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Abstract: Floods have always threatened the survival and development of human beings. To reduce
the adverse effects of floods, it is very important to understand the influencing factors of floods
and their formation mechanisms. In our study, we integrated the Gravity Recovery and Climate
Experiment and its Follow-On and Swarm solutions to estimate an uninterrupted 19-year flood
potential index (FPI) time series, discussed the spatiotemporal distribution characteristics of the
FPI and monitored major floods in the Volga River basin (VRB) from 2003 to 2021. Finally, we
analyzed the relationship between the FPI and hydrometeorological factors to comprehend the flood
formation mechanism. The results show that data fusion has reduced the uncertainty of terrestrial
water storage change (TWSC), and the TWSC from the combined satellite gravity observations has
a good consistency with that from the Global Land Data Assimilation System model (correlation
coefficient = 0.92). During the study period, two major floods (June 2005 and May 2018) occurred in
the VRB. The FPI has a significant seasonal change characteristic, and shows a high flood risk in spring
and a low one in autumn. With regards to spatial distribution, the flood risk is increasing in the north
(increasing rate = 0.1) and decreasing in the south (decreasing rate = 0.39). Snow water equivalent
(SWE, correlation coefficient = 0.75) has a stronger correlation with the FPI than precipitation (PPT,
correlation coefficient = 0.46), which is attributed to the recharge of SWE on water resources greater
than that of PPT. The rising surface temperature (ST) speeds up snow melt, resulting in excessive
groundwater and soil moisture, and the flood risk greatly increases at this time. The process lasts
about three months. Therefore, except for PPT, ST is also a climatic factor leading to the floods in the
VRB. Our study provides a reference for flood research in high-latitude regions.
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1. Introduction

Floods are a natural disaster with great destructive power, which bring property loss,
casualties and ecological disasters [1,2]. With the increasing frequency of human activities,
carbon dioxide in the atmosphere is rising, resulting in the continuous increase of the global
temperature and the frequent occurrence of extreme disasters [3,4]. The sixth assessment
report of the Intergovernment Panel on Climate Change indicated that the global surface
temperature increased by 0.99 °C during 2001 and 2020 compared with 1850-1900, and it
is expected to rise by 1.5 °C or more in 2021-2040 [5]. According to the Global Disaster
Database, a total of 3302 floods occurred worldwide from 2001 to 2020, an increase of 199%
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compared with 1981 to 2000. Current forecast results based on climate models show that the
severity and frequency of global floods tend to increase against the background of climate
warming [6-8]. Therefore, it is of great significance for regional flood risk assessment to
understand flood formation mechanisms and realize the early warning of floods.

Many scholars have studied floods and their causes [9-11]. Dahri et al. [12] indicated
that the flood risk depends not only on precipitation (PPT) intensity, but also on land
use, urban development and other anthropogenic settings. Groundwater (GW) is also
an important factor affecting floods [13]. In Pakistan, heavy PPT and snow and glacier
melt are the main factors causing the summer floods [14]. SM also has a certain impact on
floods. Zhong et al. [15] pointed out that the combined effect of PPT and SM caused the
floods in Arizona, United States. However, the studies on floods were mainly based on
ground station and satellite remote sensing in previous studies. Although ground stations
can provide direct and timely hydrometeorological observations, their sparse and uneven
distribution make it difficult to plot a complete spatial distribution map of floods [16].
Although satellite remote sensing technology can achieve all-weather and full-coverage
continuous observation, it cannot directly monitor PPT, evapotranspiration (ET), runoff,
lake water, etc. [17-19]. Therefore, there are great uncertainties in the flood studies using
satellite remote sensing.

The appearance of the Gravity Recovery and Climate Experiment (GRACE) and its
Follow-On (GRACE-FO) missions have brought a revolutionary approach to detecting
global or regional terrestrial water storage change (TWSC), whose components include
surface and root zone SM, snow, ice, lake water, GW, etc. [20,21]. Therefore, GRACE
TWSC data have an incomparable advantage in detecting large-scale floods [22]. Several
scholars have applied GRACE TWSC to detect floods in multiple regions, for example,
Europe [23], the Yangtze River basin [24,25], the Nile River basin [26], the Niger River
basin [27], and the Liao River basin [28]. However, the GRACE and GRACE-FO missions
have an 11-month data gap period, which led to the interruption of observations and bring
great inconvenience to flood research [29,30]. Due to the fact that the mission period of
Swarm satellites exactly covers this gap, some scholars have tried to join GRACE, Swarm
and GRACE-FO observations for terrestrial hydrological research. Cui et al. [31] integrated
GRACE, Swarm and GRACE-FO observations to monitor the droughts over the Amazon
River basin from 2003 to 2020. The study results have been validated by previous studies.
Zhang et al. [32] calculated the long-term change trend of the ice sheet in West Antarctica
during 2003 and 2020 by combining GRACE, Swarm and GRACE-FO solutions. The
results show that the ice sheet mass in West Antarctica maintained a rapid ablation trend
(161.5 + 48.4 Gt/a) during the GRACE intermission data gap.

The flood potential index (FPI) is an index that can quantitatively evaluate the dif-
ference between regional incoming water and local maximum water storage, and realize
the evaluation of flood risk by measuring this difference. Reager et al. [33] firstly defined
the FPI in 2009 and validated its reliability on a global scale. Subsequently, many scholars
have applied the FPI to flood detection around the world. Molodtsova et al. [34] found that
the FPI has good agreement with local flood observations in the continental United States.
Sun et al. [35] used the three GRACE solutions to estimate the FPI, and applied the FPI
to monitor the floods in the Yangtze River basin from 2003 to 2014. The FPI successfully
caught the signal of the 2010 catastrophic flood, and PPT and runoff were 37.95% and
19.44% higher than normal averages, respectively. The flood-monitoring capabilities of the
FPI have also been validated in the Mississippi River basin and Peninsular Indian River
basins [36,37]. The FPI has become a powerful tool for monitoring large-scale regional
floods. The FPI has more advantages in monitoring large floods than small and medium
floods [38]. Gupta et al. [37] applied the FPI to flood monitoring in the Peninsular Indian
River basins. Xiong et al. [39] used the FPI to detect three severe floods in 2010, 2015 and
2016 in the Yangtze River basin. However, the above study only used GRACE solutions, so
the time span is only around 16 years. For hydrological research, the longer the observation
time series is, the higher are the reliability of the results.
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The Volga River is situated in southwestern Russia, with a total length of 3692 km, and
is the longest inland river with the widest basin in the world [40]. Since records began, there
have been 20 floods in the Volga River basin (VRB) (the water level was 11-13 m higher
than the average water level in many years) [41]. The floods mainly occurred in spring in
the VRB, and brought great suffering to the people along the bank [42]. However, as far as
we know, there is very little literature on floods in the VRB. Therefore, it is necessary to
study the floods in the VRB. To construct a long-term continuous observation time series,
we combined GRACE, Swarm and GRACE-FO solutions to estimate the FPI time series
for 19 consecutive years for the first time, and applied the FPI results to study the extreme
floods in the VRB, and, finally, discussed the formation mechanism of extreme floods.

2. Study Areas

The VRB (Figure 1), approximately at 45-61°N and 32-60°E, covers an area of
1.38 million km?, and extends from the Valdai Hills and Central Russian Highlands in
the west to the Ural Mountains in the east, and narrows abruptly in the south at Saratov.
In the VRB, the crystalline rock base is completely covered by sedimentary rocks, and the
lowlands, with an altitude below 200 m in the basin, account for about 65%, and the hills
account for 25%. The average annual discharge of the estuary is about 8000 m3/s, and the
annual runoff is 254 billion m? [43]. The VRB is mainly affected by the continental climate,
and is cold and snowy in winters and warm and humid in summers. The upper, middle
and right bank of the lower reaches have a forest climate, the left bank of the lower reaches
has a steppe climate and semi-desert climate, and the Caspian Sea lowland has a desert
climate [40]. Annual PPT is 635 mm in the northwest and 305 mm in the southeast. The
temperature is the highest and PPT is the largest in July in the west of the VRB. The average
monthly temperature in winter in the east of the basin is much lower than in the western
region, while the summer temperature is higher.

Elevation (m)

3000

2000

- 1000

S50°N

30°E 40°E  50°E  60°E 1000

Figure 1. The topographic map of the VRB.
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3. Data and Methods
3.1. Data
3.1.1. GRACE/GRACE-FO Data

In this study, GRACE/GRACE-FO spherical harmonic (SH) solutions were applied to
estimate monthly 1° x 1° TWSC gridded data from 2003 to 2021 based on the SH coefficient
method. The specific expression is [44]:

TWSC(6,A) ”P”WZ Z Bp(cos 0) 21

300 A L ik (ACyy, cos(mA) + ASpy, sin(mA)) (1)

where 0 and A are the co-latitude and longitude of the calculation point, respectively; a is
the Earth’s mean radius; pve is the Earth’s mean density; py, is the water density; [ and m
are degree and order, respectively; Py, (cos ) is the normalized Legendre function; k; is the
Love number; and AC;,, and ASy,, are the variations of the SH coefficient.

GRACE/GRACE-FO SH solutions were from the Center for Space Research at the
University of Texas at Austin (CSR), the Helmholtz-Centre Potsdam-German Research
Centre for Geosciences (GFZ), Jet Propulsion Laboratory (JPL) and Institute of Geodesy at
Graz University of Technology (ITSG). We performed a series of preprocessing work on
SH solutions to reduce the uncertainty of TWSC, such as coefficient replacement, filtering,
scale restoration and ice rebound correction [45]. In addition, Mascon solutions, from
CSR and JPL, can directly provide TWSC data without any data processing. Due to the
poor quality of GRACE/GRACE-FO observations in some months, the corresponding
months of observations are missing. To ensure the continuity of GRACE/GRACE-FO
observations, our study used the cubic spline interpolation approach to fill the missing
months’ data. GRACE/GRACE-FO are abbreviated as GRACE, and the four SH and two
Mascon solutions are abbreviated as CSR-SH, GFZ-SH, JPL-SH, ITSG-SH, CSR-M and
JPL-M.

3.1.2. Swarm Solution

The Swarm SH solution was provided by the International Combination Service for
Time-variable Gravity (COST-G), which was used to estimate the monthly TWSC gridded
data with a spatial resolution 1° x 1° in the VRB from 2014 to 2021 based on the SH
coefficient method. The calculation method and data preprocessing process are basically
the same as GRACE, only the filter setting is different. GRACE uses a 300 km Gaussian
filter and Swarm uses a 1000 km Fan filter [26]. The Swarm SH solution is a combination
solution estimated using variance component estimation, fusing four solutions provided
by the Astronomical Institute at the Czech Academy of Sciences, the University of Bern, the
Institute of Geodesy at the Graz University of Technology and Ohio State University [46].

3.1.3. PPT Data

The monthly 0.5° x 0.5° PPT gridded data during 1979 and 2021 can be extracted from
the Global Land Surface Reanalysis Products (CMA-RA /Land) provided by the China
Meteorological Administration. The data were estimated by the set assimilation approach,
data fusion and the surface parameter optimization algorithm [47]. In our study, the PPT
gridded data are from 2003 to 2021.

3.1.4. ET Data

The 0.25° x 0.25° monthly ET gridded data from 2003 to 2021 were from the Global
Land Evaporation Amsterdam Model (GLEAM) 3.7a [48]. The surface net radiation and
near-surface air temperature observations were applied to calculate the potential evapo-
ration, then the potential evaporation results of bare soil and canopy were transformed
into actual ET based on a multiplicative evaporative stress factor according to microwave
vegetative optical depth and root-zone SM observations [49]. ET gridded data can be read
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directly from the A model without any processing. In this study, we resampled the ET data
to ensure the same spatial resolution as the TWSC data.

3.1.5. Other Hydrometeorological Data

The monthly SM and GW gridded data with a spatial resolution 0.25° x 0.25° during
2003 and 2021 were provided by the Global Land Data Assimilation System (GLDAS)
2.1 model. The GLDAS 2.1 model was from the National Centers for Environmental
Prediction at the National Oceanic and Atmospheric and the Goddard Space Flight Center
at National Aeronautics and Space Administration. The SM is the sum of four layers of
SM (0-0.1 m, 0.1-0.4 m, 0.4-1.0 m and 1.0-2.0 m), and the GW data were estimated by
subtracting SM, canopy water and snow water equivalent (SWE) from terrestrial water
storage [50].

The monthly 0.5° x 0.5° runoff, SWE and surface temperature (ST) gridded data from
2003 to 2021 were collected from the CMA-RA /Land to study the causes of floods in the
VRB. The same as ET, we resampled SM, GW and SWE data to ensure the consistency of
the spatial resolution of the data.

3.2. Method
3.2.1. Data Fusion

Discrepancies in the methods and mathematical models used by different institutions
when processing GRACE data lead to a discrepancy between TWSCs estimated by different
GRACE solutions. This discrepancy can cause inaccuracy in our results. The uncertainty
is an indicator used to measure the degree of this inaccuracy. A small uncertainty means
high accuracy, and vice versa. To reduce the uncertainty of our study, the TWSCs from six
GRACE solutions were fused. First of all, we calculated the uncertainties of six TWSCs
using the generalized three-cornered hat method. Then, the weight of each TWSC was
determined based on the uncertainties results. Finally, the six TWSCs were integrated using
the least square approach. The technical details can be found in Refs. [51,52].

3.2.2. FPI Calculation

GRACE TWSC and PPT data were used to estimate the FPI. The expression is as
follow [39]:
FPAZ"]' = PPTZ’] - (max(TWSCZ,]) - TWSCI"]'_l) (2)

where FPA; ; is the discrepancy between incoming water and the maximum water storage
of the ith year and jth month, which is the flood amount. A larger FPA means a higher
probability of flood occurrence and greater flood severity. PPT; ; is the PPT of the ith year
and jth month. max(TWSCi,]-) and TWSC; ;1 are the maximum value of the TWSC in the
study period and the TWSC of the previous month. The FPA was normalized to calculate
the FPI, and the expression is as follows:

FPA; ;
> ®)

FPLj = ax (FPA; ;)

where max(FPA; ;) represents the maximum FPA during the study period. The FPI cannot
be greater than 1, and the closer the FPI is to 1, the higher the probability of floods. In our
study, the major floods occurred in the VRB when the FPI was greater than 0 [35].

3.2.3. Time Series Analysis

The observations time series contains information on the different time scales, such
as the long-term change trend, acceleration, and annual and semi-annual changes. The
extraction methods of different time scale components are as follows [53,54]:

TWSC(t) = ag + ait + ap cos(27t) + az sin(27tt) 4 a4 cos(4rt) + a5 sin(4rtt) + ¢ (4)
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where TWSC(t) represents the TWSC time series; ¢t and ¢ represents the time and the
residual signal, respectively; ag, a1, a2, a3, a4 and a5 represent the parameters to be requested;
ap represents a constant, a; represents the long-term change trend, a, and a3 represent
annual changes; and a4 and a5 represent semi-annual changes.

3.2.4. Partial Least Square Regression Model (PLSKR)

Under the condition that there is a correlation between different independent vari-
ables, the PLSR can accurately estimate the relationship between dependent and multiple
independent variables [55]. In this study, we take the FPI as the dependent variable and
PPT, ET, SM, runoff and GW data as the independent variables. The variable importance of
projection (VIP) can quantify the correlation between the FPI and different hydrometeoro-
logical factors in the PLSR. If the VIP is larger than 0.8, it means the hydrometeorological
factor has a significant impact on the FPI [56]. The specific expression of the VIP is as
follows [57]:

n‘rzn; RA(Y, v,»)wfj
vip = | = (Gj=1,2--,n) (5)

g Rd(Y,v;)

i=1

where 7 is the number of hydrometeorological factors, VIP; is the VIP value of the jth
hydrometeorological factor, v;(i = 1,2, - - - ,m) represents the m principal components of
Y, Y represents the FPI, w;; represents the weight of each element in the matrix after
the matrix X is standardized, X represents a matrix composed of the observations of n
hydrometeorological factors, and Rd(Y,v;) = r?(Y,v;) and r(Y,v;) are the correlation
coefficients between Y and v;, respectively.

3.2.5. Correlation Coefficient and Delay Months

Assuming x; and x; are the two independent observation time series, their correlation
coefficient is expressed as [58]:
o(7) = o12(7)
V0011022
where p(T) and T represents correlation coefficient and delay months, respectively, 071 and
0y are the variance of x1 and xp, respectively, and o7, is the covariance of x; and x;. When
|o(T)| reaches the maximum (|p(7)| < 1), T is the corresponding delay months (|| < 12).

(6)

4. Results
4.1. Construction of Combined TWSC Observation

Due to the different mathematical models and calculation approaches, the GRACE
solutions provided by different institutions have some discrepancies, which increase the
uncertainty of our results. To reduce the uncertainty, six TWSCs from GRACE solutions
were fused. Figure 2 shows that the same peaks, troughs and change trend appear in the
seven time series. The fused TWSC and six single solutions have a strong correlation (all
the correlation coefficients are larger than 0.94). This shows that the fused TWSC has a
good consistency with the six single solution results. The uncertainty level of the fused
result (0.76 cm) has been significantly reduced, and is smaller than the uncertainty level of
any single solution (CSR-SH, 1.58 cm; GFZ-SH, 3.35 cm; JPL-SH, 1.51 cm; ITSG-SH, 1.68 cm;
CSR-M, 2.43 cm; JPL-M, 2.27 cm). Therefore, we used the fused TWSC as the GRACE
TWSC in the follow-up research.
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Figure 2. The TWSC time series from six GRACE solutions and the fused result in the VRB from 2003
to 2021.

From Figure 2, we found that the GRACE TWSCs have a period of data gap (from
July 2017 to May 2018). In this study, we applied the Swarm TWSC to fill the gap. The
time series of GRACE and Swarm TWSCs in the VRB were compared from 2014 to 2021
(Figure 3). These two TWSCs have the same peaks and troughs (Figure 3a) and a strong
correlation (Figure 3b). Table 1 shows that the two TWSCs show a decreasing trend in the
VRB, and their annual amplitudes and annual phases are very close. The long-term change
trend of the Swarm TWSC is smaller than the one of GRACE, which is due to the larger
error and low spatial resolution of the Swarm solution. Overall, the Swarm TWSC has
almost the same performance as the GRACE one in the VRB.

(a) [—GRACE ——Swarm|| 151 ®

151
10

TWSC(cm)

2014 2016 2018 2020 2022 -10 0 10
Time(years) GRACE

Figure 3. The GRACE and Swarm TWSC time series (a) and scatter plots (b) in the VRB from 2014 to
2021.

Table 1. Long-term changes trend and seasonal variation of GRACE and Swarm TWSCs in the VRB.

TWSC Long-Term Change Trend Annual Amplitude Annual Phase
GRACE —1.38 £ 5.83 mm/a 7.51 cm 4.78 rad
Swarm —2.66 = 5.36 mm/a 6.77 cm 5.02 rad

Figure 4 shows the two spatial distribution maps of uncertainties of the GRACE and
Swarm TWSCs. The GRACE TWSC has smaller uncertainties than the Swarm one. The
uncertainties of the GRACE TWSC are smaller than 0.6 cm in most regions, and are higher
only in the delta (the maximum is 1.8 cm). The uncertainties of the Swarm TWSC are greater
than 0.9 cm, and the central and delta regions have the largest uncertainties (2.1~2.7 cm),
while the uncertainties in Northwest and Southeast are smaller (0.9~1.2 cm).
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Figure 4. The spatial distribution of uncertainties of the GRACE and Swarm TWSCs during 2014 and
2021.

In view of the good performance of the Swarm TWSC, we combined the GRACE
and Swarm TWSCs to form the complete TWSC observations (GRACE/Swarm TWSC) for
19 consecutive years in the VRB. We used the GLDAS TWSC to evaluate the quality of the
GRACE/Swarm one (Figure 5). The GRACE/Swarm and GLDAS TWSCs have the same
peaks and troughs (Figure 5a), and their correlation coefficient reaches 0.92 (Figure 5b).
Table 2 shows that their long-term trend changes are negative and numerically close, and
their annual phases are also almost the same. Although their annual amplitudes are
positive, they are numerically different. This is because the GLDAS TWSC is the sum of SM,
SWE and plant canopy water, and it does not include groundwater, lake water, reservoir
storage, etc. The GRACE TWSC includes all the terrestrial water components. Therefore,
these TWSCs have a numerical difference. Overall, the GRACE/Swarm TWSC has a good
performance compared with the GLDAS one in the VRB.

40

30 - ==GRACE/Swarm — GLDAS - - GRACE/Swarm-LT - - GLDAS-LT

AR AL

20

TWSC(cm)
=

0FET M- ’ AN AR IR mAE :
\ \' ‘ | ‘} i 111 I & _____
-10- ”’ ‘\’L“\’é‘\)‘
—20F |’ i
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2003 2005 2007 2009 2011 2013 2015 2017 2019 2021 -10 0 10 20

Time(years) GRACE/Swarm

Figure 5. The GRACE/Swarm and GLDAS TWSCs (a) and comparison scatter plots (b) in the VRB
from 2003 to 2021.

Table 2. Long-term change trend and seasonal variation of the GRACE/Swarm and GLDAS TWSCs

in the VRB.
TWSC Long-Term Change Trend Annual Amplitude Annual Phase
GRACE/Swarm —248 £1.57 mm/a 8.19 cm 1.50 rad

GLDAS —1.29 £ 253 cm/a 14.03 cm 1.44 rad
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4.2. Spatial and Temporal Characteristics of the FPI

Figure 6 shows that the time series of TWSC, PPT and the FPI have a significant
periodicity. TWSC and the FPI have similar peaks and troughs, and the FPI has a one-
month delay relative to TWSC. And the long-term change trends of TWSC and the FPI
show decreasing trends, which are —2.48 &+ 1.57 mm/a and —0.10 =+ 0.14, respectively.
However, the long-term change trend of PPT is 0.18 &+ 0.45 mm, and the fluctuation range
of TWSC (—17~14 c¢m) is about twice that of PPT (—4~6 cm). This demonstrates that PPT
is not the main reason for TWSC and FPI changes. Oltchev et al. [59] indicate that PPT
accounts for only 17% of the water resources in the VRB. According to the definition of the
FPI, two extreme floods (June 2005 and May 2018) occurred in the VRB during the study
period, which have been verified [60,61].

|—=—TWSC ——PPT ——FPI|+

15 1
10 )
= T
0
2 3
2 - .
B
=-10 —11
-15
: 14
2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

Time(years)

Figure 6. The time series of TWSC, PPT and the FPI in the VRB during 2003 and 2021. Purple dotted
line: FPI = 0.

We plotted the seasonal distribution map of the FPI, TWSC and PPT in the VRB
(Figure 7). Figure 7a shows that spring is the season most prone to floods, and two extreme
floods occurred in the VRB during 2003 and 2021 (dark red regions, FPI greater than 0).
The seasonal distribution of PPT is the same as that of the FPI (Figure 7a,b). The positive
TWSCs mainly are concentrated in spring and winter, while the negative ones are mainly
concentrated in summer and autumn. Figure 7c reveals that the most concentrated time of
PPT is mainly at the turn of spring and summer. The maximum PPT (6 cm) appeared in
June 2018, which is consistent with the 2018 major flood defined by the FPI. This suggests
that PPT may be the main cause of the 2018 major flood.

From Figure 8, TWSC and the FPI have the same spatial distribution of long-term
change trends, that is, the north is dominated by growth, and the south is dominated by
decline. The maximum increasing rates of TWSC (0.4 cm/a) and the FPI (0.2) occur in
the north, while the maximum decreasing rates (—0.4 cm/a and —0.6) appear in the delta
region. This demonstrates that the flood risk is increasing in the north and decreasing in the
south. This change trend of flood risk is consistent with that of TWSC, which indicates that
the TWSC changes the local maximum water storage capacity, and leads to the changes in
the size of PPT that can be accommodated. The spatial distribution of the long-term change
trend of PPT is different, that is, a decrease in the north and an increase in the south. The
maximum increasing rate (1.5 mm/a) appears in the south, and the maximum decreasing
rate (—0.5 mm/a) occurs in the east. This indicates that TWSC has a greater impact on the
FPI than PPT.



Remote Sens. 2023, 15, 4144

10 of 19

Spring Summer ~  Autumn B Winter

»
P> <

A

2021
2019
2017
2015
2013 “
2011
2009

2007 ——-‘ 10

2005
2003

Years

TWSC(cm)

-

PPT(cm)

2021
2019
2017
2015
2013
2011
2009

2007
2005
2003

Years

2021
2019
2017
2015
2013
2011
2009
2007
2005
2003

Years

4 5 6 7 8 9 10 m 12 1 2 3
Months

Figure 7. The seasonal variance of TWSC, PPT and the FPI in the VRB during 2003 and 2021. (a) FPI;
(b) TWSC; (c) PPT.

4.3. Influencing Factors on the FPI

To discover the mechanism of flood formation, we used the two quantitative indicators
(correlation coefficient and VIP) to evaluate the relationship between the FPI and seven
hydrometeorological factors (PPT, ET, SM, GW, runoff, SWE and ST). In Table 3, the
correlation coefficients between FPI and SM and GW are greater than 0.7 (0.76 and 0.77),
their VIPs are also larger than 0.8 (1.77 and 1.85), and their correlation coefficients and VIPs
are the largest. This demonstrates that SM and GW are the two factors most associated with
the FPI among these hydrometeorological factors. PPT and ST are the two main factors
reflecting climate change, but their correlation with the FPI is not significant. Figure 9 show
that, regardless of the correlation coefficient and VIP, the dominant factors of the FPI are
consistent in spatial distribution, that is, the dominant factor in most regions is SM, and
GW is only in parts of the south. In the northwest, the influencing scopes of GW derived
from the two results are slightly different.
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Figure 8. The spatial distribution of the long-term change trend of TWSC, PPT and FPL
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Figure 9. The spatial distribution of dominant influencing factors based on the correlation coefficient
(a) and VIP (b) results in the VRB.

Table 3. Correlation coefficients and VIPs between the FPI and PPT, ET, SM, GW, runoff, SWE and ST

in the VRB.
Indicators PPT ET SM GW Runoff SWE ST
Correlation Coefficient 0.21 0.44 0.76 0.77 0.39 0.16 0.19
VIP 0.26 0.85 1.77 1.85 0.64 0.36 0.14

The spatial distribution maps of correlation coefficients and VIPs between the FPI and
SM and GW are shown in Figure 10. The correlation coefficients between the FPI and SM
are larger than 0.5 in most regions, while the VIPs are all greater than 1 (Figure 10a,b). GW
also exhibits a similar spatial distribution to SM (Figure 10c,d). This demonstrates that
the two factors have a significant correlation with the FPI in most regions. The strongest
correlations between the FPI and SM are concentrated in parts of the north and south,
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and the maximum correlation coefficient and VIP are 0.70 and 2.00, respectively. The
minimum correlation coefficient and VIP are 0.40 and 1.00, respectively, which are located
in the southeast. On the spatial scale, the correlations between the FPI and GW present
a distribution characteristic of low in the north and high in the south, and the FPI and
GW have a strong correlation in most regions (Figure 10c,d). The maximum correlation
coefficient and VIP in the delta region are 0.90 and 3.00, respectively, while the minimum
correlation coefficient and VIP in the northwest are 0.40 and 1.00, respectively.

- 0.7 2
600N 60°N
| 0.55 L5
50°N S0°N
0.4 1
7 0.9 = T3
(d)
60°N 60°N L
0.65 L2
50°N I 500N
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Figure 10. The spatial distributions of correlation coefficients and VIPs between the FPI and SM, GW.
(a) Correlation coefficient with the FPI vs. SM; (b) VIP with the FPI vs. SM; (c) Correlation coefficient
with the FPI vs. GW; (d) VIP with the FPI vs. GW.

To discover the impact path of climate variability on extreme floods, we calculated
the correlation coefficients and VIPs between seven hydrometeorological factors. It can be
seen from Figure 11 that SM and GW have a strong correlation (correlation coefficient, 0.86;
VIP, 4). This indicates that SM and GW have very close water exchange activity. Except for
GW, runoff has a strong correlation with SM (correlation coefficient, 0.53; VIP, 2.97), and
their correlation is much higher than the one between SM and SWE and PPT (correlation
coefficient, 0.23 and 0.09, respectively; VIP, 0.22 and 0.14, respectively). This shows that
the recharge effect of GW on SM is the largest, followed by runoff and SWE, and PPT is
at the end. GW, SWE and PPT have a positive correlation with runoff. The correlation
between runoff and GW is the strongest (correlation coefficient, 0.40; VIP, 1.70), followed
by SWE (correlation coefficient, 0.29; VIP, 0.34) and PPT (correlation coefficient, —0.15; VIP,
0.24). This shows that GW has the largest replenishment effect on runoff, followed by SWE
and PPT. SWE has a significant negative correlation with ST and ET (correlation efficient,
—0.79 and —0.64, respectively; VIP, 1.94 and 1.65, respectively). ET itself is a reflection of
ST changes, so SWE is mainly influenced by ST.

Taking into account the response delay, we calculated the maximum correlation coeffi-
cients and delay months between the FPI and SM, GW, PPT and SWE (Figure 12a). The
results show that SM (0.86), GW (0.78) and SWE (0.75) have the strong correlation with
the FPI. This demonstrates that the above three terrestrial hydrological components have
a very significant impact on the FPI. The FPI responds significantly faster to SM and GW
(both one month) than SWE (three months). Although the correlation coefficient between
PPT and the FPI reaches 0.46, it is much smaller than that between PPT and SM, GW and
SWE. This indicates that PPT has a smaller impact on flood risk than SM, GW and SWE
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in the VRB. To explore the mechanism of flood formation, we estimated the correlation
between SM, GW, SWE and the corresponding hydrometeorological factors. Figure 12b
shows that SM has a strong correlation with GW (0.86), SWE (0.76) and runoff (0.62). It
can be seen that the main source of supply for SM is GW, followed by SWE and runoff.
From the perspective of response time, GW has the shortest (0 month), followed by runoff
(1 month), SWE (2 months) and PPT (3 months). From Figure 12c, it can be seen that SWE
(0.77), PPT (0.55) and GW (0.51) have a significant relationship with runoff. This shows that
SWE has the largest rechange effect on runoff among the three factors, and PPT rechanges
runoff slightly more than GW. Comparing Figure 12b,c, SM has a stronger correlation with
GW than runoff, and the response time of SM to GW is 0 month, and the response time of
runoff is —1 month. Figure 12d shows that SWE has a strong negative correlation with ST
(—0.86) and ET (—0.74), and the response time of SWE to ET and ST is 1 month. Both ST
and ET reflect the energy change trend, demonstrating that temperature is the main factor
affecting SWE.
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Figure 11. The correlation coefficients and VIPs between seven hydrometeorological factors in the
VRB.
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Figure 12. The maximum correlation coefficients and delay months between hydrometeorological
factors in the VRB. (a) FPI vs. SM, FPI vs. GW, FPI vs. PPT and FPI vs. SWE; (b) SM vs. SWE, SM vs.
runoff, SM vs. GW and SM vs. PPT; (c¢) runoff vs. SWE, runoff vs. GW and runoff vs. PPT; (d) SWE
vs. ET and SWE vs. ST.

5. Discussion
5.1. Path of Flood Formation

The main sources of river recharge in the basin are PPT, GW, glacier melt, snow melt
and lake water [62]. Since the VRB is located in the middle and high latitude region, its
water source comes from snowmelt (60%), GW (30%) and PPT (10%) [40]. Figure 12a
shows that the correlations between SWE, GW and the FPI are much stronger than the
ones between PPT and the FPI. According to the results in Figure 12, we can roughly
describe the formation process of the floods in the VRB. ST has a strong effect on SWE
(—0.86, Figure 12c). Ma et al. [63] indicated that the decline in snow depth was driven by
temperature rise, and the continued decline in snow depth could increase the frequency of
floods. Snow melts faster when the ST is usually high, and the process takes one month
(the delay month is one, Figure 12¢). Part of the water flow formed by melting snow flows
into the river, and the other part enters the soil through osmosis and is stored in the form
of SM. Loukas et al. [64] showed that snowmelt runoff is the dominant component of peak
flows in the spring and summer floods in the inland basin of Illecillewaet, Canada. Duan
et al. [65] pointed out that snowmelt has a significant correlation with the normalized
difference vegetation index. Figure 12b,c show that the correlation coefficients between
SWE and SM and runoff are 0.76 and 0.77, respectively, which is much greater than the
ones between PPT and SM and runoff (0.44 and 0.55, respectively). This verifies that SWE'’s
replenishment effect on SM and runoff is greater than that of PPT. The response time of SM
(2 months) to SWE is greater than the response time of runoff (1 month). The correlation
coefficient between SM and runoff is 0.62, and the response time of SM to runoff is 1 month.
This demonstrates that runoff has a replenishing effect on SM. The correlation coefficient
between runoff and GW is 0.51, and the response time of runoff to GW is —1 month. This
suggests that runoff is also one of the recharge sources for GW. There is also strong recharge
activity between GW and SM (0.86). The water storage capacity of GW and SM is limited.
When the water in GW and SM exceeds their water storage capacity, the excess water will
overflow the surface and cause floods. Wasko et al. [66] indicate that floods are closely
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related to SM before floods, and SM changes must be taken into account when predicting
floods due to climate change. Previous studies [67,68] show that a high GW level leads
to floods. Figure 12a shows that GW and SM have a strong correlation with the FPI (0.78
and 0.86, respectively), and the response time of the FPI to SM and GW is 1 month. This
demonstrates that SM and GW show abnormal changes before floods. SWE also has a
strong correlation with the FPI (0.75), and the correlation is much greater than that of PPT
(0.46) and slightly lower than that of SM and GW. This due to the fact that the recharge
source of water resources in the VRB is mainly SWE. Yan et al. [69] point out that sharply
rising temperature may accelerated the snow melting and increase the floods risk in the
Manas River basin in spring.

5.2. Uncertainty of the FPI

The uncertainty of observations has an important impact on the reliability of our
results. In our study, data fusion was used to decrease the uncertainty of the TWSC results.
Compared with a single solution, the uncertainty level of the fused result has been reduced
by nearly five times (from 3.35 cm to 0.76 cm). We used the Swarm TWSC result to complete
the gap of GRACE/GRACE-FO data. Although the uncertainty of the Swarm TWSC results
is greater than that of the GRACE TWSC results, it is completely reliable to use the Swarm
solution for TWSC monitoring in the VRB. Wang et al. [70] have also conducted research on
the hydrological application potential of the Swarm solution in the VRB. The results show
that the Swarm solution demonstrates excellent performance in TWSC monitoring, and
can replace the GRACE solution to detect TWSC in the VRB. The spatial distribution of the
residuals in the FPI in the VRB is shown in Figure 13. In most regions, the RMSs are less
than 1.2. The greater RMSs are mainly located in parts of the south, as well as in the delta.

RMS
4
60°N
- 3
- 2
S0°N 1
0
30°E 40°E S0°E 60°E

Figure 13. The spatial distribution of RMSs of the residuals in the FPI.

5.3. Future Direction

Although the observation time series in our study has been reached 19 years, it is still
not enough to study the long-term change pattern of regional floods. Therefore, in the next
step of research, we will focus on how to obtain long-term observation data. And human
activities also have a certain impact on regional floods, but our study only focuses on the
impact of natural factors. Therefore, it is also the content that needs to be focused on in the
next research step. Our results provide a certain scientific reference for flood research in
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middle- and high-latitude basins, and the scientific data support for local government and
management departments to formulate relevant measures.

6. Conclusions

We applied the FPI based on the combined satellite gravity observations to detect
the extreme floods in the VRB during 2003 and 2021, and analyzed the spatio-temporal
distribution of the FPI. Subsequently, the relationship between the FPI and hydrometeoro-
logical factors are estimated by using the Pearson correlation coefficient and PLSR model
to discuss the formation mechanism of floods. The primary conclusion are as follows:

(1) The uncertainty of the fused TWSC results (0.76 cm) is much lower than the uncer-
tainty of any single solution (the average is 2.14 cm), and the Swarm TWSC results
have a good consistency with the GRACE results (correlation coefficient is 0.82) in
the VRB. The TWSC time series estimated by combining the fused result and Swarm
solution has the same performance as the ones from the GLDAS model.

(2) On the seasonal scale, spring and autumn are the seasons with the greatest and
smallest FPI, respectively. With regards to spatial distribution, the FPI is rising in the
north and falling in the south, so the north is more prone to floods than the south. In
the study period, there were two extreme floods detected by the FPI in the VRB.

(3) Since SWE is an important source of recharge for water resources in the VRB, it has
a strong correlation with the FPI. SWE is vulnerable to ST. Snow melts faster when
the ST rises. And more water in runoff and SM comes from SWE than PPT. Therefore,
the abnormal changes in SWE have a very important impact on the floods in the VRB,
and the effect of SWE on the floods is greater than that of PPT.

Our study reveals the formation pathways of floods in the VRB, which is of great sig-
nificance for comprehensive understand of floods occurrence and development, especially
in high-latitude regions.
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