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Abstract: Drought is a complex hazard that has more adverse effects on agricultural production
and economic development. Studying drought monitoring techniques and assessment methods
can improve our ability to respond to natural disasters. Numerous drought indices deriving from
meteorological or remote sensing data are focused mainly on monitoring single drought response
factors such as soil or vegetation, and the ability to reflect comprehensive information on drought
was poor. This study constructed a comprehensive drought-monitoring model considering the
drought factors including precipitation, vegetation growth status, and soil moisture balance during
the drought process for the Jing-Jin-Ji region, China. The comprehensive drought index of remote
sensing (CDIR), a drought indicator deduced by the model, was composed of the vegetation condition
index (VCI), the temperature condition index (TCI), and the precipitation condition index (PCI).
The PCI was obtained from the Tropical Rainfall Measuring Mission (TRMM) satellite. The VCI
and TCI were obtained from a moderate-resolution imaging spectroradiometer (MODIS). In this
study, a heavy drought process was accurately explored using the CDIR in the Jing-Jin-Ji region in
2016. Finally, a three-month scales standardized precipitation index (SPI-3), drought affected crop
area, and standardized unit yield of wheat were used as validation to evaluate the accuracy of this
model. The results showed that the CDIR is closely related to the SPI-3, as well as variations in
the drought-affected crop area and standardized unit yield of crop. The correlation coefficient of
the CDIR with SPI-3 was between 0.45 and 0.85. The correlation coefficient between the CDIR and
drought affected crop was between −0.81 and −0.86. Moreover, the CDIR was positively correlated
with the standardized unit yield of crop. It showed that the CDIR index is a decent indicator that can
be used for integrated drought monitoring and that it can synthetically reflect meteorological and
agricultural drought information.

Keywords: multisource remote sensing data; synthesized drought monitoring model; CDIR; trend
analysis; Jing-Jin-Ji region, China

1. Introduction

Drought is one of the most widespread disasters in the world that causes the largest loss of
agriculture that supports human society [1,2]. In addition, especially in the context of global warming,
drought events have clearly increased, causing harm and loss to the development of society. According
to the statistics of natural disaster loss in China, the loss from meteorological disasters accounts for
61% of all the natural disasters in China, and the loss from drought accounts for 55% of the loss
from meteorological disasters [3,4]. It can be seen that drought has become one of the most severe
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natural disasters in China. Therefore, the quantitative monitoring of drought is imminent and of great
practical significance.

Researchers across the globe have conducted many studies on combined index for comprehensive
drought risk assessment, and some good results have been achieved. The multivariate standardized
drought index (MSDI) that probabilistically combined the standardized precipitation index (SPI)
and the standardized soil moisture index (SSI) for drought characterization was proposed by
Hao et al. [5]. The MSDI incorporated the meteorological and agricultural drought conditions for
overall characterization of drought and it was used to characterize the drought conditions in USA [6].
Ganguli et al. [7] developed a new index, the multivariate standardized water stress index (MSWSI),
which considered the joint probability of warmer and scarcer water, and computed uncertainties
arising from climate model imperfections and intrinsic variability. The index was used to study the
US power production at risk from water stress in the context of climate change. The occurrence and
development of drought are too complex and difficult to observe directly. Drought events are usually
quantified by constructing drought indices [8,9]. According to different observations, the monitoring
based on drought index can be divided into two types: one is based on observational data from
ground-measured stations, and the other is based on satellite remote sensing data [10].

The site-based drought monitoring originated early, developed for a long time, and was widely
used. It can be traced back to 1906, when the precipitation anomaly (Pa) was used to characterize
the wet and dry conditions [11]. After continuous development, the representative indices were:
palmer drought severity index (PDSI), standardized precipitation index (SPI), composite index of
meteorological drought (CI) [12], etc. Palmer took into account the factors including precipitation,
temperature, soil effective water content, and so on and put forward the PDSI index, which was of
epoch-making significance. The index was mainly used in the United States [13]. The SPI index was
based on the precipitation sequence data, which can be used to calculate different scales, each of which
can reflect different types of drought [14]. The CI index was specified in the Chinese National Standard
for Meteorological Drought. The CI index considered both the precipitation and evaporation factors
and had superiority as compared with the SPI drought index that simply used precipitation. It has been
used widely for drought monitoring and assessment business in China [15,16]. The site-based drought
monitoring is more mature in theory, however, there are some drawbacks. It is impossible to cover
the region of interest completely and to get the continuous drought index in space. In addition, the
response of surface vegetation to drought is not considered in this mechanism, and therefore highlights
obvious temporal and spatial advantages of remote sensing-based monitoring.

As compared with traditional site-based drought monitoring, remote sensing-based monitoring
has the advantages of wide coverage, fast information acquisition, and real-time dynamic and high
efficiency. With the development of the remote drought sensing-based monitoring model, many
drought indices have been produced. The representative indices are as follows: vegetation condition
index (VCI), temperature condition index (TCI) and derived combination types. Bannari [17] et al. and
Kogan [18] put forward the VCI on the basis of the normalized difference vegetation index (NDVI),
which was a more effective method. Kogan [19] proposed a temperature condition index (TCI) from
surface temperature considerations. The TCI reflected the relationship between temperature and
vegetation growth. High temperatures impeded plant growth, while low temperature indicated that
plant growth was normal, that is to say, the lower the TCI the more severe the drought. The vegetation
index and the surface temperature better reflected the vegetation cover and soil moisture status,
and they could be used to estimate surface evapotranspiration, to retrieve surface heat flux, and to
estimate surface water condition. Therefore, a variety of remote sensing-based indices were derived
from the vegetation index and surface temperature, such as the vegetation health index (VHI) [20],
the vegetation supply water index (VSWI) [21], the temperature vegetation drought index (TVDI) [22],
and the vegetation temperature condition index (VTCI) [23].

As is known to all, drought is a complex natural coupling process, which involves not only the
growth of vegetation and the supply and demand of soil moisture, but also atmospheric precipitation.
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With the launch of the Tropical Rainfall Measuring Mission satellite (TRMM) [24], real-time data on
atmospheric precipitation in the tropical and subtropical regions of the world can be obtained, which
provides spatially continuous precipitation data support for drought monitoring study.

The Jing-Jin-Ji region is a major winter high-quality wheat-producing area in China, where the
national food security is directly affected by the fluctuations of wheat yield. However, the precipitation
in an abundant or deficient year generally varies by four to five times in this region, which is likely
to cause frequent droughts and floods in the region [25]. Previous studies on remote sensing-based
monitoring in the Jing-Jin-Ji region mainly focused on single drought factors such as soil and vegetation,
however, lacked the ability to consider other factors and integrate comprehensive information [3,25–29].
Hence, the drought factors in this study including precipitation, vegetation growth, as well as surplus
and loss of soil moisture were fully taken into account. We used the land surface temperature (LST) to
calculate the TCI values as the soil component, the NDVI to calculate the VCI values as the vegetation
component, and the TRMM data to calculate the PCI as the precipitation component. Finally, based
on a multiple regression analysis, a comprehensive drought monitoring model was constructed for
providing scientific support for drought monitoring and assessment in the Jing-Jin-Ji region.

2. Materials and Methods

2.1. Study Area

Jing-Jin-Ji is the abbreviation of provincial-level administrative units in China, where Jing is the
abbreviation of the Beijing municipality, Jin is the abbreviation of the Tianjin municipality, and Ji is the
abbreviation of the Hebei province (Figure 1). The study area is located in the north-central part of the
Great Plains of North China, with Yanshan Mountain in the north, Taihang Mountain in the west, and
Bohai Sea in the east. The terrain is high in the northwest and low in the southeast. The total area
of the region is about 21.80 × 104 km2. The six prefecture cities (Shijiazhuang, Baoding, Cangzhou,
Hengshui, Xingtai, Handan) are the main producing areas of winter wheat. The study area has a
typical warm-temperate continental climate, being dry and windy in spring, hot and rainy in summer,
balmy and refreshing in autumn, cold and less snowy in winter. The annual total precipitation is
between 500 and 800 mm with the following characteristics: precipitation descends from the southeast
to the west in the northern region and is low in most southern region [30]. The basic situation of the
climate elements in the study area is shown in Table 1 [30].

Table 1. Interannual variation of climatic factors in the Jing-Jin-Ji region from 1961 to 2015.

Item Temperature Precipitation Sunshine
Hours

Relative
Humidity

Wind
Speed

Average value 10.43 508.71 2635.69 58.47 2.29

Maximum value 11.73 789.36 3068.8 68.50 2.94

The year in which the
maximum occurred 1998 1964 1965 1964 1969

minimum value 8.75 346.25 2262.7 54.08 1.80

The year in which the
minimum occurred 1969 1999 2003 2005 2003

Variation coefficient 0.07 0.18 0.07 0.04 0.12

Annotation: The units of temperature, precipitation, sunshine hours, relative humidity, and wind speed are Celsius
(◦C), millimeters (mm), hours (h), percentages (%) and meters per second (m/s), respectively.
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Figure 1. Location of the study area and of the meteorological stations.

It can be seen that the maximum values of four factors such as annual precipitation, annual average
sunshine hours, annual average relative humidity, and annual average wind speed all appeared in the
1960s, and the minimum values appeared around 2000, while the average annual temperature was
the opposite.

2.2. Remote Sensing Data

2.2.1. MODIS

The moderate-resolution imaging spectrometer (MODIS) is a very important sensor mounted
on the TERRA and AQUA satellites. These two solar-synchronous polar orbit satellites are the main
satellites of the Earth Observation System (EOS). The MODIS image data of most parts of the world
can be obtained through the joint observation of the two satellites. The scanning width of the MODIS
sensor is 2330 km, and its spatial resolution has three levels: 250 m, 500 m, and 1000 m. The spectral
range is 0.4–14.4 µm. The number of bands reaches 36. The bandwidth ranges from visible light
to thermal infrared. The MODIS has more advantages than the National Oceanic and Atmospheric
Administration-Advanced Very High Resolution Radiometer (NOAA-AVHRR) sensor in time, space,
and spectrum resolution. It is widely used in remote sensing-based monitoring of the world and its
regions [31].

The NDVI is widely used in the study of vegetation dynamics from global to regional scales
and has a good response to climate change, regional identification of land degradation, vegetation
productivity, and carbon balance [32,33]. It can be obtained using near-infrared (NIR) and red channels.
Some researchers have found that the NDVI can be used as a response factor to identify and quantify
drought disturbances in arid and semi-arid regions [18]. The MOD13A3 is a monthly synthetic surface
vegetation index product with 1 km resolution, which mainly includes the normalized vegetation index
(NDVI) and the enhanced vegetation index (EVI) and related data quality control information. In this
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study, the Terra MODIS monthly synthesis NDVI data product with 1 km resolution (MOD13A3) was
downloaded from the NASA [34] for the 2007–2016 period, and the data were spliced and re-projected
to the Universal Transverse Mercator (UTM) projection using the MRT (MODIS re-projection tool)
batch processing tool.

LST was a key parameter reflecting surface temperature and biochemical processes, and it could
reflect the changes of surface energy. The MOD11A2 was a surface temperature product synthesized
every 8 days with 1 km resolution. The data included daytime surface temperature, night surface
temperature, and related data quality control information. It mainly used the split window algorithm
to obtain the surface temperature [35]. Similarly, Terra MODIS 8-day composite LST values with
1-km resolution (MOD11A2, collection v005) from 2007 to 2016 were derived from the NASA [34]
and re-projected to the UTM projection. Then, in order to ensure the consistency of the temporal
resolution of the dataset, the maximum synthetic method was used to generate the LST data with
monthly resolution.

2.2.2. TRMM

The Tropical Rainfall Measuring Mission (TRMM) is the first meteorological satellite to quantify
precipitation in tropical/subtropical regions developed by NASA and NASDA. The TRMM satellite has
an altitude of 350 km, and its orbit range is between 35◦ N and 35◦ S. Its orbit period is about 90 min,
with an average of 15.7 orbits per day. The TRMM satellite operates in a near-equatorial non-solar
synchronous orbit. The local time of the satellite passing through the same location is different, which
is conducive to the study of the diurnal variation of precipitation. Because of its stable performance, in
order to increase the service life of the satellite, the orbit range of the satellite has been adjusted to
between 50◦ N and 50◦ S after 24 August 2001. This study used TRMM 3B43 monthly precipitation
data, the spatial resolution of the data was 0.25◦ × 0.25◦ [36]. Analogously, TRMM 3B43 data from 2007
to 2016 was downloaded from NASA [37] and resampled to 1 km resolution using the same projection
as the NDVI and the LST.

2.3. Meteorological Station Data

The observed monthly precipitation data and the monthly temperature data from 2007 to 2016 were
obtained from the China Meteorological Data Sharing Service Website [38]. In the study area, a total of
23 meteorological stations were selected (Figure 1). Each prefecture city had one meteorological station
except Handan.

2.4. Statistical Yearbook Data

The drought affected crop area and the wheat unit yield data, used to validate the model,
were derived from the statistical yearbooks of Beijing municipality, Tianjin municipality, and Hebei
province [39].

2.5. Methods

The objective of this study was to construct a comprehensive drought monitoring model based
on multisource remote sensing data, but different remote sensing data have different resolution, and
therefore they could not be used directly. Therefore, the multisource remote sensing data was scaled
and deduced to a series of standardized drought parameters. The research flow chart is shown in
Figure 2.
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Figure 2. A framework for building a comprehensive drought model.

2.5.1. Vegetation Condition Index (VCI)

The NDVI reflects the growth status of the vegetation. When drought occurs, it will affect the
normal growth of vegetation and the NDVI value will be low. However, NDVI does not directly
characterize the effects of drought on vegetation. In addition, vegetation growth in the Jing-Jin-Ji region
is more cyclical. NDVI in different months cannot be directly compared. Therefore, VCI was used to
reflect the state of the vegetation during different growth cycles [18,40]. The equation is as follows:

VCI =
NDVI−NDVImin

NDVImax −NDVImin
(1)

where, NDVImax is the maximum value of each NDVI raster in the same month for 2007–2016 years
and NDVImin is the minimum value of each NDVI raster in the same month for 2007–2016 years.

2.5.2. Temperature Condition Index (TCI)

Thermal stress will occur on the surface at the time of the drought. However, surface temperature
changes with the seasons and cannot be directly used for drought monitoring. On the basis of the idea
of the VCI index, the TCI index was proposed [18,40]. The equation is as follows:

TCI =
LSTmax − LST

LSTmax − LSTmin
(2)

where, LST stands for land surface temperature. The LST is a key factor in surface physical processes
at regional and global scales. It is also an important parameter for studying material exchange
and energy exchange between surface and atmosphere. Many applications such as drought, high
temperature, and forest fire require LST. The LSTmax is the maximum value of each LST raster in the
same month for 2007–2016 years; LSTmin is the minimum value of each LST raster in the same month
for 2007–2016 years.

2.5.3. Precipitation Condition Parameters (PCI)

Downscaling TRMM monthly data can accurately reflect the temporal and spatial characteristics
of precipitation, and it can provide high precision data for drought modeling. For this reason, a similar
method was used to standardize the downscaling TRMM.

PCI =
TRMM− TRMMmin

TRMMmax − TRMMmin
(3)
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where, TRMMmax is the maximum value of each TRMM raster in the same month for 2007–2016 years;
TRMMmin is the minimum value of each TRMM raster in the same month for 2007–2016 years.

2.5.4. Comprehensive Drought Index (CI)

The CI index is a drought index recommended by the Chinese National Standard for meteorological
drought promulgated by the China Meteorological Administration [15]. It is obtained by compounding
the nearly 30 days and nearly 90 days SPI index and the nearly 30 days relative humidity index. The CI
index reflects both the short-term (monthly) and long-term (seasonal) precipitation anomalies and the
water deficits on short-term scales. Thus, the CI index is suitable for real-time meteorological drought
monitoring and assessment of historical meteorological drought. The expression is as follows:

CI = aZ30 + bZ90 + cM30 (4)

where, Z30 represents the SPI values with time scale of 30 days, a is the coefficient of Z30 and it
is obtained from the average value of Z30 which reaches the level of mild drought divided by the
minimum value of Z30 in history, and the average value of a is 0.4. Similarly, Z90 represents the SPI
values with time scale of 90 days, b is the coefficient of Z90 and it is obtained from the average value of
Z90 which reaches the level of mild drought divided by the minimum value of Z90 in history, and the
average value of b is 0.4. M30 is a relative humidity index of 30 days, c is the coefficient of M30 and
it is obtained from the average value of M30 which reaches the level of mild drought divided by the
minimum value of M30 in history, and the average value of c is 0.8.

M = (P− PE)/PE (5)

where, P is the monthly precipitation and PE is the monthly evapotranspiration. The PE is calculated
by the Thornthwaite method [41,42]. The Thornthwaite method is the internationally accepted method
to calculate PE, particularly applicable to month-to-month data. The Thornthwaite method has
also carried out many related applications in China, and its results are consistent with the actual
situation [43–45]. The input data required by this method are easy to obtain and the calculations
are simple.

ETTho =



0, Ti ≤ 0 ◦C

1.6× Ld ×

(10Ti
I

)α
, 0 ≤ Ti ≤ 26.5 ◦C

Ld ×
(
−415.85 + 32.24Ti − 0.43Ti

2
)
, Ti > 26.5 ◦C

(6)

Ld =
d

12
+

N
30

(7)

I =
12∑

i=1

(Ti
5

)1.514
(8)

α = 0.49 + 0.0179× I − 7.71× 10−5
× I2 + 6.75× 10−7

× I3 (9)

where, ETTho is the evapotranspiration, Ti is the monthly-mean temperature, Ld is the correction
coefficient associated with the day length and latitude, α is the empirical coefficient, I is the heat index,
D is the daily length of fifteenth day per month, N is the number of days per month.

2.5.5. Comprehensive Drought Model Construction

On the basis of the above work, the CI was used as the dependent variable at each meteorological
station and the VCI, TCI, and PCI were used as independent variables. The vector-point data
from the meteorological stations were utilized to extract the pixel values of the PCI, TCI, and VCI.
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Then, according to the monthly multi-regression equation between the independent variable and the
dependent variables, the CDIR was calculated from 2007 to 2016 in Jing-Jin-Ji region.

Considering the seasonal variation in the Jing-Jin-Ji region, there are obvious seasonal differences
in the growth of different vegetation and water vapor. Therefore, in the process of constructing the
drought monitoring model, the CDIR value was calculated month by month. Finally, the CDIR value
set at a monthly time scale was reconstructed from 2007 to 2016 and considered the growth period of
winter wheat (March–June) and maize (July–October) and the drought characteristics in the Jing-Jin-Ji
region. This study mainly monitored drought during the 10-year period from March to October. The
monthly regression equation is as follows:

March:

CDIR = −3.42 + 8.79× (PCI) − 11.75× (PCI)2
− 2.83× (VCI) − 13.42× (TCI) + 7.52× (TCI)2 (R2 = 0.522) (10)

April:

CDIR = −1.61 + 7.15× (PCI) − 2.64× (PCI)2
− 0.73× (VCI) − 2.14× (TCI) + 4.26× (TCI)2 (R2 = 0.738) (11)

May:

CDIR = −1.97 + 10.02× (PCI) − 4.24× (PCI)2
− 0.15× (VCI) − 0.05× (TCI) + 0.21× (TCI)2 (R2 = 0.732) (12)

June:

CDIR = −2.37 + 9.92× (PCI) − 4.33× (PCI)2
− 0.19× (VCI) − 0.71× (TCI) − 0.13× (TCI)2 (R2 = 0.728) (13)

July:

CDIR = −1.75 + 9.26× (PCI) + 1.11× (PCI)2
− 0.59× (VCI) + 1.01× (TCI) − 0.27× (TCI)2 (R2 = 0.744) (14)

August:

CDIR = −1.69 + 9.27× (PCI) + 1.14× (PCI)2
− 0.58× (VCI) + 0.29× (TCI) + 1.16× (TCI)2 (R2 = 0.762) (15)

September:

CDIR = −1.68 + 5.39× (PCI) − 0.561× (PCI)2 + 0.03× (VCI) − 0.13× (TCI) + 0.41× (TCI)2 (R2 = 0.703) (16)

October:

CDIR = −1.02 + 8.43× (PCI) − 0.71× (PCI)2
− 0.23VCI− 3.38× (TCI) + 3.70× (TCI)2 (R2 = 0.820) (17)

Referring to the criteria for classification of the SPI and the CI in the National Meteorological
Drought Level of the People’s Republic of China and combined with the frequency of occurrence of
drought grades, the CDIR is divided into 5 levels, as shown in the Table 2.

Table 2. Drought classification for CDIR.

Drought Class Extreme
Drought Severe Drought Moderate

Drought Mild Drought No Drought

CDIR <−2 −2 ≤ CDIR < −1 −1 ≤ CDIR < 0 0 ≤ CDIR < 1 ≥1
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2.5.6. Linear Trend Analysis of Drought

In order to quantitatively analyze the trend of drought in the Jing-Jin-Ji region, the univariate
linear regression model was used to fit the CDIR index over time [46,47]. Each grid was regarded as
a site, so the monthly regression equation for each “grid site” in the period of 2007 to 2016 could be
fitted, and then, the seasonal regression slope (K) was calculated.

In this study, the slope of the univariate linear regression was obtained by using the least square
method. The least squares method is a mathematical optimization technology, which searches for the
best function matching of data by minimizing the square of error. This method is often used in curve
fitting. Thus, the least squares method was used to calculate the slope of the linear regression of the
comprehensive drought index with time. The equation is as follows:

K =
n×

∑n
i=1 (ti ×CDIRi) −

∑n
i=1 ti

∑n
i=1 CDIRi

n×
∑n

i=1 −t2
i (

∑n
i=1 ti)

2 (18)

where, K is regression slope; n is time length, ti is time variable, and CDIR is comprehensive drought
index. When the CDIR value is lower, the drought is severer. Therefore, when the K value is negative,
the drought will increase with time.

2.6. Validation

2.6.1. Validation Using SPI Index

The SPI index was proposed by McKee [14] et al., and it better reflects the drought intensity and
duration and is sensitive to the response of drought change. The SPI values at different time scales
have different physical meanings. The SPI values in a relatively short-time scale reflect the change
of short-term soil water content to a certain extent, which are of great significance for agricultural
production. The SPI values in a relatively long-time scale reflect long-term stream-flow variation
and play an important role in the management of the reservoir [48]. The 3-month scale SPI (SPI-3)
is more sensitive to the onset and persistence of droughts and floods during a year, meanwhile it
reflects the characteristics of short-term meteorological droughts and floods, which are closely related
to agricultural drought [49]. Thus, the correlation analysis between SPI-3 and CDIR index was used to
verify the accuracy of the model.

2.6.2. Validation Using Drought Affected Crop Area and Standardized Unit Yield of Wheat

Drought is the most frequent and influential agricultural meteorological disaster in the Jing-Jin-Ji
region. Winter wheat and summer maize are widely planted in the study area, which is greatly affected
by drought. Especially, the water demand of wheat is very large, and the occurrence of drought
will affect the normal growth of crops. There is a close relationship between the areas affected by
crop drought and drought disasters [12,50]. Thus, the drought-affected area of crops was used to
verify the model. Since the “Yearbook of Statistics” does not provide the drought-affected area of
crops in prefecture cities, this study considered the study area as a whole and analyzed the annual
drought-affected areas during 2007–2016 and CDIR, respectively. In addition, correlation analysis
among VCI, TCI, and CDIR was also carried out in this study.

In addition to the factors such as soil fertility, disease and insect pests, and planting density, the
water shortage caused by drought will have a direct impact on the yield of crops. Since the study
region was a winter wheat and summer maize producing region in China, the yield of wheat and maize
was used to test the CDIR in winter wheat and summer maize mainly in the growing period [12,50].
Because of the regional factors, climate characteristics, and soil fertility differences in the subregions,
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the data of the wheat unit yield were standardized to remove the suppression difference. The equation
for calculation is as follows:

P =
Pi − P
σ

(19)

where, P is the standardized unit yield of crop, Pi is the crop yield in year i for one prefecture-level city,
i is the index of the year, P is the average yield during the period between 2007 and 2016, and σ is the
standard deviation.

3. Results and Discussion

3.1. Drought Process Monitored by CDIR

The drought situation in the Jing-Jin-Ji region from 2007 to 2016 was monitored using the CDIR in
this study (Figure 3). The results show that the CDIR can better reflect the occurrence and development
of drought and it is in accordance with the historical observation of drought in the Jing-Jin-Ji region. In
this study, the severe drought experienced in 2016 was accurately monitored, and the process was
visualized on the maps of CDIR values (Figure 4). The results showed that there was a periodic drought
in the Jing-Jin-Ji region, and the drought was more serious in spring, especially in 2016.
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Figure 3. Scatter plots and goodness-of-fit between CDIR and CI in main crops growing period
(March–October) from 2007 to 2016.

In March, the drought conditions were very serious and the drought area was as high as 18.3 × 104 km2,
as well, the area affected by extreme drought was 6.0× 104 km2. In April, the drought gradually intensified
and moderate and above drought appeared in the eastern region. The area affected by drought also
increased to 21.2 × 104 km2. In May, the precipitation increased and was concentrated mainly in the north.
Accordingly, the drought in the northern region was relieved, while the drought continued to develop
in the central and southern regions located in Hebei province, especially Baoding and Xingtai suffered
moderate droughts. The western part of Shijiazhuang suffered severe and above droughts. The main
reasons for spring drought in 2016 may be low precipitation and high temperature. In the spring of 2016,
the mean air temperature in Hebei Province (14.5 ◦C) was 1.5 ◦C higher than the normal year [51].

In June, meteorological drought occurred in the central and western regions of the Hebei Province,
such as Zhangjiakou, Chengde, and Tangshan. Severe drought occurred at the junction of Zhangjiakou
and Baoding, moreover severe and extreme drought occurred in the southwest of Baoding and the
northwest of Shijiazhuang.

In July, the drought developed again. This time, it was mainly concentrated in the central and
eastern parts of the study area. The CDIR results obtained from the comprehensive drought monitoring
model were in accordance with the 2016th Climate Bulletin of Hebei Province, China [51], which
showed the better effectiveness of the model.
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In addition to the severe drought that occurred in 2016, there are other drought processes that
have been monitored by the CDIR value set from 2007 to 2016. Severe and sustained droughts occurred
during 2007, 2011–2014, and droughts mainly occurred during the spring (Figure 5).
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3.2. Validation of Comprehensive Drought Monitoring Model

3.2.1. Validation Using SPI Index

Figure 6 shows that the correlation coefficients of all months were significant (p < 0.01). Except for
the lower correlation coefficient in January and September, the correlation coefficients in all months
were greater than 0.50, indicating that the reliability of the model was verified.
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3.2.2. Validation Using Drought Affected Crop Area and Standardized Unit Yield of Wheat

Figure 7 shows that the R values between the drought-affected crop area and CDIR, VCI and TCI
was relatively high and significant (p < 0.01), indicating that the CDIR with the highest R (0.86) is
applicable and reliable to monitor drought. The R between the drought-affected crop area and CDIR
was −0.86. The other R values were both above −0.80 and both passed the test of p < 0.01, indicating
that the use of CDIR to monitor drought is applicable and reliable.

Moreover, as compared with the drought-affected crop area, the standardized unit yield of crop is
closely related to drought disasters. In this study, the six prefecture cities are high yield areas, including
Baoding, Cangzhou, Handan, Shijiazhuang, Hengshui, and Xingtai (Figure 1), and therefore they were
selected as the typical area for verification. The results show that the accumulative CDIR of wheat
growth period had a good correlation with the standardized unit yield of crop (Figure 8). The R was
between 0.60 and 0.76 and significant (p < 0.05).
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3.3. Application: Spatial Trends of Drought Based on CDIR

The trend of the CDIR index in the four seasons showed a great difference (Figure 9). According
to Equation (18), when the K value is negative, the drought situation will strengthen over time. When
the K value is positive, the drought situation will weaken over time. When the K value equals 0, the
drought will remain unchanged with time. The arid area (K < 0) in spring was about 199 × 103 km2,
accounting for about 93.12% of the study area, indicating that the spring drought was serious. The arid
area (K < 0) in summer was about 33 × 103 km2, only accounting for about 15.45% of the study area.
The arid (K < 0) and humid (K > 0) areas were basically equal in the autumn, and the humid regions
were mainly concentrated in the northern and eastern study area and the arid regions were mainly
concentrated in the eastern study area. The K value in winter was mostly negative, the trend of drought
was increasing year by year, and the statistical data are shown in the Table 3.

Table 3. Statistical characteristics of linear regression slope in four seasons.

Season K Value Trends of
CDIR

Trends of
Drought

Area
(103 km2)

Proportion
(%)

Spring
<0 ↓ ↑ 199.27 93.12
0 - - 4.58 2.14

>0 ↑ ↓ 10.14 4.74

Summer
<0 ↓ ↑ 33.06 15.45
0 - - 4.39 2.05

>0 ↑ ↓ 176.54 82.5

Autumn
<0 ↓ ↑ 102.16 47.74
0 - - 4.52 2.11

>0 ↑ ↓ 107.31 50.15

Winter
<0 ↓ ↑ 175.81 82.16
0 - - 4.54 2.12

>0 ↑ ↓ 33.64 15.72

Annotation: the symbol “↑” indicates that the index is increasing, the symbol “↓” indicates that the index is
decreasing, the symbol “-” indicates that the index remains unchanged.
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Greve et al. [52]. found that over about three-quarters of the global land area, robust dryness
changes could not be detected. Only 10.8% of the global land area showed a robust “dry gets drier,
wet gets wetter” pattern, as compared with 9.5% of global land area with the opposite pattern, that
is, “dry gets wetter, and wet gets drier”. Feng et al. [53]. examined the global moisture trends using
satellite soil moisture for the past 35 years (1979–2013) and their results supported those of Greve et al.

In our study, however, the results may differ from those of Greve et al. and Feng et al. However,
the results of this study are consistent with results that have been published in other journals [54–56].
It may be caused by the following reasons: First, the time series of our study is only 10 years as
compared with the results of Greve et al. and Feng et al. The time scale is very short, so the results
can only reflect the changes of the past 10 years. Secondly, Ding et al. [57,58] believe that the summer
monsoon in East Asia will be strengthened in this century. In the future, the monsoon rainfall belt
in this region will be pushed northward, which will change the current climate pattern of flood in
the south and drought in the north. Therefore, the drought in summer would be reduced in the
Jing-Jin-Ji region.

Through the above analysis, a longer time series and multivariate dataset are the indispensable
research basis for accurately analyzing the drought trends in the Jing-Jin-Ji region, which is the next
step of research focus and direction.
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4. Conclusions

(i) On the basis of the regression method, the VCI, TCI, and PCI were utilized to calculate the CDIR
index that better monitored the occurrence and development of drought. The CDIR comprehensively
considered land surface temperature, vegetation growth status, and meteorological precipitation in the
drought process, and it was found to be capable of monitoring the drought. In this study, historical
drought that occurred from 2007 to 2016 in the Jing-Jin-Ji region was monitored by the module described
above and its results were consistent with the actual occurrence of drought in the past decade.

(ii) In order to validate the accuracy of the CDIR, the SPI-3, drought-affected crop area and
standardized unit yield of crop data were utilized to analyze correlation relationships with the CDIR.
The relationships between CDIR and SPI-3, drought-affected crop area, and standardized unit yield of
crop were significant, indicating that the comprehensive drought monitoring model was applicable for
drought monitoring.

(iii) Although the model has taken into account the factors such as vegetation growth and
atmospheric precipitation, drought is still a complex natural phenomenon. Therefore, in order to study
drought events better and to monitor drought conditions more accurately, it would be better to involve
other relative factors, such as the soil type, land use, change of vegetation phenology, geomorphology,
and the human activities in the next research.
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