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Establishment of a Comprehensive Drought
Monitoring Index Based on Multisource Remote

Sensing Data and Agricultural Drought Monitoring
Zhaoxu Zhang , Wei Xu , Zhenwei Shi , and Qiming Qin

Abstract—The occurrence of drought is a complex process and
is caused by the interaction of multiple drought-causing factors.
The construction of traditional drought models and indexes seldom
considers multiple drought-causing factors. This study integrated
the precipitation, soil water and heat balance, and crop growth
during drought. From the beginning of the process of agricultural
drought, the atmosphere, soil, and crops that characterize drought
are considered, through the principal component analysis method
to construct a comprehensive drought monitoring index (CDMI).
This index was verified by using the areas covered by drought,
areas affected by drought, relative soil moisture, and crop yield. The
annual average CDMI had negative correlations with areas covered
and affected by drought. The correlation coefficients were –0.68 and
–0.73. Moreover, the CDMI value had positive correlations with
relative soil moisture and crop yield. The maximum correlation
coefficient between CDMI and relative soil moisture was 0.91, and
the correlation coefficient with maize yield was 0.52. Subsequently,
the CDMI was applied to long-term drought monitoring in agri-
cultural areas during the summer maize growing season (June
to September) in Henan Province. Results showed that the most
severe years of agricultural drought in Henan Province were 2000,
2001, 2004, 2006, 2008, and 2014. The most severe agricultural
drought occurred in July and August 2014. Statistics found that
Henan Province had high frequencies of severe drought. This study
proved that CDMI calculated by multisource remote sensing data
is a reliable and effective indicator for monitoring and assessing
agricultural drought.

Index Terms—Agricultural drought, index, multi-source data,
remote sensing.

I. INTRODUCTION

DROUGHT is a frequent and potential continuous natural
phenomenon that directly affects social and economic

development, industrial and agricultural production, urban and
rural water supply, people’s lives, and the ecological environ-
ment [1]–[5]. The occurrence of drought can last a long time
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and is very destructive. Hence, drought monitoring has received
considerable attention from scholars [6], [7]. Recently, drought
has become a global concern [7]. Considering the complexity of
drought, accurately defining drought is difficult [7]. Currently,
drought is generally divided into meteorological, hydrological,
agricultural, and socio-economic drought [6], [8]–[10]. Among
them, agricultural drought means that during the growth of crops,
soil moisture cannot meet the water requirements for normal
crop growth, resulting in reduced crop yields [11].

The methods of drought monitoring mainly include two types.
One is through actual site-based data, and the other is based on
remote sensing data [8]. Historically, the drought monitoring
method is mainly based on precipitation and air temperature
measured at stations [12]. The most widely used drought indexes
based on site data include standardized precipitation index (SPI)
[13], palmer drought severity index [14], and standardized pre-
cipitation evapotranspiration index (SPEI) [15]. The site-based
data can be used to obtain long-term drought monitoring dis-
tribution data. However, some stations are sparsely distributed
at the regional scale, and observing the information of soil and
vegetation using site-based data is difficult [16]–[18]. Remote
sensing can obtain real-time data with information coming from
the atmosphere, soil, and vegetation. The agricultural drought
indexes established based on remote sensing methods are greatly
suitable for long-term drought monitoring [18]. The drought
indexes established based on a single data source include fol-
lowing: the normalized difference vegetation index (NDVI) [19],
[20], vegetation condition index (VCI) [21]–[23], temperature
condition index (TCI) based on land surface temperature (LST)
[21]–[23], precipitation condition index (PCI) based on mi-
crowave precipitation data [24], soil moisture condition index
(SMCI) based on soil moisture [25], and others. Recently, re-
searchers have improved the timeliness and accuracy of drought
monitoring by integrating a variety of remote sensing data to
construct new drought indexes. Among them, vegetation health
index (VHI) [23], which combines the characteristics of VCI and
TCI, is more conducive to regional agricultural drought moni-
toring. However, using VHI should be undertaken with caution
in humid areas at high latitudes, vegetation growth is restricted
by lower temperatures in these areas [26]. Using precipitation
data from tropical rainfall measuring mission (TRMM), some
comprehensive drought indexes were established by combining
TCI, VCI, and PCI, which enables the monitoring of meteoro-
logical and agricultural drought conditions. The scaled drought
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condition index (SDCI) was constructed using three indicators
(TCI, VCI, and PCI) in different percentages to monitor agri-
cultural drought in North and South Carolina, United States
[24]. The synthesized drought index (SDI) is defined as the
main components of VCI, TCI, and PCI and is used to monitor
the comprehensive drought in Shandong Province, China [27].
SDCI and SDI does not consider the effects of soil moisture
which is an important characteristic parameter of drought. The
microwave integrated drought index is developed by using mul-
tisensor microwave indexes (TCI, SMCI, and PCI) to monitor
the distribution of short-term drought in North China [25].
The optimized meteorological drought index (OMDI) and the
optimized vegetation drought index (OVDI) are established from
multisource satellite data to monitor comprehensive information
of drought from meteorological and agricultural aspects [28].
OMDI and OVDI lack consideration of distinctions of seasons
and the correlations between satellite indexes. Drought is a
complex process, and establishing agricultural drought moni-
toring indexes by using multisource data has become a trend
[8], [12].

The occurrence of agricultural drought is a process that
includes the comprehensive effects of atmosphere, soil, and
crops [29]. Moreover, the occurrence of meteorological drought,
which is caused by insufficient precipitation, often leads to
agricultural drought. When meteorological drought occurs, the
water and heat balance of soil and crops will change. Re-
search of agricultural drought focuses on farmland and crops,
in which soil moisture plays a vital role. When the precipitation
is insufficient, the soil moisture content decreases. In the early
stage of agricultural drought, soil moisture deficiency will lead
to reduced soil evapotranspiration. Then crops cannot absorb
enough water to compensate for leaf transpiration, and crop
water demand and soil water supply are unbalanced, resulting in
increased soil and canopy temperature [30]. When the drought
continues, the physiological growth of crops is under stress,
and its growth process changes. The lack of water in crops
will hinder crop photosynthesis and material metabolism. When
crops are continuously exposed to water stress, their stomata will
close, which affects photosynthesis and changes the chlorophyll
fluorescence value. When crops begin to wither, the reflectivity
of the crop’s sensitive waveband will have changes [31]. If the
water shortage reaches a serious state, then crops will eventually
die, resulting in reduced crop yields [32]. Hence, understanding
the process of agricultural drought is of positive significance for
the construction of the agricultural drought monitoring index.

Drought is a slow and long-term process. First, it starts
with insufficient precipitation, leading to soil moisture deficit,
and then the surface temperature rises, which will eventually
affect the yield of crops. Most agricultural drought indices are
based on linear models. However, agricultural drought does not
have a linear relation with VI, LST, precipitation, soil moisture
anomalies in different time and regions. There exist correlations
between those factors that characterize drought. As a linear
change method, principal component analysis (PCA) method
can reduce redundancy of information. This study comprehen-
sively considered the factors that characterized the occurrence

of agricultural drought, such as the atmosphere, soil, and crops.
Not only the influence of precipitation, NDVI, and LST on
drought are considered, but also the information of microwave
soil moisture, evapotranspiration and solar-induced chlorophyll
fluorescence (SIF). This study aims the following.

1) Establish a comprehensive drought monitoring index
(CDMI) from multisource remote sensing data.

2) Use areas covered by drought, areas affected by drought,
relative soil moisture, and maize yield to verify CDMI.

3) Monitor and assess long-term agricultural drought in agri-
cultural areas of Henan Province from 2000 to 2018.

II. STUDY AREA AND DATA

A. Study Area

The research area is located in Henan Province, China, and
extends from 31°23

′
N-36°22

′
N, 110°21

′
E-116°39

′
E [5]. Fig. 1

shows the land use types in this study area. Henan Province
is a transitional climate between subtropical humid and warm
temperate semi-humid monsoon climate, with an average annual
precipitation of 500–900 mm. Henan is a major food province
where maize is the main crop in summer [33]. The growing
season of summer maize is from June to September.

B. Data

1) Vegetation Index Data: NDVI is one of the most widely
used agricultural drought monitoring indices, which can be cal-
culated from near-infrared and red-light bands. Moderate Reso-
lution Imaging Spectroradiometer (MODIS) provides monthly
NDVI products with 1 km spatial resolution. The monthly NDVI
(MOD13A3) data were downloaded from 2000 to 2018.1

2) Land Surface Temperature Data: MODIS provides 8-day
LST products (day and night) with a spatial resolution of 1 km.
The day and night products of MODIS LST (MOD11A2) from
2000 to 2018 were downloaded, and the monthly LST results
were calculated by the maximum value synthesis method.

3) Evapotranspiration Data: Evapotranspiration (ET) can
reflect the quality and energy exchange of soil, vegetation,
and atmosphere. The actual ET (ETa) is generated using the
simplified surface energy balance (SSEBop) model [34]. The
monthly evapotranspiration data with a spatial resolution of
0.25∗0.25° were downloaded.2

4) Meteorological Data: The monthly TRMM precipitation
data (3B43) were obtained from the Goddard Earth Sciences
Data and Information Services Center.3 The spatial resolution
of precipitation data is 0.25 × 0.25°.

To analyze the meteorological drought in Henan Province, the
SPEI-01 data were obtained from 2000 to 2018.4

5) Soil Moisture Data: Soil moisture (SM) is an important
parameter for agricultural drought. The daily soil moisture data
were obtained from the European Space Agency (ESA CCI)

1[Online]. Available: https://ladsweb.nascom.nasa.gov/search
2[Online]. Available: https://github.com/zhangfeng0826/ETdata
3[Online]. Available: http://disc.sci.gsfc.nasa.gov/
4[Online]. Available: https://spei.csic.es/

https:&sol;&sol;ladsweb.nascom.nasa.gov&sol;search
https:&sol;&sol;github.com&sol;zhangfeng0826&sol;ETdata
http:&sol;&sol;disc.sci.gsfc.nasa.gov&sol;
https:&sol;&sol;spei.csic.es&sol;
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Fig. 1. Land use types map in Henan Province, China. (a) land use map and (b) agricultural areas map.

from 2000 to 2018.5 The monthly soil moisture results were
calculated by the maximum value synthesis method.

6) Solar-Induced Chlorophyll Fluorescence Data: A new
global solar-induced chlorophyll fluorescence (GOSIF) dataset
with high spatiotemporal resolution (0.05°, 8-day and monthly)
was developed by Li and Xiao (2019) using the data-driven
method [35].6 The monthly SIF data during maize growing
season were downloaded.

7) Other Data:
a) Land use data: The land use data with a spatial resolu-

tion of 1 km used in this study was obtained from the Resource
and Environment Science and Data Center.7 Land use types
include farmland, forest, grassland, water, construction land,
and others [see Fig. 1(a)]. Farmland is the research object in
this study. Therefore, based on land-use data, the farmland was
extracted to monitor agricultural drought [see Fig. 1(b)].

b) Site-based data: Relative soil moisture is a direct indi-
cator of agricultural drought. The 10 cm relative soil moisture
data were downloaded through the China Meteorological Data
Network.8 Every 10-day data were provided by this website
from 1991 to 2009, the monthly site-based data were obtained
by averaging data from upper, middle and late 10-day.

c) Statistical data: The annual areas covered by drought,
areas affected by drought, and annual regional level summer
maize yield data were obtained from the National Bureau of
Statistics of the People’s Republic of China.9 The areas covered
and affected by drought are statistical data and can character-
ize the extent of the impact of drought. The drought affected
crop area is more appropriate to assess the drought effect on
agriculture.

In this study, due to the different resolutions and projections of
multi-source remote sensing datasets, the monthly products were
spatially resampled onto a 0.00834° (about 1 km) geographic

5[Online]. Available: http://www.esa-cci.org
6The GOSIF data are available online at http://globalecology.unh.edu
7[Online]. Available: http://www.resdc.cn/
8[Online]. Available: http://data.cma.cn
9[Online]. Available: http://www.stats.gov.cn/

Fig. 2. Flowchart of this study.

Climate Modelling Grid under a World Geodetic System -1984
Coordinate System (WGS-84) geographic coordinate system.

III. METHOD

Agricultural drought is usually caused by insufficient precipi-
tation for a long time, and the soil moisture cannot meet the water
demand for crop growth. Agricultural drought is the result of the
combined effects of the atmosphere, soil, and crops. Therefore,
this study considered multiple drought-causing factors when
constructing the CDMI. This study combined six indexes [PCI,
VCI, TCI, SMCI, evapotranspiration condition index (ETCI),
and fluorescence condition index (FCI)] using the PCA method
to calculate the CDMI. Fig. 2 shows the specific process.

A. Normalized Remote Sensing Data

1) VCI: The impact of agricultural drought on crops is diffi-
cult to detect directly by NDVI [36], [37]. The VCI calculated

http:&sol;&sol;www.esa-cci.org
http:&sol;&sol;globalecology.unh.edu
http:&sol;&sol;www.resdc.cn&sol;
http:&sol;&sol;data.cma.cn
http:&sol;&sol;www.stats.gov.cn&sol;
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based on NDVI can monitor local differences in ecosystem
productivity [21]. VCI can better reflect the impact of drought
stress on vegetation. The definition of VCI is as follows:

VCI =
NDVI−NDVImin

NDVImax−NDVImin
(1)

where NDVI, NDVImax, and NDVImin are the values of NDVI,
maximum NDVI, and minimum NDVI of each pixel, respec-
tively, in the same month during the study period of 2000–2018.
VCI changes from 0 to 1, and the corresponding vegetation
conditions change from extremely low to optimal.

2) TCI: TCI is a drought monitoring index calculated based
on LST, which is used to determine temperature-related drought
phenomena [22]. When the drought occurs, the soil moisture
decreases, causing temperature to change. High temperature
during the crops growing season reflects drought. TCI is defined
as follows:

TCI =
LSTmax−LST

LSTmax−LSTmin
(2)

where TCI, TCImax, and TCImin are the values of TCI, max-
imum TCI, and minimum TCI of each pixel, respectively, in
the same month during the study period of 2000–2018. Under
drought conditions, TCI is close or equal to 0; and under humid
conditions, TCI is close to 1. The monthly TCI dataset was
established of Henan Province from 2000 to 2018.

3) ETCI: ET is very important indicator for agriculture and
water resources monitoring [38]. To monitor crop water deficit
and agricultural drought, ETCI is defined as follows:

ETCI =
ETmax−ET

ETmax−ETmin
(3)

where ET, ETmax, and ETmin are the values of ET, maximum ET,
and minimum ET of each pixel, respectively, in the same month
during the study period of 2000–2018. ETCI changed from 0 to
1, corresponding to the change of agricultural drought.

4) PCI: PCI is an index that can provide meteorological
drought information, and agricultural drought is often caused
by meteorological drought [39]. TRMM 3B43 can provide esti-
mates of monthly precipitation. PCI is defined as follows:

PCI =
TRMM− TRMMmin

TRMMmax−TRMMmin
(4)

where TRMM, TRMMmax, and TRMMmin are the values of
precipitation, maximum precipitation, and minimum precipi-
tation of each pixel, respectively, in the same month during
the study period of 2000–2018. PCI changes from 0 to 1, and
the corresponding precipitation changes from extremely low to
highest.

5) SMCI: Agricultural drought can be characterized by soil
moisture, and SMCI is an index that characterizes soil informa-
tion [40]. SMCI is defined as follows:

SMCI =
SM− SMmin

SMmax−SMmin
(5)

where SM, SMmax, and SMmin are the values of SM, maximum
SM, and minimum SM of each pixel, respectively, in the same
month during the study period of 2000–2018. The SMCI changes

from 0 to 1, which corresponds to the change from extremely
low to high.

6) FCI: SIF can reflect changes in photosynthesis. When
drought occurs, soil water supply cannot meet the water require-
ments of crops. SIF can be used to characterize the response
of plants to leaf and canopy water content [41], [42], and it is
closely related to the photosynthesis of vegetation [43], [44].
The research of SIF and its changes can be used to monitor
crop growth and agricultural drought, while there are few studies
using SIF data as an indicator to construct a model [45]–[47].
FCI is defined as follows:

FCI =
SIF− SIFmin

SIFmax−SIFmin
(6)

where SIF, SIFmax, and SIFmin are the values of SIF, maximum
SIF, and minimum SIF of each pixel, respectively, in the same
month during the study period of 2000–2018.

The FCI changes from 0 to 1, and the corresponding crop
conditions change from extremely low to optimal. In extreme
drought conditions, FCI is close or equal to 0; under optimal
crop coverage conditions, it is close to 1.

B. Principal Component Analysis

PCA is a statistical method that transforms a group of poten-
tially correlated variables into uncorrelated ones through orthog-
onal transformation. The transformed group of variables is called
principal components. The principle of PCA is to recombine the
original variables into a new set of unrelated integrated ones.
According to actual needs, a few sum variables can be taken
out to reflect as much information on the original variables as
possible [48]. The PCA process calculates the covariance matrix,
eigenvalues, and eigenvectors among all input data. Then the
percentage of the total variance of the dataset explained by each
component is obtained. Finally, a series of new ones is calculated
by multiplying the eigenvectors of the original input data [27],
[49].

Although different drought monitoring indexes can monitor
drought from the aspects of the atmosphere, soil, and crops,
interrelated information among them exists. In addition, differ-
ent drought monitoring indexes have various contributions to
drought monitoring. Therefore, this study used the PCA method
to extract the main information from VCI, TCI, PCI, ETCI,
SMCI, and FCI. Then the redundant information is removed.
In agricultural drought monitoring and assessment, VCI, TCI,
PCI, SMCI, ETCI, and FCI can characterize drought in three
aspects: atmosphere, soil, and crop. However, there exists in-
terrelated information between them. In different crop growth
stages, each index contributes differently to the characterization
of agricultural drought. In this study, the monthly VCI, TCI, PCI,
SMCI, ETCI, and FCI were calculated as input, and the same
number of principal components bands were obtained through
PCA method. Considering that the first principal component
always contains more than 75% of the information from all
indexes, this component is defined as a new drought index, that
is, the CDMI.
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Fig. 3. Correlation between annual average CDMI value and areas covered and affected by drought. (a) Areas covered by drought. (b) Areas affected by drought.

C. Agricultural Drought Monitoring

To grasp the levels of agricultural drought, this study classified
agricultural drought into four levels. The traditional threshold
segmentation method was greatly affected by subjective experi-
ence, and the drought levels obtained by various indicators are
quite different. This study averaged the CDMI pixel values of
Henan Province from 2000 to 2018 and divided the comprehen-
sive drought indicators into four levels (severe drought, moder-
ate drought, light drought, and no drought) using the quantile
thought to divide the threshold reasonably. This study used the
CDMI to monitor the agricultural drought in Henan Province
during the maize growing season (June to September). Based on
the CDMI, the long-term agricultural drought was analyzed in
Henan Province from 2000 to 2018, and the agricultural drought
frequency was calculated from June to September.

IV. RESULTS

A. Verification

To assess the accuracy of CDMI, this study used areas covered
by drought, areas affected by drought and relative soil moisture
for verification.

1) Verification Based on Drought Areas: The areas covered
by drought and areas affected by drought were direct manifes-
tations of agricultural drought. Especially the areas affected by
drought was more closely related to drought. This study used the
drought areas of Henan Province downloaded from the National
Bureau of Statistics. This study selected data from 2000 to 2014
and 2014 to 2018 due to the lack of drought areas in 2015.

The annual average CDMI values from 2000 to 2018 were
obtained by averaging the CDMI pixel values of agricultural
areas from June to September. Fig. 3 shows the correlation
between annual average CDMI value and areas covered and
affected by drought. The results indicated that the annual av-
erage CDMI had negative correlations with areas covered and
affected by drought. The correlation coefficients were –0.68
and –0.73.

2) Verification Based on Relative Soil Moisture: Relative soil
moisture refers to the percentage of the soil moisture content
to field water holding capacity. Agricultural drought is charac-
terized by soil moisture. This section verified the accuracy of
CDMI based on relative soil moisture data of the site to verify
the ability of CDMI in monitoring agricultural drought. The
Chinese Meteorological Data Network released a 10-day dataset
of relative soil moisture (1991–2009). Given the timeliness
and the lack of data, this study selected the site data from
2000 to 2009 as verification (see Fig. 4). Table I illustrates
the specific site name, longitude, and latitude. The correlation
coefficients between CDMI values and relative soil moisture
were calculated simultaneously (see Fig. 4). The CDMI value
had a positive correlation between relative soil moistures, and
the correlation coefficients were between 0.37 and 0.91. The
maximum correlation coefficient (R) was 0.91 (Neixiang site).
The results showed that the CDMI value had high correlations
with relative soil moisture, which could reflect the change of
soil moisture. The CDMI could be feasibly used for agricultural
drought monitoring in Henan Province.

B. Correlation Analysis With Crop Yield

Although there are many factors that can affect the changes
of crop yield, agricultural drought is one of the main and direct
factors leading to crop yield reduction. In Henan Province,
summer maize is the main crop and the growth cycle of this crop
is from June to September. In this section, to further explore the
possible use of CDMI, the response of agricultural drought to
summer maize yield was analyzed.

The CDMI was averaged by pixel from June to September
in agricultural areas of Henan Province, and this value was
regarded as the average CDMI for this year. Fig. 5 illustrates
the correlation between the average CDMI value and yield from
2000 to 2018. In Henan Province, the CDMI had a positive
correlation with the maize yield (R = 0.52) and the scattered
points showed statistically significant correlation (p-value <
0.01).
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Fig. 4. Correlation between CDMI value and relative soil moisture. (a) Neixiang (June). (b) Tangyin (June). (c) Zhumadian (June). (d) Neixiang (July). (e)
Tangyin (July). (f) Xinxiang (July). (g) Neixiang (August). (h) Tangyin (August). (i) Xinxiang (August).

TABLE I
SITE-BASED RELATIVE SOIL MOISTURE DATA AND CORRELATION COEFFICIENT WITH CDMI VALUE
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Fig. 5. Correlation between average CDMI value and maize yield.

C. Long-Term Agricultural Drought Monitoring Based on
CDMI

A total of 76 agricultural drought distribution maps were
obtained based on CDMI. This study calculated the monthly
CDMI value during the maize growing season in Henan Province
from 2000 to 2018 by averaging all pixel values in agricultural
areas. The regional average CDMI values were sorted from small
to large, and the quartiles (–0.1, –0.03, and 0.04) were selected
as the dividing points of the drought levels. Meanwhile, based
on the quartile method, agricultural drought was divided into
four grades, namely, severe drought (CDMI ≤ –0.1), moderate
drought (–0.1 < CDMI ≤ –0.03), mild drought (–0.03 < CDMI
≤ 0.04), and no drought (CDMI > 0.04).

Fig. 6 shows the long-term CDMI value. The result showed
that the CDMI could reflect the occurrence, duration, and sever-
ity of the agricultural drought. Severe drought occurred during
the maize growing season in Henan Province in 2014 (the lowest
average CDMI value, average CDMI=–0.116). The agricultural
drought months were concentrated in July and August, which
was consistent with the historical drought survey in agricultural
areas.

D. Characteristic Year Agricultural Drought Monitoring
Based on CDMI

According to long-term CDMI values (see Fig. 6), the result
highlighted the agricultural drought in 2014. Particularly, the
CDMI values reached extremely low levels in July and August
(CDMI = –0.14, –0.22). Considering that June to August was
the critical period for the growth of summer maize, a large
amount of soil moisture was required for crop growth. If the
soil water supply was insufficient, the agricultural drought will
likely occur. Fig. 7 displays the spatial distribution of agricultural
drought in July and August in Henan Province. The white areas
in Henan Province were non-agricultural areas, and this part
was not our research regions (see Fig. 1). The distribution
maps illustrated that the drought in Henan Province was very
serious in July. Exception for southeast (Xinyang), the southwest
(Nanyang), and the north (Anyang, Puyang), the rest of the

regions experienced severe agricultural droughts. In August,
the drought areas expanded further, except for the Southeast
(Xinyang) area, where severe agricultural droughts appeared in
other regions.

E. Changes in Meteorological, Soil, and Crop

Agricultural drought is caused by the mutual influence of the
atmosphere, soil, and crops. Changes in precipitation will cause
changes in soil moisture, which will affect the growth of crops.
SPEI, soil moisture, and NDVI were selected to characterize the
changes in the atmosphere, soil, and crop, respectively. Long-
term analysis of meteorological, soil, and crop was conducted
by calculating annual average values during the maize growing
season in agricultural areas (see Fig. 8). The results showed
that SPEI, NDVI, and CDMI have similar fluctuations. SPEI,
NDVI, and CDMI had low inflection points in 2004, 2006,
2008, and 2014. In these years, the precipitation was relatively
low, and agricultural droughts affected crop growth. Meanwhile,
combined with soil moisture, the lowest value was in 2014,
which also verified that the soil moisture in Henan Province was
low during the summer maize growth period in 2014, which
resulted in agricultural drought. However, compared with other
indexes, the regional average soil moisture value did not show
consistent fluctuations. In this study, the soil moisture data
used was microwave soil moisture data product (ESA CCI),
which only characterized the changes in surface moisture of
soil. In agricultural areas of Henan Province, irrigation was
always an important way to supply water to the soil. The part
of irrigation could not be monitored, and soil moisture curve
appeared inconsistent fluctuation.

F. Agricultural Drought Frequency

Drought frequency refers to the number of drought events.
This section analyzed the frequency of different levels of agri-
cultural drought. The spatial distribution of drought frequency
(0–0.2, 0.2–0.4, 0.4–0.6, 0.6–0.8, 0.8–1) in agricultural areas
was determined using the drought maps from 2000 to 2018.
The drought frequency of different drought severity levels from
June to September was calculated (see Fig. 9). Moreover, the
area proportions of each drought frequency under the influence
of different droughts were also calculated (see Table II). The
significant differences in the frequency of severe, moderate, and
mild droughts were analyzed.

V. DISCUSSION

A. Analysis of Verification Results

The CDMI had a positive correlation with relative soil mois-
ture, areas covered by drought, and areas affected by drought.
The relative soil moisture was an intuitive manifestation of the
soil moisture content, which directly affected the occurrence of
agricultural drought. Furthermore, the areas affected by drought
were more closely related to agricultural drought.

The CDMI and relative soil moisture had a very high positive
correlation (maximum R was 0.91) (see Fig. 4). This study
also used the statistical data in Henan Province from 2000 to
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Fig. 6. Long-term CDMI value from 2000 to 2018.

Fig. 7. Spatial distribution of agricultural drought in Henan Province 2014. (a) July. (b) August.

TABLE II
PROPORTION OF THE AGRICULTURAL AREAS OF EACH FREQUENCY UNDER DIFFERENT DROUGHT LEVELS
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Fig. 8. Changes of SPEI, soil moisture, NDVI, and CDMI in agricultural areas.

2018 to verify the CDMI during the maize growing season (see
Fig. 3). The annual average of VCI, TCI, SMCI, SPEI from
June to September were calculated to evaluate the superiority of
CDMI in monitoring agricultural drought. VCI can characterize
changes in vegetation greenness. TCI and SMCI are proofs of
the balance of water and heat in soil. SPEI can characterize
meteorological factor. The correlations between areas affected
by drought and annual VCI, TCI, SMCI, and SPEI were cal-
culated (see Fig. 10). The correlation coefficients were –0.70,
–0.37, –0.41, and –0.24, respectively. The results showed that
the areas affected by drought had a higher correlation coefficient
(R = –0.73) than other drought indexes. The occurrence of
agricultural drought was the result of the combined action of
a variety of drought-causing elements and the interaction of
meteorological, soil, and crops. The CDMI was constructed
through the PCA method, comprehensively considering a variety
of factors that characterize agricultural drought. VCI, TCI, and
SMCI only considered drought from a single factor. Therefore,
the agricultural drought monitoring based on CDMI was more
reliable and applicable.

B. Analysis of Agricultural Drought Results

From 2000 to 2018, during the summer maize growing sea-
son, Henan Province experienced severe agricultural drought in
2000, 2001, 2004, 2006, 2008, and 2014. Particularly in July
and August of 2014, the monthly average CDMI value reached
a very low level (CDMI = –0.14, –0.22).

The occurrence of agricultural droughts often starts
with insufficient precipitation. Studies have shown that the

agricultural drought had a lag effect of approximately one month
on precipitation. Interannual variations of the anomalies of pre-
cipitation (June to August) and soil moisture (July to August)
were calculated to analyze the relationship between agricultural
drought and precipitation (see Fig. 11), and soil moisture (see
Fig. 12) from 2003 to 2017. In June (2008, 2010–2014), July
(2003, 2009, 2011–2015, 2017), and August (2006–2007, 2011–
2017), the regional average precipitation values were lower than
the multi-year average. In July (2009, 2011–2017) and August
(2008–2010, 2012–2017), the regional average values of soil
moisture were lower than the multi-year average. From June to
August 2014, the precipitation below the mean conditions was
particularly noticeable. The values of anomalies of precipitation
were –46.33, –116.74, and –22.28. Specifically, in June and
July, an anomaly of precipitation reached extremely low levels.
Moreover, in the analysis, the anomaly of soil moisture (July
and August) reached the lowest conditions (–0.07 and –0.09).
Insufficient precipitation had caused a decrease in soil moisture,
and soil water supply could not meet the water requirements of
crops. Along with the crop’s water shortage, agricultural drought
also occurred.

C. Analysis of Agricultural Frequency

Results showed that the frequency of mild and moderate
drought from June to September in most areas of Henan Province
was less than 0.4, which was mainly concentrated in 0–0.2 (see
Fig. 9). On the contrary, the frequency of severe drought in
Henan Province was relatively high, and that in agricultural
areas was higher than 0.4 (see Fig. 9). Table II illustrated the
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Fig. 9. Drought frequency of mild, moderate, and severe drought from June to September. (a) Mild drought (June). (b) Mild drought (July). (c) Mild drought
(August). (d) Mild drought (September). (e) Moderate drought (June). (f) Moderate drought (July). (g) Moderate drought (August). (h) Moderate drought
(September). (i) Severe drought (June). (j) Severe drought (July). (k) Severe drought (August). (l) Severe drought (September).
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Fig. 10. Correlations between areas affected by drought and annual average VCI, TCI, SMCI, and SPEI. (a) VCI. (b) TCI. (c) SMCI. (d) SPEI.

Fig. 11. Anomalies of precipitation from June to August. (a) June. (b) July. (c) August.

proportion of the area of each frequency under the influence of
different droughts. For severe drought, the area ratios of the total
agricultural area (more than 0.4) were 67.65% (June), 52.28%
(July), 74.71% (August), and 69.20% (September) (see Table II).

Particularly, the severe drought was highly significant in August
because the maize in Henan Province in this month was in the ear
stage (tasseling flowering) and pollen stage (spinning pollination
and filling). At this time, the maize had undergone vegetative
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Fig. 12. Anomalies of soil moisture from July to August. (a) July. (b) August.

and reproductive growth, and its growth and development were
vigorous. Without sufficient soil moisture as a supplement,
drought is likely to occur.

In a severe drought, the central of Henan had a frequency
of more than 0.4 in June, and the south-eastern of Henan also
had greater than 0.4 in July. On the contrary, high-frequency
areas increased significantly in August, with some areas in the
south. The situation improved in September. The analysis of
drought frequency showed that the frequency of severe drought
was relatively high from 2000 to 2018. In addition, the frequency
of different types of droughts in various months and regions was
not the same.

D. Limitation of the CDMI

Agricultural drought is a complex and long-term phenomenon
and it is caused by the interaction of multiple drought-causing
factors. Agricultural drought does not have a linear relationship
with drought-causing factors and there are correlations between
them. In this study, PCA method was used to reduce redundancy
of information and establish the CDMI. Several types of drought
factors were considered including precipitation, vegetation in-
dex, land surface temperature, evapotranspiration, microwave
soil moisture, and solar-induced chlorophyll fluorescence. Com-
pared with other drought studies using PCA method [27], [50],
more drought factors were considered from atmosphere, soil,
and crops. For example, microwave soil moisture data, which
could directly characterize changes in soil moisture content; and
solar-induced chlorophyll fluorescence data, which could reflect
the photosynthesis of crops and were more conducive to early
drought monitoring. However, there were still some limitations.

1) This study calculated the agricultural drought in Henan
Province based on the CDMI. The new index (CDMI)
was applicable to the agricultural drought monitoring and
assessment during the summer maize growing season in
Henan Province. The research crop was corn. However,
winter wheat is still the main crop in Henan Province.
Hence, the applicability of the CDMI for different varieties
of crops in regions is worth studying.

2) In this study, the time scale was based on monthly results.
The occurrence of agricultural drought is a long-term and
continuous process. In different times of one month, the
intensity of agricultural drought can be different. A study
of drought changes based on 10–15 days is necessary.

3) This study considered varies of agricultural drought fac-
tors. However, the impact of human activities on drought
should not be ignored, especially irrigation. The effect of
irrigation on the results is not considered in this study.
Therefore, future research can integrate irrigation data in
comprehensive drought monitoring.

VI. CONCLUSION

This study comprehensively considered the atmosphere (pre-
cipitation), soil (soil moisture, land surface temperature), and
crops (vegetation index, evapotranspiration, and chlorophyll flu-
orescence). Moreover, the study selected VCI, TCI, PCI, SMCI,
ETCI, and FCI as input through the PCA method to construct
a new index called the CDMI. The CDMI had a positive corre-
lation with relative soil moisture, and the correlation coefficient
(R) were between 0.37 and 0.91. The annual average CDMI
value had a negative correlation with areas covered by drought
and areas affected by drought. The correlation coefficients (R)
were –0.68 and –0.73. The CDMI was applied to the agricul-
tural drought monitoring in Henan Province, combined with the
changes of SPEI, SM, and NDVI to analyze the changes of agri-
cultural drought in Henan Province. The results showed that the
severe agricultural drought occurred in 2000, 2001, 2004, 2006,
2008, and 2014. Henan Province experienced severe agricultural
drought in July and August 2014, which was consistent with the
actual situation. This study calculated the frequency of different
drought levels in agricultural areas from June to September from
2000 to 2018. Combined with the drought frequency maps, the
frequency of severe drought in agricultural areas was more than
0.4. Agricultural areas with a severe drought frequency exceed-
ing 0.4 accounted for 67.65% (June), 52.28% (July), 74.71%
(August), and 69.20% (September). These findings showed that
Henan Province was dominated by severe drought during the
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maize growing season. These results also indicated that the
CDMI was a useful and precise index to monitor and assess
regional agricultural drought.
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