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Abstract: The uneven distribution of global navigation satellite system (GNSS) continuous stations in
the Yellow River Basin, combined with the sparse distribution of GNSS continuous stations in some
regions and the weak far-field load signals, poses challenges in using GNSS vertical displacement
data to invert terrestrial water storage changes (TWSCs). To achieve the inversion of water reserves
in the Yellow River Basin using unevenly distributed GNSS continuous station data, in this study,
we employed the Tikhonov regularization method to invert the terrestrial water storage (TWS) in
the Yellow River Basin using vertical displacement data from network engineering and the Crustal
Movement Observation Network of China (CMONOC) GNSS continuous stations from 2011 to 2022.
In addition, we applied an inverse distance weighting smoothing factor, which was designed to
account for the GNSS station distribution density, to smooth the inversion results. Consequently,
a gridded product of the TWS in the Yellow River Basin with a spatial resolution of 0.5 degrees
on a daily scale was obtained. To validate the effectiveness of the proposed method, a correlation
analysis was conducted between the inversion results and the daily TWS from the Global Land
Data Assimilation System (GLDAS), yielding a correlation coefficient of 0.68, indicating a strong
correlation, which verifies the effectiveness of the method proposed in this paper. Based on the
inversion results, we analyzed the spatial–temporal distribution trends and patterns in the Yellow
River Basin and found that the average TWS decreased at a rate of 0.027 mm/d from 2011 to
2017, and then increased at a rate of 0.010 mm/d from 2017 to 2022. The TWS decreased from
the lower-middle to lower reaches, while it increased from the upper-middle to upper reaches.
Furthermore, an attribution analysis of the terrestrial water storage changes in the Yellow River Basin
was conducted, and the correlation coefficients between the monthly average water storage changes
inverted from the results and the monthly average precipitation, evapotranspiration, and surface
temperature (AvgSurfT) from the GLDAS were 0.63, −0.65, and −0.69, respectively. This indicates
that precipitation, evapotranspiration, and surface temperature were significant factors affecting the
TWSCs in the Yellow River Basin.

Keywords: GNSS; vertical displacement; Yellow River Basin; terrestrial water storage changes;
attribution analysis

1. Introduction

The Yellow River, also known as the Mother River of China, plays a pivotal role in
maintaining the stability of the ecosystem and supporting economic and social develop-
ment [1]. However, the Yellow River Basin faces severe water scarcity, uneven spatial
distribution of water, and frequent occurrences of floods and droughts. Therefore, study-
ing the spatial and temporal distribution patterns of the terrestrial water storage (TWS)
in the Yellow River Basin can provide scientific evidence for the rational management
and regulation of water resources, as well as the prevention and control of flood and
drought disasters.
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Changes in the TWS can cause variations in the Earth’s gravitational field and surface
deformation, due to load changes, thus enabling the inversion of TWS changes via the
monitoring of the changes in the gravity field and surface deformation [2]. In March
2002, the successful launch of the Gravity Recovery and Climate Experiment (GRACE)
satellite promoted the development of large-scale water storage monitoring technology.
Some scholars have successfully applied GRACE/GRACE-follow-on (FO) data to monitor
TWSCs globally, including in Europe, North and South America, and the northeastern part
of Australia [3,4]. Other scholars have used GRACE data to invert the terrestrial water
storage in the Yellow River Basin. Shengnan et al. used the GRACE data of 2002–2011
to invert the 10-year TWS changes in the Yellow River Basin and found that the TWS in
the basin exhibited fluctuations in spring, the most significant changes in autumn, and
clear seasonal and annual patterns [5]. Ding et al. used GRACE data from 2005–2010 to
invert the 5-year TWSCs in the Yellow River Basin and identified annual variations with
a wet and dry cycle period of 2.37 a [6]. Xie et al. utilized GRACE data from 2003–2015
to invert the 13-year TWSCs in the Yellow River Basin and concluded that the upstream
region exhibited an overall decreasing trend, with distinct seasonal characteristics, and the
changes were greater in autumn than those observed in spring [7]. Zhao et al. analyzed
GRACE data from 2002–2018 to invert the 17-year TWSCs in the Yellow River Basin and
found that the TWS decreased at a rate of 2.65 ± 0.8 mm equivalent water column height
per year [8]. Xie et al. employed GRACE/GRACE-FO data from 2004–2021 to invert the
18-year TWSCs in the Yellow River Basin and concluded that the TWS decreased at a rate
of 0.56 cm/a, exhibiting a seasonal periodicity of surplus in summer and autumn and
deficit in spring and winter [9]. Although existing studies have successfully inverted the
TWS in the Yellow River Basin using GRACE/GRACE-FO and have analyzed its change
trends and distribution characteristics, the spatial resolution of GRACE/GRACE-FO data is
limited to a maximum of 0.5 degrees, and the temporal resolution is of 1 month. In addition,
issues such as north–south stripe noise, signal leakage, and missing data for some months
pose limitations in inverting the TWS in the Yellow River Basin using GRACE/GRACE-FO
data [10,11].

The continuous global navigation satellite system (GNSS) station data include surface
deformation at the millimeter level and are sensitive to mass load changes within approx-
imately 100 km of the station [12]. Compared with using GRACE/GRACE-FO data for
water storage inversion, these data are more suitable for inverting TWSCs at the regional
or basin scale [13,14]. Davis et al. were the first to identify the strong correlation between
the terrestrial water load deformation in the Amazon Basin and the time series of global
positioning system (GPS) coordinate displacement [15]. Wahr et al. pioneered the use
of GNSS horizontal and vertical displacements to analyze the mass changes in two large
outlet glaciers in southeastern Greenland and inverted the water level changes in Shasta
Lake [16]. Argus et al. inverted and validated the effectiveness of using GPS continuous
station data to estimate the TWS in California, USA, with a temporal resolution of 1 day
and a spatial resolution of 50 km [17]. Heki et al. found that the seasonal and periodic
patterns of dense GPS continuous data for Japan were strongly correlated with changes
in the snow, reservoir storage, atmospheric loading, and soil moisture and concluded that
GPS continuous data can be applied to invert TWSCs [18]. Jiang et al. achieved good
results by inverting TWSCs in Yunnan Province using data for 55 GNSS continuous stations
and utilizing the principal component analysis method [19,20]. The above studies, which
inverted TWSCs using dense GNSS vertical displacement data, achieved good inversion
results. However, in areas with an uneven distribution of GNSS stations, especially in
regions with a sparse station distribution, it is difficult to achieve reliable TWSC inversion
based on GNSS vertical displacement data [21]. Zhong et al. used GNSS to invert the
TWSCs in southwestern China, analyzed the impact of different station distributions on the
GNSS inversion results, and reported the uncertainty of the inversion accuracy in sparse
areas [22]. In regions with uneven GNSS station distributions, most studies have improved
the reliability of the inversion results at the edges and sparse station distribution areas
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of the study area by constructing different Laplacian matrices and introducing optimal
regularization parameters. However, these methods do not consider the differences in the
load deformation signals in regions with different distribution densities, and the use of a
single optimal regularization parameter can lead to issues such as excessive smoothing in
areas with a dense station distribution and insufficient smoothing in areas with a sparse
station distribution [2,21,23]. Currently, more than 70 GNSS continuous stations are located
near the Yellow River Basin, with an average spacing of about 120 km, providing the basic
conditions for inverting the water storage in the Yellow River Basin using GNSS continuous
stations. However, the uneven distribution of the GNSS continuous stations in the Yellow
River Basin, that is, fewer stations in some areas, results in weak load deformation signals
from far-field loads, making it difficult to invert the TWSCs in the Yellow River Basin using
vertical displacement data from the GNSS stations.

To realize the daily TWSC inversion in the Yellow River Basin using the vertical dis-
placement data from GNSS stations, in this study, we obtained vertical displacement change
data from 2011–2022 from 70 GNSS continuous stations within and near the Yellow River
Basin from the Eastern Geophysical Service Center. The Tikhonov regularization method
was adopted to invert the TWSCs in the Yellow River Basin. An inverse distance-weighted
smoothing parameter that considers the density of the GNSS stations was designed to
weigh and smooth the inversion results. This approach enabled the inversion of the spa-
tiotemporal distribution changes in the TWS in the Yellow River Basin over the past 12 years
using unevenly distributed GNSS vertical displacement data. The spatial resolution of the
inversion was 0.5 degrees, and the temporal resolution was 1 day.

2. Materials
2.1. Overview of the Study Area

The Yellow River is located between 32◦ N and 42◦ N and between 96◦ E and
119◦ E. It flows through nine provinces and regions in northern China. It has a total
length of approximately 5464 km and a drainage area of 795,000 km2 [24]. The climate
in the Yellow River Basin can be divided into the following three zones: arid, semi-arid,
and semi-humid. Summer and autumn are the wet periods, and spring and winter are the
dry periods. The annual average precipitation ranges from 300 to 850 mm, and the annual
water surface evaporation ranges from 1300 to 1600 mm [25,26]. Based on natural factors
such as topography, geomorphology, and hydrology, the Yellow River can be divided
into the following three sections: the upper, middle, and lower reaches. The upper and
middle reaches are separated by Hekou, in Tuoketuo County, Inner Mongolia, while the
middle and lower reaches are separated by the Taohuayu Garden Mouth in Zhengzhou,
Henan Province. The upper reaches contain a vast area with less precipitation, resulting
in relatively stable runoff, and the surface water accounts for about 70% of the total area.
The middle reaches experience frequent heavy rainfall and intense precipitation, and the
surface water accounts for approximately 20% of the area. The area of the lower reaches is
narrow, and the surface water accounts for roughly 10% of the total area [27]. An overview
map of the study area is shown in Figure 1.

2.2. Selection of Experimental Data

The vertical displacement data from the GNSS continuous stations used to retrieve
the water storage information were obtained from the Eastern Crustal Deformation Data
Center (https://www.eqdsc.com ( accessed on 5 March 2024)), and the boundary of the
Yellow River Basin was extended by 1 degree. Time series data of the vertical displacements
from 70 GNSS continuous stations were acquired. The spatial distribution of these stations
is shown in Figure 2.

The average distance between consecutive GNSS stations was 118 km, with minimum
and maximum distances of 43 and 267 km, respectively (Figure 3). This was particularly
noticeable in the northern part of the upper and middle reaches, where the distribution of
the stations was extremely sparse. This affected the accuracy of the inversion.

https://www.eqdsc.com
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Using the land water processing, evapotranspiration, and surface temperature from
the global land surface data assimilation system (GLDAS) for comparison and verification
data, a daily dataset with a resolution of 0.1 degrees from 90◦ E to 120◦ E and from 30◦ N to
42◦ N was obtained from the system developed jointly by the National Aeronautics and
Space Administration (NASA) Goddard Space Flight Center and the National Oceanic and
Atmospheric Administration (NOAA) Environmental Prediction Center (https://disc.gsfc.
nasa.gov accessed on 11 March 2024) during the study period.

2.3. Preprocessing of Experimental Data

The vertical displacement data from the GNSS continuous stations included problems
such as gross observation errors caused by external interference, steps caused by seismic
activity, and data gaps caused by equipment failure. Before inverting the equivalent water
height (EWH), it was necessary to remove the gross errors, repair the step point data, and
fit the missing data [28–30].

The data preprocessing steps were as follows: step data detection and repair, ob-
servation gross error removal, and fitting of the missing data. In the experiment, the L1
regularization method (also known as Lasso regularization), which is a technique that
adds the L1 norm of the weights as a penalty term to the model’s loss function to control
the complexity of the model and avoid overfitting, was used. The principle is expressed
in the formula as follows: L(L1) = Ldata + λ∑n

i=1|ωi|, where L(L1) is the regularized loss
function, Ldata represents the data loss of the model, λ is the regularization parameter,
and |ωi| represents the absolute value of the model’s weights. Reference [28] was used to
perform discontinuity detection on the data (Figure 4a) to obtain the locations of offset steps
and then to repair the step points (Figure 4b). The gross observation error was addressed
using the quartile range (IQR) outlier detection method to detect and remove the abnormal
data points in the vertical displacement dataset from the measurement stations one by
one (Figure 4c). Finally, using the Kalman filter method, interpolation was conducted to
supplement the missing data (Figure 4d).
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the offset points. (c) Vertical displacement change data after eliminating the gross errors. (d) Vertical
displacement change data after interpolation and supplementation.

3. Methods
3.1. Load Green’s Function Theory

The flow of liquids causes elastic deformation of the Earth’s crust, due to changes in the
loading, which can be described using elastic loading theory. Among these deformations,
vertical elastic deformation is the most sensitive to changes in the loading mass [31,32].
Vertical deformation can be expressed as the convolution of the mass loading and the
vertical displacement Green’s function.

The formula is given as follows:

U(φ) =
∆M × R

Me

∞

∑
l=0

hl Pl(cos φ), (1)

where U(φ) is the vertical deformation; ∆M is the loading mass; Me is the mass of the Earth;
R is the radius of the Earth; hl is the load Love numbers; Pl is the Legendre polynomials of
order l; and φ is the angular distance between the loading point and the observation station.

Based on this, the relationship between the GNSS vertical displacement and the TWSC
can be derived as follows:

y = Gx + e, e ∼ σ2 I, (2)

where y is the observed value of the GNSS vertical displacement, G is the design matrix of
Green’s function, x is the unknown vector of the TWSC (usually expressed as the EWH),
e is the residual error of observation y, σ2 is the variance of observation y, and I is the
corresponding unit matrix.

3.2. Method for Solving for the Equivalent Water Height

The inversion of the water storage within a region using GNSS vertical displacement
observations, which is similar to other geophysical models, belongs to the category of
discrete ill-posed problems [33]. To obtain a stable solution, appropriate methods need to
be adopted. Tikhonov regularization is the most commonly used method [34]. Tikhonov
regularization utilizes a regularization constraint matrix to reduce the ill-posedness of
the normal equation matrix GTG, thereby improving the stability of the solution results,
as follows:

∥Gx − u∥2 + a2∥Lx∥2 = min, (3)

where L is the regularization smoothing matrix (the Laplacian balancing matrix is commonly
used); a is the regularization parameter, which is often determined via generalized cross-
validation; and ∥·∥ is the L2 norm. The single-epoch estimate of the TWS changes is
determined using the following equation:

x = (GTG + σ2a2LT L)
−1

GTy. (4)

When solving this for the EWH using time-series observed vertical displacement
data from stations within the study area, the principal-component-analysis-based method
(PCAIM) can be employed, which improves the computational efficiency [20]. This method
decomposes the vertical displacement data into multiple principal components and then
retrieves the corresponding EWH for each component. Finally, the corresponding final
EWH for each station is obtained via linear combination, avoiding the need to estimate
each period separately.

3.3. Key Issues in Inverting the EWH

According to Equation (4), the inversion of the EWH using GNSS data requires the
selection of an appropriate Green’s function design matrix, a regularization smoothing ma-
trix, and a smoothing factor. In addition, the inversion resolution determines the accuracy



Water 2024, 16, 1919 7 of 18

of the inversion. Therefore, three key issues in inverting the EWH are determining an ap-
propriate Green’s function design matrix for the study area, determining the regularization
smoothing matrix, and selecting a suitable EWH resolution.

3.3.1. Determination of Green’s Function Design Matrix

Green’s function design matrix reflects the degree of elastic deformation response of
the Earth model in the study area to load changes. Its determination requires calculations
based on an Earth model suitable for the study area. Currently, one-dimensional Earth
models are commonly used to calculate the displacement of mass loads. According to
the research conducted by Li et al., who investigated the effects of different load models
on load displacement in mainland China, the preliminary reference Earth model (PREM)
yields better results [35]. Therefore, in this study, the PREM, which is more suitable for the
Chinese region, was selected as the Earth model for the EWH inversion in the experiment.

Figure 5 depicts the principle of how a load point responds to nearby grid points.
Assuming that the load at point M has a radius of r, longitude of λ, and latitude of θ,
Green’s function coefficient G, which represents the vertical deformation response of the
load point to neighboring points, can be expressed as follows:

Gi,j =
kmax

∑
k=1

(u(φ))ρR2 sin λdθ

u(φ) =
R
M

[
N
∑

n=0

(
h′ − h′∞ − h′∞

n

)
Pn(cos φ) + h′∞

1
2 sin φ/2

− h′′
∞ ln(sin φ/2 + sin2 φ/2)

] (5)

where Gi,j is Green’s function coefficient for the grid point in the ith row and jth column; k
is the number of grid points; ρ is the density of the load body; R is the radius of the Earth; M
is the mass of the Earth; u(φ) is the vertical displacement caused by the point load; n and N
are the order numbers in the Earth model; and h′, h′∞, and h′′

∞ are the vertical displacement
coefficients and the first- and second-order derivatives of the ∞-order h in the PREM.
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3.3.2. Determination of Regularized Smoothing Matrix and Smoothing Factor

The regularized smoothing matrix and smoothing factor can achieve noise suppression,
and selecting an appropriate smoothing method can improve the effect and accuracy of the
inversion. The Laplace smoothing matrix is a commonly used smoothing matrix. In this

paper, an L4 Laplacian matrix L4 =

0 1 0
1 −4 1
0 1 0

 is selected for the internal research area
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regularized smoothing matrix kernel, while an L2 Laplacian matrix L2 =
[
1 −2 1

]
is

chosen for the boundary points. The smoothing factor determines the degree of roughness
of the inversion results and the fit with the data accuracy. Given the uneven distribution of
the GNSS stations in the study area, it is not suitable to adopt a unified smoothing factor.

For regions with a sparse GNSS station distribution, it is necessary to increase the
weight of the smoothing factor to achieve better inversion results. In this paper, the selected
basic smoothing factor (set as a) is taken as the minimum threshold for the smoothing
factor. When the grid with the shortest distances (set as s) to a GNSS continuous station
exceeds the mode (set as p), if the number of GNSS stations within a range of 100 km from
a grid node (where the load deformation response is sensitive within this range [12,13])
is denoted as n, and the maximum value of n is set as N, an inverse distance weighting
method that considers the density of the GNSS stations is used to weight the smoothing
factor (set as q), thereby increasing the weight of the smoothing factor in the regions with a
sparse GNSS station distribution. This can be expressed as follows:

q = max(max(
N
n

, 1)× s
p
× a, a). (6)

3.3.3. Determination of EWH Resolution

The spatial resolution and reliability of the inverted EWH are correlated with the
distribution of GNSS observation stations within the study area. The effectiveness of the
inversion can be assessed using a checkerboard test. This method divides the study area
into regular grids (checkerboard cells) and defines an ideal signal model, in which each cell
consists of multiple minimum resolution squares representing a test point. Then, based on
the actual observation data from the stations, an inversion model is generated at the grid
points. The effect of the inversion is evaluated based on the similarity between the inverted
model and the ideal model.

3.4. Methods of Verifying the Inversion Results
Common verification methods for water storage inversion include Pearson correlation

coefficient analysis of time series data, error analysis, Nash–Sutcliffe efficiency (NSE)
analysis, spatial distribution characteristics of amplitude and change rate, etc. Since this
paper focuses on the inversion of daily changes in water storage, rather than the true value
of water storage, we chose the commonly used Pearson correlation method when using the
GLDAS true water storage values to validate our inverted time series data of water storage
changes. In this paper, the inverted water storage data are denoted as xGNSS_EWH , and
the water storage data from the GLDAS data are denoted as yGLDAS_TWS. The correlation
coefficient R is calculated as follows:

∑n
i=1 (xGNSS_EWH − x̃GNSS_EWH)(yGLDAS_TWS − ỹGLDAS_TWS)/(n − 1)√

∑n
i=1 (xGNSS_EWH − x̃GNSS_EWH)2/(n − 1)·

√
∑n

i=1 (yGLDAS_TWS − ỹGLDAS_TWS)
2/(n − 1)

, (7)

where n is the total number of data points, x̃GNSS_EWH is the average value of xGNSS_EWH ,
and ỹGLDAS_TWS is the average value of yGLDAS_TWS.

To evaluate the strength of the correlation, we utilize the correlation coefficient grad-
ing method proposed by Cohen (Table 1) to qualitatively evaluate the correlation of the
inversion results [36].

Table 1. Correlation level classification.

Degree No Correlation Weak Correlation Moderate Correlation Strong Correlation

PCC 0–0.1 0.1–0.3 0.3–0.5 0.5–1
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4. Results
4.1. Experiments on Key Issues of Inversion
4.1.1. Determination of Vertical Displacement Response Coefficients of Load Green’s Function

In this experiment, utilizing the vertical displacement of the PREM, the vertical dis-
placement response coefficients of the load Green’s function for 70 stations utilized as point
load sources for 1145 0.5◦ grid points covering the entire study area were iteratively solved
up to 2000 orders. The cumulative sum of the coefficients for each grid point is visualized
in Figure 6.
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4.1.2. Determination of Regularization Smoothing Matrix and Smoothing Factor

In this experimental study, three sets of varying factors, namely, [0.001, 0.001, 0.006],
[0.008, 0.003, 0.017], and [0.020, 0.05, 0.040], were initially selected, which can make the
result present in the shape of an L-curve, enabling us to find the slowly changing turning
points, i.e., the optimal smoothing factor. Using the generalized cross-validation (GCV)
method, each smoothing factor is validated by rotating each of the 70 stations to serve as a
sample value, testing the inversion results of the remaining 69 stations. This means that
each smoothing factor undergoes 70 rounds of spot checks and comparisons. By examining
the relationship between the sum of the squared residuals (between the inversion values
and predicted values) and the smoothing factor, a basic smoothing factor can be identified.
According to the experiments (Figure 7), when the basic smoothing factor was set to 0.008,
the root mean square error tended to stabilize as the smoothing factor increased, resulting
in a better smoothing effect in the Yellow River Basin.
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4.1.3. Determination of EWH Resolution

In this experimental study, a checkerboard grid with a size of 8a × 8a was used to
conduct the partitioning, where ‘a’ represents the selected spatial resolution for retrieving
the EWH. Using the checkerboard detection method, it was found that, when the spatial
resolution of the retrieved EWH was 0.25◦, the similarity between the retrieved model
and the ideal model was low. However, when the spatial resolution of the retrieved EWH
reached 0.5◦, the shape similarity between the ideal model and the retrieved model was
high, achieving a better retrieval effect (Figure 8). Therefore, the spatial resolution of the
retrieved water storage product in this experiment was determined to be 0.5◦.
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4.2. Verification of Inversion Results

To verify the reliability of the inversion results, we conducted Pearson correlation
coefficient (PCC) verification and evaluation on the daily average EWH temporal variation
data for the Yellow River Basin, inverted using the daily water storage data from GLDAS.
In addition, a spatial distribution map of the correlation coefficient between the inversion
results and the GLDAS water storage dataset was plotted.

4.2.1. PCC Correlation Verification

Considering that the inversion in this paper is a product of daily water storage changes,
rather than the true value of water storage, the conventional nonlinear regression with a
non-zero intercept was selected to fit the inversion result GNSS_EWH and the true value
GLDAS_TWS. The R obtained using this method was the PCC correlation coefficient. Based
on the results of the linear fitting experiments, the correlation coefficient between the daily
average equivalent water height changes inverted from the GNSS data for the past 12 years
and the daily water storage data from GLDAS was 0.68 (Figure 9). According to Cohen’s
classification of the correlation level, the inversion results have a strong correlation.
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two data sets.

4.2.2. Verification of Spatial Distribution Characteristics of the GNSS_EWH

(1) Verification of spatial distribution of correlation

The spatial distribution map of the GNSS_EWH amplitude reflects the distribution
of the terrestrial water storage change characteristics. The PCC method was utilized to
calculate the PCC between the GNSS_EWH and GLDAS_TWS at each grid point within
the study area using MATLAB2021a, and the correlation levels were classified accordingly.
The proportions of the grid points with strong, moderate, weak, and no correlation were
58.4%, 26.4%, 14.6%, and 0.6%, respectively. As can be seen from Figure 10, drawn using
ARCpro3.0.1 the grid points with weak correlations were located in areas with extremely
sparse GNSS observation stations, while the individual grid points with no correlation
were distributed in the marginal areas (Figure 10).

(2) Verification of Spatial Distribution Characteristics of Amplitudes
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The spatial distribution map of the GNSS_EWH amplitudes in the Yellow River Basin
over the past 12 years (Figure 11), which was made using MATLAB2021a, shows that the
amplitudes of the water storage in the middle and lower reaches of the Yellow River Basin
were larger (greater than 100 mm), while the amplitudes in the upper and middle reaches
were smaller (less than 50 mm). This distribution pattern of the amplitudes is generally
consistent with the spatial distribution characteristics of the GLDAS_TWS (Figure 12),
which was made using MATLAB2021a. It should be noted that, due to the influences
of various external factors on the signals retrieved from GNSS, the amplitudes of the
GNSS_EWH tend to be significantly larger than those of the GLDAS_TWS. In order to better
compare the spatial distribution of the amplitudes, the amplitudes of the GLDAS_TWS
were doubled in this study.

(3) Verification of Spatial Distribution Characteristics of the Rate of Change
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The rate of change reflects the trend of the water storage variations. In this study, we
first calculated the change rate using MATLAB2021a, and then created a rate of change
map of the GNSS_EWH retrieved in the Yellow River Basin over the past 12 years using
ARCpro3.0.1 and compared it with a map of the rate of change in the GLDAS_TWS. As can
be seen from Figure 13, the water storage in the upper and upper-middle reaches of the
Yellow River Basin exhibited an increasing trend, while that in the lower-middle and lower
reaches exhibited a decreasing trend. This is generally consistent with the trend of the rate
of change in the GLDAS_TWS (Figure 14).
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From the comparison results of the spatial correlation grade distribution shown on the
map, the amplitude distribution characteristics, and the rate of change map, it was found
that the GNSS_EWH retrieved in this study has good credibility.

5. Discussion

After verifying the credibility of the inversion results, we analyzed the temporal
variations in the GNNS_EWH, including an analysis of the trends and periodicity of the
water storage changes in the Yellow River Basin, such as the annual water storage change
trends and monthly variation patterns. In addition, an attribution analysis of the water
storage changes in the Yellow River Basin was conducted.

5.1. Trends and Periodicity Analysis of Water Storage Changes in the Yellow River Basin

We used Origin2021 to create a time series plot of water storage and conducted a
trend analysis based on this water storage time series. The water storage in the Yellow
River Basin exhibited an overall decreasing trend during 2011–2022 (Figure 15), which
was consistent with the trend observed in the GLDAS_TWS. The rate of decrease was
0.0049 mm/d, which was 0.0021 mm/d faster than that of the GLDAS_TWS. As can be
seen from the segmented fitting plot of the EWH variations over time (Figure 16), the water
storage decreased at a rate of 0.027 mm/d during 2011–2017 and increased at a rate of
0.010 mm/d during 2017–2022. In addition, the months with the highest water storage in
the Yellow River Basin were concentrated from September to November, while the months
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with the lowest water storage were concentrated from June to August. These trends are
generally consistent with those reported in previous studies that used GRACE data in the
Yellow River Basin. However, our methodology provides the daily variations in water
storage, allowing for the retrieval of more detailed information about the water storage
changes in the Yellow River Basin. For instance, there was a sudden peak in water storage
from February to April each year, which may have been related to the increased water
storage resulting from the melting of ice in the upstream area.
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5.2. Attribution Analysis of Water Storage Changes in the Yellow River Basin

In this study, a correlation analysis was performed on precipitation, evapotranspi-
ration, and surface temperature data, which are factors related to water storage changes.
In addition, a comparative plot of the retrieved EWH, precipitation, evapotranspiration,
and surface temperature over time was created. The phenomena identified using the
correlation analysis, as well as the time series data plot, which was made using Python3.8,
are discussed below, as follows:

(1) According to the model of the hydrological cycle, precipitation replenishes the
terrestrial water storage and is the primary reason for the increase in the TWS. The water
storage gradually increases after precipitation, but there is a lag effect. By calculating
and plotting the correlation coefficient between the monthly average precipitation and the
monthly average water storage when considering different lag times, it was found that the
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correlation coefficient between the water storage and the precipitation reached a maximum
of 0.63 for a lag time of three months after precipitation (Figure 17). This indicates that
the retrieved GNSS_EWH was strongly correlated with precipitation, and there was a
three-month lag in the changes in water storage relative to the occurrence of precipitation.

Water 2024, 16, x FOR PEER REVIEW 16 of 20 
 

 

(1) According to the model of the hydrological cycle, precipitation replenishes the ter-
restrial water storage and is the primary reason for the increase in the TWS. The water stor-
age gradually increases after precipitation, but there is a lag effect. By calculating and plot-
ting the correlation coefficient between the monthly average precipitation and the monthly 
average water storage when considering different lag times, it was found that the correlation 
coefficient between the water storage and the precipitation reached a maximum of 0.63 for 
a lag time of three months after precipitation (Figure 17). This indicates that the retrieved 
GNSS_EWH was strongly correlated with precipitation, and there was a three-month lag in 
the changes in water storage relative to the occurrence of precipitation. 

 
Figure 17. Results of the cross-correlation analysis between the monthly precipitation and the 
GNSS_EWH. 

(2) Evapotranspiration leads to a gradual decrease in water storage, and the larger 
the water storage, the greater the amount of evapotranspiration. By shifting the retrieved 
GNSS_EWH back one month, the correlation coefficient with evapotranspiration reached 
a maximum of −0.65 (Figure 18), indicating that there was a strong negative correlation 
between the GNSS_EWH and evapotranspiration. This suggests that the decrease in water 
storage in the Yellow River Basin was significantly influenced by evapotranspiration. 

 
Figure 18. Results of the cross-correlation analysis between the monthly evapotranspiration and the 
GNSS_EWH. 

Figure 17. Results of the cross-correlation analysis between the monthly precipitation and the
GNSS_EWH.

(2) Evapotranspiration leads to a gradual decrease in water storage, and the larger
the water storage, the greater the amount of evapotranspiration. By shifting the retrieved
GNSS_EWH back one month, the correlation coefficient with evapotranspiration reached
a maximum of −0.65 (Figure 18), indicating that there was a strong negative correlation
between the GNSS_EWH and evapotranspiration. This suggests that the decrease in water
storage in the Yellow River Basin was significantly influenced by evapotranspiration.
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(3) Temperature changes affect the water cycle. In this study, a time series plot of
the GNSS_EWH and average surface temperature was created (Figure 19), and a linear
fit of the daily variations over the past 12 years was obtained. The rate of change in the
temperature over the past 12 years was 0.0003 ◦C/d, i.e., an increasing trend, which was
inversely correlated with the rate of change in the water storage (−0.0049 mm/d) retrieved
using the GNSS_EWH. This suggests that, as the temperature increased, the water storage
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decreased. In addition, the correlation between the temperature and the water storage was
analyzed (Figure 20), and the maximum correlation coefficient between the temperature
and the water storage reached −0.69 when the water storage was shifted back by two
months, indicating a strong correlation.
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6. Conclusions

In this study, we developed a new method for estimating the water storage changes in
the Yellow River Basin using vertical displacement data from GNSS continuous stations.
Based on the inversion results, we explored the impacts of factors such as rainfall, evapo-
transpiration, and surface temperature on the changes in the water storage in the Yellow
River Basin. The conclusions of this study are as follows:

(1) In the Yellow River Basin, where GNSS stations are unevenly distributed, the proposed
method can effectively derive daily water storage products with a spatial resolution of
0.5◦. The inverse distance weighted smoothing method designed in this study takes
into account the density of the GNSS stations near the grid points and the distance
between the grid points and the GNSS stations, and it adjusts the smoothing factor
to emphasize the influences of near-field signals on far-field signals. This method
enabled the inversion of the water storage changes in the Yellow River Basin during
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the past 12 years using vertical displacement data from the unevenly distributed
GNSS stations. Experimental validation confirmed the reliability of the results.

(2) Compared with water storage products derived from GRACE, the spatial resolution
of the water storage products for the Yellow River Basin estimated in this study did
not improve, but the temporal resolution was significantly improved from monthly to
daily. The analysis of the water storage products estimated in this study revealed that
the TWS in the Yellow River Basin exhibited an overall decreasing trend, and it was
correlated with the changes in rainfall, evapotranspiration, and surface temperature.
The trend analysis of the GNSS_EWH revealed that the water storage in the Yellow
River Basin decreased at a rate of 0.027 mm/day from 2011 to 2017 and increased
at a rate of 0.010 mm/day from 2017 to 2022, with an overall rate of decrease of
0.0049 mm/day during the last 12 years. Moreover, the map of the annual values in
the Yellow River Basin showed that the water storage decreased in the lower-middle
and lower reaches and increased in the upper and upper-middle reaches over the past
12 years. The correlation analysis between the estimated water storage in the Yellow
River Basin and the rainfall, evapotranspiration, and surface temperature data from
GLDAS indicates that there were strong correlations, suggesting that these factors
were significant drivers of the water storage changes in the Yellow River Basin.
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