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Abstract: Soil moisture (SM) plays an important role in regulating terrestrial–atmospheric water
circulation and energy balance. Most of the existing studies have explored the dynamic patterns
of SM based on experimental methods. However, the analysis of large-scale regions and long-term
SM sequences was limited. Alternatively, satellite remote sensing data is a potential source for SM
analysis for large-scale basins. Therefore, the SM data from the European Space Agency (ESA) Climate
Change Initiative (CCI) from 2000 to 2015 is used in this paper to analyze the SM spatial-temporal
changes in the Yellow River Basin (YRB). Further, the Normalized Difference Vegetation Index (NDVI)
and meteorological data are used to explore the relationships between SM and NDVI, precipitation,
air temperature, and wind speed, respectively. The results showed that the overall trend of SM in the
YRB was decreasing from southeast to northwest during the past 16 years. The upper reaches of the
YRB had shown a humid trend, with a value of 0.00047 m3·m−3·year−1, mainly due to the increase
in precipitation; there was an obvious drought trend in the middle reaches of the YRB, especially
in Shanxi Province and Henan Province, with a value of −0.00030 m3·m−3·year−1, which may be
owed to vegetation greening increasing the soil evaporation. Overall, it is determined that the main
factors influencing SM changes were NDVI and precipitation, followed by air temperature and wind
speed. This study can provide a scientific basis for the spatial-temporal distribution characteristics
and attributions of SM in the YRB over a long time series.

Keywords: ESA CCI SM product; soil moisture; correlation analysis; meteorological factors; NDVI

1. Introduction

Soil moisture (SM), as an important component of soil, is one of the important variables
for characterizing land surface conditions and plays a significant role in regulating the
terrestrial–atmospheric water cycle and energy balance [1–4]. SM controls the infiltration
rate, thus influencing runoff [5], and also affects the conversion process of latent and
sensible heat at the surface [6]. In arid and semi-arid areas, SM is an important indicator
reflecting vegetation growth conditions and agricultural drought [7,8]. The long-term
shortage of SM may lead to the imbalance of energy exchange between the surface and the
atmosphere and further cause the deterioration of the regional ecological environment [9].
Therefore, an accurate grasp of the spatial-temporal characteristics and attributions of SM
is beneficial for monitoring and early warning of drought.

The traditional SM monitoring methods mostly use the oven-drying method [10],
which can measure the SM content at different depths with high accuracy, but there are
shortcomings, such as high sampling cost, time-consuming and laborious, and point
substituting surface, which cannot achieve dynamic monitoring of large areas. In recent
years, with the rapid development in the field of remote sensing, it has become possible to
monitor SM in real-time and dynamically based on satellite remote sensing. Microwave
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remote sensing has established its dominant position in SM monitoring because it is not
affected or rarely affected by cloud, rain, and fog, does not need lighting conditions, and
can obtain images and data all day and in all weather [11]. Yang et al. [12] and Liu et al. [13]
found that surface SM was well correlated with deep SM through their study. Therefore,
the surface SM based on remote sensing inversions can reflect the change in the whole SM
to a certain extent.

In addition, the spatial-temporal variability of SM can be influenced by environmental
factors and human activities, such as climate change [14], terrain [15], vegetation growth
conditions [16], and irrigation. Fan et al. [17] quantitatively analyzed the contribution of
precipitation, air temperature, wind speed, and other climate factors to SM change by using
the multivariable generalized linear model; among them, precipitation contributed the
most to SM, roughly 60–80%, while the contribution of other climate factors, such as air
temperature and wind speed, was less than 40%. Ayehu et al. [18] analyzed the relationship
between long-term variability of SM and precipitation in the Upper Blue Nile Basin in
Ethiopia based on remote sensing data; the results showed that spatial patterns and changes
of SM and precipitation were similar in this region, demonstrating that precipitation was
the main driving force affecting SM variability in the region. Compared with terrain factors,
vegetation coverage has a more direct and rapid effect on the spatial distribution of SM [19].
Through experimental studies, Miyamoto et al. [17] found that SM was greatly affected
by vegetation conditions and that SM in fields covered by vegetation was greater than
that without vegetation. However, some studies did not adequately consider the effects of
these environmental factors on SM [20,21], which may lead to some uncertainties in the
existing results.

The European Space Agency (ESA) Climate Change Initiative (CCI) remote sensing
SM data is based on active and passive microwave sensors [22], combining the advantages
of both generated and long time series (1979–2019) of active, passive, and fused datasets.
As the longest remote sensing data with known time series in the world, ESA CCI SM data
have received widespread attention since its release and have been effectively applied in
many parts of the world. Zohaib et al. [23] evaluated global irrigation water information
from 2000 to 2015 by using ESA CCI SM data, and the results showed that ESA CCI products
could identify global irrigation areas well with an accuracy of about 65%, and the study
found that global irrigation water in recent years has an upward trend. Tomas et al. [24]
used ESA CCI products to analyze the relationship between SM and soil water storage in
northeastern Portugal and established a regression model, which proved that the model
had high accuracy through verification. Based on ESA CCI SM data, Wang et al. [21]
studied the spatial-temporal variation of SM in the South–North Water Transfer Jiangsu
water supply area from 1991 to 2019, and the results showed that the spatial distribution
of SM in the area was “wet south and dry north”; in the past 29 years, SM had been on
the rise as a whole. However, there are relatively few applications of ESA CCI SM data in
China, and they mostly focus on small-scale research [25,26].

The Yellow River Basin (YRB) covers many dry, semi-arid areas, with large deserts
and sandy areas in the north, alpine zones in the west, and a loess plateau in the center,
where drought, sand, and soil erosion disasters are serious, and the ecological environment
is fragile. In summary, based on the ESA CCI SM data of the YRB from 2000 to 2015,
combined with NDVI and meteorological (precipitation, air temperature and wind speed)
data, this paper analyzed the spatial-temporal evolution law of SM in the YRB over the
past 16 years and its correlation with various environmental factors, and further results
in the main control factors affecting the spatial-temporal variation of SM. This study can
provide a scientific basis for the ecological construction and water resources management
in the basin, helping to promote the development of ecological protection and high-quality
development strategy in the YRB.
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2. Materials and Methods
2.1. Study Area Overview

The YRB is located between 96–119◦ E and 32–42◦ N, with a total basin area of
7.95 million square kilometers, of which the upper, middle, and lower reaches of the
basin account for 53.8%, 43.3%, and 2.9%, respectively. The YRB is bounded by Bayankala
Mountain in the west, Yinshan Mountain in the north, Qinling Mountain in the south, and
Bohai Sea in the east, and the terrain in the basin is high in the west and low in the east, with
a huge difference in height, forming a three-step ladder from west to east, from high to low.
The YRB is located in the mid-latitude zone; due to the influence of atmospheric circulation
and monsoon circulation, the climate of different regions is significantly different, and the
annual and seasonal variations are great. The average annual precipitation in the basin for
the last 60 years is roughly 470 mm, and the seasonal distribution is very uneven, 60% of
which is concentrated in June to September; the annual average air temperature is between
− and 14 ◦C, the precipitation and air temperature decreases from southeast to northwest.
The main vegetation types in the YRB are grassland, woodland, and arable land, with
vegetation cover of up to 60%.

Since ancient times, the channel changes of the Yellow River have mainly occurred in
the lower reaches, so this paper focuses on the study of the spatial-temporal distribution
characteristics of SM in the middle and upper reaches of the YRB in recent years, as shown
in Figure 1.
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Figure 1. The location of Yellow River Basin.

2.2. Data Sources
2.2.1. Soil Moisture Data

This study uses SM data published by the European Space Agency Climate Change
Initiative, including three data products: active data set, passive data set, and active-passive
fused data set. Among them, the active data set is derived from active microwave remote
sensing products, such as ERS-1/2, AMI-WS, and ASCAT (Metop-A/B), and the passive
data set is derived from passive microwave remote sensing products such as SMMR, DMSP
SSM/1, SMOS, and TRMM TM1. The active-passive fusion data set is fused from the
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above two kinds of datasets. The ESA CCI SM data are provided in netcdf-4 format, with a
temporal resolution of 1 d and a spatial resolution of 0.25◦, the unit is m3·m−3.

The product provides SM data from 1978 to 2016, which is the longest remote sensing
data with a known time series worldwide. Its validity in describing regional SM changes
has been fully verified. Dorigo et al. [27] evaluated the random error of ESA CCI SM data
using the triple collocation technique based on SM observations from 596 ground stations
worldwide, the results showed that the absolute value of the average Spearman correlation
coefficient between the two was 0.46, and the mean values of the unbiased root-mean-
square differences and triple collocation errors were 0.05 and 0.04, respectively. Xu et al. [28]
verified the ESA CCI SM data and field observation data in the Laurentian Great Lakes
basin with a sparse network, and the results showed that the unbiased root-mean-square
error of the two was 0.04 and the correlation coefficient was about 0.7. Ling et al. [29]
evaluated the ESA CCI SM data and on-site observation data from 1981 to 2013 in four
regions of China; the results showed that the ESA CCI SM data and on-site observation data
were in good agreement, with relative root mean square errors less than 0.02 in different
regions, indicating that the product is a good choice for studying long-term SM change
in China.

In this paper, the ESA CCI SM product from 2000 to 2015 was selected to study SM
variations, with a temporal resolution of 1 d and a spatial resolution of 0.25◦.

2.2.2. Meteorological Data

The original meteorological data (precipitation, air temperature, wind speed, etc.)
used in this study come from 2481 meteorological observation stations nationwide at the
National Meteorological Science Data Center (http://data.cma.cn/, accessed on 20 October
2021). In this study, the meteorological data were further processed into raster data with
a temporal resolution of 1 d and a spatial resolution of 0.25◦ using the inverse distance
weight interpolation method and cropping out the values within the YRB.

2.2.3. Vegetation Coverage Data

The Normalized Difference Vegetation Index (NDVI) is one of the most commonly used
vegetation indices, and its change can reflect the change in surface vegetation coverage to a
certain extent. Therefore, NDVI has a wide range of applications in SM research, ecological
environment protection and other fields [30]. The NDVI data used in this study comes from
the National Science and Technology Resource Sharing Service Platform—National Earth
System Science Data Center (http://www.geodata.cn, (accessed on 15 March 2022), the
time scale is the month, and the spatial resolution is 5 km. In this study, the mask method
was used to cut out data in the YRB from the national scope.

2.3. Methods

In recent years, with the maturity and application of classical statistics, geostatistics,
time series analysis, and other methods, the research on soil moisture movement, hetero-
geneity, prediction, and influencing factors has been carried out comprehensively. Among
them, the geostatistical method is one of the most common methods to determine the
spatial distribution characteristics of SM [31,32]. Among the time series analysis methods,
the Mann–Kendall (M-K) trend test method, as a non-parametric test method, is suitable
for analyzing the overall change trend of non-normal distribution data [33,34]. Principal
component analysis (PCA) is widely used to identify the main factors influencing SM
variability because of its ability to retain the information of original variables [35–37].

Therefore, in this study, the M-K trend test methods was used to analyze the in-
terannual variation characteristics of soil moisture, and the relationship between soil
moisture and four environmental factors was explored by correlation analysis methods
and PCA methods.

http://data.cma.cn/
http://www.geodata.cn
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2.3.1. Mann–Kendall Trend Test Methods

The Mann–Kendall (M-K) trend test method is a non-parametric statistical method
used to detect the trend of the sequence change. The advantage is that the calculation is
simple and convenient, the human factors are small, the data are quantified, and the sample
detection range is wide and does not need to obey a certain distribution and will not be
interfered with few abnormal values, and it can also clear the time when the sequence
begins to mutate. In this paper, based on the M-K trend test methods, MatLab programming
is used to achieve the inter-annual trend test analysis of SM. The calculation principle is as
follows:

For the time series x of the sample number n, construct a series:

sk =
k

∑
i=1

ri, k = 2, 3, · · · , n (1)

The value of ri is as follows:

ri =

{
+1, xi > xj
+0, xi ≤ xj

, j = 1, 2, · · · , i (2)

It can be seen that the series sk is the cumulative count of the number of values at time
i greater than that at time j.

The statistics are defined under the assumption of random independence of the time
series:

UFk =
[sk − E(sk)]√

var(sk)
, k = 1, 2 · · · , n (3)

where E(sk) and var(sk) are the mean and variance of sk; UF1 = 0.
When x1, x2, . . . , xn are independent of each other and are continuous, they can be

calculated by the following equation:{
E(sk) =

k(k−1)
4

var(sk) =
k(k−1)(2k+5)

72

, k = 2, 3, · · · n (4)

UFk is the standard orthogonal distribution, which is a statistic sequence calculated
in the order of the time series x1, x2, . . . , xn. Then, repeat the above process in the time
series inverse order xn, xn−1, . . . , x1 so that UBk = −UFk, UB1 = 0. In this paper, given a
significance level of a = 0.05 and a critical value of u0.05 = ±1.96, the two statistical series
curves of UFk and UBk, the two straight lines of ±1.96, and the 0-value straight line are
plotted on the same graph.

If the UFk line in the graph fluctuates between the critical lines, it indicates that the
series variation trend is not significant; when the value of UFk is greater than zero, it
indicates that the series has an upward trend otherwise it has a downward trend; when
it exceeds the critical line, it indicates a significant upward or downward trend. If UFk
and UBk have an intersection between the critical lines, the moment corresponding to the
intersection is the time when the mutation begins.

2.3.2. Correlation Analysis Methods

In this study, correlation analysis methods were used to analyze the correlation be-
tween SM and climatic factors from NDVI in the YRB. The correlation coefficient is a
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statistic used to describe the degree and direction of linear correlation between two vari-
ables, usually denoted by r. The specific expression is as follows:

rxy =

n
∑

i=1
[(xi − x)(yi − y)]√

n
∑

i=1
(xi − x)2 n

∑
i=1

(yi − y)2
(5)

where rxy is the correlation coefficient of variable x and variable y; n is the number of
samples; and x,y is the mean of variable x and variable y, respectively.

The r-value is between −1 and 1. When r > 0, it indicates that the two are positively
correlated, the closer r-value is to 1, the more significant the positive correlation is; when
r < 0, it indicates that the two are negatively correlated, the closer r value is to −1, the more
significant the negative correlation is; when r = 0, it indicates that the two are independent
of each other.

2.3.3. Principal Component Analysis (PCA) Methods

The principal component analysis (PCA) method is a multivariate statistical method
used to analyze the correlation between multiple variables. The method aims to use the
idea of dimensionality reduction to transform multiple variables into a few principal
components through linear transformation, allowing them to retain the information of
the original variable as much as possible, and each other is not related to each other. The
principal component calculation formula is as follows:

Fp = a1i × ZX1 + a2i × ZX2 + · · ·+ api × ZXp (6)

where Fp is the principal component; a1i, a2i, . . . , api (i = 1, 2, . . . , n) are the eigenvectors
corresponding to the eigenvalues of the covariance array ∑ of X, and ZX1, ZX2, . . . , ZXp are
the normalized value of the original variable.

3. Results and Analysis
3.1. Spatial Variation of Soil Moisture

Figure 2 shows the spatial distribution of annual average SM and seasonal SM in
the YRB from 2000 to 2015. As can be seen from the figure, the annual average value of
SM in the YRB was 0.11–0.31m3·m−3. The distribution of SM varied considerably in each
region, with obvious spatial variation patterns. The general distribution of SM in the YRB
was characterized by high in the east and low in the west, and high in the south and low
in the north, showing an overall decreasing trend from southeast to northwest, which is
consistent with the climatic distribution characteristics of the YRB.

SM was relatively low in most areas of the upper reaches of the basin, including the
Inner Mongolia Autonomous Region, Northern Ningxia Autonomous Region, Western
Gansu Province, Qinghai Province, and Sichuan Province; the lowest SM value occurred
in the Northwest the Inner Mongolia Autonomous Region and the Northeast of Qinghai
Province, but in individual places, such as Western Gansu Province and Central and
Northern Qinghai Province, there were some high SM values, with a maximum value of
up to 0.31 m3·m−3. SM was relatively high in most areas of the middle reaches of the
basin, including Shanxi Province, Henan Province, Shaanxi Province, and Eastern Gansu
Province, and the overall SM in Shanxi Province was relatively high, with a decreasing
trend from northeast to southwest, while SM was relatively high in only a small part of
other provinces. In general, the middle reaches of the basin as a whole showed a “funnel”
decreasing trend.
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From the seasonal distribution characteristics of SM, the SM in spring was relatively
low, from 0.10 to 0.29 m3·m−3, and the regions with low values were the northeast and
west of the upper reaches of the basin and the center of the middle reaches of the basin. In
summer, the SM was relatively high, ranging from 0.10 to 0.34 m3·m−3, and the low value
was mainly concentrated in the northeast of the upper reaches of the basin. In autumn, the
SM in the basin was relatively high on the whole, ranging from 0.10 to 0.34 m3·m−3, with
only very few low areas. The winter season is affected by seasonal snow and permafrost,
resulting in some null values in the ESA CCI SM data. The overall SM of the basin was low,
particularly in the west of the upper reaches, which was 0.10–0.25m3·m−3.

In order to further analyze the spatial dynamic change trend of the YRB in recent
years, the spatial distribution of annual SM was analyzed for four specific times: 2000,
2005, 2010, and 2015. As can be seen from Figure 3, the spatial distribution of SM in the
YRB was roughly the same in the four years, and the low values of SM all occurred in
the Inner Mongolia Autonomous Region and northeastern Qinghai Province of the upper
reaches of the YRB. The high values of SM were found in the north-central Shanxi Province,
southwestern Henan Province, northeastern Shaanxi Province, and central Gansu Province.
The only difference was that the SM in northwest Qinghai Province in the upper reaches of
the basin in Figure 3b was relatively high, which may be due to the annual precipitation in
the year 2005 of northwest Qinghai Province being approximately 620mm, much greater
than 470 mm (the multi-year average). Therefore, the abundance of precipitation caused
relatively high soil moisture in the area.
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In summary, although the spatial distribution of SM varied slightly over the years, it
generally showed a decreasing trend from south to north, which is broadly consistent with
the distribution law of SM shown in Figure 2. Therefore, it could be concluded that the
spatial distribution of SM in the YRB over the last 16 years had a certain stability.

3.2. Temporal Variation of Soil Moisture
3.2.1. Interannual Variation

As can be seen from Figure 4, the interannual variation of SM from 2000 to 2015 showed
an irregular “sawtooth” variation pattern, with an overall upward trend (~0.0005 m3·m−3·a−1)
but not significant. The annual average SM in the YRB for the last 16 years was 0.19 m3·m−3,
the lowest value of SM appeared in 2002 with a value of 0.18 m3·m−3, and the maximum
value of 0.20 m3·m−3 occurred in 2014.
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The annual average SM in the YRB from 2000 to 2015 was analyzed by M-K trend test
methods, and the UF and UB curves for the M-K trend tests were plotted (Figure 5). As
can be seen from Figure 5, the SM in the YRB showed an increased but non-significant
trend from 2000 to the second half of 2001; from the second half of 2001 to the first half of
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2002, the SM showed a non-significant downward trend, and from the second half of 2002
to 2015, the SM showed a non-significant upward trend. The annual average SM UF and
UB curves had an intersection between 2005 and 2006, and the corresponding UF value
was greater than 0 and less than 1.96, indicating that this time node was the abrupt change
point of no significant increase in annual SM.
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Combined with Figures 4 and 5, it could be concluded that although the variation of
the SM in the YRB fluctuated up and down over these 16 years, its change amplitude is
relatively small and showed a non-significant upward trend on the whole.

In this paper, by calculating the linear trend coefficient of SM, the change trend
distribution of SM in the Yellow River Basin from 2000 to 2015 was obtained, as shown in
Figure 6. As can be seen from the figure, in the past 16 years, most areas in the upper reaches
of the YRB have shown an obvious wetting trend, with a value of 0.00047 m3·m−3·year−1,
including central Inner Mongolia Autonomous Region, Ningxia Autonomous Region,
central Gansu Province, Qinghai Province, and Sichuan Province. However, the annual
average SM in these areas was relatively low. Most areas in the middle reaches of the YRB,
such as Shanxi Province, Henan Province, central Shaanxi Province, and eastern Gansu
Province, have shown an obvious drought trend, with a value of −0.00030 m3·m−3·year−1,
yet the annual average SM in these areas was relatively high. Therefore, it could be
concluded that the linear variation trend of SM in the YRB was roughly opposite to the
spatial distribution trend of the annual average SM, especially in the east of the middle
reaches of the basin. This is consistent with the research results of Yao et al. [20].

3.2.2. Seasonal Variation

The multi-year monthly average SM curve over time in the YRB is shown in Figure 7.
It could be seen that SM increased from the lowest value of 0.16 m3·m−3 from January until
March; from March to April, SM decreased slightly, which may be caused by the increase
in water demand for surface vegetation and the relatively low water storage in the early
stage; from April to September, the SM entered a state of continuous increase, and reached
the maximum value of 0.23 m3·m−3 in September; from September to December, the SM
decreased continuously. The overall change trend of the multi-year monthly average SM
over time showed an increase followed by a decrease.
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Figure 7. Variation curve of monthly average SM in the Yellow River Basin from 2000 to 2015.

Figure 8 shows the seasonal variation of SM in the YRB from 2000 to 2015. As can
be seen from the figure, the SM was highest in autumn, with relatively large variations in
amplitude and an overall upward trend with a tendency rate of 0.0008 m3·m−3·a−1; fol-
lowed by summer, with a relatively small variation amplitude and an overall upward trend
with a tendency rate of 0.0014 m3·m−3·a−1; the next was spring, with the smallest variation
amplitude and an overall upward trend with a tendency rate of 0.0007 m3·m−3·a−1; in
winter, the SM was the lowest, and the amplitude of variation was the largest, with an
overall downward trend with a tendency rate of −0.0007 m3·m−3·a−1. The SM in the YRB
showed overall seasonal characteristics of autumn > summer > spring > winter.
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3.3. Analysis of Influencing Factors of Soil Moisture
3.3.1. Relationship between Soil Moisture and NDVI

Existing studies have shown that vegetation cover is one of the factors influencing
the spatial-temporal variation of SM [38–40]. The surface vegetation can not only directly
affect the hydrological process of the soil but also affects the change in SM through water
absorption by plant roots and net rainfall. Vegetation affects SM mainly in the following
ways: the leaf crown of vegetation can intercept rainfall, reduce evaporation consumption
of SM, and enhance transpiration loss; covering the ground with dead leaves can increase
SM infiltration, and the roots of vegetation can not only absorb SM but also promote the
infiltration of surface water [41].

The seasonal changes of SM and NDVI are shown in Figure 9a; it can be seen that the
overall variation trend of SM and NDVI was roughly the same, both showing a changing
trend of increasing first and then decreasing. The variation time of SM lagged roughly 1
month behind NDVI.
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Figure 9. Seasonal and interannual variation of SM and NDVI in the Yellow River Basin, 2000 to 2015.

In terms of interannual variation (Figure 9b), both NDVI and SM showed the trend of
upward and downward fluctuations and had a certain correlation, but they were not very
intuitive, so further analysis of their correlation is needed.
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The results of the interannual correlation analysis of SM and NDVI are shown in
Table 1. It can be seen that SM and NDVI showed significant positive correlations from
2000 to 2015. Among them, the year with the largest correlation coefficient was 2012, which
reached 0.945 (p < 0.01); 2013 and 2010 followed, but also had significant correlations,
the correlation coefficients were 0.942 and 0.910, respectively (p < 0.01); the lowest value
occurred in 2006, 0.312; both of the other years also had better correlation.

Table 1. Correlation analysis between SM and NDVI.

Year Correlation Coefficient

2000 0.645 *
2001 0.675 *
2002 0.715 **
2003 0.505
2004 0.401
2005 0.510
2006 0.312
2007 0.607 *
2008 0.785 **
2009 0.778 **
2010 0.910 **
2011 0.625 *
2012 0.945 **
2013 0.942 **
2014 0.777 **
2015 0.393

** indicates significant correlation at the 0.01 level (double test); * indicates significant correlation at the 0.05 level
(double test).

3.3.2. Relationship between Soil Moisture and Precipitation

Figure 10 shows the relationship between seasonal and interannual variations of SM
and precipitation in the YRB from 2000 to 2015. As can be seen from Figure 10a, the
seasonal variation trend of SM and precipitation was roughly the same, and as with NDVI,
both showed a trend of increasing first and then decreasing; the slight decrease in SM
from March to April may be caused by the low precipitation in the earlier period and the
increased water demand of the surface vegetation during this time. The change time of SM
lagged roughly 1 month behind precipitation.
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Figure 10. Seasonal and interannual variation of SM and precipitation in the Yellow River Basin, 2000
to 2015.

The interannual variation relationship between them is shown in Figure 10b. It could
be seen that the variation trend of annual average SM and annual precipitation was roughly
the same; the annual average SM in years with high precipitation was relatively high, while
the annual average SM in years with low precipitation was relatively low.
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The results of the interannual correlation analysis of SM and precipitation are shown
in Table 2. It can be seen that there was a significant positive correlation between SM and
precipitation from 2000 to 2015. Among them, the correlation coefficient was the highest in
2013, which reached 0.867 (p < 0.01); the lowest value occurred in 2006, which was 0.149
(not significant); SM and precipitation also reached an extremely significant correlation
(p < 0.01) in 2002, 2010, 2012, and 2014; and SM and precipitation in other years were also
well correlated.

Table 2. Correlation analysis between SM and precipitation.

Year Correlation Coefficient

2000 0.708 **
2001 0.669 *
2002 0.859 **
2003 0.483
2004 0.474
2005 0.469
2006 0.149
2007 0.672 *
2008 0.741 **
2009 0.776 **
2010 0.809 **
2011 0.734 **
2012 0.849 **
2013 0.867 **
2014 0.811 **
2015 0.554

** indicates significant correlation at the 0.01 level (double test); * indicates significant correlation at the 0.05 level
(double test).

3.3.3. Relationship between Soil Moisture and Air Temperature

Figure 11 shows the relationship between seasonal and interannual variations of
SM and air temperature in the YRB from 2000 to 2015. As can be seen from Figure 11a,
the seasonal variation trend of SM and the air temperature was roughly the same, both
showing an increasing trend followed by a decreasing trend. Among them, the highest air
temperature value of the year occurred in July, with a value of 18.12 °C, and the maximum
value of SM occurred in September, with a value of 0.23 m3·m−3; combined with the
changing trend of the two curves in the figure, it could be concluded that the change time
of SM was roughly 1–2 months behind the air temperature.
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Figure 11. Seasonal and interannual variation of SM and air temperature in the Yellow River Basin,
2000 to 2015.

The interannual variation is shown in Figure 11b; although both SM and air tem-
perature curves showed a changing trend of up and down fluctuations, they were also
correlated to some extent, so the correlation between them could be further analyzed.
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The results of the interannual correlation analysis of SM and air temperature are
shown in Table 3. It can be seen that SM and air temperature showed a positive correlation
in general from 2000 to 2015, and a negative correlation was only found in 2006, with a low
correlation of −0.027. In the past 16 years, the correlation coefficient was the largest in 2012,
which reached 0.894 (p < 0.01); SM and air temperature also reached a highly significant
correlation (p < 0.01) in 2002, 2010, 2012, and 2013, and SM and air temperature in other
years were also well correlated.

Table 3. Correlation analysis between SM and air temperature.

Year Correlation Coefficient

2000 0.413
2001 0.358
2002 0.793 **
2003 0.377
2004 0.255
2005 0.311
2006 −0.027
2007 0.430
2008 0.670 *
2009 0.662 *
2010 0.831 **
2011 0.600 *
2012 0.894 **
2013 0.807 **
2014 0.677 *
2015 0.329

** indicates significant correlation at the 0.01 level (double test); * indicates significant correlation at the 0.05 level
(double test).

3.3.4. Relationship between Soil Moisture and Wind Speed

Wind speed affects the change in SM mainly by influencing evaporation from the soil
and transpiration from the vegetation. Figure 12 shows the relationship between seasonal
and interannual variations of SM and wind speed. It can be seen from Figure 12a that these
two curves showed a “bimodal” variation trend. From January to March, the SM increased
with the increase in wind speed, which may be because the soil was in the frozen period
during this period; the SM was less affected by wind speed, mainly by precipitation, NDVI,
and other factors; from April to December, the SM decreased (increased) with the increase
(decrease) of wind speed, and the changing trend was just the opposite.
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Figure 12. Seasonal and interannual variation of SM and wind speed in the Yellow River Basin, 2000
to 2015.

In terms of interannual variation, it is clear from Figure 12b that the variation trends
of SM and wind speed were quite different, and the correlation between the two was
not strong.
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The results of the interannual correlation analysis of SM and wind speed are shown in
Table 4. It can be seen that SM and wind speed showed a negative correlation in general
from 2000 to 2015, and a positive correlation was only found in 2002, with a low correlation
of 0.177. In the past 16 years, the correlation coefficient was the largest in 2006, which
was −0.822 (p < 0.01), followed by 2004; the SM and wind speed were also correlated in
other years.

Table 4. Correlation analysis between SM and air wind speed.

Year Correlation Coefficient

2000 −0.527
2001 −0.566
2002 0.177
2003 −0.165
2004 −0.723 **
2005 -0.499
2006 −0.822 **
2007 −0.535
2008 −0.257
2009 −0.436
2010 −0.590 *
2011 −0.466
2012 −0.218
2013 −0.180
2014 −0.420
2015 −0.419

** indicates significant correlation at the 0.01 level (double test); * indicates significant correlation at the 0.05 level
(double test).

3.4. Analysis of Principal Factors

The KMO test was first carried out on these four environmental factors, and the result
showed that the mean KMO value of these four environmental factors was 0.588 > 0.5, and
the significance was less than 0.05, indicating that principal component analysis could be
applied. The results of the principal component analysis are shown in Table 5. The cumula-
tive contribution of principal component 1 and principal component 2 reached 95.74%; that
is, these two principal components represented 95.74% of the four environmental factors.
Therefore, the environmental factors affecting the spatial-temporal variation of SM in the
YRB could be divided into two main components.

Table 5. Contribution of principal components and cumulative variance.

Component

Initial Eigenvalue Extract the Sum of Squares of Loads

Total Percentage of
Variance

Cumulative
Variance

Contribution
Rate %

Total Percentage of
Variance

Cumulative
Variance

Contribution
Rate %

1 2.756 68.891 68.891 2.756 68.891 68.891
2 1.074 26.849 95.740 1.074 26.849 95.740
3 0.121 3.014 98.754
4 0.050 1.246 100.000

The correlations between the two main components and the variables are shown in
Table 6, and the load quantity represents the correlation coefficient between the principal
component and each variable. It could be seen that principal component 1 had a high corre-
lation with NDVI, precipitation, and air temperature at 0.973, 0.957, and 0.943, respectively,
while principal component 2 had the highest correlation with wind speed at 0.995.
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Table 6. Initial factor load matrix.

Variable Principal Component 1 Principal Component 2

NDVI 0.973 −0.109
Precipitation 0.957 −0.071

Air temperature 0.943 0.259
Wind speed −0.070 0.995

Therefore, combined with the contribution rate of principal components 1 and 2 and
the proportion of each variable in the principal component, the influence degree of these
four environmental factors on SM in the YRB was determined as follows:
NDVI > precipitation > air temperature > wind speed. However, the degree of influ-
ence of NDVI and precipitation on SM was not very different, so further comparative
analysis of the correlation between the two and SM was needed.

Tables 1 and 2 of Section 3.3 show the temporal correlation between NDVI and precip-
itation and SM. It can be seen that the correlation coefficient of NDVI was slightly greater
than precipitation on the whole, especially in 2010, 2012, and 2013.

As can also be seen in Figure 13, the spatial distribution of precipitation, NDVI, and
SM was roughly the same, all showing a decreasing trend from southeast to northwest.
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The spatial correlation between these two environmental factors and SM is shown
in Figure 14. As can be seen in Figure 14a, precipitation and SM had an obvious positive
correlation in the upper reaches of the basin; in the middle reaches of the basin, the
correlation was low and negative in a few areas; the correlation coefficients ranged from
−0.43 to 0.92, with an average of 0.52, indicating a significant positive correlation between
the two on the whole.
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As can be seen from Figure 14b, the correlation coefficient between NDVI and SM
ranged from −0.73 to 0.71, with an average value of 0.06; although the basin as a whole
showed a positive correlation, it showed a negative correlation in the upper reaches western
and middle reaches of the basin, this may be because there is too much vegetation in areas
with high vegetation coverage, which leads to an increase in evapotranspiration and thus a
decrease in SM.

In general, the spatial correlation between precipitation and SM was greater than that
of NDVI.
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Existing studies [42,43] show that the interannual variation of precipitation in the
upper reaches of the basin shows a significant upward trend and the interannual variation
of NDVI shows a slight upward trend; as can be seen in Figures 2 and 14, in the upper
reaches of the basin, although the annual mean value of SM is relatively low, it is positively
correlated with precipitation and NDVI, and combined with the above studies, it can be
concluded that the interannual variation of SM in the upper reaches of the basin shows
a wet trend. Similarly, these studies also show that the interannual variation of NDVI
shows a significant upward trend in the middle reaches of the basin as a whole, while the
interannual variation of precipitation shows a non-significant upward trend, as can be seen
in Figures 2 and 14, in the middle reaches of the basin, the annual mean value of SM is
relatively high, but show a significant negative correlation with NDVI, and a small positive
correlation with precipitation and a negative correlation in individual areas. Combined
with the above studies, it can be concluded that the interannual variation of SM in the upper
reaches of the basin shows a dry trend. Taken together, this also explains the phenomenon
that the linear variation trend of SM above is opposite to the spatial distribution trend of
annual average SM (especially in the middle reaches of the basin).

In summary, through comparative analysis, it was determined that NDVI and precipi-
tation were the main factors influencing the spatial-temporal variation of SM.

4. Conclusions

In this study, we used geostatistical methods to explore the spatial distribution charac-
teristics of SM in the YRB, and the results showed that the annual average value of SM in
the YRB is 0.11–0.31 m3·m−3. SM showed an overall decreasing trend from southeast to
northwest, which is consistent with the climate distribution characteristics of the YRB, and
the spatial distribution had a certain stability.

The annual average SM in the YRB had shown an overall upward trend over the last
16 years, but not significantly, with a tendency rate of 0.0005 m3·m−3·a−1. Through the
M-K trend test methods analysis, it was concluded that 2005–2006 is the abrupt change
point of soil moisture increase. In the past 16 years, the upper reaches of the YRB have
shown a wet trend, with a value of 0.00047 m3·m−3·year−1; while the middle reaches have
shown an obvious drought trend, especially in Shanxi Province and Henan Province, with
a value of −0.00030 m3·m−3·year−1, drought research may become the focus of future
research in these regions. SM in the YRB had exhibited the seasonal characteristics of
autumn > summer > spring > winter, with a tendency rate of 0.0008, 0.0014, 0.0007, and
−0.0007 m3·m−3·a−1, respectively.

The correlation analysis method was used to explore the relationships between SM and
NDVI, precipitation, air temperature, and wind speed, respectively. The results showed
that SM is positively correlated with NDVI, precipitation, and air temperature on the whole
and negatively correlated with wind speed. Combined with PCA methods, NDVI and
precipitation were determined as the main factors affecting the spatial-temporal variation
of SM. It was found in the study that the influence of precipitation, temperature, and NDVI
on SM has a certain lag time of roughly 1–2 months, which is not explained in this paper,
and these analyses will be supplemented and improved in future work.

There may be some shortcomings in this study, such as the relatively low spatial
resolution of ESA CCI soil moisture data and the serious loss of this data in winter; also, the
influence of human activities are rarely taken into account in SM changes. Although there
are some limitations in this study, it also presents some meaningful results on the spatial-
temporal distribution characteristics and attributions of SM in the YRB in recent years.
In view of this, future research should focus on multi-source data fusion technology and
downscaling technology to make up for the lack of ESA CCI SM data and improve spatial
resolution to improve the application value of this product in the field of SM research. At
the same time, the comprehensive influence of environmental factors and human activities
should be taken into account to further clarify the internal laws and causes of the spatial-
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temporal variation of SM so as to provide a scientific basis for the management of water
resources in the basin.
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