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Abstract: Flooding is one of the most widespread and frequent weather-related hazards that has
devastating impacts on the society and ecosystem. Monitoring flooding is a vital issue for water
resources management, socioeconomic sustainable development, and maintaining life safety. By
integrating multiple precipitation, evapotranspiration, and GRACE-Follow On (GRAFO) terrestrial
water storage anomaly (TWSA) datasets, this study uses the water balance principle coupled with the
CaMa-Flood hydrodynamic model to access the spatiotemporal discharge variations in the Yangtze
River basin during the 2020 catastrophic flood. The results show that: (1) TWSA bias dominates the
overall uncertainty in runoff at the basin scale, which is spatially governed by uncertainty in TWSA
and precipitation; (2) spatially, a field significance at the 5% level is discovered for the correlations
between GRAFO-based runoff and GLDAS results. The GRAFO-derived discharge series has a high
correlation coefficient with either in situ observations and hydrological simulations for the Yangtze
River basin, at the 0.01 significance level; (3) the GRAFO-derived discharge observes the flood peaks
in July and August and the recession process in October 2020. Our developed approach provides an
alternative way of monitoring large-scale extreme hydrological events with the latest GRAFO release
and CaMa-Flood model.

Keywords: GRACE Follow-On; CaMa-Flood model; discharge estimation; flood monitoring; Yangtze
River basin

1. Introduction

Flooding is one of the most widespread and detrimental natural hazards causing huge
adverse impacts on infrastructures, public services, and ecosystem [1]. In the context of
global warming and human activities, the increasingly frequent and severe floods in the
recent decades imply an urgent necessity to better monitor flood events for sustainable
development [2,3]. Exceptional basin-wide floods threatened the Yangtze River basin from
July to October in 2020. In July 2020, the water levels along the middle and lower reaches of
the Yangtze River constantly exceeded the warning water levels due to continuous heavy
storms. Subsequently, another huge flood event occurred in the upper Yangtze River in
August 2020. The high disaster losses of 2.42 billion Yuan and 263,200 affected people
caused by the 2020 flood in the Yangtze River basin have attracted great attention for
flood control and monitoring strategies [4]. As a direct hydrological parameter, runoff
explicitly determines the intensity and scale of floods. To improve runoff monitoring,
several methods [5] have been employed to measure and quantify runoff, including in situ
observations, hydrological simulation, and by remote sensing techniques. Hydrometric
stations directly measure runoff in point scale on the ground. However, the distribution
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is sparse and the number of observation stations worldwide has decreased considerably
due to considerable financial and material costs [6,7]. Alternatively, advanced hydrological
models provide a diagnostic tool for simulating runoff continuously [8]. However, the
uncertainty in their parameters is expected to increase in ungauged and poorly gauged
regions as in situ runoff observations are needed to constrain their simulations [9]. Ad-
ditionally, hydrological models performed poorly in some catchments with complicated
hydrological processes, including the Amazon Basin and the Yangtze River basin, due
to the simplified process [10]. With rapid advances in remote sensing technologies and
Earth system modeling, spaceborne sensors and state-of-the-art numerical weather models
have provided a diagnostic tool for measuring river discharge at a near-global coverage
and an unprecedented spatiotemporal resolution. The water width and flow velocity of
rivers can be remotely derived from optical images comprising Landsat 5/6/7, MODIS, as
well as Sentinel 1/2 satellites data. Satellite radar and laser altimetry carried out on the
currently operational satellites such as Envisat, Jason 1/2/3 and Sentinel 3 A/B, Icesat
1/2 extract the information of water level from re-tracked radar waveforms. The multi-
source remotely sensing products have been used in evaluating river runoff based on the
Manning’s equation and corresponding empirical relationship with water surface parame-
ters [11]. However, these remotely sensing products are difficult to apply in medium and
small rivers due to their coarse spatiotemporal resolution and complicated post-processing
procedures [12].

The Gravity Recovery and Climate Experiment (GRACE) mission provides another
approach to access runoff variation at a basin scale. GRACE has produced monthly
gravity fields globally in the form of equivalent water height, and is a robust approach
for monitoring large-scale changes in terrestrial water storage (TWS). GRACE ignores the
limitations of traditional ground observations in time and space, providing high accuracy
and concise hindcasts compared to in situ monitoring, hydrological models, and other
spaceborne-based satellites [13]. GRACE-derived TWS change is an important variable in
the water cycle, which represents water budget changes governed by multiple water fluxes
including precipitation, evapotranspiration, and runoff. Hence, accurate quantification
of terrestrial water storage anomaly (TWSA) determines the evaluation of runoff and
influences the antecedent soil moisture [14]. The implementation of GRACE enabled the
study of runoff evaluation and flood monitoring from a totally new perspective. Syed [15]
firstly estimated freshwater runoff at a continental scale during the period of 2003–2005
based on GRACE data and achieved satisfactory performance at both monthly and annual
scales. More recently, the extraction of runoff components from GRACE-derived TWSA
data has been widely validated at basin and local scales around the globe, such as the
Yangtze River basin [16], the Amazon basin [17], the East Africa Rift Valley [18], the Gulf of
Alaska watershed [19], and many other areas [20–22]. Given the robust ability to monitor
the large-scale water variation of GRACE, its contribution to the flood monitoring has
attracted much attention. Reager and Famiglietti proposed the Flood Potential Index (FPI)
based on GRACE and remote sensing precipitation data to represent the effective TWS
capacity [23]. With the FPI data, the flood monitoring potential of GRACE-derived TWSA
has been examined at diverse climate regions [24–28], which even shows high performance
in observing large-extent and long-duration floods.

After the retirement of GRACE in June 2017, GRACE Follow-On (GRAFO) satellites,
launched in June 2018, continue to provide consecutive TWSA data for global applica-
tions in hydrology, geology, and oceanology [29,30]. Compared with its predecessor, the
laser ranging system of the GRAFO twin satellites additionally provides angle-variable
information. The improvements of the measurement accuracy and scientific data system
enable GRAFO satellites to sense gravitational variation at a finer scale, thus realizing more
accurate observations of Earth’s gravity than GRACE [31,32].

Although a few studies have extracted and evaluated the runoff yield from GRACE-
derived TWSA based on water budget, few works have taken the runoff routing processes
into consideration and the reliability of GRAFO-based runoff data is unexamined. There-
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fore, this study attempts to investigate the runoff variation using GRAFO data based on
water budget and river-flow route processes via the CaMa-Flood model, by taking the
2020 catastrophic flood event in the Yangtze River basin as our case study. Moreover, we
demonstrate the spatiotemporal variation of GRAFO-derived discharge as well as flood
potential during the flood. The relationship between precipitation and atmospheric circula-
tion factors including the NINO3.4 and North Atlantic Oscillation (NAO) indexes during
the flood period is also discussed, which may provide rich information as references for
investigating potential causes of the exceptional flood in the Yangtze River basin.

2. Study Area

The focus of this study is the Yangtze River basin of China, which controls a drainage
area of about 1,671,677 km2, equaling to approximately 20% of the territory of mainland
China. As the longest river in China, the Yangtze River originates from the Tibetan Plateau
in the west and eventually empties into the East China Sea in the east of China (see Figure 1).
The topography of the Yangtze River basin appears as a ladder-like distribution from west
to east with an average elevation of 748 m. The spatial distribution of precipitation is
uneven because of the complicated geographical and topographical environment. The
subtropical monsoon climate dominates the basin where tropical hot-air masses and polar
dry- and cold-air masses meet. The mean annual precipitation is about 1100 mm, which
presents a remarkable seasonal distribution, and more than 70% of the annual rainfall is
distributed during the wet season between May and October. The uneven spatiotemporal-
distributed precipitation indicates the large-scale floods are prone to occur from May to
October every year. Given the fact that the Yangtze River basin sustains about 400 million
people and occupies approximately 40% of the Gross Domestic Product of China, flood
monitoring is of great significance for the reduction of financial and life losses from flood
disasters [33]. This study divides the Yangtze River basin into three parts, the upstream,
midstream, and downstream sub-basins, with outlet gauge stations of Yichang, Hukou,
and Datong, respectively (see Figure 1).

Remote Sens. 2021, 13, x FOR PEER REVIEW 3 of 21 
 

 

Although a few studies have extracted and evaluated the runoff yield from GRACE-

derived TWSA based on water budget, few works have taken the runoff routing processes 

into consideration and the reliability of GRAFO-based runoff data is unexamined. There-

fore, this study attempts to investigate the runoff variation using GRAFO data based on 

water budget and river-flow route processes via the CaMa-Flood model, by taking the 

2020 catastrophic flood event in the Yangtze River basin as our case study. Moreover, we 

demonstrate the spatiotemporal variation of GRAFO-derived discharge as well as flood 

potential during the flood. The relationship between precipitation and atmospheric circu-

lation factors including the NINO3.4 and North Atlantic Oscillation (NAO) indexes dur-

ing the flood period is also discussed, which may provide rich information as references 

for investigating potential causes of the exceptional flood in the Yangtze River basin. 

2. Study Area 

The focus of this study is the Yangtze River basin of China, which controls a drainage 

area of about 1,671,677 km2, equaling to approximately 20% of the territory of mainland 

China. As the longest river in China, the Yangtze River originates from the Tibetan Plateau 

in the west and eventually empties into the East China Sea in the east of China (see Figure 

1). The topography of the Yangtze River basin appears as a ladder-like distribution from 

west to east with an average elevation of 748 m. The spatial distribution of precipitation 

is uneven because of the complicated geographical and topographical environment. The 

subtropical monsoon climate dominates the basin where tropical hot-air masses and polar 

dry- and cold-air masses meet. The mean annual precipitation is about 1100 mm, which 

presents a remarkable seasonal distribution, and more than 70% of the annual rainfall is 

distributed during the wet season between May and October. The uneven spatiotemporal-

distributed precipitation indicates the large-scale floods are prone to occur from May to 

October every year. Given the fact that the Yangtze River basin sustains about 400 million 

people and occupies approximately 40% of the Gross Domestic Product of China, flood 

monitoring is of great significance for the reduction of financial and life losses from flood 

disasters [33]. This study divides the Yangtze River basin into three parts, the upstream, 

midstream, and downstream sub-basins, with outlet gauge stations of Yichang, Hukou, 

and Datong, respectively (see Figure 1). 

 

Figure 1. The sub-basin and river network of Yangtze River in China. Note: The black dashed line 

divides the Yangtze River basin into the upper, middle, and lower reaches. 

3. Data and Methods 

3.1. Data 

3.1.1. Remote Sensing Products 

Figure 1. The sub-basin and river network of Yangtze River in China. Note: The black dashed line divides the Yangtze
River basin into the upper, middle, and lower reaches.

3. Data and Methods
3.1. Data
3.1.1. Remote Sensing Products

Five GRAFO datasets are used to provide monthly TWSA in the Yangtze River basin
between June 2018 and October 2020, which comprise three Level 2 spherical harmonics
solutions solved by the Center for Space Research at the University of Texas in Austin (CSR),
Jet Propulsion Laboratory (JPL), and the German Research Center for Geoscience (GFZ),
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respectively, in addition to two mass concentration blocks solutions from CSR and GFZ,
respectively. The GRAFO products all have the latest version, Release 06 for three spheri-
cal harmonics solutions and 02 for two mass concentration blocks solutions [34,35]. The
monthly GRAFO datasets have been deducted from the average gravity field between 2004
and 2010 for the spherical harmonic’s solutions and between 2004 and 2009 for mass con-
centration blocks solutions. The spatial resolution of mass concentration blocks products
has been resampled to 1◦ × 1◦ for comparison with spherical harmonics solutions spatially.
A simple linear interpolation method has been used to fill the missing TWSA values in
August and September 2018. The continuous high-resolution GRAFO data is subsequently
applied to evaluate runoff and calculate the Flood Potential Index (FPI) [22] combined with
other meteorological forcing data (i.e., precipitation and evapotranspiration).

The remote sensing precipitation dataset used in this study derives from the Global
Precipitation Measurement (GPM) mission, which is an international network of satellites
that provide next-generation global observations of rain and snow. The Core Observatory
satellite of the GPM launched in February 2014 carried out the Dual-Frequency Precipi-
tation Radar and GPM Microwave Imager instruments to generate a global precipitation
dataset. The Integrated Multi-Satellite Retrievals (IMERG) algorithm is employed to merge
microwave-calibrated infrared satellite estimates, satellite microwave precipitation es-
timates, and in situ precipitation data with fine accuracy and consistency all over the
globe [36]. The GPM IMERG version 06 product is applied with a 3-month latency. More-
over, the monthly precipitation dataset from the GPM mission has a high spatial resolution
of 0.1◦ × 0.1◦, and subsequently resampled at a gridded 1◦ × 1◦ scale to match the spatial
resolution of GRAFO data.

To figure out the influential factors on the exceptional 2020 flood in the Yangtze River
basin, some atmospheric circulation factors including NINO3.4 and NAO indexes were
applied. The NINO3.4 index is an El Niño/Southern Oscillation (ENSO) indicator based
on sea surface temperatures, which is calculated as the average sea surface temperature
anomaly between 1981 and 2010 in the region bounded by 5◦ N to 5◦ S, from 170◦ W
to 120◦ W. An El Niño or La Niña event is identified if the 3-month moving average
of the NINO3.4 index exceeds +0.5 ◦C for El Niño or −0.5 ◦C for La Niña for at least
5 consecutive months [37]. The NOAA OISST version 2 dataset provides the daily sea
surface temperature at a high spatial resolution of 0.25◦ × 0.25◦ from 1982 up to the present.
The NOAA OISST product is generated based on the Advanced Very High-Resolution
Radiometer (AVHRR) [38].

3.1.2. Reanalysis Dataset

The Global Land Evaporation Amsterdam Model (GLEAM) is a set of algorithms that
separately estimate the different components of land evapotranspiration including transpi-
ration, bare-soil evaporation, interception loss, open-water evaporation, and sublimation.
The monthly GLEAM dataset has a spatial resolution of 0.25◦ × 0.25◦ (subsequently re-
sampled to 1◦) [39]. This study selects the evapotranspiration data of the latest version of
GLEAM v3.5a to derive runoff data combined with TWSA and precipitation data using the
water balance equation. Moreover, the monthly derived NAO index is used in this study
because of its strong relationship with extreme precipitation across the south China [38].
The NAO index is defined as the difference the between normalized sea level pressure
over Gibraltar and the normalized sea level pressure over Southwest Iceland, which are
taken from the National Center for Environmental Prediction (NCEP) reanalysis data at a
relatively coarse resolution of 2.5◦ × 2.5◦.

3.1.3. Model Outputs

The Global Land Data Assimilation System (GLDAS-Version 2.1) involves multiple
land surface and hydrological models including Noah, the Community (CLSM), and the
Variable Infiltration Capacity (VIC) models [8,40]. The monthly total runoff data from
GLDAS is utilized for comparison with water budget estimates, which is the monthly
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accumulation of the sum of surface runoff and subsurface runoff as groundwater is not
modeled by the GLDAS. The total precipitation and evapotranspiration data are also
obtained from GLDAS to evaluate the uncertainty sourced from different hydrological
factors. Similarly, the spatial resolution of the models of GLDAS is 1◦ × 1◦, thus a direct
spatial comparison between runoff from GLDAS and the water balance equation can be
carried out.

3.1.4. In Situ Observations

Average monthly discharge observations are collected from the Yichang, Hukou, and
Datong gauge stations (see Figure 1) between June 2018 and October 2020, which are
considered as the outlets of the upper, middle, and lower reaches of the Yangtze River
basin. The records are continuous and have followed a strict quality control policy.

3.2. Methods
3.2.1. Water Balance Equation

The water balance equation is utilized to evaluate the monthly runoff volume in the form
of equivalent water height based on multisource datasets at grid and basin scales as follows:

R = P − dS
dt

− ET (1)

where R (mm/month) is the monthly runoff depth, P (mm/month) represents the monthly
precipitation from GPM IMERG, ET (mm/month) denotes monthly GLEAM-derived
evapotranspiration, and dS/dt (mm/month) is the difference of TWSA from GRAFO,
which is calculated as follows:

dS
dt

= TWSAi − TWSAi−1 (2)

where TWSAi (mm) represents the terrestrial water storage anomaly of ith month.

3.2.2. Uncertainty and Error Analysis

Analysis of Variance (ANOVA) is an effective tool to decompose the total variance
into variance of different sources for quantification of variance sourced from different
hydrological variables in the total variance, which has been widely used for uncertainty
assessment in hydrology and meteorology [41]. By implementing multiple products for
each hydrological variable in the water balance equation (i.e., precipitation, TWSA, and
evapotranspiration), we can obtain a large ensemble of 80 runoff evaluations for the
estimation of the relative uncertainty contribution rate of each hydrological factor and
their interactions via a three-way ANOVA. The total uncertainty, expressed as variance, is
separated into different contributions as follows:

UT = UPrecipitation + UTWSA + UEvapotranspiration + UInteractions (3)

UT =
I

∑
i=1

J

∑
j=1

K

∑
k=1

(
Yi,j,k − Yo,o,o

)
(4)

UPrecipitation = J·K·
I

∑
i=1

(
Yi,o,o − Yo,o,o

)2
(5)

UTWSA = I·K·
J

∑
j=1

(
Yo,j,o − Yo,o,o

)2
(6)

UEvapotranspiration = I·J·
K

∑
k=1

(
Yo,o,k − Yo,o,o

)2
(7)
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UInteractions =
I

∑
i=1

J

∑
j=1

K

∑
k=1

(
Yi,j,k − Yi,o,o − Yo,j,o − Yo,o,k + 2·Yo,o,o

)
(8)

where UT is the total variance, and UPrecipitation, UTWSA, UEvapotranspiration, and UInteractions
represent the variance contributed by the effects of precipitation, TWSA, evapotranspi-
ration, and their interactions, respectively. I, J, and K denote the number of datasets of
4 precipitation data (GPM, GLADS-CLSM, GLADS-Noah, and GLADS-VIC), 5 TWSA
data (Spherical harmonics of CSR, JPL and GFZ, mascon concentration blocks of CSR and
JPL), and 4 evapotranspiration (GLEAM, GLADS-CLSM, GLADS-Noah, and GLADS-VIC),
respectively. Yi,j,k is the runoff derived from the ith rainfall, jth TWSA, and kth evapo-
transpiration data sets, Yo,o,o represents the mean runoff using all datasets combinations,
Yi,o,o, Yo,j,o, and Yo,o,k refer to the averaged runoff using the combination of ith rainfall, jth
TWSA, and kth evapotranspiration datasets, respectively.

Therefore, the fractional contributions of different sources to overall uncertainty can
be calculated by dividing total variance from results from different sources. Moreover,
the standard deviations of 4 precipitation products, 5 TWSA solutions, 4 evapotranspira-
tion datasets, and 80 runoff estimations are computed for each month to represent their
variability. For validation of water balance estimates of runoff data (totalling 80 datasets),
the multiple hydrological models of GLDAS (i.e., Noah, CLSM, and VIC) are added into
comparison. The Pearson correlation coefficient (CC) is used to evaluate the linear re-
lationship between GRAFO-derived and GLDAS-simulated runoff in the Yangtze River
basin [42]. Furthermore, the field significance of the CCs is estimated by comparing the
percentage of grids where significant correlation is detected to the percentage of grids
where significant trend would be expected to occur by chance to overcome the impact of
spatial autocorrelations of 167 1◦ × 1◦ grid cells across the Yangtze River basin [43]. A
stepwise decreasing significance level of 10%, 5%, and 1% is imposed to the average spatial
pattern of CCs with a false discovery rate (FDR) of 0.1. The FDR approach is considered as
one of the strongest multiple comparison tests [44].

3.2.3. CaMa-Flood Hydrodynamic Model

For direct comparison between water budget estimates of runoff (unit in mm) and in
situ observations (unit in m3/s) at the gauge station, the latest CaMa-Flood version 4.0
is forced using GRAFO-derived runoff datasets. The CaMa-Flood model is a distributed
global river network routing model designed to simulate the hydrodynamics in continental-
scale rivers [45]. It routes the high-resolution streamflow from one grid cell to another
by adapting the grid-vector hybrid river network map and local inertial equation. The
parameters and variables used in the CaMa-Flood model are channel length, channel width,
bank height derived from high resolution 90 m surface elevation map (MERIT DEM) and
river network map (MERIT Hydro) over the Yangtze River basin. In addition, the regional
parameters for the floodplain reservoir include the unit catchment area, the floodplain
elevation profile, the floodplain water depth, and the flooded area. The assumption made
in the model is that inundation will always occur from lower to higher elevation. The
CaMa-Flood hydrodynamic model is performed based on the discretized unit-catchments
for each grid cell over the floodplain reservoir. The Flexible Location of Waterways (FLOW)
approach is employed to locate the downstream grid cells away from the immediate
neighborhood of the grid, rather than merely considering one of the eight neighboring
cells as downstream cells in previous studies. Based on the local inertial equation, the river
streamflow Q (m3/s) from each cell toward its downstream cell is calculated by neglecting
the second term of the St. Venant momentum equation as:

∂Q
∂t

+
∂

∂x

[
Q2

A

]
+

gA∂(h + z)
∂x

+
gn2Q2

R
4
3 A

= 0 (9)

where A and h means the cross-section area (m2) and depth of flow (m), respectively. R,
z, and n is the hydraulic radius (m), bed elevation (m), and the Manning’s roughness
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coefficient (default set to 0.03 m− 1
3 s−1) in the whole river reach. Moreover, x and t donate

the flow distance and time. The first, second, third, and fourth terms of the local inertial
Equation (9) represent the local acceleration, advection, water slope, and friction slope,
respectively.

The global-scale CaMa-Flood model has high computational efficiency and greatly
improves the simulation of peak flow with realistic surface water dynamics [46]. By
coupling the CaMa-Flood model with GRAFO-derived runoff in addition to GLDAS
results, monthly modeled flow discharge is obtained along the Yangtze River with a high
spatial resolution of 0.1◦ × 0.1◦.

3.2.4. Flood Potential Index

To monitor the large-scale flood event in the Yangtze River basin, this study calculates
flood potential index (FPI) according to Reager and Famiglietti [23]:

FPA(t) = P(t)− (TWSAmax − TWSAt−1) (10)

FPI(t) =
FPA(t)
FPAmax

(11)

where FPA(t) (mm) is the flood potential amount of the specific month that indicated the
capacity of storing the potential rainfall into the land. P(t) (mm) is the remote sensing
precipitation of the corresponding month. TWSAmax and TWSAt−1 (mm) represent the
maximum GRAFO TWSA and the previous month’s value during the period from June
2018 to October 2020, respectively. The regional terrestrial storage ability is expressed as
the difference between TWSAmax and TWSAt−1. FPAmax represents the highest difference
between precipitation and regional storage variability (i.e., FPA(t)) during the same period.
A larger FPI(t) donates the higher possibility of flood.

3.2.5. Time Series Decomposition

We also apply the seasonal trend decomposition using local regression (STL) to de-
seasonalize the monthly time series of precipitation and GRAFO-derived discharge from
July 2018 to October 2020. The STL proposed by Cleveland et al. [47] is a robust time series
decomposing method, which decomposes the original time series into three components,
including trend, seasonal, and residual series as follows:

Y = Ytrend + Yseasonal + Yresidual (12)

where Y is the original time series of precipitation or runoff, Ytrend, Yseasonal and Yresidual
refer to the trend components, seasonal cycle, and residual signals of Y, respecyively.

4. Results
4.1. Uncertainty Analysis

An ANOVA approach is adopted to quantify the relative contribution of different
hydrological variables and their interactions to the overall uncertainty in runoff estimates,
and the standard deviation was calculated to represent their respective variability. Figure 2
presents multiple time series of precipitation, evapotranspiration, and GRAFO-derived
TWSA in the Yangtze River basin between June 2018 and October 2020. The precipitation,
TWSA, and evapotranspiration present a similar pattern that decreases to the lowest in
December 2019 and reaches to the highest in July 2020. Regional precipitation from CLSM,
VIC, and Noah models of GLDAS show nearly no difference all the time. The discrepancy
between GLDAS precipitation and GPM products during the dry season is relatively
larger than that during the wet season. The results also indicate that the VIC-modeled
evapotranspiration presents an overall underestimation of about 15 mm than other GLDAS
outputs, with slight differences between GLEAM, CLSM, and Noah results. In terms
of TWSA, two mass concentration blocks solutions are generally higher than spherical
harmonics products, although they are in good agreement.



Remote Sens. 2021, 13, 3023 8 of 20

Remote Sens. 2021, 13, x FOR PEER REVIEW 8 of 21 
 

 

4. Results 

4.1. Uncertainty Analysis 

An ANOVA approach is adopted to quantify the relative contribution of different 

hydrological variables and their interactions to the overall uncertainty in runoff estimates, 

and the standard deviation was calculated to represent their respective variability. Figure 

2 presents multiple time series of precipitation, evapotranspiration, and GRAFO-derived 

TWSA in the Yangtze River basin between June 2018 and October 2020. The precipitation, 

TWSA, and evapotranspiration present a similar pattern that decreases to the lowest in 

December 2019 and reaches to the highest in July 2020. Regional precipitation from CLSM, 

VIC, and Noah models of GLDAS show nearly no difference all the time. The discrepancy 

between GLDAS precipitation and GPM products during the dry season is relatively 

larger than that during the wet season. The results also indicate that the VIC-modeled 

evapotranspiration presents an overall underestimation of about 15 mm than other 

GLDAS outputs, with slight differences between GLEAM, CLSM, and Noah results. In 

terms of TWSA, two mass concentration blocks solutions are generally higher than spher-

ical harmonics products, although they are in good agreement.  

We also accessed the spatial distribution of the average standard deviation of precip-

itation, TWSA, as well as evapotranspiration in Figure 3c–e. Three different hydrological 

elements exhibit a similar spatial distribution that their variability decreases from the west 

to the east. The variability of precipitation ranges from 0 to 20 mm in the upstream Yang-

tze River and increases between 30 and 40 mm in the lower reaches. Evaporation shows a 

stable uncertainty from 10 to 20 mm in the majority of the Yangtze River basin and some 

relatively high values occur in the eastern basin. In terms of TWSA, the variability gradu-

ally increases from the west to the east of basin and peaks in the downstream of the Yang-

tze River basin ranging from 90 to 100 mm. Some grid cells show high uncertainty from 

60 to 70 mm/month around the boundary in the north Yangtze River basin.  

ANOVA results in Figure 4 present the relative contribution of different sources to 

overall uncertainty of runoff. At the basin scale, interactions of precipitation, TWSA, and 

evapotranspiration play a subtle role in the overall uncertainty of runoff both at the 

monthly and yearly scale with relative contribution below 0.1 because of the long-time 

span (i.e., a month and a year) and large-scale spatial averaging of the Yangtze River basin. 

TWSA dominates the uncertainty of runoff except for in December, and its relative con-

tribution shows an obvious seasonal variation that peaks in July and decreases up to the 

end of year. The relative contribution of evapotranspiration illustrates a reverse distribu-

tion to precipitation and TWSA that decreases to the lowest in July, followed by a rapid 

rebound.  

 

Figure 2. Time series of precipitation, evapotranspiration, and TWSA in the Yangtze River basin between June 2018 and
October 2020, on which the shading area with different color represents the change range of different variables.

We also accessed the spatial distribution of the average standard deviation of precipi-
tation, TWSA, as well as evapotranspiration in Figure 3c–e. Three different hydrological
elements exhibit a similar spatial distribution that their variability decreases from the
west to the east. The variability of precipitation ranges from 0 to 20 mm in the upstream
Yangtze River and increases between 30 and 40 mm in the lower reaches. Evaporation
shows a stable uncertainty from 10 to 20 mm in the majority of the Yangtze River basin and
some relatively high values occur in the eastern basin. In terms of TWSA, the variability
gradually increases from the west to the east of basin and peaks in the downstream of the
Yangtze River basin ranging from 90 to 100 mm. Some grid cells show high uncertainty
from 60 to 70 mm/month around the boundary in the north Yangtze River basin.
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ANOVA results in Figure 4 present the relative contribution of different sources to
overall uncertainty of runoff. At the basin scale, interactions of precipitation, TWSA, and
evapotranspiration play a subtle role in the overall uncertainty of runoff both at the monthly
and yearly scale with relative contribution below 0.1 because of the long-time span (i.e., a
month and a year) and large-scale spatial averaging of the Yangtze River basin. TWSA
dominates the uncertainty of runoff except for in December, and its relative contribution
shows an obvious seasonal variation that peaks in July and decreases up to the end of
year. The relative contribution of evapotranspiration illustrates a reverse distribution to
precipitation and TWSA that decreases to the lowest in July, followed by a rapid rebound.
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Figure 4. Contribution of four uncertainty sources, i.e., precipitation, TWSA, evapotranspiration,
and their interaction at monthly and yearly scale, respectively.

Spatially, Figure 5 indicates that precipitation dominates the overall uncertainty of
runoff in middle reach of the Yangtze River basin with the relative contribution between
0.8 and 0.9, while TWSA governs the upper and lower reaches with a relative contribution
higher than 0.9. However, evapotranspiration and interactions of three hydrological vari-
ables show an overall low relative contribution below 0.1, indicating that their uncertainties
exert low impacts on the overall uncertainty in runoff at annual scale.
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4.2. Evaluation of Discharge

Runoff between the period of July 2018 to October 2020 has been evaluated by combing
multiple precipitation, TWSA, and evapotranspiration datasets based on the water balance
equation. The variability in runoff is computed as the standard deviation of 80 runoff
datasets per month. Spatially, we calculated an average pattern of CCs between multiple
GRAFO-derived runoff and GLDAS-modeled datasets and performed at the field signifi-
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cance level of 10%, 5%, and 1%, respectively (see Figure 6). As seen, the upper and center
of the middle reaches of the Yangtze River basin show high CCs ranging from 0.8 to 1,
while other regions present relatively low CCs between 0.4 and 0.6 compared with GLDAS
results, consistent with the spatial distribution of variability of GRAFO-derived runoff and
that of TWSA according to Figure 3a and 3d. We further detected the spatial distribution of
GLDAS-modeled runoff in Figure 3b. It exhibits an overall low variability ranging from 0
to 15 mm over the basin. It indicates that bias of precipitation and TWSA are responsible
for the poor correlation between water budget estimates and simulations from GLDAS in
the east midstream and downstream of the Yangtze River basin. The variability of GLDAS
output data also plays a secondary role. Moreover, the significant grid cells are usually
concentrated in specific regions (i.e., upper and partial middle reaches of the basin) at
different significance levels. The average percentage of grid cells with good correlations is
98%, 96%, and 79% at the 10%, 5%, and 1% significance level, respectively, indicating the
local field significance of the correlations at the 5% level after an FDR of 0.01.
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The CaMa-Flood model is employed to converge GRAFO-derived runoff along the
Yangtze River for comparison with in situ observations and simulations from GLDAS (see
Figure 7). For the upper reach of Yangtze River basin, a good correlation is discovered
between ensemble mean of water budget estimates and in situ measurements (CC = 0.83,
p < 0.01) and GLDAS-modeled results (CC = 0.93, p < 0.01). A high Nash–Sutcliffe efficiency
value of 0.85 is found between GRAFO-derived discharge and GLDAS results, slightly
greater than that with observations (NSE = 0.49). Similarly, GRAFO-derived discharge
agrees well with GLDAS results and measurements with the CC/NSE of 0.72/0.35 and
0.94/0.92 in the midstream Yangtze River basin, while a relatively weaker accuracy between
GRAFO-based discharge and in situ data (CC/NSE = 0.66/0.28) is found at the Datong
station due to the overestimation between August and October 2019. In general, an
approximate two-month lag exists between GRAFO/ GLDAS-based discharge and in situ
observations, which might result from the uncertainty in uniform roughness parameter for
the whole river reach and the monthly time step in the CaMa-Flood model [48].

While simulations from GLDAS underestimate the discharge peak in July 2020 and
show large discrepancies during the wet season, it highlights that the variation range of
GRAFO-derived discharge involves the observations and simulations with an exception in
May and June 2020, showing good performance of water budget estimates.
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4.3. The 2020 Flood

The spatial evolution of GRAFO-derived runoff (left panel) and their standard devia-
tion (right panel) in the Yangtze River basin between July and October 2020 are presented
in Figure 8. There are some negative values of runoff ranging from –100 to 0 mm, which are
generally located in the area with relatively high variability. It indicates that the bias of pre-
cipitation and TWSA together with evapotranspiration result in these abnormal negative
values of runoff. The leakage and bias effect of GRAFO observations may result in the bias
of TWSA around the boundary, and some human activities, including reservoir operation
and water diversion, could impact the accurate measurements of GRAFO satellites. In
June 2020, the northeast, central of the middle, and the whole of the lower reaches of the
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Yangtze River basin show the high runoff surplus ranging from 300 to 400 mm, indicating
the formation of a flood. Then, the scale and intensity of the flood increase substantially in
July and the majority along the Yangtze River, particularly in the middle and lower reach of
the catchment, while the reported water table level in the Tai Lake has exceeded the highest
safety water level and some stations of the Poyang Lake reached their highest water levels
in its history [4]. In August, the highest runoff (348 mm during the period June–October)
was detected in the upstream of the Yangtze River basin and other regions experienced a
flood recession process, which was validated by the fact that huge flooding occurred in
the Min River and the Jialing River in the upper Yangtze River [4]. The flood continued to
develop from the east to the west and the lower reach of the basin experienced a severe
runoff gain in September. During October, GRAFO-derived runoff illustrated a comprehen-
sive drop temporally and spatially, consistent with the hydrological records [4]. However,
the water budget estimates of grid cells located in the lower reach of the basin presented
a runoff depletion between –100 and –50 mm because of high variability of runoff here
(see Figure 3a). We also accessed the average spatial pattern of discharge during the 2020
flood in the Yangtze River basin by coupling the CaMa-Flood model with 80 GRAFO-based
runoff datasets (see Figure 9), which describes the dynamic hydrological process with a
high spatial resolution of 0.1◦ × 0.1◦. Figure 9 shows a clear flood evolution process from
the upstream to the downstream along the Yangtze River. The routing simulations capture
the flood peaks in July and August and the recession process in October spatially [4], as
revealed by the Yichang, Hukou, and Datong hydrological stations (see Figure 1). The
spatial distribution of the standard deviation of ensemble discharge simulations from the
CaMa-Flood model is similar to the modeling results. The modeling results along the
Yangtze River present the highest uncertainty compared to other tributaries.

Alternatively, the spatial variation of the FPI index was derived based on TWSA
and precipitation data, as shown in Figure 10. As a preferable tool to monitor large-scale
flooding using GRACE data, FPI presented highly similar spatial distribution to that
of runoff. The FPI in the whole of basin in July and values in the upper reach of the
catchment in August exceeded 0.9, indicating great potential to forming the flood, in good
agreement with runoff data. It suggested that GRAFO-derived FPI played an important
role in monitoring the exceptional basin-wide flooding occurring both in July and August.
The comprehensive spatial decrease of FPI in October is also strongly correlated to the
runoff change of the month. The temporal variation of the regional FPI during the flood
is depicted in Figure 11, which shows that FPI exceeded 0.5 continuously from June to
September and reached 1 in July before a decrease in October, indicating a basin-wide flood
is likely to occur. The successful response to the flood process indicates the huge flood
monitoring potential of FPI based on GRAFO data.
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Figure 11. Non-seasonal GRAFO-derived discharge and precipitation, together with NINO3.4, NAO, and FPI indices in
the Yangtze River basin between July 2018 and October 2020, on which the gray-blue shading means the period of 2020
basin-wide flood in the Yangtze River basin. The blue, black, and red shading donates the average standard deviation of
precipitation, runoff, and FPI, respectively. The NINO3.4 series is taken as the 3-month moving average of the original
NINO3.4 index.

5. Discussion

De-seasonalized data is useful for exploring the trendF and other remaining irregular
signals [45]. To capture the temporal variation of precipitation and its relationship with
runoff, we de-seasonalize the ensemble means of multiple discharge at the Datong station
and basin average precipitation datasets, as well as their variability in the Yangtze River
basin between July 2018 and October 2020 (see Figure 11). The trend component of
runoff is consistent with that of rainfall, particularly during the flood period. The CC
between nonseasonal discharge and precipitation is as high as 0.98 without time lag,
indicating that the increasing heavy precipitation is the main contributor to the basin-
wide flooding from June to October. Furthermore, two atmospheric circulation factors
including NINO3.4 and NAO indexes are compared to investigate the potential causes
of the sharply increased rainfall. The NINO3.4 index is taken as the 3-month moving
average of the original NINO3.4 index to indicate an El Niño or La Niña event [49]. The
averaged NINO3.4 index is slightly higher than 0.5 during the period from November
2019 to March 2020 continuously, except for in January 2020 (0.47), indicating that a weak
El Niño event has occurred. The formation of a weak El Niño event strengthened the
western Pacific subtropical high. Therefore, a quantity of warm and wet air current brought
from the westward Western Pacific and the South China Sea met the cold air from north
China and traveled around the Yangtze River basin, leading to the sharp increase in
precipitation [50,51]. Moreover, the decrease in the averaged NINO3.4 index is strongly
correlated to the change in precipitation during the flood period with a CC of 0.87, which
was lower than –0.5 in August and September, followed by an abnormally low value of
–1.22 in October 2020. The continuous NINO3.4 index below –0.5 suggests that a La Niña
phenomenon is likely to occur during the flood, which is also related to an increase in
frequency and intensity of precipitation extremes in the current year [52]. Alternatively, a
relatively high NAO index of 1.77 was found in February 2020 and the values of 1.46 and
2.09 occurred in July and September 2020, respectively. The extremely positive NAO index
also influenced the increase in precipitation with time delay [53–55]. Moreover, the South
Asian monsoon played a secondary role in the increase in rainfall by bringing the wet and
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warm air to the Yangtze River basin. In general, several atmospheric circulation factors
contribute to the great increase in the Yangtze River basin during the flood, which favors
the formation of the basin-wide flood.

Although GRAFO-derived discharge successfully reveals the extreme flood in the
Yangtze River basin between June and October 2020, there are some limitations existing at
the current stage. First, our method is more appropriate to the large river basins (e.g., the
Yangtze River basin) due to the coarse spatial resolution of GRACE Follow-On satellites
(>150,000 km2). Secondly, the monthly GRACE Follow-On products with a significant
time lag obstruct the estimation of runoff variation at the sub-monthly scale, indicating
the poor monitoring ability for short-time and small-volume floods. Thirdly, the large
biases of GRAFO data predominately impact on the evaluation of runoff. It is challenging
to accurately quantify and reduce the uncertainty in GRAFO data because of the lack of
adequate in situ TWSA or gravity measurements for validation. The residuals over the
ocean can approximately measure the GRAFO biases [56]. However, the results may be
overestimated as the ocean variability and deficiencies in the de-aliasing models are also
included in the estimates of GRAFO uncertainty. Alternatively, the method proposed
by Wahr et al. is also used to represent the coefficient residuals of the GRAFO spherical
harmonics solutions mission by calculating the standard deviation of the residuals of coef-
ficients when seasonal cycles have been removed [57]. The results may also overestimate
the GRAFO biases considering the hypothesis that all non-seasonal variability of Stokes
coefficients results from the GRAFO biases. Moreover, the uncertainty in parameters of
CaMa-Flood model also contributes to the biases of GRAFO-based discharge.

6. Conclusions

This study estimated runoff using the multi-source satellite precipitation, evapotran-
spiration, and terrestrial water storage anomaly data based on the water balance budget
in the Yangtze River basin during the period of July 2018–October 2020 and quantified
the relative contribution of different hydrological parameters to the overall uncertainty
in runoff estimates. Subsequently, the CaMa-Flood hydrodynamic model was coupled to
simulate river discharge during the exceptional flood between July and October 2020. The
main conclusions of this study were summarized as follows:

(1) ANOVA results suggest that uncertainty in TWSA dominates the overall uncer-
tainty in water budget estimates of runoff temporally. Spatially, TWSA shows the highest
relative contribution in the upper and lower reaches of the basin and precipitation governs
the middle reach.

(2) Spatially, a field significance at the 5% level is discovered for the correlations
between GRAFO-based runoff and GLDAS results. The CaMa-Flood-modeled streamflow
is validated by in situ observations and GLDAS output, with relatively high correlation
coefficients with in situ/GLDAS results in the upper (0.83/0.93), middle (0.72/0.94), and
lower (0.66/0.93) reaches of the Yangtze River basin at the 0.01 significance level. Addition-
ally, the fluctuation range of simulated discharge generally covers the in situ observations
and GLDAS results.

(3) During the exceptional 2020 flood in the Yangtze River basin, the GRAFO-based
discharge successfully observes the flood peaks in July and August and the recession
process in October spatially and temporally, and the corresponding FPI also shows the
reasonable monitoring potential for the 2020 flood.
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