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Abstract: A quantitative understanding of changes in water resources is crucial for local governments
to enable timely decision-making to maintain water security. Here, we quantified natural-and human-
induced influences on the terrestrial water storage change (TWSC) in Sichuan, Southwest China, with
intensive water consumption and climate variability, based on the data from the Gravity Recovery and
Climate Experiment (GRACE) and its Follow-on (GRACE-FO) during 2003–2020. We combined the
TWSC estimates derived from six GRACE/GRACE-FO solutions based on the uncertainties of each
solution estimated from the generalized three-cornered hat method. Metrics of correlation coefficient
and contribution rate (CR) were used to evaluate the influence of precipitation, evapotranspiration,
runoff, reservoir storage, and total water consumption on TWSC in the entire region and its five
economic regions. The results showed that a significant improvement in the fused TWSC was found
compared to those derived from a single model. The increase in regional water storage with a rate
of 3.83 ± 0.54 mm/a was more influenced by natural factors (CR was 53.17%) compared to human
influence (CR was 46.83%). Among the factors, the contribution of reservoir storage was the largest
(CR was 42.32%) due to the rapid increase in hydropower stations, followed by precipitation (CR
was 35.16%), evapotranspiration (CR was 15.86%), total water consumption (CR was 4.51%), and
runoff (CR was 2.15%). Among the five economic regions, natural influence on Chengdu Plain was
the highest (CR was 48.21%), while human influence in Northwest Sichuan was the largest (CR was
61.37%). The highest CR of reservoir storage to TWSC was in Northwest Sichuan (61.11%), while the
highest CRs of precipitation (35.16%) and evapotranspiration (15.86%) were both in PanXi region.
The results suggest that TWSC in Sichuan is affected by natural factors and intense human activities,
in particular, the effect of reservoir storage on TWSC is very significant. Our study results can provide
beneficial help for the management and assessment of regional water resources.

Keywords: GRACE/GRACE-FO; natural factors; human activities; Sichuan; three-cornered hat method

1. Introduction

Water sources should have sufficient quantity to meet the specific needs of a certain
place in a period of time [1]. Freshwater resources on Earth that humans can use are
mainly terrestrial water storage (TWS) including surface water storage (such as runoff, lake,
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wetlands, reservoirs, etc.), soil moisture, groundwater, glacier snow, and vegetation canopy
water [2,3]. However, the rapid development of human society has led to a water crisis
regionally and even fierce conflicts between countries. Therefore, a comprehensive and
accurate investigation into TWS change (TWSC) can help local governments make timely
and reasonable measures and decision-makers to maintain the safety of water resources [4].

Sichuan, with an area of 486,000 km2, is located on the upper reaches of the Yangtze
River, Southwest China, with parallel valleys and hills in the east, Chengdu Plain in the
middle, and Western Sichuan Plateau in the west [5]. By 2020, the permanent population of
this region was 83,674,866, with a gross domestic product (GDP) of 4859.88 billion yuan in
2020 [6]. This region has rich water resources, mainly originating from the Yangtze River
system. However, the distribution of water resources is uneven in time and space. As a
result, water shortages occur regionally and seasonally [7]. Furthermore, Sichuan is a large
traditional agricultural province and an important industrial base in China. Therefore, there
is a distinct gap between the huge demand for water in industrial/agricultural production,
daily human life, and the uneven distribution of water resources in this region. Therefore,
it is necessary to conduct reasonable assessments and accurate and timely monitoring of
water resources in Sichuan.

Natural factors have a direct influence on regional water resource changes. In par-
ticular, the global warming trend has intensified, leading to frequent extreme disasters
(flood and drought) around the world. Previous studies [8–10] indicate the precipitation
(PPT) and evapotranspiration (ET) are the main driving factors of the regional water cycle
as well as the important factors leading to regional TWSC. Anyah et al. [11] analyzed the
relationship between TWSC in Africa and five climate indices during the period 2003–2012,
and the results show that there is a significant correlation between the above natural indices
and TWSC. Banerjee et al. [12] studied the TWSC of the world’s 31 basins under global
warming, and the results showed that the concurrence of temperature rise and TWSC
decline was found in 23 basins. The reason for the decrease in TWSC may be due to the
increase in ET and the decrease in snow caused by the increase in temperature.

With the rapid development of society and economy and the process of urbanization,
there is a trend of rapid growth in human water demand in many regions of the world. This
leads to an imbalance in the supply and demand of regional water resources, which cause
regional TWS deficit [13–15]. Felfelani et al. [16] used the global land surface hydrological
model and satellite-based TWSC to obtain the global TWSC caused by human activities,
and found that human activities may have led to a significant reduction in TWSC in the
Euphrates, Ganges, Brahmaputra, and Volga River Basins. Feng et al. [17] pointed out
that the reason for the continuous reduction in TWSC in North China is due to large-scale
groundwater extraction activities. The rate of groundwater depletion in North China was
2.2603 cm/a from 2003 to 2010.

Gravity Recovery and Climate Experiment (GRACE) and its Follow-on (GRACE-
FO) missions are jointly developed and managed by the National Aeronautics and Space
Administration (NASA) and Deutschen Zentrums für Luft-und Raumfahrt (DLR). Since
the implementation of these two missions, their spherical harmonic (SH) coefficient and
Mascon solutions have been widely used to detect the spatial and temporal variations of
TWS in large-scale regions, especially the regions where the hydrometeorological ground
stations are scarce [18]. In addition, GRACE TWSC data have been extensively used in
flood and drought evaluations [18–20], hydrological component estimation (e.g., runoff,
ET, groundwater storage change) [21–23], and glacier melting monitoring [24,25]. Some
scholars have used GRACE data to study the relationship between regional TWSC and
natural factors and human activities [16,26,27]. However, the above studies used a single
GRACE solution, which may increase uncertainties of the study due to discrepancies
among different GRACE solutions [28]. Although Xie et al. [4] used an integrated use of
five GRACE solutions to characterize the TWSC in the Yellow River Basin and investigated
the relationships between TWSC and human activities and climatic change, respectively,
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only the arithmetic average of six GRACE TWSC data was used without considering the
uncertainty of different GRACE solutions.

Therefore, in this study, we first used the generalized three-cornered hat method
(GTCH) to evaluate the uncertainty of TWSC results from six GRACE solutions. Then,
according to the uncertainty results, six GRACE TWSC results were fused by using the
least square method based on the uncertainties of each solution. Subsequently, the fused
TWSC results were used to characterize the TWSC in Sichuan, Southwest China. Local
meteorological data (PPT, ET, runoff) and local human-induced TWS data (reservoir water
storage, production water consumption, domestic water consumption, etc.) were further
used to investigate the influence of natural and human factors on TWSC in this region. The
rest of paper is organized as follows. We briefly introduce the study region, data, and the
analysis methods in Sections 2–4, respectively. Section 5 presents the analysis results of the
contribution of each component of natural- and human-induced TWSC to total TWSC. The
discussion and conclusions are provided in Sections 6 and 7, respectively.

2. Study Area

Sichuan is located in Southwestern China, approximately at 26–34◦N and 97–108◦E
(see Figure 1). There is a big difference between the east and the west, and the terrain is high
in the west and low in the east, consisting of mountains, hills, plains, basins, and plateaus.
This region has three major climates, namely, the humid subtropical climate in the Sichuan
Basin, the subtropical semi-humid climate in the mountain of southwest of Sichuan, and
the alpine plateau in the northwest of Sichuan [29]. The Yangtze River is the largest river
flowing through this region. The main tributaries of Yangtze River in this region include
the Ya-lung River, Min River, Tuo River, Jialing River, etc. To better analyze the influence of
human activities on TWSC, according to local government standards, we divided Sichuan
into five regions, namely Northwest Sichuan (NWS), Chengdu Plain (CDP), Northeast
Sichuan (NES), South Sichuan (SS), and PanXi region (PX) (see Figure 1a).
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Figure 1. The economic regions (a) and digital elevation model (b) of Sichuan.

3. Data
3.1. GRACE/GRACE-FO Data

In our study, we used four GRACE/GRACE-FO RL06 SH solutions (truncated to
degree and order 60) to extract the monthly 1◦ × 1◦ gridded TWSC data in the study
region. These four SH solutions were provided by the Center for Space Research at the
University of Texas at Austin (CSR), Helmholtz-Center Potsdam-German Research Center
for Geosciences (GFZ), Jet Propulsion Laboratory (JPL), and Institute of Geodesy at Graz
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University of Technology (ITSG), respectively. To improve the accuracy of the TWSC
results, we took the following measures. First, to eliminate the influence of geocentric
motions on SH solution, the degree-1 coefficients were estimated by using the method
of Swenson et al. [30]. Second, due to the low accuracy of the C20 coefficient of the SH
solution, the results of satellite laser ranging were used to replace it [31]. Third, we used
de-correlation P3M6 and a 300 km Fan filter [18] to weaken the north–south strip and high
frequency noises in the TWSC results from SH solution. Finally, GRACE/GRACE-FO signal
attenuation was attributed to degree truncation and filtering processing. In our study,
the signal attenuation could be recovered by the scale factor method [32]. The monthly
1◦ × 1◦ gridded TWSC data could also be obtained from two GRACE/GRACE-FO RL06
Mascon solutions from CSR and JPL. The difference to the SH solution is that the Mascon
solution does not need to perform additional processing and the gridded TWSC data can
be obtained directly.

In our study, we used these four SH solutions and two Mascon solutions to obtained
GRACE/GRACE-FO TWSC gridded data from January 2003 to June 2017 and from June
2018 to December 2020. Since GRACE and GRACE-FO data are essentially the same, we
referred to the GRACE and GRACE-FO data as GRACE data. For convenience, these
four SH solutions and two Mascon solutions were termed as CSR-SH, GFZ-SH, JPL-SH,
ITSG-SH, CSR-M, and JPL-M.

3.2. Reconstructed TWSC Data

Due to an 11-month data gap between GRACE and GRACE-FO mission, we used
the dataset of reconstructed TWSC data in China based on PPT (2002–2019) provided by
the National Tibetan Plateau Data Center to fill this gap. This dataset was based on the
CSR GRACE/GRACE-FO RL06 Mascon solutions, China’s daily gridded PPT real-time
analysis system (version 1.0), and CN05.1 temperature data and other datasets by using
a PPT reconstruction model, and considering the seasonal items and trend item of CSR
RL06 Mascon solutions [33]. The reconstructed TWSC data were calculated according to
the following formula [34]:

TWSCrec = β·Pτ (1)

where TWSCrec is the reconstruction TWSC data; P is the monthly PPT data; β is the
calibration parameter of the long-term trend term; and τ is the calibration parameter of the
seasonal term.

3.3. In Situ PPT Data

In our study, the monthly 0.5◦ × 0.5◦ gridded PPT data from January 2003 to December
2020 were provided by the China National Meteorological Science Data Center. The dataset
was from the monthly PPT gridded data at national-level stations nationwide from 1961
to the present, which were collected and compiled by the China National Meteorological
Information Center.

3.4. GLDAS Model

The Global Land Data Assimilation System (GLDAS) 2.1 model [35] is a hydrological
model provided jointly by the Goddard Space Flight Center at NASA and the National
Centers for Environmental Prediction at the National Oceanic and Atmospheric. This
model contains 4-layer soil moisture, temperature, snow melt, ET, and other hydrological
components. The monthly 1◦ × 1◦ gridded runoff data from January 2003 to December
2020 were derived from the GLDAS 2.1 Noah models and the monthly GLDAS TWSC from
GLDAS 2.1 Noah at a spatial resolution of 1◦ × 1◦ are the sum of soil moisture, snow water
equivalent, and plant canopy water in our study.

3.5. ET Data

The ET gridded data with a spatial resolution of 0.25◦ × 0.25◦ from January 2003 to
December 2016 came from the Global Land Evaporation Amsterdam Model (GLEAM)
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3.5a [36,37] in our study. The model includes land evaporation, transpiration, bared-soil
evaporation, interception loss, open-water evaporation, and sublimation. Additionally,
GLEAM provides surface and root-zone soil moisture, potential evaporation, and evapora-
tive stress conditions.

3.6. Human-Induced TWSC Data

The human-induced TWSC data were derived from the Sichuan Province Water Re-
sources Bulletins that were published by the Sichuan Provincial Water Resources De-
partment for the period of 2003–2020 [38]. The bulletin provided the annual values of
precipitation, runoff depth, groundwater storage, reservoir storage, total water supply,
total water consumption, agricultural water consumption, industrial water consumption,
domestic water consumption, and ecological water consumption in Sichuan Province and
its administrative regions.

4. Methods
4.1. Fusing Different Datasets

Due to the discrepancies between different datasets, if a single dataset is used for data
analysis, unreliable results may be obtained. Therefore, to eliminate these discrepancies and
improve the reliability of the analysis results, we first used the GTCH method to estimate
the relative uncertainties of six GRACE TWSC results. The advantage of the GTCH method
is that it does not require prior information [39]. Then, the six GRACE TWSC results were
fused according to their uncertainties by using the least square method. Considering that
the spatial resolutions of different data are inconsistent, we used the spatial re-sampling
method to unify the spatial resolution between the different data.

4.1.1. The GTCH Method

Suppose there are several different observation series, and these time series can be
expressed as:

xi = x̂ + εi, i = 1, 2, · · · , N (2)

where x̂ is the real signal; εi is the noise of the i observation series (0 means white noise); and
N is the number of observation series. Because the real signal cannot be obtained, the noise
of the observation series cannot be known. To solve the problem of noise estimation under
the condition of no prior information, we chose any observation series as the reference
series, and the choice of the reference series does not influence the final results [40]. The
relationship between the reference series and the remaining observation series can be
expressed as:

yi = xi − xR = εi − εR, i = 1, 2, · · · , N − 1 (3)

where xR is the reference observation series and εR is the noise of the reference observation
series. yi is the difference between the remaining observation series and the reference
observation series. In this study, we selected the TWSC series from JPL-M as the reference
series. The N − 1 different observation series can be combined into the following matrix.

Y =


y11 y12 · · · y1(N−1)
y21 y22 · · · y2(N−1)

· · · · · · . . . · · ·
yM1 yM2 · · · yM(N−1)

 (4)

where M is the number of observations in the series. The corresponding covariance matrix
S between N − 1 different observation series is
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S = cov
(
yiN , yjN

)
=


s11 s12 · · · s1(N−1)
s21 s22 · · · s2(N−1)

· · · · · · . . . · · ·
s(N−1)1 s(N−1)2 · · · s(N−1)(N−1)

(i, j = 1, 2, · · · , N − 1) (5)

where cov(◦) is the covariance operator. sij is the variance (i 6= j) and covariance (i = j),
that is, the variance or covariance of different series between the remaining TWSC series
from five GRACE solutions and the reference series.

The unknown noise covariance matrix R can be expressed as:

R =


r11 r12 · · · r1N
r12 r22 · · · r2N
...

...
. . .

...
r1N r2N · · · rNN

 (6)

where rij = cov
(
εi, ε j

)
(i = 1, 2, · · · , N; j = 1, 2, · · · , N).

The relationship of R with S is [39]:

S = J·R·JT (7)

where the matrix J is:

JN−1,N =


1 0 · · · 0 −1
0 1 · · · 0 −1
...

...
. . .

...
...

0 0 · · · 0 −1

 (8)

From Equation (7), the following relationship can be obtained:

rij = sij − rNN + riN + rjN (9)

Both R and S are real symmetric matrices by definition. There are N × (N + 1)/2
unknown parameters to be found for R, but there are only N(N − 1)/2 equations for S.
Therefore, Equation (6) is underdetermined. As a result, the remaining N free parameters
need a reasonable way to obtain a unique solution [41].

To ensure the positive definiteness of matrix R, Galindo and Palacio [42] proposed an
important constraint on the solution space for free parameters based on the Kuhn–Tucker
theorem. The expression is as follows:

G(r1N , · · · rNN) =
H(r1N , · · · rNN)

K
> 0 (10)

where K = N−1
√
|S|, which is introduced for a better numerical solution. H(r1N , · · · rNN) is

given by [43]:

H(r1N , · · · rNN) =
|R|
|S| = rNN −

[
r1N − rNN , · · · , r(N−1)N − rNN

]
S−1

[
r1N − rNN , · · · , r(N−1)N − rNN

]T
(11)

Equation (10) constrains the free parameters in the solution domain, but it is not enough
to determine the unique solution of the free parameters [44]. Therefore, it is necessary to
provide the optimal selection criteria to determine the unique parameter solution. Tavella
and Premoli [40] proposed that the minimum “global correlation” of all observation series
and the positive definiteness of R were used as the constraints to determine the free



Remote Sens. 2022, 14, 1369 7 of 26

parameters. Therefore, the following objective function was defined and minimized to
determine the free parameters [42]:

F1(r1N , · · · rNN) =
1

K2

N

∑
i<j

r2
ij (12)

To make the initial value within the constraints, the initial value of the iterative
calculation was set to [40]{

r0
iN = 0, i < N

r0
NN = 1

2s∗ , s∗ = [1, · · · , 1]S−1[1, · · · , 1]T
(13)

Under the constraints of Equation (10), the objective function (Equation (12)) was
minimized to estimate a set of free parameter solutions, that is, the variance of the uncer-
tainties of different observation series. Other unknown elements in R can be determined by
Equation (9).

4.1.2. Data Fusion

According to the relative covariance of different datasets obtained by using the GTCH
method, we fused the different datasets by taking a weighted average of them [45].

X =
N

∑
i=1

ki·Xi(i = 1, 2, · · · , N) (14)

where Xi and pi are the TWSC results from the individual GRACE solutions and its corre-
sponding weight, respectively. The weights were determined based on the estimated variances.

ki =
1/rii

N
∑

n=1
1/rnn

(15)

where rii(i = 1, 2, · · · , 6) is the variance of the ith TWSC time series estimates by the GTCH
method. The above process was performed grid by grid until we fused the TWSC results
from the six GRACE solutions on all the grid nodes.

4.2. Pearson Correlation Analysis

In this study, we used the Pearson correlation analysis to evaluate the relationship
between two sets of data. In statistics, the covariance of the two sets of data is generally
divided by the standard deviation of the corresponding data series to obtain the Pearson cor-
relation coefficient [4]. For two sets of time series xi(i = 1, 2, · · · , n) and yj(j = 1, 2, · · · , n),
the Pearson correlation coefficient r can be estimated by the following expression:

r =

n
∑

i=1,j=1
(xi − x)

(
yj − y

)
√

n
∑

i=1
(xi − x)2

√
n
∑

j=1

(
yj − y

)2
(16)

where n is the number of observations in the time series xi and yj; and x and y are the
average values of the time series xi and yj during the study period. The value range of r is
between −1 and 1.

4.3. Time Series Analysis

The time series of observations contain the long-term trend change term, acceleration
term, seasonal change term (annual change and semi-annual change), and residual term.
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The corresponding terms can be extracted from the linear fitting model. The decomposition
is expressed as follows [39]:

TWSC(t) = A + B(t− t0) + C(t− t0)
2 + D1 cos(2πt) + D2 sin(2πt) + E1 cos(4πt) + E2 sin(4πt) + ε (17)

where TWSC(t) is the time series of TWSC; t is the time; t0 is the midpoint of the entire
research period; ε is the residual term; and A, B, C, D1, D2, E1, and E2 are the unknown
parameters; A is the constant term; B is the long-term trend change, C is the acceleration;
D1 and D2 are annual terms; and E1 and E2 are semi-annual terms. The annual amplitude
Aann and annual phase Φann are expressed as follows:{

Aann =
√

D2
1 + D2

2,
Φann = arctan(D2/D1)

(18)

4.4. Natural-Induced and Human-Induced TWSC

To analyze the influence of natural and human factors on regional TWSC, we need
to obtain the natural-induced and human-induced TWSC. The natural-induced TWSC
(TWSCc) can be obtained from the water balance equation. The water balance equation can
be expressed as [8]:

TWSCc = I −O (19)

where TWSCc is the natural-induced TWSC; and I and O are the total water input and
output to the region during the study period, respectively.

If the terrestrial is taken as the research object, the water balance equation can be
rewritten as:

TWSCc = P− R− E (20)

where P is PPT; E is ET; and R is runoff.
The expression of human-induced TWSC is as follows:

TWSCh = TWSC− TWSCc (21)

where TWSCh is the human-induced TWSC; TWSC is GRACE TWSC; and TWSCc is the
natural-induced TWSC.

4.5. Contribution Rate

To better understand the contribution of different hydrological components to TWSC,
we introduced the contribution rate (CR) to evaluate the role of different hydrological
components in modulating TWSC in this region [46].

CR =
TWSCMAD

component
S
∑

i=1

(
TWSCMAD

component

)
i

× 100% (22)

where TWSCMAD
component is the mean absolute deviation of a TWSC component in the study

region. S is the number of TWSC components. The expression of TWSCMAD
component is as follows:

TWSCMAD
component =

1
N

N

∑
j=1

∣∣TWSCj − TWSCmean∣∣ (23)

where TWSCj(1 < j < N) is the element in a TWSC component time series; N is the number
of elements in the TWSC time series; and TWSCmean is the average value of time series of
the TWSC component.
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5. Results
5.1. GRACE Solution Fusion

Figure 2 shows the spatial distribution of uncertainties of the six GRACE TWSC results
estimated with the use of the GTCH method for Sichuan. Among the six GRACE TWSC
results, the uncertainties of the TWSC results from the two Mascon solutions (CSR-M and
JPL-M) were larger than the ones from the four SH solutions (CSR-SH, GFZ-SH, JPL-SH,
and ITSG-SH). TWSC results from the four GRACE SH solutions and CSR-M typically
exhibited uncertainties lower than 3.8 cm for the research region, while TWSC results
from JPL-M showed uncertainties greater than 4.4 cm in Southeast Sichuan. In particular,
the uncertainties of the TWSC results from JPL-M were higher than 5.4 cm in the part of
Southeast Sichuan.
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Figure 2. The spatial distribution of uncertainties of the TWSC results derived from the CSR-
SH (a), GFZ-SH (b), JPL-SH (c), ITSG-SH (d), CSR-M (e), and JPL-M (f) solutions estimated by
the GTCH method.

We sorted the uncertainties from all grid points in the research region in ascending
order and took the median value to evaluate the uncertainty of six GRACE solutions in the
whole research region. The results are presented in Table 1. These six GRACE solutions were
sorted in ascending order of the uncertainty of the TWSC results, and their arrangement was
ITSG-SH (2.34 cm), CSR-SH (2.43 cm), JPL-SH (2.50 cm), GFZ-SH (2.83 cm), JPL-M (3.16 cm),
and CSR-M (3.20 cm). This suggests that there are some differences in the uncertainties of
TWSC results from different GRACE solutions.

Table 1. Uncertainties of the TWSC results derived from the six GRACE solutions and fused results
estimated by the GTCH method.

GRACE Solution CSR-SH GFZ-SH JPL-SH ITSG-SH CSR-M JPL-M Fused Result

Medium (mm) 2.43 2.83 2.50 2.34 3.20 3.16 0.99
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To improve the reliability of the TWSC results, we fused the TWSC results from six
GRACE solutions by the least square method based on the variances estimated by the
GTCH method. To evaluate the fused effect, we re-calculated the uncertainties of fused
results (Figure 3 and Table 1). The uncertainties of fused results were lower than 1.6 cm.
The regions with high certainties were mainly concentrated in Southeast Sichuan. The
uncertainties of fused results ranged from 1.4~1.6 cm. From Table 1, the medium of
uncertainties of fused TWSC results (0.99 mm) was much smaller than those from the
six GRACE solutions. This explains that the accuracy of the fused results was better than
those of the six single solutions and the fused results obtained by the method in this paper
effectively improved the accuracy of the TWSC results in Sichuan.

Remote Sens. 2022, 14, x FOR PEER REVIEW 11 of 27 
 

 

coefficients between the fused TWSC results and TWSC results from the six GRACE solu-
tions were greater than 0.95. 

 
Figure 3. The spatial distribution of uncertainties of the TWSC results derived from the fused re-
sults. 

 
Figure 4. The time-series of TWSC derived from the six GRACE solutions and fused results. 

Table 2. The correlation coefficients between the fused results and TWSC results from the six 
GRACE solutions. 

Correlation coefficient CSR-SH GFZ-SH JPL-SH ITSG-SH CSR-M JPL-M 
Fused results 0.9811 0.9822 0.9674 0.9818 0.9800 0.9504 

We also calculated the long-term trend change, acceleration, annual amplitude, and 
annual phase of TWSC from the fused results and six GRACE solutions in Sichuan (Table 
3). From Table 3, we found that the long-term trend change result of fused TWSC results 
was close to those from the SH solutions, the acceleration of seven TWSC results were 
very close, and the annual amplitude and phase of seven TWSC results showed little dif-
ference. Therefore, such high correlations and the time series analysis results suggest that 

Figure 3. The spatial distribution of uncertainties of the TWSC results derived from the fused results.

To further evaluate the fused effect, we compared the time series of TWSC from six
GRACE solutions and fused results between 2003 and 2020 (Figure 4). From Figure 4,
seven TWSC results had a similar change trend. Among the six GRACE TWSC results, the
magnitudes of TWSC results from the four SH solutions were larger than those from the
two Mascon solutions. We also found that the magnitude of fused TWSC results was close
to those from SH solutions. This is because the TWSC results from SH solutions had smaller
uncertainties and thus had larger weights in data fusing than the two Mascon solutions. We
calculated the correlation coefficients between the fused TWSC results and TWSC results
from the six GRACE solutions (Table 2). From Table 2, the correlation of the fused TWSC
results with TWSC results from GFZ-SH (0.9822) was the highest, followed by ITSG-SH
(0.9818), CSR-SH (0.9811), CSR-M (0.9800), and JPL-SH (0.9674), the smallest correlation
coefficient with the fused TWSC results was JPL-M (0.9504). The correlation coefficients
between the fused TWSC results and TWSC results from the six GRACE solutions were
greater than 0.95.
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Table 2. The correlation coefficients between the fused results and TWSC results from the six
GRACE solutions.

Correlation
Coefficient CSR-SH GFZ-SH JPL-SH ITSG-SH CSR-M JPL-M

Fused results 0.9811 0.9822 0.9674 0.9818 0.9800 0.9504

We also calculated the long-term trend change, acceleration, annual amplitude, and
annual phase of TWSC from the fused results and six GRACE solutions in Sichuan (Table 3).
From Table 3, we found that the long-term trend change result of fused TWSC results was
close to those from the SH solutions, the acceleration of seven TWSC results were very
close, and the annual amplitude and phase of seven TWSC results showed little difference.
Therefore, such high correlations and the time series analysis results suggest that the fused
TWSC results had high consistency with the TWSC results from the six GRACE solutions.

Table 3. The long-term change trend, acceleration, annual amplitude, and annual phase of TWSC
from the fused results and the six GRACE solutions in Sichuan.

TWSC Long-Term Trend
Change (mm/a)

Acceleration
(mm/a2)

Annual
Amplitude (cm)

Annual Phase
(rad)

CSR-SH 3.84 ± 0.61 0.28 ± 0.13 4.37 −1.54
GFZ-SH 3.96 ± 0.67 0.29 ± 0.14 4.46 −1.56
JPL-SH 3.77 ± 0.63 0.27 ± 0.14 4.32 −1.56

ITSG-SH 3.70 ± 0.63 0.28 ± 0.14 4.16 −1.56
CSR-M 2.81 ± 0.48 0.23 ± 0.11 4.26 −1.50
JPL-M 4.58 ± 0.53 0.25 ± 0.11 4.14 −1.48

Fused results 3.83 ± 0.54 0.27 ± 0.12 4.28 −1.55

5.2. Spatial and Temporal Distribution of TWSC

Figure 5 shows that the time series of the fused TWSC results and GLDAS TWSC
results. It shows that these two TWSC time series had significant seasonal variation
and ta similar change trend. The long-term change trend of TWSC in Sichuan can be
divided into two different periods. One is from 2003 to 2011, and there was no significant
change in TWSC. The other was from 2011 to 2020, where TWSC showed an increasing
trend. Therefore, we calculated the long-term trend change of the fused TWSC results
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and GLDAS TWSC for three different periods (2003–2020, 2003–2011, and 2011–2020),
respectively. The results are shown in Table 4. From Table 4, the long-term change trend
of fused TWSC results and GLDAS TWSC during 2003–2020 were 3.83 ± 0.54 mm/a and
2.43 ± 0.52 mm/a, respectively. This suggests that TWSC in Sichuan showed a growth
trend in this period. However, TWSC did not grow all the time. Between 2003 and 2011,
there was no significant change in the long-term trend change of TWSC in Sichuan. In this
period, the long-term trend change of the TWSC results were 0.71 ± 1.62 mm/a (fused
results) and −0.34 ± 0.96 mm/a (GLDAS), respectively. Although the two results showed
opposite change trends, their values were close to 1 mm/a. Therefore, the difference
between the two results was negligible. The increase in TWSC in Sichuan was mainly
concentrated in 2011–2020. The long-term trend change of two TWSC results in this period
are 5.45 ± 1.43 mm/a and 7.92 ± 1.19 mm/a, respectively. This may be attributed to the
development of large-scale hydropower stations [47]. We also plotted the map on the
spatial distribution of long-term trend change and the acceleration of fused TWSC results
in Sichuan during 2003–2020 (Figure 6).

From Figure 6a, TWSC mainly showed an increasing trend in Sichuan. The region with
the largest growth was the eastern part of Sichuan (4~6 mm/a), followed by the central and
western parts of Sichuan (1.5~4 mm/a and 0~1.5 mm/a). Combining Figure 6a,b, it showed
that there was a significant slowing growth trend in the northwestern and northeastern
parts of Sichuan, while a significant accelerating increasing trend appeared in the southern
part of Sichuan. The reason for the slowing growth trend of TWSC in the northwestern parts
of Sichuan may be due to the melting of mountain glaciers caused by global warming [47].
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5.3. The Correlation Analysis between TWSC and Natural Variability

PPT and ET are the two most important meteorological variables and can reflect the
influence of climate change [48,49]. Therefore, we analyzed the spatial distribution of
long-term trend change and the acceleration of PPT and ET in Sichuan (Figure 7). From
Figure 7a, PPT showed an increasing trend in the research region, which is consistent
with the variation of TWS (Figure 6a). Among them, the region with the most significant
growth trend was the southern part of Sichuan (long-term trend change ranged from
1.5~2.5 mm/a), while the increasing trend was not significant in the northeastern part of
Sichuan, which ranged from 0~0.5 mm/a. Except for the northeastern part of Sichuan,
the acceleration changes in the other study regions were all positive (Figure 7b). The
acceleration in the southern part was the largest, which ranged from 0.1~0.25 mm/a2.

Figure 6 shows that there were the significant increasing trends of ET in most regions
of Sichuan, except for the northeast of Sichuan. In particular, the increase in ET in the
southern part of Sichuan ranged from 0.6~1 mm/a. In terms of acceleration (Figure 7d), the
change trend of TWSC in most regions of Sichuan generally showed a slowing trend and
those in the western and southern part of Sichuan showed an accelerating trend. When
compared in Figure 7a,c, although PPT and ET showed increasing trends in most regions of
Sichuan, the growth rate of PPT was greater than that of ET. Therefore, it led to an increase
in TWSC (Figure 6a) without considering other factors. Comparing Figures 6 and 7, the
change trend of TWSC in the southern part of Sichuan more clearly indicated that the
increase in TWSC was mainly caused by PPT, and the slowdown in the increasing trend of
TWSC in northeastern Sichuan was also attributed to the slowdown in the growth trend
of PPT.
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To describe the influence of natural factors on TWSC in the research region, we
compared the time series of monthly TWSC with PPT, ET, runoff, and TWSCc in the study
period and calculated the correlation coefficients between TWSC and PPT, ET, runoff, and
TWSCc (Figure 8). As the main input source of TWSC, PPT has always been regarded as
one of the most important factors affecting regional TWSC. Figure 8 shows that PPT, ET,
and runoff variations in the study period were about −10~20 cm, −6~6 cm, and −0.5~3 cm,
respectively. This shows that the amplitude of the time series of PPT was greater than that
of ET and runoff. TWSC, PPT, ET, and runoff had the significant seasonality, but there was
no significant correlation between TWSC and PPT, ET, and runoff. Comparing Figure 8b,d,f,
the natural factor with the strongest correlation with TWSC was runoff (0.41), followed
by PPT (0.39) and ET (0.29). According to Equation (20), we calculated the time series of
TWSCc data. Figure 8h shows that TWSC had a strong correlation with TWSCc. Table 5
shows the long-term trend change, acceleration, annual amplitude, and annual phase of
TWSC, PPT, ET, runoff, and TWSCc. From Table 5, PPT had a significant increasing trend
(1.42 ± 0.69 mm/a), but the change trend of ET and runoff was not as significant (0.32 ±
0.17 mm/a and 0.07 ± 0.07 mm/a). The increasing trend of TWSCc (0.37 ± 0.53 mm/a)
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was not significant. This suggests that the main reason for the growth of TWSC (3.83 ± 0.54
mm/a) was not from natural factors.
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Figure 8. The relationships between monthly TWSC and ET, PPT, runoff, and TWSCc, respectively, in
Sichuan during 2003~2020. (a,c,e,g) show the time series and long-term trend changes of PPT, ET,
runoff and TWSCc, respectively; (b,d,f,h) show the correlation coefficients between TWSC and PPT,
ET, runoff, TWSCc, respectively.
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Table 5. The long-term change trend, acceleration, annual amplitude, and annual phase of TWSC
and natural factors in Sichuan.

Variation Long-Term Trend
Change (mm/a)

Acceleration
(mm/a2)

Annual
Amplitude (cm)

Annual Phase
(rad)

TWSC 3.83 ± 0.54 0.27 ± 0.12 4.28 −1.55
PPT 1.42 ± 0.69 0.14 ± 0.15 84.99 5.81
ET 0.32 ± 0.17 −0.05 ± 0.02 47.11 4.95

Runoff 0.07 ± 0.07 0.26 ± 0.13 49.40 4.20
TWSCc 0.37 ± 0.53 0.01 ± 0.11 32.48 −1.39

To study the correlation between the nature factors and TWSC in the different regions
of Sichuan, we also calculated the correlation coefficients between TWSC and the above
natural factors in five economic regions of Sichuan (Table 6). The results in Table 4 all
passed the significant test of p < 0.01. In the five regions, the three natural factors and
TWSCc had no significant correlation with TWSC. We found that there were differences in
the correlation between natural factors and TWSC in the different region. Among the five
regions, the strongest correlation was between TWSC and TWSCc in CDP (0.41) because
the correlation coefficient between TWSC and runoff was the largest in CDP (0.48) and
the correlation between TWSC and PPT in CDP (0.41) was second only to the one in NWS
(0.42). This may be related to the abundant rainfall and dense river network in CDP [5].
In PX, the correlation between TWSC and ET was the strongest (0.45), which is due to the
abundant sunlight in the region [5].

Table 6. The correlation coefficients between the different factors from climate change and TWSC in
Sichuan and its five regions.

Factors NWS CDP NES SS PX Sichuan

PPT 0.42 0.41 0.21 0.33 0.37 0.39
ET 0.43 0.41 0.10 0.23 0.45 0.29

Runoff 0.18 0.48 0.29 0.38 0.47 0.41
TWSCc 0.37 0.41 0.27 0.32 0.36 0.55

5.4. The Correlation Analysis between TWSC and Human Variability

Except for the natural factors, human activities also had an important influence on
regional TWSC [50,51]. The influence of human activities on regional TWSC was mainly
through the two aspects of total water consumption for human activities and reservoir
storage. The total water consumption includes production, domestic and ecological water
consumption, and production water consumption contains industrial and agricultural
water consumption.

We analyzed the water storage changes caused by human activities in Sichuan from
2003 to 2020 (Figure 9). From Figure 9a, we found that total water consumption was
greater than reservoir storage during 2003–2011. After 2011, the reservoir storage increased
dramatically and exceeded the total water consumption. This increasing trend continued
until 2015. In the five-year period, the reservoir storage in Sichuan increased from 16.628
billion m3 to 53.881 billion m3, an increase of more than three times. From 2015 to 2020, the
growth rate of reservoir storage basically flattened. The total water consumption had no
significant change during the study period.
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Figure 9b presents the annual variation of industrial, agricultural, domestic and ecolog-
ical water consumption in the study period. It shows that agricultural water consumption
was the largest and had a significant growth trend. This is because Sichuan is one of the
most important agricultural production bases in China [6]. Industrial water consumption
maintained a steady state during 2003~2013. From 2014, industrial water consumption
dropped from 6.067 billion m3 to 4.473 billion m3. Subsequently, it began to increase year by
year until 2016 (from 4.473 billion m3 to 5.583 billion m3). From 2016, it started to decrease
continuously and reached the lowest point (2.352 billion m3) in 2020. We found that the
annual average of industrial water consumption from 2014 to 2020 (4.446 billion m3) was
significantly smaller than that from 2003 to 2013 (5.964 billion m3). This was closely related
to the implementation of a water-saving production strategy in Sichuan [52]. Domestic
water consumption remained relatively stable from 2003 to 2008. Since 2009, there has been
a significant change in the domestic water consumption. Domestic water consumption from
2009 to 2020 (the average was 4.378 billion m3) was significantly higher than the one from
2003 to 2008 (the average is 2.220 billion m3). This is related to the rapid development of the
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national economy in Sichuan and the continuous growth of urban population [6]. Before
2017, industrial water consumption was always larger than domestic water consumption,
but domestic water consumption exceeded industrial water use after 2017, which is the
result of the continuous promotion of water-saving production and urbanization. Because
ecological water consumption was relatively small, it can be ignored.

We compared the annual variation of TWSC with reservoir water storage, total water
consumption, industrial water consumption, agricultural water consumption, domestic
water consumption, and TWSCh and calculated the correlation coefficients between TWSC
and six human factors in Sichuan during 2003~2020 (Figure 10). From Figure 10a,b, reservoir
water storage was strongly correlated with TWSC in Sichuan (0.82). Previous studies [53–
55] indicated that when large-scale reservoirs are operated, TWSC in the region where
the reservoir is located and the surrounding regions has a significant influence. Since
1996, China has implemented the West–East Power Transmission Strategy. In Sichuan, a
large number of hydropower stations have been built on the main streams of the Jinsha,
Yalong and Min Rivers. Particularly, a series of large-scale hydropower stations represented
by Xiangjiaba and Xiluodu have been put into operation one after another since 2014.
The installed capacity of hydropower stations under construction and already under
construction has increased from 16.3 million kW in 2003 to 101.74 million kW in 2017, an
increase of more than six times [56]. Sichuan has become the largest hydropower base
in China [56,57]. The large-scale water storage, flood discharge, and power generation
activities cause drastic changes in the reservoir storage, which inevitably have a significant
influence on TWSC in Sichuan [58].

In addition to reservoir storage, human-related water consumption also had a signifi-
cant influence on TWSC because Sichuan is one of the most populous provinces in China.
As of 1 November 2020, the permanent population of Sichuan was 83.67 million. Sichuan
is a traditional agricultural province, and is also an industrial base with the most com-
plete industrial categories and the most advantageous products in western China [59,60].
Therefore, the construction of the national economy and human life in Sichuan require
a lot of water resources. From Figure 10d,f,h,i, TWSC had a significant correlation with
total water consumption (0.63), industrial (−0.80), agricultural (0.76), and domestic water
consumption (0.76). This suggests that only the industrial water consumption was neg-
atively correlated with TWSC because the more industrial water consumption is mused,
the greater reduction in TWSC. Agricultural production and domestic drainage lead to the
growth of soil water and groundwater storage, so it causes an increase in TWSC [61,62].
We also calculated the correlation coefficient between TWSC and human-induced TWSC
(TWSCh). From Figure 9, there was a strong positive correlation between TWSC and TWSCh.
Comparing Figures 8h and 9, TWSC and TWSCh (0.81) were more strongly correlated than
TWSC and TWSCh (0.55).

Table 7 shows the long-term trend change and acceleration of reservoir storage (RS),
total water consumption, industrial water consumption, agricultural water consumption,
domestic water consumption, and TWSCh. The increasing trend of reservoir storage was
the most significant, reaching 67.45 ± 13.79 mm/a, which was much higher than other
human factors. The long-term trend change of total water consumption, industrial water
consumption, agricultural water consumption, domestic water consumption, and TWSCh
were 7.27 ± 2.39 mm/a, −2.19 ± 0.98 mm/a, 5.32 ± 1.51 mm/a, 4.64 ± 1.01 mm/a, and
68.73 ± 15.75 mm/a, respectively. This shows that the increase in TWSCh is mainly caused
by the increase in reservoir storage, and agricultural and domestic water consumption also
plays a role. We found that industrial water consumption showed a decreasing trend due
to the implementation of water-saving production [52].
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Figure 10. The relationships between monthly TWSC and RS, TWC, IWC AWC, DWC and TWSCh,
respectively, in Sichuan. RS: reservoir storage; TWC: total water consumption; IWC: industrial
water consumption; AWC: agriculture water consumption; DWC: domestic water consumption.
(a,c,e,g,i,k) show the time series and long-term trend changes of RS, TWC, IWC AWC, DWC and
TWSCh, respectively; (b,d,f,h,j,l) show the correlation coefficient between TWSC and RS, TWC, IWC
AWC, DWC, TWSCh, respectively.
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Table 7. The long-term change trend and acceleration of human factors in Sichuan.

Variation Long-Term Trend Change
(mm/a) Acceleration (mm/a2)

Reservoir Storage 61.45 ± 13.79 3.56 ± 2.91
Total Water Consumption 7.27 ± 2.39 −0.28 ± 0.50

Industrial Water Consumption −2.19 ± 0.98 −0.54 ± 0.21
Agriculture Water Consumption 5.32 ± 1.51 0.11 ± 0.31
Domestic Water Consumption 4.64 ± 1.01 0.08 ± 0.21

TWSCh 68.73 ± 15.75 3.28 ± 3.32

We also calculated the correlation coefficient between different human factors and
TWSC in five economic regions of Sichuan (Table 8). Except for NWS, there was a significant
correlation between TWSC and TWSCh in other regions. Due to the harsh natural environ-
ment, low level of economic development and smaller population, there are fewer human
activities in NWS. Moreover, TWSC and total water consumption showed a strong correla-
tion in most regions because PX is mainly dominated by forestry and animal husbandry,
and the proportion of irrigated agriculture is small [63]. Agricultural water consumption
accounts for a large proportion of total water consumption (Figure 9). Therefore, there was
weak correlation between the total water consumption and TWSC in PX. In five economic
regions, reservoir storage and domestic water consumption had strong correlations with
TWSC. This explains that Sichuan is a province with large hydropower and population
in China.

Table 8. The correlation coefficients between different factors from human activities and TWSC in
Sichuan and its five regions.

Factors NWS CDP NES SS PX Sichuan

Reservoir Storage 0.96 0.96 0.98 0.97 0.92 0.82
Total Water Consumption 0.85 0.54 0.61 0.84 0.47 0.63

Production Water Consumption 0.74 0.34 0.20 0.79 0.34 0.17
Domestic Water Consumption 0.66 0.86 0.81 0.83 0.69 0.76

TWSCh 0.48 0.93 0.97 0.94 0.87 0.81

5.5. Contribution Rate of Natural and Human Variability to TWSC

According to Equation (22), we calculated the contribution rate (CR) of natural and
human factors to TWSC in Sichuan and its five economic regions (Figure 11). A larger
CR means a more significant influence of this factor on TWSC. Figure 11a shows the
contribution rates of TWSCc and TWSCh to TWSC and indicates that the natural influence
on TWSC (CR = 53.17%) was more than the human one (CR = 46.83%) in Sichuan, but the
CR of the two were not very different. However, the human influence was significantly
greater than the natural one in the five economic regions. This may be because the regional
divisions are based on socioeconomic development.
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Figure 11. Contribution rate of different factors from climate change and human activities to TWSC,
TWSCc, and TWSCh in Sichuan and its five economic zones. RS: reservoir storage; TWC: total water
consumption. (a) CR of natural and human factors to TWSC; (b) CR of PPT, ET and runoff to TWSCc;
(c) CR of reservoir storage and total water consumption to TWSCh; (d) CR of PPT, ET, runoff, reservoir
storage and total water consumption to TWSC.
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Among the five regions, the CR of natural factors was the smallest (38.63%) and that
of human factors was the largest (61.37%) in NWS. This is because this region is located
in the transition region between the Sichuan Basin and Qinghai–Tibet Plateau, so there
are abundant hydropower resources. Therefore, reservoir storage has a great influence on
TWSC in this region. Figure 11c shows that the CR of reservoir storage to TWSC was 99.58%,
which was the largest in the five regions. There was little PPT all year in NWS [64,65]
because PPT was the natural factor with the largest contribution to TWSC in the five
economic regions (CR > 60%, Figure 11b). Figure 11b shows that the CR of PPT to TWSCc
was the smallest in NWS (60.17%). The region with the largest CR of human factors to
TWSC (48.21%) was CDP because CDP is the most economically developed and densely
populated region in Sichuan [66] (Table 9). Figure 11c shows that the CR of total water
consumption to TWSCH (3.03%) was the highest in CDP.

Table 9. Statistics of GDP and resident population of Sichuan and its five economic regions (data
from 2019).

Region CDP SS PX NES NWS Sichuan

GDP (billion yuan) 2829.56 754.49 268.64 731.03 77.85 4661.58
Resident Population (million) 38.52 15.52 6.14 21.42 2.15 83.75

These five economic regions were sorted in ascending order of CR of human factors to
TWSC, and their arrangement was NWS (61.37%), SS (56.49%), NES (54.85%), PX (52.6%),
and CDP (51.79%). From Figure 11c, CRs of reservoir storage to TWSCH were greater than
96% in the five economic regions and explains that the reason human factors had a greater
influence on TWSC than natural factors in Sichuan was reservoir storage. Figure 11d shows
that the CR of reservoir storage was much greater than that of natural factors (PPT, ET, and
runoff). This is because Sichuan is a province with large hydropower resources in China
and one of the starting points of the West–East Power Transmission Project. The proportion
of hydropower generation in Sichuan is about 82.83% [57]. Similarly, according to the CR
of natural factors to TWSC, the order of the five economic regions was CDP (48.21%), PX
(47.4%), NES (45.15%), SS (43.51%), and NWS (38.63%). Figure 11b shows that the CRs of
PPT to TWSCC were greater than 60% in the five economic regions and explains that PPT
had a greater influence on TWSCC than ET and runoff. Therefore, the CR of natural factors
to TWSC mainly depends on PPT.

From Figure 11b, PPT had the highest CR to TWSCc, followed by ET and runoff in all
regions. The same result was also obtained from Figure 11d without considering the CR of
reservoir storage. Figure 11c shows the CR of reservoir storage and total water consumption
to TWSCh. We found that except for CDP, CRs of reservoir storage to TWSCh in the other
five regions were close because CDP belongs to the plains, while the other four regions
belong to the mountains [5]. Therefore, there are more abundant hydropower resources in
the above four regions. These five economic regions were sorted in ascending order of CR
of total water consumption to TWSC, and their arrangement was CDP (3.03%), SS (1.83%),
PX (1.47%), NES (1.25%), and NWS (0.42%). This order was similar to the GDP ranking of
the five economic regions, and the difference was the order of PX and NES (Table 9). From
Figure 11c and Table 9, the GDP of NES was greater than that of PX, but the CR of total
water consumption to TWSCh in PX was higher than that in NES because PX is the most
abundant vanadium and titanium ore resource and one of the four major iron ore regions
in China, and the mining and processing of metal ore require a lot of water resources [67].
Figure 11b,c only considered the most influential factor on TWSCc and TWSCh, respectively.
We need to further analyze the influence of different natural and human factors on TWSC
in the research regions. From Figure 11d, we found that the CR of reservoir storage was
the highest, followed by PPT, ET, runoff, and total water consumption in the five economic
regions. From the perspective of the whole of Sichuan, the CR of total water consumption
was greater than that of runoff.
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6. Discussion

According to the description in Figure 11d, reservoir storage is the largest contribution
to TWSC in the five economic regions and the entire Sichuan region. Therefore, reservoir
storage is something we must pay attention to when studying the mechanism of TWSC.
Tian et al. [68] indicated that the implementation of the Three Gorges Project has led
to the increase in TWSC in the Three Gorges Reservoir region, and its growth rate was
15~20 mm/a between 2002 and 2016. Xie et al. [4] suggests that Longyangxia Reservoir
and Xiaolangdi Reservoir have a very significant influence on TWSC in the region. The
contributions of reservoir storage to TWSC in the regions where the Longyangxia Reservoir
and Xiaolangdi Reservoir are located are significantly greater than those in the other
regions of Yellow River Basin. However, in the research of hydrological disasters (floods
and drought), more attention is paid to the influence of natural factors, and less research
has been conducted on the role of human activities. Therefore, we will focus on the role of
human factors (especially reservoir storage) in the formation of hydrological disasters in
our next study.

The relevant data about human activities in this study were mainly from the Sichuan
Provincial Water Resources Bulletin, which is a comprehensive annual report on the situa-
tion of water resources in Sichuan Province issued by the Sichuan Provincial Department of
Water Resources. Therefore, these data have high reference value and reliability. However,
the temporal resolution of these data is relatively low, all of which are annual values. It
has certain limitations in the study on the influence of human activities on TWSC in this
study. Therefore, it was the focus of our work to obtain monthly data on human activities
in follow-up research, which will help us to more accurately understand the complex
underlying mechanism for TWSC.

7. Conclusions

With global warming and the rapid development of human society and economy, the
TWS in Sichuan has undergone tremendous change in the past decade. For a comprehensive
understanding of the mechanisms affecting TWSC, we used GRACE/GRACE-FO satellite
data to study the spatial and temporal change of TWS in Sichuan from 2003 to 2020. To
improve the reliability of TWSC results, we fused TWSC results from six GRACE/GRACE-
FO solutions by using the GTCH and least square methods. We analyzed the influence of
natural and human factors on TWSC in Sichuan. The results showed that TWSC in Sichuan
has undergone a significant increase at a rate of 3.83 ± 0.54 mm/a during the study period.
For natural factors, the CR of PPT to TWSCc (66.13%) was the largest, followed by ET and
runoff; for human factors, the CR of reservoir storage to TWSCh (90.38%) was the largest,
followed by total water consumption; for all factors, the CR of reservoir storage to TWSC
(43.32%) was the largest, followed by PPT, ET, total water consumption, and runoff. Overall,
the influence of natural factors on TWSC was greater than that of human factors in the
entire Sichuan region.

With the rapid development of human society, the phenomenon of water shortage and
uneven distribution will become more and more serious, especially in densely populated
regions. Our study will help the public understand the mechanism of TWS variations and
provide valuable information for decisions-makers in making the right policies for water
resource scheduling and protection.
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