDI during the growing season in
NEC from 1982 to 2020.

3.3. Quantitative Evaluation of Agricultural Drought Hazard in NEC Based on CDI

The static drought hazard for NEC was determined grid by grid for the years 1982
to 2020 using CDI and the static hazard evaluation model. To determine the agricultural
drought hazard class thresholds (Table 3) in the growing season of NEC, the dynamic
hazard of CDI at −0.2, −0.4, −0.6, and −0.8 was calculated for each grid point based on
the CDI thresholds for drought levels (Table 2), and the 20%, 40%, 60%, and 80% quartiles
of these hazards for all grid points in farmland and grassland areas were also counted.
Figure 10 shows the spatial pattern of various agricultural drought hazard levels during
the growing season in NEC and the statistical results. The high and above hazard areas
were mainly concentrated in the grassland and farmland areas in the west-central and
northeastern parts of the study area, whereas the extra-low hazard areas were primarily
distributed in the wet zone and woodland areas in the eastern part of the study area. The
woodland area was dominated by very low and low hazards, the grassland area was
dominated by moderate and above hazards, and the farmland area was in between. For
crop layout adjustments, irrigation project building, and the design of policies for disaster
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prevention and mitigation in NEC, the outcomes of the static drought hazard evaluation
serve as significant reference values.

Table 3. Agricultural drought hazard level thresholds for the growing season of crops in NEC.

Hazard Levels May Jun Jul Aug Sep

Extra-low [0, 0.206) [0, 0.192) [0, 0.151) [0, 0.104) [0, 0.136)
Low [0.206, 0.335) [0.192, 0.335) [0.151, 0.247) [0.104, 0.173) [0.136, 0.218)

Moderate [0.335, 0.475) [0.335, 0.465) [0.247, 0.348) [0.173, 0.260) [0.218, 0.301)
High [0.475, 0.651) [0.465, 0.629) [0.348, 0.494) [0.260, 0.397) [0.301, 0.429)

Extra-high [0.651, 1] [0.629, 1] [0.494, 1] [0.397, 1] [0.429, 1]
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Figure 10. Spatial pattern of various levels of static agricultural drought hazard (a) and statistics
(b) during the growing season in NEC.

The dynamics of agricultural drought hazard in farmland and grassland areas (Figure 11)
revealed that the drought hazard increased non-significantly (p < 0.05) over the course of dif-
ferent months from 1982 to 2020, with the largest increasing trend in May at 0.021/10 years.
According to the results of the MK test, the drought hazard trend changed significantly
around 2000; the hazard trend from 1982 to 1999 did not reach a significant (p < 0.05) level,
and all months from 2000 to 2020 showed a significant (p < 0.01) decreasing trend, with the
largest trend of −0.153/10 years in June. With a warming climate and frequent drought
events, the hazard of drought increased significantly after 2000. During the growing season,
the hazard generally decreased as the months increased but was noticeably higher in May
and June than in other months. The years of high drought hazard were concentrated in
2000–2009, when there was also a period of high incidence of drought events in NEC
(Figure 9). During the crop-growing season (May–September) in NEC, precipitation is
lowest in May, and droughts induced by a combination of low precipitation and high
temperatures frequently occur in spring and autumn [9,51]. May is the sowing and seedling
stage of crops in NEC. During this period, drought delays sowing, inhibiting the growth
rate of crop seedlings and reducing biomass, leaf area index (LAI), and chlorophyll con-
tent; prolonged drought can even lead to seedling death, forcing farmers to replant [58].
Therefore, the drought hazard index was highest in May.
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3.4. Validation of Hazard Assessment Models

The largest rain-fed maize-producing region in China is NEC [59], with maize pro-
duction accounting for 38.9% of the total national grain production. The study area has
the largest area under maize cultivation, accounting for 49.2% of the total area under all
crops (National Bureau of Statistics of China, 2020). Therefore, we selected maize as a
representative crop in the study area to analyze the linear relationship between climatic
yield anomalies and drought hazards during the growing season (Figure 12). The results
showed that increasing drought risk reduced climatic yield anomalies. The drought haz-
ard index was highly significantly (p < 0.001) negatively correlated with climatic yield
anomalies in all months, except May. The seedling emergence of maize occurred in May,
when the occurrence of drought had a weaker effect on the final maize yield. The effect of
drought hazard on climatic yield anomalies was much higher in July and August than in
the other months when maize was in the flowering and filling stage, a critical period for
grain and yield formation [12]. The drought hazard in August explained 28% (R2 = 0.28) of
the variation in maize yield. NEC is also the main soybean-producing area in China, and
soybean cultivation is mainly concentrated in Heilongjiang Province. Soybeans (Figure S1)
in Heilongjiang Province showed the same results as maize (Figure 12) in NEC. Wang
et al. [31] showed that moisture anomalies (drought and flooding) explain 34% of the varia-
tion in maize yield, which is similar to the results of this study. The first step in risk analysis
is hazard assessment, and the hazard findings in this study reflect the actual situation of
drought impact on crop yield. One of the primary barriers to high and stable maize yield
in NEC is drought risk [60]. Studies have shown that combined heat and drought stress
is a major factor limiting maize yield [34], which means that drought risk may further
increase as the climate warms and extreme weather events increase. Dynamic drought risk
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assessments are necessary for emergency drought mitigation, in addition to static drought
risk assessments that serve as a roadmap for planning drought prevention and response
strategies [61]. The knowledge gained from this study can serve as a technical support and
foundation for dynamic risk assessment and management.
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3.5. Limitations

Several studies have demonstrated that a comprehensive index that incorporates multi-
source information and multi-sensor data can effectively monitor agricultural drought and
assess its impacts [1,26,30,31,45]. SIF data, which are more sensitive to changes in water and
heat, were used in this study as the basis to build the CDI, which increased the sensitivity of
drought monitoring but also restricted the use of the CDI. In comparison to grassland and
farmland, the CDI was less reliable for drought monitoring in woodlands and better suited
for short-term drought monitoring. The accuracy of the CDI for monitoring agricultural
drought is also weakened by the presence of mixed pixels in remote sensing data, which
can be strengthened by higher-resolution remote sensing data in the following step. The
growing season used in this study was from May to September; however, since drought is
a continuous occurrence and the actual sowing and harvesting dates for each grid in the
study area vary by region, year, and crop type, more research is needed to determine the
relationship between drought hazard and yield loss for specific crops by improving the
temporal resolution of the data.

4. Conclusions

Based on SPAC theory, this study integrated multi-source information data such
as meteorology, remote sensing, and reanalysis, to construct a comprehensive drought
index. Through static and dynamic hazard assessment models, we analyzed the spatial and
temporal distribution characteristics of drought disaster and hazard during the growing
season (May to September) in NEC and also verified the validity of the CDI and hazard
index. The following conclusions were obtained:

(1) Compared with a single drought index, the CDI index for drought monitoring has
the advantages of a broad spatial range, long time range, and high accuracy and can
reflect agricultural drought well.

(2) The growing season in NEC showed a trend of becoming drier from 1982 to 2020, and
the hazard of agricultural drought also showed a non-significant (p < 0.05) increasing
trend. However, the trends of the drought index, the impact scope of drought events,
and the hazard of agricultural drought all turned around 2000, and the drought hazard
was highly significant (p < 0.001) and decreased from 2000 to 2020.

(3) The frequency of drought disasters was the highest and the hazard was the highest
in May. The best level of climatic yield anomalies in maize was explained by the
drought hazard in August (R2 = 0.28). High hazard levels were mostly distributed
in the farmland and grassland areas located in the central and western parts of the
study area.
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