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Abstract: Regional climate variability assessment is of great significance in decision-making such as
agriculture and water resources system management. The identification of sub-regions with similar
drought variability can provide a basis for agricultural disaster reduction planning and water resource
distribution. In this research, a modified daily Standardized Precipitation Evapotranspiration Index
(SPEI) was used to monitor the spatial and temporal variation characteristics of agricultural drought
in the North China Plain from 1960 to 2017, which was studied by using the rotated empirical
orthogonal functions (REOF). Through the seasonal REOF process, 7–9 seasonal drought sub-regions
are confirmed by applying time series and the correlation relationship of SPEI original data. The strong
correlation of these sub-regions indicates that the climate and weather conditions causing the drought
are consistent and the drought conditions are independent for the regions that show no correlation.
In general, the results of the seasonal trend analysis show that there has been no significant trend
value in most areas since 1960. However, it is worth noting that some regions have the positive and
negative temporal trends in different seasons. These results illustrate the importance of seasonal
analysis, particularly for agro-ecosystems that depend on timely rainfall during different growing
seasons. If this trend continues, seasonal drought will become more complex, then a more elaborate
water management strategy will be needed to reduce its impact.

Keywords: drought variability; Standardized Precipitation Evapotranspiration Index (SPEI);
empirical orthogonal functions (EOF); sub-regions

1. Introduction

Drought is a recurring extreme climate event with a character of multiscale [1,2], which can cause
the water shortage and threaten the food security [3,4]. Influenced by the global warming, it is getting
much more frequent and serious [5–7]. Spatial and temporal variability of the regional drought is
also a complicated and multi-scale issue. Assessment to regional climate variability plays quite an
important significance in the management of water source and agricultural system [8–11].

As an important agricultural ecosystem, North China Plain is sensitive to the change of humidity
and temperature [12]. Planting of wheat and corn in North China Plain account for 45% and 33% of
the gross planting area of China respectively [13]. Currently, it is still a densely-populated area with a
great pressure on the land use. Drought in this area has limited the regional economic development
and may cause influence on the sustainable development of local agriculture and improvement of
people’s living standards [14]. The past record shows that North China Plain has experienced variable
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droughts. During the 1980s, the drought happened in summer (June to August) and fall (September to
November), then in the following decade it usually happened in fall and winter (December January
and February), and in the recent ten years, it usually happened in winter and spring (March to
May) [5,15]. Temperature rise is expected to increase the potential evapotranspiration and drought
will get worse [16]. Ma (2007) and Shi et al. (2008) analyzed the annual and inter-decadal variation of
the precipitation in North China Plain, by which they found that there has been a trend of reduction in
recent several decades [16,17]. Due to the large demand of water resource and uneven distribution of
surface water, groundwater is seriously over-pumped and therefore the effects of drought are also
uncertain [18–20].

Presently, many drought indices have been applied to the study of drought in the North China
Plain [21–23]. Research that has been done on this area mainly concentrated on the relationship
between drought features and its environmental factors such as soil moisture content, crop water stress,
and ENSO [24–27]. These studies suggest that there exist regional variations of drought. The North
China Plain, a large area spanning several precipitation and temperature belts, cannot be evaluated
by only a single metric for a unique sub-region that may exist. Day, month and year disturbances
in weather and climate in the agricultural region have significant effects on local and regional scales.
Analysis on drought of seasonal scale and seasonal EOF also show differences in the spatial patterns
of sub-regions [15], providing insight into the different processes of seasonal drought variability that
dominates the North China Plain. Drought in different seasons has different effects on crops. In order
to identify drought risks and take effective defensive measures, the spatial and temporal patterns of
drought changes in the North China Plain should be comprehensively analyzed.

The development of spatio-temporal structure separation technology for climatic variable
field provides great support for analyzing the spatio-temporal structure in the history of regional
drought variations. Empirical Orthogonal Function (EOF) analysis was firstly used in atmospheric
science by Lorenz (1956) and has been widely used to analyze spatial and temporal variability of
geophysical information [28,29]. EOF process constructs orthogonal linear combination to explain the
maximum variance in space and time. Through the various rotations of these linear combinations,
geographic regions with similar variability can be identified. In China, Cai et al. [30] studied the
spatial pattern and temporal variability of drought in the Beijing-Tianjin-Hebei region by using the
EOF method. In North America, Zachary et al. [31] identified the drought-monitoring seasonal
hydro-climatic division of the Central Great Plains of the United States through the rotated empirical
orthogonal function (REOF) method. Drought EOFs studies have also been carried out in Romania [32],
Portugal [33] and other regions of Europe. In these studies, EOF analysis is mainly used to assess
the applicability between drought indices and to identify spatial patterns and temporal variability
of droughts. These studies are quite beneficial for us to know clearly about the spatial and temporal
variability of drought characteristics. Identifying areas with similar drought variability is important
for drought monitoring and disaster prevention.

Standardized Precipitation Evapotranspiration Index (SPEI) is one of the drought indexes widely
used in recent years. Vicente-Serrano’s program is able to monitor drought processes on a time scale
of one month or more [34]. Since continuous heavy rainfall over several days may mask previous
precipitation deficiencies, this may limit the ability of the monthly drought index to capture more
details of the drought. Therefore, the temporal resolution of drought monitoring needs to be refined.
Although the choice of a basic unit of time for drought monitoring has been debated, some scholars
have tried to develop daily SPEI for drought research [35–37]. Ma et al. [38] discussed the effect
of different conditional probability distributions on SPEI calculations for daily time steps. In this
calculation procedure, unbiased estimate was instead the plotting position in the probability-weighted
moment parameter [38].

In this study, the improved daily SPEI calculation method [38] is used to evaluate the seasonal
variability of drought characteristics in the North China Plain, and REOF is used to identify the
sub-regions with seasonal variation of drought characteristics, so as to study the seasonal spatial
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and temporal variation structure. The important variable sub-regions from the spatial correlation of
drought on a seasonal scale were identified and changes of this variability were analyzed over time.
Trends in drought characteristics are identified by the modified Mann–Kendall test [39]. This study is
expected to provide reasonable decision-making basis for drought risk management and spatial and
temporal allocation of water resources.

2. Materials and Methods

2.1. Study Area and Data Source

The North China Plain, with the Yellow River, the Huaihe River and the Haihe River as the main
alluvial plain, is located in the semi-arid monsoon climate area of warm temperate zone. From March
to May it is considered as spring, from June to August as summer, from September to November as
fall and from December to January as winter. It is cold and dry in winter, hot and rainy in summer,
and sensitive to climate change. The elevation of the North China plain is not large, but the latitude
spans a wide range. The large span from south to north leads to great differences in temperature
and precipitation. Isohyetal line of 600 mm and 800 mm cross the whole plain. Seventy percent of
the annual rainfall is mainly in 4 months from June to September [13,40]. With a large population
density, 1/6 of the national average quantity in per capita water resource, 1/10 of the national average
quantity in per hectare water resource of cultivated land, the North China Plain is one of the regions
with the poorest water resource. In this study, in order to correspond to the implementation of drought
management policies, administrative units are wholly kept and 7 provinces and cities including Hebei,
Beijing, Tianjin, Henan, Shandong, Anhui, and Jiangsu are selected as the main body of the study area
(Figure 1).

Figure 1. Study area of the North China Plain region with red dots that illustrate meteorological station.

The data in this study are from China Meteorological Data Network (https://data.cma.cn/site/

index.html). Daily meteorological data from 127 national meteorological stations from the year 1960
to 2017 are selected. The meteorological elements are precipitation (mm), minimum and maximum
temperature (◦C), average wind speed (m/s), average relative humidity (%), sunshine duration.
A stepwise regression analysis of the data from the surrounding weather stations is used to estimate
the missing data of meteorological elements, less than 5% of which were missing. The quality matching
adjustment method was used to adjust the error of the missing data [41]. Homogeneity test was carried
out by using the RH-test package.

https://data.cma.cn/site/index.html
https://data.cma.cn/site/index.html
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2.2. Standardized Precipitation Evapotranspiration Index

Potential Evapotranspiration (PET) was calculated by using the Penman–Monteith Formula
recommended by FAO-56 [42], and the difference value was calculated every day in precipitation
and PET.

PET =
0.408∆(Rn −G) + γ 900

T+273 u2(es − ea)

∆ + γ(1 + 0.34u2)
(1)

Rs =
(
as + bs

n
N

)
Ra (2)

In Equation (1), PET is the potential daily evapotranspiration (mm/d); G stands for soil heat flux
density (MJm−2/d), when the calculated time step is less than 10 days, it can be ignored; Rn stands for
net radiation (MJm−2/d); γ for hygroscope constant (kPa/◦C); T is the daily average temperature (◦C);
u2 is the wind speed at 2 m above the ground (m/s); ∆ is the slope between saturated vapor pressure
and temperature curve under a given temperature (kPa/◦C); es is the saturated vapor pressure (kPa),
and ea is the actual vapor pressure in the air (kPa). Rn can be calculated by solar radiation (Rs) [40].
In Equation (2), n is sunshine hours (h), N is the maximum possible duration of sunshine or daylight
(h), Ra is extraterrestrial radiation (MJm−2/d); as and bs stand for empirical coefficients of recommended
values 0.25 and 0.5 respectively [42].

With a value for PET, the difference between the precipitation P and PET for the daily i is calculated
using Di = P − PET. According to the procedure of Vicente-Serrano (2010), the three-parameter
log-logistic probability distribution is used to simulate the rate of water equilibrium accumulation [34]
but the probabilistic weighted moment of the original data sequence used in its calculation formula is
replaced by unbiased estimation in this study [38]. The probability density function (Equation (3)) and
probability distribution function (Equation (4)) of a three-parameter log-logistic are expressed as:

f (x) =
β

α

(x− γ
α

)β−1
[
1 +

(x− γ
α

)β]−2

(3)

F(x) =

1 + (
α

x− γ

)β−1

(4)

where α, β, and γ are scale, shape, and origin parameters, respectively, for Di values in the range
(γ< Di <∞). Parameters of the log-logistic distribution can be obtained following the L-moment
procedure [43]. When L-moments are calculated, the parameters can be obtained following
Singh et al. [44]:

β =
2w1 −w0

6w1 −w0 − 6w2
(5)

α =
(w0 − 2w1)

Γ(1 + 1/β)Γ(1− 1/β)
(6)

γ = w0 − αΓ
(

1 + 1
β

)
Γ
(

1− 1
β

)
(7)

where Γ(β) is the gamma function of β, ws is the probability weighted moments of order s, which can
be estimated by unbiased estimation [34,45,46]:

ws =
1
N

N∑
i=1

(
N − i

s

)
(

N − 1
s

)Di (8)
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SPEI = W −
C0 + C1W + C2W2

1 + d1W + d2W2 + d3W3 (9)

where
W =

√
−2 ln(P) for P ≤ 0.5 (10)

and N is the chosen time scale (daily); P is the probability of exceeding a determined Di value,
P = 1 − F(x). If P > 0.5, then P is replaced by 1 − P and the sign of the resultant SPEI is reversed.
The constants are C0 = 2.515517, C1 = 0.802853, C2 = 0.010328, d1 = 1.432788, d2 = 0.189269,
and d3 = 0.001308 [34]. The value range of SPEI is [−3~3]. Positive and negative values indicate
wetness and drought, respectively. Kolmogorov–Smirnov test was performed on the fitting model
between the difference between precipitation and PET and the expected value of the log-logical
distribution. The data was proved to come from the same distribution, which indicates that the
statistical assumptions will be proved to be valid in the North China Plain. The monitoring effect of
this drought index was verified by using historical documents and reference materials [47].

2.3. Empirical Orthogonal Function Analysis

EOF is able to reduce a data set that contains many variables to one that contains a few new variables.
These new variables are linear combinations of those original ones, which are selected to represent
the highest possible proportion of the variation contained in the original sequence. In studies of
meteorology and climate, EOF eigenvectors describe spatial modes, while principal components reflect
time series that respond to the importance of spatial modes in the original data [28,29]. EOF expresses
the space-time field of the variable through a matrix [28]:

Xm×n =



x11 x12 · · · x1 j · · · x1n
x21 x22 · · · x2 j · · · x2n

· · · · · · · · · · · ·

xi1 xi2 · · · xi j · · · xin
· · · · · · · · · · · ·

xm1 xm2 · · · xmj · · · xmn


(11)

where m is the observation station; n is the station in time, which represents the number of observations.
xij is the jth observation value at the ith meteorological station. And Xm×n can be seen as a linear
combination of k spatial feature vectors and corresponding time weight series:

Xm×n = Vm×k•Tk×n (12)

where V is the space matrix, also known as spatial patterns; T is the time series matrix. Through this
process, the spatial typical field and time series of the SPEI are extracted. When the interpretation of
physical quantity is the main target of EOF, an EOF process is needed in order to get a simple structure.
This is called REOF. During this process, it is often necessary to rotate a subset of the initial eigenvector
and transform it to another set of the new coordinate vector [28]. Orthogonal rotation to eigenvectors
is usually performed by the maximum variance method [29]. Meteorological station location and SPEI
values are taken as variables and observed values respectively for EOF analysis, and EOFs are obtained,
which point in the direction where the data vectors show the biggest variability. When they are projected
onto the original SPEI data for principle components analysis (PCA), the results (PCs) show that
EOFs evolve over time. EOFs usually show the characteristic of preventing them from isolating
individual variation patterns, such as regional shape or something related with scale. Because the
weather in the North China Plain is usually dominated by a large range of atmospheric processes,
the orthogonal constraint on the eigenvectors makes the interpretation of its physical meaning difficult.
A certain amount of EOF load is retained by means of varimax rotation, which redistributes the
variance among rotated EOFs (rEOFs) and PCs (rPCs) and attempts to simplify the rEOFs by pushing
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loading coefficients toward 0 or ±1. In order to retain as much original variable information as possible,
the eigenvectors whose contributing rate of cumulative variance is above 85% are selected. Then the
North’s Rule of Thumb [48] is applied to confirm the amount of EOFs that are going to be rotated.
After determining the amount of rEOFs that are going to be rotated, smooth boundaries between
sub-regions can be drawn by interpolating the minimum correlations. The sub-region boundary should
be expressed by correlation to illustrate the correlation strength between these rPC and original SPEI
data. The final result of partition should be checked according to the principle of spatial continuity.

By multiplying each element to the square root of the corresponding eigenvalue, the eigenvectors
are re-scaled so as to interpret the eigenvector elements more directly according to the relationship
between principal components (rPC) and original SPEI data. Under this circumstance, each eigenvector
element is numerically equal to the correlation coefficient between the corresponding principal
component (rPC) and the standardized variable SPEI [29]. This kind of scaling keeps the eigenvectors
and time coefficients constantly relative to the original data. The normalized rPCs of each partition can
be interpreted numerically as drought indices with statistical properties similar to those of the input
dataset. Therefore, the exponent that can be calculated for SPEI can also be calculated for rPC. In this
study, monitoring and statistical analysis on drought and moisture are not conducted from the spatial
scale of the study area, but only the correlation between SPEI value and Principal Components (rPC) is
considered [31], and the drought characteristics of the North China Plain are partitioned from this
perspective. The correlation coefficients between rPC and the original SPEI data were interpolated by
the inverse distance weighting when doing partition [49].

3. Results

3.1. Seasonal rEOFs

3.1.1. Spring (March/April/May)

Seven EOFs were selected for spring SPEI rotation, and seven sub-regions similar to drought
variability were obtained (Figure 2a), which explained 83.2% of drought variability. The contributing
rate of cumulative variance of the first 8 eigenvectors reached 85.59%. North’s Rule of Thumb
was used to select 7 eigenvectors that passed significance testing. The variance contribution rate
of each selected EOFs was 55.84%, 15.15%, 5.54%, 2.16%, 1.87%, 1.49%, and 1.19%, respectively.
The sub-regions identified by REOF cross the provincial boundaries. Every partition generally shows a
zonal distribution in the east–west direction. For example, sub-region 1 includes the border of Henan,
Shandong, Anhui, and Jiangsu provinces and the surrounding areas. It is just the transition area from
the Huaihe River Plain to the Yellow River Plain and spans the whole plain. Sub-region 2 shows greater
spatial variability, possibly due to its proximity to the adjacent plains of the middle and lower reaches
of the Yangtze River to the south. Rain always comes early and goes late. Sub-regions 4, 3, and 5 are
arranged from east to west on the same latitude, and the correlation between rPC and original SPEI of
the three sub-regions here declines from east to west. Sub-region 7, which is the northern part of the
north China plain and the extension part of Taihang Mountains and Yanshan Mountains, influenced by
both elevation fluctuation and elevation of latitude.

The spring rPC time series show significant differences in the duration and severity of the seasonal
drought and moisture process in the seven sub-regions (Figure 2b). It also shows a time period when
the sub-regions experienced the similar drought conditions. Sub-region 1, 3, 5, and 6 experienced
severe spring droughts between 1963 and 1968. Sub-region 1, 2, and 6 experienced more severe spring
droughts between 1988 and 1993. It can be clearly seen from the yellow belt of most sub-regions in
Figure 2b that sub-region 5 experienced severe spring drought in the early 1960s and late 1970s but
showed the opposite wet trend since the 1990s. In general, the spring time series of each sub-region
showed unique drought characteristics, with significant differences in drought severity and duration.
When examining the rPC time series, the time period from 1960 to 1980 was the driest period in most
sub-regions (Figure 2b), which is consistent with the historical records.
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Figure 2. Sub-regions recognized in the North China Plain for spring drought variability
(a) and the standardized rotated principal component (rPC) time series for sub-regions in spring
(b). Each sub-region in (a) has a number that corresponds to its rPC time series in (b), respectively.
Sub-region boundaries are thick black lines. The color bar on (a) represents the correlation coefficient
between the time series of rPC and the original drought data set of each meteorological station
(interpolation using inverse distance weighted method). The color bar on the right represents the
magnitude and sign of each rPC time series from 1960 to 2017. Negative and positive rPC values
indicate dry and wet conditions, respectively. Time series of rPC are 9-year running average filtered.

3.1.2. Summer (June/July/August)

Seven EOFs were selected for summer SPEI rotation, and seven sub-regions with drought
variability were obtained (Figure 3a), which explained 74.38% of drought variability. The contributing
rate of cumulative variance of the first 9 eigenvectors was up to 77.76%. North’s Rule of Thumb was
used to select 7 eigenvectors that passed significance testing. The variance contribution rate of each
selected EOFs was 40.53%, 18.53%, 6.32%, 3.31%, 2.89%, 1.53% and 1.25%, respectively. Sub-regions 1, 2,
and 3 occupy a large area in central north China plain. Sub-region 4 covers most area of Henan Province,
which lies in the west of the Qinling Mountains, showing a different spatial variability. Sub-regions 4,
5, 6, and 7 show stronger correlation than sub-regions 1, 2, and 3 in the margin of the North China
plain, indicating that the summer drought variability in these sub-regions may be more affected by
the influences from outside the region. Sub-region 5 is basically equivalent to sub-region 7 in spring,
indicating that the spatial variability of this region is similar in spring and summer. The correlation
coefficient of all sub-regions were above 0.3. The direction of the summer division is very similar to
that of the spring, indicating that the drought variability in spring and summer is relatively stable
(Figures 2a and 3a).

For most of the North China Plain except sub-region 2, the summer drought (Figure 3b) from 1966
to 1968 was obviously extreme. The dry and hot growing season during 1966–1973 had a significant
negative impact on crop production. During this period, most of the North China Plain experienced
severe summer drought. In 2001 and 2002, the summer drought in sub-region 1 was prolonged and
serious. Overall, summer droughts in the sub-regions were less severe than in the spring in terms of
duration, severity, and extent of impact.

3.1.3. Fall (September/October/November)

Nine EOFs were selected for fall SPEI rotation, and nine sub-regions with similar drought
variability were identified (Figure 4a), which explained about 73.91% of original drought variability.
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The variance contribution rate of each selected EOFs was 33.29%, 15.89%, 8.85%, 5.26%, 3.35%, 2.39%,
1.98%, 1.6%, and 1.31%, respectively. Sub-region 1 is located at the junction area of Henan, Anhui,
Jiangsu and Shandong provinces, and is similar to sub-region 1 in spring and Sub-region 3 in summer,
indicating low drought-season variability in this region. Sub-region 2 highlights the difference between
the spring/summer sub-region. The regional range of sub-region 3 corresponds to sub-region 2 in spring
and sub-region 6 in summer. Sub-region 4 corresponding to sub-region 4 in spring and sub-region
7 in summer. Sub-region 9 occupies a large area of central and western Henan, and the high-value
area of correlation coefficient is located at the extended area of Qinling Mountains, which is similar to
Sub-region 4 in summer. The correlation coefficient in each sub-region is above 0.35. Sub-region 2, 5,
and 9 are located in the west and north of the plain, showing stronger correlation than other sub-regions,
which may be influenced by the combination of topography and summer monsoon.

Figure 3. Sub-regions recognized in the North China Plain for summer drought variability (a)
and the standardized rotated principal component (rPC) time series for sub-regions in summer (b).
Each sub-region in (a) has a number that corresponds to its rPC time series in (b), respectively.

Figure 4. Sub-regions recognized in the North China Plain for fall drought variability (a) and the
standardized rotated principal component (rPC) time series for sub-regions in fall (b). Each sub-region
in (a) has a number that corresponds to its rPC time series in (b), respectively.
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The drought characteristics of fall are complex and diverse, but the condition in each sub-region is
generally less severe and lasts shorter than that of spring and summer (Figure 4b). Sub-region 6 shows
the most unique characteristics of fall drought, which has been experiencing severe drought since 1996.
However, during the year 1960–1995, this region was more affected by wet events. Besides sub-region
6, sub-region 1 and 9 also experienced severe autumn droughts in the 1980s. RPCs for each sub-region
indicate that the North China Plain has experienced less drought with a lower degree and shorter time
duration in the in fall since 1960.

3.1.4. Winter (December/January/February)

Seven EOFs were selected for winter SPEI rotation, and seven sub-regions with similar drought
variability were obtained (Figure 5a), which explained 84.62% of original drought variability.
The contributing rate of cumulative variance of the first 7 eigenvectors was up to 84.62%, and all of
them passed significance testing. The variance contribution rate of each selected EOFs was 57.46%,
13.39%, 5.09%, 3.04%, 2.57%, 1.69%, and 1.36%, respectively. The characteristics of winter drought in the
North China Plain are completely different from that of the former three seasons and the sub-regions
constructed in the southern plains are quite large comparing those for spring, summer and fall.
Sub-region 1 and 2 account for almost half of the study area. It is really important for us to notice that
two long and narrow sub-regions (sub-region 6 and 7) appears in a south–north direction in the western
part of the plain as no sub-region with this kind of characteristic has ever emerged in other seasons.
This suggests that the factors influencing the variability of winter drought have changed dramatically.
Sub-region 3 includes Beijing, Tianjin and northeastern part of Hebei Province. Sub-region 4 covers the
whole Shandong Peninsula, where the four seasons are all divided into this sub-region, making it have
a lower drought variability. These large area sub-regions highlight its universality and homogeneity
effects of the winter climatic characteristics in the southern plains, which provides a possibility for
drought managers to integrate resources when making winter mitigation strategies.

Figure 5. Sub-regions recognized in the North China Plain for winter drought variability (a)
and the standardized rotated principal component (rPC) time series for sub-regions in winter (b).
Each sub-region in (a) has a number that corresponds to its rPC time series in (b), respectively.

When checking the rPC time series, we found that the most severe fall drought in most sub-regions
happened during the year 1960 to 1980(Figure 5b), while sub-region 1 and 2 experienced relatively
dry fall during the year 2000 to 2003. In the 1960s and early 1970s, sub-region 3 experienced serious
drought and in the mid-1990s sub-region 4 and 6 had the same experience, followed by sub-region
1 in the mid-to-late 1980s. Based on the analysis of the four seasons, most of the sub-regions show
an east–west zonal distribution. In different seasons, the boundaries and adjacent areas of Henan,
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Shandong, Anhui, and Jiangsu provinces and the Shandong Peninsula are stably divided into one
region, which shows a lower drought variability. From the seasonal variation characteristics of rPC
time series, it can be easily seen that spring drought the largest occurs in the largest area with the
most severe degree and lasts for the longest time duration while fall drought has a relatively complex
pattern. Each sub-region has its own unique time pattern.

3.2. Seasonal Trends

The modified Mann–Kendall test [39] was used to test the trend of rPCs in different seasons
(significance level 0.05), and the results are as follows: In spring, there was a significant wet trend in
sub-region 5 from 1985 to 2017 (Figures 2b and 6a). In summer, sub-region 4 showed a significant wet
trend from 1969 to 2017 (Figures 3b and 6b). In fall, sub-region 6 had a significant drought trend from
1981 to 2017 (Figures 4b and 6c). In winter, sub-region 7 had a significant wet trend from 1978 to 2017
(Figures 5b and 6d). There was no clear spatial pattern in these four regions. No trend of significant
change appears in other regions in each season, indicating that the drought conditions in the North
China Plain are complex and changeable. In general, the results of the seasonal trend analysis show
that there has been no significant trend value in most areas since 1960. However, it is worth noting
that some regions have the positive and negative temporal trends in different seasons. For example,
the northwest region of Shandong Province is wet in spring (sub-region 5) and dry in fall (sub-region
6). These results illustrate the importance of seasonal analysis, particularly for agro-ecosystems that
depend on timely rainfall during different growing seasons.

Figure 6. Sub-regions show significant trends in seasonal analysis. The symbol (a–d) stands for
sub-region 5 of spring, sub-region 4 of summer, sub-region 6 of fall, and sub-region 7 of winter,
respectively. Uf is a sequence of statistics calculated in chronological sequence. Ub is a sequence
of statistics calculated in reverse chronological sequence. If the value of Uf or Ub is greater than 0,
it indicates an upward trend while is shows a downward trend when the value is less than 0. When they
pass a critical line, it indicates a significant upward or downward trend.
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Spatially, changes of SPEI in different seasons confirmed the results of rPC trend analysis in each
sub-region. In spring, sub-region in the southern part of the plain tends to be dry, while the northern
sub-region tends to be wet (Figure 7a). Only the southern part of Hebei Province and northwestern
Shandong Province (Sub-region 5) show a significant wetting trend. In summer, Central Shandong
Province and Northwestern Hebei Province tend to be dry, while most other areas tend to be wet.
Only the Western Henan Province (Sub-region 4) show a significant wetting trend (Figure 7b). In fall,
most areas in the northern and southern part of the plain tend to be wet, while the central part tends
to be dry, among which the drought trend in the central part of Shandong Province (Sub-region
6) is significant (Figure 7c). In winter, most of the sub-regions show a wetting trend, but only the
northwestern part of the plain (Sub-region 7) show a significant wetting trend (Figure 7d). On the
whole, the variation trend of dry and wet in each season of North China plain is complex.

Figure 7. Trends for Standardized Precipitation Evapotranspiration Index (SPEI) between 1960 and 2017
for (a) (spring), (b) (summer), (c) (fall), and (d) (winter). Only sub-regions with statistically significant
trends using the modified Mann–Kendall test (significance level 0.05) are indicated in the sub-region
code. The trend is interpolated by inverse distance weighting.
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3.3. Correlation of Variation in Subregions

Spatially, the correlation matrix proved the significant correlation of rPC in most partitions of the
North China Plain (significance level 0.05). In spring, the strongest positive correlations are sub-region
1, 3, and 6 (r > 0.75). The strongest negative correlations are sub-region 1 and 4, and sub-region 3 and 7
(r < −0.69). Sub-region 2 is irrelevant to Sub-region 4 and Sub-region 7 respectively (Figure 8a).

Figure 8. The correlation coefficients between sub-region rPC time series. The symbol (a–d) stands for
spring, summer, fall, and winter, respectively.

In summer, the strongest positive correlation is sub-region 3 and 4 (r > 0.73). The strongest
negative correlations are sub-region 1, 5, and 7 (r < −0.77). Sub-region 3 and Sub-region 4 are irrelevant
to Sub-region 6, respectively (Figure 8b). In autumn, the strongest positive correlation is sub-region 3
and 8 (r > 0.73). The strongest negative correlation is sub-region 1 and 8 (r < −0.67). In this season,
a large number of sub-regions show no significant correlation (Figure 8c). In winter, the strongest
positive correlation is sub-region 1 and 2 (r > 0.78). The strongest negative correlation is sub-region 1
and 6 (r < −0.81). No sub-region shows significant irrelevance (Figure 8d). On the whole, the strongly
correlated partitions are close in space, while the weakly correlated or uncorrelated regions are far
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in space. This also indicates the difference in the factors that dominate the drought variability of the
sub-regions. The positive correlation and negative correlation may be related to the time process of
precipitation moving from south to north in the North China Plain. The strong correlation of these
sub-regions indicates that the climate and weather conditions causing the drought are consistent and
the drought conditions are independent to the regions that show no correlation. The drought variability
of all the different monitored sub-regions suggest that a false perception of plain drought will come
into being if the North China Plain is treated as a single region.

4. Discussion

SPEI has been widely used in drought monitoring. Some scholars have studied the applicability
of SPEI in China and found that it is better in humid and sub-humid areas than in arid ones [50,51].
SPEI overestimated the effects of temperature changes, and the results were drier [50]. However,
its advantages of multiple scales and considering potential evapotranspiration factors make it widely
recognized. Although it is meaningless to extract daily SPEI separately, accumulation of daily SPEI
can analyze drought events on week-scale, ten-day scale or larger time scale. During the critical
period of vegetation growth, drought of week-scale may have adverse effects. Daily SPEI can
monitor meteorological or hydrological droughts at all-time scales and identify different drought
types [11,37,38].

The results of the study show that the drought characteristics in the North China Plain have evident
seasonal differences. The rPC seasonal trend analyzed by EOF shows that the drought conditions
of some sub-regions changed significantly (Figure 6) but the rPC trend of seasonal partition is not
obvious in most regions. An obvious wet trend in the eastern, western, and northern parts of the
North China Plain could be seen in different seasons, while in the middle of the plain an evident
drought trend appears in autumn, which reflects both the temporal variability of SPEI and also its
spatial variability. Although it is becoming warmer in the North China Plain [14,17], the wet and dry
conditions have not been greatly changed, which highlights a fact that precipitation is likely to be the
main driving factor of SPEI variability in this region. That is the same as the previous study [52,53].
The temporal variability of different seasonal sub-regions indicates that the differences of seasonal
drying and wetting are widespread within one region. Based on these results, we can draw a conclusion
that the seasonal rPC trend analysis explored the characteristics covered by the annual scale analysis,
which has practical significance in adjusting the management strategies for agricultural water resources
in different growing periods of crops. Although previous EOF studies on drought have tended to be
more complete, seasonal variability study of drought shows the complexity of drought characteristics
in greater details.

The strong correlation between seasonal regions proves the consistency of climatic and weather
conditions that cause drought. The monitored regional drought variability suggests that the dry and
wet variation characteristics of the North China Plain will not be fully understood if it is considered
as a single region. One important issue we should mention is that the data from the observation
stations we used and the spatial interpolation method we selected will have some influence on the
range of partitions within a limited extend but without affecting the overall pattern of this study.
Some studies have analyzed the drought in the North China Plain through the variation characteristics
of temperature and precipitation [16–18,30]. The wet trend in fall in the North China Plain can be
explained by the contribution of the summer monsoon [50,54] and the accumulation of precipitation.
Some studies think that the wet trend in the western and northern part can be explained by the increased
summer precipitation which is caused by the widespread expansion of irrigation and farmland and
increasing atmospheric moisture [25,55]. Other studies suggest that changes in groundwater level
may play a role in changes of precipitation patterns [19,20]. There are still some studies believe that
changes in regional drought characteristics are caused by the changes in ecological protection measures,
agricultural production, and irrigation methods. Some other studies think the warming that caused
by the increasing global greenhouse gas did not lead to the increase of evaporation in this plain but
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this kind of paradox still need to be further studied. The difference of these results is related to the
time and space scale of the study. Our study cannot directly explain the trends we observed, but our
results are consistent with the dry and wet processes recorded in the historical references of the region.
Although we did not do a more in-depth exploration in this field, it will be quite helpful for us to have
a better understanding about the leading drought variability characteristics of the North China Plain
presented in the observed records if we apply a monthly EOF analysis to inspect the changes of the
regional patterns over time.

According to the drought variability in the North China Plain, 7–9 sub-regions are decided based
on the selection rules proposed in this study. The number of this partition is more than the three ones
identified by Lu et al. [56], and even close to the eight sub-regions identified by Wu et al. [57] which
are sensitive to climate change all over China. Some researchers used different selection rules when
selecting the number of EOFs to rotate, which may have contributed to the differences in research
results. However, we have not tried any other ways other than North’s Rule to determine the number
of rotating EOFs. The statistical analysis of rPCs in this study also shows that the sub-regions have
different drought or wet trends, which is also the value of the partition in drought monitoring. The high
correlation between rPCs and the original SPEI data in this study suggests that the optimal drought
variation sub-region can be obtained by EOF analysis. For those regions with low correlation, the reason
may be caused by the poor effect of the data dimension reduction of drought variability and thus the
large dry and wet variability rate and unstable characteristics should be taken into account. It may
also be related to the selection of spatial interpolation method. Since the drought index is usually
standardized, rPCs can be interpreted as a meaningful drought index. RPCs, which are interpreted as
drought indices, are really practical for monitoring droughts across sub-regions. For the identified
sub-regions, the wet-dry variation signals can be identified by analyzing the rPC of high correlation,
which effectively expands the decision-making basis of drought management. REOF analysis is
applicable to the analysis of drought monitoring or other hydro-climatologic data at different temporal
and spatial scales. This property makes it applicable to larger and smaller spatial scales in other regions
to determine the variability partition of geophysical variables that vary over time. Since the nature of
REOF analysis enables it to identify sub-regions of physical significance in weather structures that
cause drought variability, the information of these sub-regions can provide evidence for the future
drought management strategies and disaster prevention planning.

5. Conclusions

From 1960 and 2017, the drought variability in the North China Plain had different seasonal
characteristics. In North China Plain, SPEI monitored the most variable drought happened in spring
and summer, while these two seasons are just the most critical periods for crop growth. The frequent
droughts during these periods make it hard for the water to satisfy the demand of crops growing,
which would have a serious impact on agriculture. The use of REOF analysis to identify the main
sub-regions in the North China Plain can be used to integrate drought monitoring information and
provide a basis for drought management decisions on a local scale, especially when the difference
between spatial and temporal distribution of water resources is big. The sub-regions identified by the
REOF analysis are consistent with weather characteristics and can be easily explained by management
decision makers. The results show that the number and spatial range of sub-regions vary with
the seasonal change, reflecting the differences in atmospheric physical processes that dominate the
drought variability. The seasonal trend shows significant wetting in several sub-regions, and the
distribution of drought and wetting events changed in some sub-regions during the period 1960–2017.
Natural variations in climate patterns and the influence of human activities have the potential to
alter drought variability in the North China Plain. Decision-makers in water management agencies
and drought-prevention agencies need to integrate historical climate change characteristics into their
analysis to provide reliable information for scientific decision-making. The analysis shows that the
change of drought in the North China Plain is not stable in the past 58 years. In general, the results of
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the seasonal trend analysis show that there has been no significant trend value in most areas since 1960.
However, it is worth noting that some regions have the positive and negative temporal trends in different
seasons. These results illustrate the importance of seasonal analysis, particularly for agro-ecosystems
that depend on timely rainfall during different growing seasons. Policymakers should interpret
these changes in variability as an increase or decrease in the complexity of space droughts. If the
drought and wet processes have the tendency of becoming more viable both temporally and spatially,
greater cooperation will be needed in order to cope with the possible disasters. The decision-makers
in the North China Plain should master these variability characteristics to adapt long-term resource
management strategies, which have important significance for reducing the economic and agricultural
impacts of drought.
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