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Soil moisture is a key variable in terrestrial water cycle, playing a key role in the exchange of water and energy in the landatmosphere interface. The spatiotemporal variations of soil moisture from multiple sources during 1988–2010 are evaluated against
in situ observations in the Yellow River basin, China, including the Essential Climate Variable satellite’s passive microwave product
(SMECV ), ERA-Interim reanalysis (SMERA ), the National Centers for Environmental Prediction/Department of Energy’s Reanalysis2 (SMNCEP ), and the Variable Infiltration Capacity model products (SMVIC ). The seasonal soil moisture dynamics of SMECV and
SMVIC appear to be consistent with SMin situ , with significant soil drying in spring and wetting in summer. SMERA and SMNCEP ,
however, fail to capture the soil drying before rainy seasons. Remarkably, SMECV shows large agreement with SMin situ in terms of
the interannual variations and the long-term drying trends. SMVIC captures the interannual variations but fails to have the longterm trends in SMin situ . As for SMERA and SMNCEP , they fail to capture both the interannual variations and the long-term soil drying
trends in SMin situ .

1. Introduction
The role of soil moisture in the climate system is gaining
more and more attention in the research community and
its remarkable importance has been demonstrated in many
studies [1, 2]. Soil moisture is suggested to be one of the
most important parameters between land and atmosphere,
and it is also the key link of the terrestrial water and
energy cycles [3]. Soil moisture partitions the surface net
radiation into latent heat and sensible heat, where the former
is consumed in the evaporation process and the latter is used
for warming the atmosphere [4]. It regulates the water and
energy exchanges between land and atmosphere, through
which soil moisture exerts important influences on the
climate and the weather processes. Improved understanding
of the interactions between soil moisture and atmosphere
can improve the ability of meteorological forecast and also
seasonal predictions of climate extremes, such as floods and

drought [5, 6] and heat waves [7]. Studying soil moisture is
also important for the assessment of water resources security
under the condition of climate change [8].
In recent years, the approaches to obtain soil moisture
have extended from station to regional and global scale.
The gravimetric method is conventional for obtaining soil
moisture along vertical soil profile, which, however, is limited
to a point scale and is also laborious. The frequency-domain
reflectometry (FDR) and time-domain reflectometry (TDR)
techniques were used to obtain soil moisture information
[9, 10] with its added advantages; however, the problem of
limited coverage still exists. Recently developed Cosmic-Ray
method applies the neutron emission on land surface to
account for soil moisture content on spatial scale of a few
hundred square meters. These approaches have provided soil
moisture information on relatively fine scales with relatively
high accuracy. In recent decades, the rapid development of
satellite remote sensing has provided a feasible way to obtain
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soil moisture data at large scales [11]. Microwave remote
sensing has drawn attentions for retrieving land surface soil
moisture data using the C-band and X-band over a selection
of topographic and vegetation cover settings [12], because
these bands are sensitive to land surface wetness and are
less influenced by meteorological conditions. Meanwhile, Lband is considered to be optimal for retrieving soil moisture
because of its low sensitivity to cloud and vegetation and high
sensitivity to soil moisture fluctuations [13]. Model simulation is also used to obtain soil moisture which is economical;
however, it depends not only on the rationality of the model
and the driving data but also on the representativeness and
accuracy of the parameter schemes. Considering the different
sources of errors, data assimilation approach, which uses the
observational information to calibrate the model output, is
used to produce more accurate soil moisture estimations.
There are several data assimilation methods ranging from
simple interpolation and optical interpolation to state-ofthe-art variation assimilation and Ensemble Kalman Filter
assimilation [14–17].
In the past decades, numerous researches have concentrated on retrieving soil moisture from different satellite
sensors, for example, the Advanced Scatterometer (ASCAT)
onboard the MetOp-A (launched in October 2006) and
MetOp-B (launched in September 2012) platforms [18], the
Special Sensor Microwave Imager (SSM/I) onboard the
Defense Meteorological Satellite Program (DMSP) satellites
since 1987 [19], the Advanced Microwave Scanning Radiometer Earth Observing System (AMSR-E) launched in May
2002 [20] and the Advanced Microwave Scanning Radiometer 2 (AMSR2) launched in 2012 [21], the Soil Moisture
Active Passive (SMAP) mission launched in January 2015
[22], and the Soil Moisture and Ocean Salinity (SMOS)
mission launched in November 2009 [23]. Studies have been
conducted to evaluate the soil moisture data from satellites
imageries and have shown that remote sensing technology
is a promising tool for retrieving large-scale soil moisture.
Kolassa et al. [24] compared the ASCAT and AMSR-E soil
moisture products globally, which are consistent regarding
the spatial and temporal variations. Albergel et al. [25]
evaluated ASCAT and SMOS soil moisture data globally,
suggesting that they are able to capture the annual cycle and
short-term variations of land surface soil moisture. Chen et
al. [26] have evaluated the AMSR-E soil moisture product
over Tibetan Plateau and found that this product is relatively
reliable during warm season. Soil moisture products retrieved
from the Special Sensor Microwave Imager (SSM/I) and the
Microwave Imager onboard China’s Fengyun satellites have
also been shown to be consistent with reanalysis and observed
soil moisture dynamics, despite the complex nature of this
region [27, 28]. Jackson et al. [29] provided a comprehensive
validation of AMSR-E soil moisture against in situ observations, suggesting that both NASA and JAXA algorithms
still have much room for improvement in different land
cover conditions. Velpuri et al. [30] validated the SMAP soil
moisture with in situ observations in the US High Plains and
found a good agreement between them. Champagne et al. [31]
found that the SMOS data would overestimate soil moisture
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shortly after rainfall events compared to the in situ data in
agricultural regions of Canada.
The European Space Agency (ESA) recognized soil moisture as an Essential Climate Variable (ECV) in 2010 and
developed a long sequence (>35 years) of global soil moisture
products by merging active and passive microwave remote
sensing data, which meets the needs of researches for studying the impact of climate change on water cycle [32]. The ECV
product is currently the longest remote sensing data on global
scale. This data has been validated against in situ observations
as well as reanalysis data in many areas in the world, where the
ECV data has demonstrated good performances in describing
soil moisture variations [33].
Some studies have also evaluated the ECV soil moisture
over China. Su et al. [34] validated the ECV data in the Tarim
Basin and found that the data can well reflect the large-scale
water cycle mechanisms in the arid regions. Wang et al. [35]
validated the ECV data over the cropland of North China,
which showed that ECV data could generally capture the
seasonal soil moisture dynamics. Zeng et al. [36] evaluated
it over the Tibetan Plateau using in situ observations, and
the ECV data was shown to be best correlated with in
situ stations observations; however, it showed considerable
overestimations in terms of the soil moisture magnitude.
At present, there are still few reports about the spatiotemporal soil moisture variations in the Yellow River basin based
on long-term satellite observations. Chen et al. [37] have
compared the active and the passive soil moisture retrievals,
which are used for producing the harmonized product,
against in situ observations over China. It was demonstrated
that the active and the passive data show roughly opposite
seasonal variations in the East Asian Monsoon region of
China, where the latter agrees well with in situ observations.
In this paper, we have selected the passive ECV product
(termed SMECV hereafter) and evaluated the long-term variations against in situ observations and data from reanalysis
and hydrological simulations for the period of 1988–2010 in
the Yellow River basin. Furthermore, we have assessed the
linear trends for a better understanding of their responses in
the changing climate.

2. Materials and Methods
2.1. Study Area. The Yellow River is the second longest river
in China, which originates from the Tibetan Plateau and
discharges into the Bohai Sea. The Yellow River basin is in
northern China with a vast territory with an area of 7.95 ×
105 km2 , as shown in Figure 1. The topography in the Yellow
River basin is quite complex with mountains, plateaus, and
coastal plains. The annual mean temperature ranges from 4∘ C
to 14∘ C with maximum and minimum temperature appearing
in July and January, respectively. Precipitation is not evenly
distributed in the basin with an annual amount of around
670 mm in the lower reaches and about 370 mm in the
upper reaches. More than 60% of the annual precipitation is
concentrated in the warm seasons from May to September
[38].
There have been frequent droughts in the Yellow River
basin from the ancient time to the present [39]. Many studies
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Figure 1: The study area of Yellow River basin and the locations of
agrometeorological stations. A typical area for validation is marked
in grey square. The triangles represent the agrometeorological
stations.

have reported that droughts occurr more frequently in the
warming climate, which have significantly influenced the
natural and agricultural ecosystems. Huang et al. [40] found
that drought risk is higher in the middle reaches than in the
remainder portions of the Yellow River basin. Thus, it is of
significance to effectively and reasonably characterize the soil
moisture variations based on reliable soil moisture data in the
Yellow River basin.
2.2. Data Description
2.2.1. ECV Soil Moisture. Soil moisture is an Essential Climate
Variable (ECV) and the dataset obtained by remote sensing
is referred to as SMECV . This remotely sensed product was
developed under the European Climate Change Initiative for
soil moisture (http://www.esa-soilmoisture-cci.org/) which
has the goal of developing the most complete and most
consistent global soil moisture data record based on active
and passive microwave sensors. Our Earth’s surface has been
continuously observed by microwave observations since the
late 1970 starting with Scanning Multichannel Microwave
Radiometer (SMMR) onboard the Nimbus-7 satellite. Ever
since, there have been microwave sensors in orbit with an
increasing number of sensors over time. The full ECV data
record is based on both active and passive microwave observations, which are merged using cumulative distribution
function (CDF) technique, leading to a globally consistent
dataset in which the satellite trends are preserved [41]. Additionally, the active and passive data records are merged based
on a thorough error assessment [42], which assigns weights
on the data records obtained by both these techniques. For
research purposes, the datasets from only active and only
passive microwave observations are also separately available,
since this could lead to more insights into their individual
qualities. For more information on this dataset, the reader
is referred to the previously given website and the general
merging framework presented by Liu et al. [41].
In this study, we only focus on the SMECV data record
obtained through passive microwave observations and limit

the study period to 1988–2010. The passive microwave
component of the ECV dataset is based on the commonly
used Land Parameter Retrieval Model (LPRM) that converts
microwave brightness temperatures into soil moisture. This
retrieval algorithm can be applied to low-frequency passive
microwave observations which for our study include the
Special Sensor Microwave Imager (SSMI), Windsat, Tropical
Rainfall Measuring Mission Microwave Imager (TMI), and
the Advanced Microwave Scanning Radiometer for Earth
Observing System (AMSR-E) sensors. Most recently, soil
moisture retrievals from the dedicated Soil Moisture and
Ocean Salinity (SMOS) mission were included in SMECV ;
however, the period of this study does not include the time
period with the SMOS integration. Additionally, the SMECV
processing chain relies on overlapping observations for which
the minimum amount of input soil moisture information
needed cannot be met for the SMMR sensor before 1988 [41].
This study, thus, begins from 1988 to exclude the limitations of
the SMECV product before that year [43]. Finally, the SMECV
data have data gaps that are interpolated by using a leastsquares regression model based on the three-dimensional
discrete cosine transform [44], which considers not only the
temporal variations but also the spatial variations for optimal
estimations of the missing values. The SMECV data is based on
daily retrievals, which is expressed in m3 ⋅m−3 and comes at a
0.25∘ spatial resolution. We use the latest version (v. 04.2) for
which the full record is currently available until 31 December
2016.
2.2.2. Reanalysis Soil Moisture. The used reanalysis soil moisture is from ERA-Interim data by ECMWF (the European
Centre for Medium-range Weather Forecasts) (denoted as
SMERA ) [45] and NCEP data by National Centers for Environmental Prediction/Department of Energy (NCEP/DOE)
(denoted as SMNCEP ) [46], which are widely used in the
meteorological studies. SMERA is the newly released reanalysis dataset from ECMWF and covers the period from
1979 to the present. Four layers of soil are considered
in ERA-Interim, with the depths of 7 cm, 28 cm, 100 cm,
and 289 cm, respectively [47]. We use the top soil layer
(0–7 cm) of SMERA whose spatial resolution is 0.75∘ × 0.75∘ .
National Centers for Environmental Prediction/Department
of Energy (NCEP/DOE) Reanalysis-2 is the upgraded form of
NCEP/Reanalysis [48]; the NCEP/DOE Reanalysis is checked
for uncertainties in different fields, especially model runoff,
precipitation, model snow depth, and soil wetness fields. The
NCEP/DOE Reanalysis-2 product starts from 1979 with a
global T62 Gaussian grid of 192 × 94 points. Comparison
of the updated version has shown many improvements as
compared to Reanalysis-1 soil moisture product. The soil
moisture data is produced at two depths, 0–10 cm and
10–200 cm, respectively; for current study, the surface layer of
0–10 cm was used. Many studies conducted around the globe
have used NCEP/DOE product [49, 50].
2.2.3. Hydrological Model Soil Moisture Simulation. The
Variable Infiltration Capacity model (VIC model) is a
fully distributed hydrological model [51], which considers
the physical exchanges of water and energy among the
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atmosphere, vegetation, and soil in the interface of land
and atmosphere. It has been applied to many river basins
around the world, showing good performances in simulating
terrestrial water cycle [52]. It simulates not only the water
balance but also the energy balance in the processes of water
cycle, which remedy the defect of lacking consideration of
energy balance in the traditional hydrological models.
Using the VIC model, Zhang et al. [53] created a land
surface dataset across China forced by meteorological observations from Chinese Meteorological Administration. The
output dataset spans from 1952 to 2012 and covers China’s
domain at a spatial resolution of 0.25∘ . It is also expressed in
the unit of m3 ⋅m−3 . In this paper, we select the top layer soil
moisture data with the depth of 10 cm (denoted as SMVIC ) to
analyze the spatial and temporal variations in the Yellow River
basin.
2.2.4. In Situ Soil Moisture Data. The in situ soil moisture data
(SMin situ hereafter) are from the agrometeorological stations
which are managed by China Meteorological Administration.
Regularly measured on 8th, 18th, and 28th of every month,
the SMin situ data has temporal intervals of ten days. Although
the SMin situ data is relatively coarse in terms of its spatial
and temporal resolutions, this data consists of the longest
observational soil moisture records in China. It is measured at
10 layers from the land surface to the depth of 1 m with depth
intervals of 10 cm. We use only data from top layer with depth
of 0–10 cm.
There are totally 44 agrometeorological stations with
quality data in the Yellow River basin, the locations of which
are shown in Figure 1. The grey box marked in Figure 1
indicates a typical region where the in situ observations are
compared with gridded data of SMECV , SMERA , SMNCEP ,
and SMVIC in terms of their temporal variations at seasonal
and interannual time scales. This region is selected as there
are relatively dense stations. In this study, to facilitate the
intercomparison of soil moisture from multiple sources, the
SMERA , the SMNCEP , the SMVIC , and the SMin situ data are
interpolated onto the SMECV grids by means of the Cressman
approach [54]. In addition, due to the complex topography,
there are considerable soil moisture uncertainties in the
upper reaches of the Yellow River basin; therefore, we select
the area east to 104∘ E for soil moisture comparisons in our
study.
We note that the SMin situ data is expressed in gravimetric water content (kg/kg), which is different from the
other datasets with volumetric unit used in this study. It is
reasonable to convert the gravimetric unit of in situ data
into volumetric unit for comparing their absolute magnitude.
However, such a unit conversion needs a large amount of
extra soil properties, which are not accessible. Therefore, in
the following analysis, we focus on their temporal variations
rather than their absolute values, as Su et al. [34] did in the
Tarim River basin.
2.3. Method
2.3.1. Theil-Sen Method. We estimate the long-term soil moisture trend using the Theil-Sen slope method. This is a robust
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trend estimator as it is not sensitive to outliers in the time
series to analyze [55]. Due to such advantages, this method
is widely used to detect linear trends in meteorological
and hydrological time series [56]. The Theil-Sen method
estimates the slope of a time series using the following
formula [57, 58]:
Δ = median (

𝑥𝑗 − 𝑥𝑖
𝑗−𝑖

),

(1)

where 𝑥𝑖 and 𝑥𝑗 are data values at times 𝑡𝑖 and 𝑡𝑗 (𝑖 < 𝑗),
respectively, and Δ is the Theil-Sen slope, which indicates the
magnitude of the linear trend. If Δ > 0, it means an increasing
trend; otherwise, Δ < 0 means a decreasing trend.
To better describe the relative importance of the changes,
we further calculate the percentage of changes for every 10
years (10a) divided by the long-term average:
Δ𝑟 =

Δ × 10
× 100%,
𝑥

(2)

where 𝑥 means the long-term average of soil moisture over
1988–2010.

3. Results
3.1. Seasonal Variations. Figure 2 shows the spatial distributions of the five soil moisture datasets (SMin situ , SMECV ,
SMERA , SMNCEP , and SMVIC ) in different seasons. They
are climatological averages in each season computed from
the period of 1988–2010. In winter, there are no SMECV
observations available because of the zero emission from
frozen soil; therefore, we have only analyzed the data in
spring (March–May), summer (June–August), and autumn
(September–November). By comparing those, we can understand the principal properties of the five soil moisture datasets
for comparison in this study.
In Figure 2, the first row (a1–3) shows the spatial distributions of SMin situ in spring, summer, and autumn, respectively.
In spring (Figure 2a1), the soil moisture in the lower reach
is roughly wetter than the middle reach; it appears to be
rather limited in the northern areas of the basin, amounting
to roughly less than 11%, particularly in Tumochuan Plain,
where it partly includes Inner Mongolia. There is a dry center
in the northeast region of the basin, which distinctly stands
out in all seasons. Precipitation is not temporally evenly
distributed across the middle reach and lower reach of Yellow
River basin due to the summer monsoon. Precipitation is
mostly concentrated in the months from June to September,
accounting for more than 70% of the total annual precipitation. Therefore, soil moisture appears to increase in summer
and autumn.
The second row (b1–3) of Figure 2 shows the spatial
distributions of the SMECV data in spring, summer, and
autumn, respectively. In spring, soil moisture appears to be
rather limited in the northwest areas of the basin, amounting
to roughly less than 18%, particularly in the Hetao Plain. This
dry center distinctly stands out in all seasons. Remarkably, the
location of the dry center in the SMECV data is rather different
from that in the SMin situ data. Generally, soil moisture shows
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Figure 2: The spatial distributions of the four soil moisture datasets, which are climatological averages in each season computed from the
time period of 1988–2010: a(1)–a(3) are for SMECV , b(1)–b(3) are for SMERA , c(1)–c(3) are for SMNCEP , and d(1)–d(3) are for SMVIC .

a slight increase in summer and autumn seasons; and this soil
moisture increase is particularly visible in autumn for Shaanxi
and Shanxi provinces.
The SMERA data (Figure 2, c1–3) show quite similar spatial
patterns to the SMECV data in spring, summer, and autumn
seasons. In Hetao Plain, there is relatively less soil moisture
than in the other areas; their magnitudes are, however, much
higher than those in the SMECV data. Although both data
have quite similar spatial patterns, their spatial variations
in terms of magnitude are distinctly different. In summer
and autumn, the SMERA data appears to slightly increase,
showing, however, quite similar spatial patterns to that in
spring.
In all the seasons, the SMNCEP data (Figure 2, d1–3)
appears to have quite similar spatial patterns to the SMERA
data and their soil moisture magnitudes are equivalent in
most areas. In summer and autumn, soil moisture appears to
slightly increase in the middle and lower reaches but keeps
similar spatial patterns to in spring. It is worth noting that,
among all the data used in this study, the SMNCEP and the
SMERA data best resemble each other regarding their spatial
distributions and magnitudes in all seasons.
The SMVIC data (Figure 2, e1–3) shows again quite similar
spatial patterns in spring, summer, and autumn, which
resemble those of the SMECV data very well. In the SMVIC
data, soil moisture is also driest in the northwest areas of the

Yellow River basin; however, in this dry center, soil moisture
magnitudes are significantly higher than those in the SMECV
data.
To better understand the seasonal variations of soil moisture, we have computed the climatological monthly values
from March to November of the five soil moisture datasets
for the period of 1988–2010. They are spatially averaged over
the selected region in the central basin, which is shown as
the squared region in Figure 1. In this selected region, there
are seven agrometeorological stations with quality data to
use. The derived seasonal variations of different datasets are
shown in Figure 3.
In the SMECV data, soil moisture in March appears to be
more than those in the other months, amounting to about
28% in the study region. It is dramatically reduced to about
18% in the next months of April, May, and June. It starts
to increase in July and reaches its peak value of about 24%
in September. Subsequently, it starts to drop gradually in
October and November. These seasonal variations agree well
with the SMin situ data, except that in September the peak
value of the SMin situ data is more pronounced than the SMECV
data. Their agreement indicates that the SMECV data and
the SMin situ data are consistent in terms of their seasonal
dynamics. The SMVIC data show also quite similar seasonal
variations to the SMECV and the SMin situ data. One notable
difference is that the SMVIC data reaches its peak value in
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Figure 3: Seasonal variations of the five used soil moisture datasets
for the period of 1988–2010, which are spatially averaged in the
selected typical study area.

August, one month earlier than the SMECV and the SMin situ
data. The above seasonal variations are quite reasonable in
terms of terrestrial water balance. The amount of soil moisture depends on the water balance between precipitation and
evaporation. The Yellow River basin is a place where soil water
may freeze in cold winter. Temperature starts to rise in early
spring; consequently, the frozen soil water begins to thaw
out and the atmospheric demand of evaporation is increased,
leading to increased evaporation and thus decreased soil
moisture. In the Yellow River basin, the rainy season generally
comes in July. From April to June, although the rainy season
is yet to arrive, there is an amount of precipitation in the
Yellow River basin, which may to some extent compensate
for the loss of soil water through evaporation; this may be
the reason why soil moisture remains relatively stable in these
three months. When the summer monsoon comes in July,
there are more water supplies from precipitation than water
loss through evaporation, leading to a rapid increase of soil
moisture until September. In October, the rainy season ends;
consequently, the water loss through evaporation exceeds the
water supply from precipitation, leading to decreased soil
moisture.
As for the SMERA and the SMNCEP data from reanalysis
systems, the seasonal dynamics they have shown are to some
extent different from the SMin situ observations as well as the
SMECV and the SMVIC data. The SMERA data shows rather
weak seasonal variations with a narrow range of soil moisture
magnitudes from about 19% to 22%, and the SMNCEP data
shows much stronger seasonal variations with soil moisture
magnitudes ranging from about 17% to 28%. Both data
show relatively rapid increases in summer, reaching peaks
in August, followed by decreases; these indicate that they
both can reflect the impact of monsoonal precipitation on
the seasonal variations of soil moisture in the warm seasons.
However, the temporal dynamics before the rainy season are
not well reflected by the SMERA and the SMNCEP data. In April,
there is no decline in the SMERA data, although the SMNCEP
data shows a steady increase before the rainy season starts.
Therefore, it can be concluded that the SMECV and the SMVIC
data can outperform the SMERA and the SMNCEP reanalysis
data in the Yellow River basin when we consider their capacity
for describing the seasonal soil moisture dynamics.

The seasonal variations in different datasets are possible
to be consistent with each other in some areas or not
consistent in some other areas; that is to say, the degree of
their consistency may be different in space. To understand
this, we have computed the pixel-wise correlation coefficients
between the SMin situ data and the other four kinds of data,
respectively, using the climatological monthly values. We
note that although the correlation analysis is performed with
only nine pairs of temporal data points from each pixel, it is
informative of the agreement of their seasonal variations. The
spatial distribution of the derived correlation coefficients is
shown in Figure 4. The SMECV data is positively correlated
with the SMin situ data in most areas of the Yellow River basin
with correlation coefficients higher than 0.8 (Figure 4(a)),
suggesting significant consistency in terms of their seasonal
dynamics.
The SMVIC and the SMin-situ data show quite similar
spatial patterns with positive correlation coefficients higher
than 0.8 in most areas of the Yellow River basin (Figure 4(d)).
The SMERA reanalysis data shows also positive correlation
coefficients with the SMin situ data, which are higher than
0.8 in most areas (Figure 4(b)); the correlation coefficients
are relatively lower in the lower reach but still higher than
0.6. The SMNCEP reanalysis data performs rather poorer compared to the other datasets (Figure 4(c)). Positive correlation
coefficients higher than 0.6 appear only in limited area of the
Hetao Plain.
We can see from the above analysis that the SMECV and
SMVIC data outperform the SMERA and the SMNCEP reanalysis
data regarding their seasonal variations in most areas of the
Yellow River basin; this is particularly true for the SMNCEP
data. In these areas, the SMECV and the SMVIC data can be
reliably used to describe the seasonal soil moisture dynamics.
3.2. Interannual Variations. We then analyze the agreements
of interannual variations between in situ observations and
other datasets. Figure 5 shows the pixel-wise correlation coefficients between the SMin situ data and the SMECV , the SMERA ,
the SMNCEP , and the SMVIC data, respectively. The correlation
coefficients are computed from the annual average values
(data in winter season is not included) for the period of
1988–2010. For each pixel, there are 23 pairs of temporal data
points used for computing the correlation coefficient.
The interannual variations of the SMECV data appear
to agree very well with the SMin situ data in most areas of
the Yellow River basin, particularly in Shaanxi and Shanxi
provinces, where they show correlation coefficients higher
than 0.6 or even 0.8 (Figure 5(a)). The SMERA and the SMVIC
data show quite similar spatial patterns in terms of their
correlations with the SMin situ data. This indicates that the
SMECV , the SMERA , and the SMVIC data have comparable
interannual variations in Shaanxi and Shanxi provinces
which are in remarkable agreement with the SMin situ data.
The SMNCEP data performs the worst among these data. It
shows trivial correlations with the SMin situ data in most areas
of the Yellow River basin, with coefficients ranging between
−0.4 and 0.4. There are positive correlation coefficients only
in limited areas in the southern corner of the Yellow River
basin. Therefore, the SMNCEP data is likely to be incapable of
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Figure 4: The pixel-wise correlation coefficients of seasonal variations between SMin situ and (a) SMECV , (b) SMERA , (c) SMNCEP , and (d)
SMVIC , respectively, for the period of 1988–2010.
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Figure 5: The correlation coefficients of interannual variations between SMin situ and (a) SMECV , (b) SMERA , (c) SMNCEP , and (d) SMVIC in the
period of 1988–2010.
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Table 1: The correlation coefficients between SMin situ and SMECV ,
SMERA , SMNCEP , and SMVIC data, respectively, which are computed
from the annual time series shown in Figure 6. The asterisk indicates
that the correlation coefficient passes the significance test at 5% level.
SMECV
0.74∗

SMin situ

SMERA
0.50∗

SMNCEP
0.27

SMVIC
0.51∗

Table 2: The linear trends for annual time series during 1988–2010
as shown in Figure 6. They are expressed as the percentages (%) of
soil moisture changes per decade (10a) with relevance to their longterm mean values.
SMNCEP
0.10

SMVIC
−1.84

SMin situ
−7.12
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Figure 6: Interannual variations of annual soil moisture for the
period of 1988–2010, which are spatially averaged in the selected
study area as shown in Figure 1.

describing the interannual dynamics of soil moisture in the
Yellow River basin; on the contrary, the SMECV , the SMERA ,
and the SMNCEP datasets have much better performance in
this regard, especially in Shaanxi and Shanxi provinces.
We further show the interannual variations of annually
averaged soil moisture from different sources within the
squared area which is shown in Figure 1. The annual values
are derived from the spatially averaged soil moisture in each
year. The in situ data are averaged from records of seven
agrometeorological stations located in the squared area. The
derived interannual variations are shown in Figure 6. We have
also computed the correlation coefficients between the in situ
data and the other four datasets (SMECV , SMERA , SMNCEP , and
SMVIC ), the results of which are shown in Table 1. The linear
trend of each data is also computed and shown in Table 2.
It appears in Figure 6 that the interannual variations of
annual soil moisture from different datasets are principally
consistent with each other, except for the SMNCEP data. All
the SMin situ , the SMECV , the SMERA , and the SMVIC data
show quite similar alternating fluctuations between humid
and dry years, for example, the humid years with high soil
moisture values such as 1990, 1996, 1998, and 2003 as well
as the dry years with low soil moisture values such as 1991,
1995, 1997, 1999, and 2006. But the SMECV data appears to
be better consistent with the SMin situ data. As shown in

Table 3: The correlation coefficients between the SMin situ data and
the SMECV , the SMERA , the SMNCEP , and the SMVIC data, respectively.
They are computed from the seasonally averaged time series during
1988–2010 within the typical study region. The asterisk indicates that
the correlation coefficient passes the significance test at 5% level.

SMin situ /SMECV
SMin situ /SMERA
SMin situ /SMNCEP
SMin situ /SMVIC

Spring
0.76∗
0.69∗
0.48
0.66∗

Summer
0.76∗
0.60∗
0.25
0.60∗

Autumn
0.77∗
0.74∗
0.58∗
0.68∗

Table 4: The linear trends for seasonally averaged time series during
1988–2010 within the typical study region. They are expressed as
the percentages (%) of soil moisture changes per decade (10a) with
relevance to their long-term mean values.

SMECV
SMERA
SMNCEP
SMVIC
SMin situ

Spring
−10.18
−2.32
1.85
−4.77
−11.85

Summer
−13.07
−4.48
0.42
−2.81
−10.43

Autumn
0.59
1.16
0.02
2.29
−1.54

Table 1, the SMECV data is highly correlated with the SMin situ
data, showing a high correlation coefficient of 0.74. The
SMERA and the SMVIC data are also reasonably correlated with
the SMin situ data, with, however, much reduced correlation
coefficients of 0.50 and 0.51, respectively. The SMin situ data
shows an obvious downward trend with a rate of −7.12%/10a;
and the linear trend is particularly strong after 1996. This
indicates that the Yellow River basin has experienced a drying
trend in the recent warming climate. The SMECV data shows
almost the same drying trend with a rate of −7.20%/10a. There
are also slight drying trends in the SMERA and the SMVIC data
with respective rates of −1.69%/10a and −1.84%/10a, which are
much weaker than those of the SMin situ and the SMECV data.
To some extent, the SMNCEP data resembles some extreme
values in humid or dry years; however, it is rather weakly
correlated with the SMin situ data with a correlation coefficient
of 0.27. Furthermore, the SMNCEP data does not show a linear
trend as in the other data. It is thus addressed that the
SMNCEP data can reasonably describe neither the interannual
variations nor the drying trend in the recent decades in the
Yellow River basin.
To understand the interannual variations of different soil
moisture datasets, we have decomposed the above analysis
into spring, summer, and autumn, respectively. The seasonally averaged time series are plotted in Figure 7. The
correlation coefficients between the in situ data and the other
four kinds of data (SMECV , SMERA , SMNCEP , and SMVIC ) are
listed in Table 3; and the linear trends of each data are listed
in Table 4.
It appears in Figure 7(a) that the interannual soil moisture
variations in spring appear to be principally consistent with
each other except for the SMNCEP data, which is similar to
the annually averaged soil moisture. All data, including the

ECV
ERA
NCEP

VIC
in-situ

2010

2008

2006

2004

2002

2000

ECV
ERA
NCEP

VIC
in-situ

(a)

(b)

Soil moisture
(kg/kg × 100%)

19
17
16
15
14
13
12
11
10
9

ECV
ERA
NCEP

2010

2008

2006

2004

2002

2000

1998

1996

1994

1992

1990

30
28
26
24
22
20
18
1988

Soil moisture
(Ｇ3 /Ｇ3 × 100%)

1998

1996

1994

1992

1988

17
16
15
14
13
12
11
10

Soil moisture
(kg/kg × 100%)

30
28
26
24
22
20
18

2010

2008

2006

2004

2002

2000

1998

1996

1994

1992

1990

15
14
13
12
11
10
9

1990

Soil moisture
(kg/kg × 100%)

Soil moisture
(Ｇ3 /Ｇ3 × 100%)

9

26
24
22
20
18
16
14
1988

Soil moisture
(Ｇ3 /Ｇ3 × 100%)

Advances in Meteorology
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Figure 7: Interannual soil moisture variations in spring, summer, and autumn for the period of 1988–2010, which are spatially averaged in
the selected study area.

SMNCEP data, show the relative wet years such as 1993-1994,
1998, and 2002-2003 and the relative dry years such as 19921993 and 2000. The SMECV data appears to have the highest
correlation coefficient with the SMin situ data, indicating the
best consistency with the in situ observations. It is followed by
the SMERA and the SMVIC data, with correlation coefficients
of 0.69 and 0.66, respectively. The SMNCEP data shows a
largely reduced correlation coefficient of 0.48, which does
not pass the significance test at 5% level. The SMin situ data
shows a downward linear trend with a rate of −11.85%/10a,
indicating rapid drying of soil moisture in the recent decades.
The SMECV data appears to also have such a drying trend, with
a very comparable rate of −10.18%/10a. It is obvious that the
SMECV data can well resemble the drying trend of the SMin situ
data. There are also drying trends in the SMERA and the SMVIC
data, with, however, largely reduced rates of −2.32%/10a and
−4.77%/10a, respectively. Statistically, the SMNCEP data shows
an upward trend of 1.85%/10a, which is rather trivial.
As shown in Figure 7(b), the SMECV data is well consistent
with the SMin-situ data in summer. The correlation coefficient
between them is 0.76, which is the same as that in spring.
Both the SMERA and the SMVIC data have the same correlation
coefficients of 0.60 as the SMin situ data. These coefficients are
reasonably high but are relatively smaller than the coefficients
in spring season. As for the SMNCEP data, its correlation
coefficient with the SMin situ data is only 0.27, without passing
the significance test at 5% level. Both the SMECV and the
SMin situ data show strong drying trends, especially in the
years after 1996. For the whole period of 1988–2010, the
downward rate of the SMin situ data is −10.43%/10a, and that
for the SMECV data is −13.07%/10a. The SMERA and the SMVIC

data have slight downward trend with respective rate of
−4.48%/10a and −2.81%/10a. Similar to spring, the SMNCEP
data shows again a rather trivial upward trend of 0.42%/10a.
In autumn, it appears that all four data (SMECV , SMERA ,
SMNCEP , and SMVIC ) are in reasonably good agreement with
the SMin situ data. They all can show the relative wet years such
as 1992, 1996, 2001, 2003, and 2007, as well as the relative dry
years such as 1991, 1997–1999, and 2004–2006. It is found that
all the four kinds of data have higher correlation coefficients
with the SMin situ data than those in spring and summer. The
correlation coefficient between the SMECV and the SMin situ
data is 0.77; that for the SMERA data is 0.74 and that for the
SMVIC data is 0.68. As for the SMNCEP data, its correlation
coefficient with the SMin situ data reaches 0.58, which can
pass the significance test at 5% level. Contrary to those in
spring and summer, neither the SMin situ data nor the SMECV
data have clear linear trends in autumn; and the statistical
trends for the other three datasets are rather trivial. It can be
summarized to have linear trend in none of the studied data
in autumn.
To further compare and understand the changes of soil
moisture in response to the warming climate, we have computed the pixel-wise linear trends of the datasets of SMin situ ,
SMECV , SMERA , SMNCEP , and SMVIC in spring, summer,
and autumn, respectively. Their trends during the period of
1988–2010 are estimated using the Theil-Sen slope method
and expressed as percentage of changes for every 10 years
(10a) with respect to their respective long-term averages. The
derived linear trends in each season are shown in Figure 8.
For the SMin situ data (Figure 8, a1–3), there are obvious
downward trends in spring and summer throughout the
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Figure 8: Pixel-wise linear trends of interannual variation for SMin situ , SMECV , SMERA , SMNCEP , and SMVIC data in spring, summer, and
autumn, respectively, for the period of 1988–2010.

basin; these trends are particularly significant in the northern
areas. The downward trends can reach roughly −14%/10a
in Ningxia province and Hetao Plain. In autumn, there are
no significant downward trends in the basin except for the
limited area in northern part of Ningxia province, reaching
−10%/10a. The SMECV data shows also significant (Figure 8,
b1–3) downward trends in spring and summer. In spring,
the downward trends are pronounced in the northwest areas
of the basin, reaching around −12%/10a; in summer, the
downward trends are more significant than those in the
SMin situ data, reaching around 14%/10a throughout the basin.
In autumn, the SMECV data shows rather limited trends in the
basin.
For the SMERA data (Figure 8, c1–3), there are some visible
but limited trends in spring and summer. The most significant
trends appear in the southeast areas of the basin, where they
are about 6%/10a in spring and increase to about 8%/10a in
summer. In autumn, there are rather limited trends in the
SMERA data, similar to the SMin situ and the SMECV data. For
the SMNCEP data (Figure 8, d1–3), there are no significant

trends throughout the basin in all seasons, except for some
slight downward or upward ones in limited areas. The SMVIC
data (Figure 8, e1–3) shows significant downward trends
in spring and summer, especially in Ningxia and Shaanxi
provinces, with a downward rate of 6–8%/10a. In autumn,
there upward trends appear in the northern areas of Shaanxi
province, reaching about 6%/10a.
Obviously, among all the analyzed soil moisture datasets,
only the SMECV data shows significant downward trends,
especially in spring and summer, in most areas of the Yellow
River basin, which are rather consistent with the SMin situ
data regarding their spatial distributions and magnitudes.
The SMVIC data can also reflect the downward trends
with, however, largely reduced magnitudes compared to the
SMin situ and the SMECV data. In the other soil moisture
datasets, there are limited trends observed. This indicates that
the SMECV data, among all the analyzed data, best agrees
with SMin situ for describing linear trends in response to
the changing climate. The observed downward trend may
be reliable. Many studies have reported that precipitation

Advances in Meteorology
features a declining trend in the Yellow River basin in the
warming climate, while temperature features an increasing
trend [59, 60]. The increase in temperature leads to enhanced
evapotranspiration, and Zhang et al. [61] have reported an
increasing trend in the Yellow River basin. The increased
temperature and consequently increased evapotranspiration,
together with the declined precipitation, may have led to the
drying in soil.

4. Discussion
With the rapid development of remote sensing technology,
the use of satellite-derived soil moisture product is becoming
increasingly wider and deeper. Nevertheless, satellite-derived
soil moisture should be evaluated before being used in applications. Many previous studies evaluated the remote sensing
soil moisture products using in situ observations, which
showed that the passive microwave soil moisture products
generally are in good agreement with in situ observations in
sparsely vegetated regions but show relatively poor performance over densely vegetated regions [62, 63]. In this study,
we have, therefore, evaluated the SMECV product against in
situ observations as well as the data from reanalysis systems
and hydrological simulation for the period of 1988–2010
in the Yellow River basin, where it features a continental
climate. The results have demonstrated that the SMECV data
is remarkably capable of reflecting the seasonal and the interannual soil moisture variations as in the in situ observations.
The SMVIC data can describe the seasonal and interannual
soil moisture dynamics; however, there is a limitation for
it to describe the long-term changes. It is striking to find
that the SMERA and the SMNCEP reanalysis data are not
capable of describing the soil drying before rainy summer,
leading to an ill representation of the seasonal soil moisture
dynamics. Furthermore, they, especially the SMNCEP data,
to some extent, fail to reflect the interannual soil moisture
variations and the long-term trends, leading to rather reduced
value of this reanalysis data in the Yellow River basin. Our
findings are in close agreement with previous studies of soil
moisture validation. Wang et al. [35] validated the ECV soil
moisture data over cropland in the North China Plain during
1981–2010 and studied its relations with evapotranspiration,
precipitation, and vegetation index, showing that the ECV
soil moisture data could generally capture the seasonal soil
moisture dynamics. Su et al. [34] validated the ECV soil
moisture data by using in situ observations and river runoff
records in the Tarim River basin during 1988–2013; it was
demonstrated that the ECV soil moisture was consistent with
observations in terms of seasonal and interannual variations
and thus could well capture the dynamics of regional water
cycle. Zeng et al. [36] also found that the ECV soil moisture
data had a good correlation with in situ observations in terms
of temporal variations over the Tibetan Plateau. In addition,
we have also assessed the linear trends in the changing
climate for a better understanding of their responses in
the recent decades. SMECV data can well reflect the longterm soil drying trends among all the analyzed dataset with
the similar magnitude. This finding is also in accordance
with the climate change features in the Yellow River basin:
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precipitation shows a declining trend in the warming climate;
meanwhile temperature presents an increasing trend in the
recent decades [60], and the increasing temperature leads to
enhanced evapotranspiration [61]. The increasing temperature trend, together with the decreasing precipitation trend,
may have led to the drying soil moisture.
Soil moisture can promote the understanding of the
interactions between the land and atmosphere, which can
improve the ability of meteorological forecasts and seasonal
predictions of climate extremes like floods and droughts, as
well as heat waves. Studying soil moisture is also important
for the assessment of water resources security under the
condition of climate change. SMECV appears to perform the
best in the Yellow River basin among the analyzed data in
terms of the temporal variations from seasonal to interannual
time scales. However, we have not made validations of its
absolute magnitudes in this study; as Yin et al. [64] and Yan
et al. [65] suggested, further quality control and magnitude
adjustment are needed, for example, using assimilations
approach with land surface models. Apart from this, further
studies can also be conducted with focus on the sources of
uncertainties in both reanalysis products over Yellow River
basin.

5. Conclusion
In this paper, we have evaluated the SMECV data against
SMin situ data, as well as reanalysis data (SMERA and SMNCEP )
and model simulated data (SMVIC ) for the period of
1988–2010 in the Yellow River basin, considering their spatial
and temporal variations. Their trends are also evaluated for
a better understanding of the soil moisture response to the
changing climate in the recent decades.
In all the analyzed seasons, the SMECV data shows the
largest spatial variations that resemble the pattern of SMin situ
data with the driest areas located at Hetao Plain. It is
notable that the SMVIC data shows a rather similar spatial
pattern to the SMECV data; however, the magnitudes of its
spatial variations are not as large as the SMECV data; that
is, its dryness in Hetao Plain is less significant than that
in the SMECV data. As for the SMERA and the SMNECP
reanalysis data, the lowest soil moisture also appears in the
northern areas of Yellow River basin; however, their spatial
variations are significantly reduced compared to the other
datasets. Therefore, the used reanalysis data is not capable
of representing the spatial variations of soil moisture in this
study. We note that the coarse resolutions of the original
reanalysis data may be one reason for the reduced spatial
variations.
Considering the seasonal variations, the SMECV and the
SMVIC data are rather consistent with the SMin situ data, with
significant soil drying in spring due to increased evapotranspiration and significant soil wetting in summer due to
monsoonal precipitation. This is a clear indication that the
SMECV and the SMVIC data can well capture the seasonal
soil moisture dynamics in terms of the physical principals of
water balance over land. As for the SMERA and the SMNCEP
reanalysis data, their seasonal variations are, to some extent,
different from the SMin situ data as well as the SMECV and the
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SMVIC data. The SMERA and the SMNCEP data are capable
of showing the increased soil moisture in summer due
to monsoonal precipitation. However, they cannot capture
the soil drying before the rainy season of summer; this is
possibly because the reanalysis systems have underestimated
the land evapotranspiration before the rainy season and thus
cannot correctly reflect the seasonal soil moisture dynamics.
Therefore, it can be concluded that the SMECV and the SMVIC
data can outperform the SMERA and the SMNCEP reanalysis
data in the Yellow River basin when we consider their capacity
to describe the seasonal soil moisture dynamics.
Considering the interannual variations, the SMECV data
appear to agree very well with the SMin situ data in most areas
of the Yellow River basin, particularly in Shaanxi and Shanxi
provinces, where they show correlation coefficients higher
than 0.6 or even 0.8. The SMERA and the SMVIC data also show
correlation coefficients higher than 0.6, which are, although
to some extent, limited to the southern areas of the basin.
These facts have indicated that all the SMECV , the SMERA ,
and the SMVIC data can reflect the interannual soil moisture
variations in most areas of the basin. Contrarily, the SMNCEP
data shows rather limited correlations with the SMin situ data,
indicating the incapability of SMNCEP data for describing the
interannual variations in the basin.
The SMin situ data features significant soil drying trends in
Hetao Plain and the southern areas of the Yellow River basin
in spring and summer seasons, which is possibly because of
the increased temperature and reduced precipitation in the
warming climate. It appears that only the SMECV data can
well capture the soil drying trends among all the analyzed
datasets with magnitude of the same order. Although such
drying trends are also observed in the SMERA and the SMVIC
data, they appear in only limited areas of the basin and
their drying magnitudes are rather reduced. There are no
significant drying trends observed in the SMNCEP data. It is
obvious that the SMECV data significantly outperforms the
SMVIC data and the reanalysis data in describing the soil
moisture changes in response to the warming climate in the
Yellow River basin.
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