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ABSTRACT: Multiple indicators derived from the Gravity Recovery and Climate Experiment (GRACE) satellite have
been used in monitoring floods and droughts. However, these measures are constrained by the relatively short time span
(∼20 years) and coarse temporal resolution (1 month) of the GRACE and GRACE Follow-On missions, and the inherent
decay mechanism of the land surface system has not been considered. Here we reconstructed the daily GRACE-like terres-
trial water storage anomaly (TWSA) in the Yangtze River basin (YRB) during 1961–2015 based on the Institute of Geod-
esy at Graz University of Technology (ITSG)-Grace2018 solution using the random forest (RF) model. A novel
antecedent metric, namely, standardized drought and flood potential index (SDFPI), was developed using reconstructed
TWSA, observed precipitation, and modeled evapotranspiration. The potential of SDFPI was evaluated against in situ dis-
charge, VIC simulations, and several widely used indices such as total storage deficit index (TSDI), self-calibrated Palmer
drought severity index (sc-PDSI), and multiscale standardized precipitation evapotranspiration index (SPEI). Daily SDFPI
was utilized to monitor and characterize short-term severe floods and droughts. The results illustrate a reasonably good ac-
curacy of ITSG-Grace2018 solution when compared with the hydrological model output and regional water balance esti-
mates. The RF model presents satisfactory performances for the TWSA reconstruction, with a correlation coefficient of
0.88 and Nash–Sutcliffe efficiency of 0.76 during the test period 2011–15. Spatiotemporal propagation of the developed
SDFPI corresponds well with multiple indices when examined for two typical short-term events, including the 2003 flood
and 2013 drought. A total of 22 submonthly exceptional floods and droughts were successfully detected and featured using
SDFPI, highlighting its outperformance and capabilities in providing inferences for decision-makers and stakeholders to
monitor and mitigate the short-term floods and droughts.
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1. Introduction

Terrestrial water storage (TWS), the sum of water stored in
canopies, rivers and lakes, ice and snow, soil, and groundwater,
is a pivotal component of the global water cycle and energy
budget (Rodell et al. 2018). TWS plays an essential role in
multiple interconnected phenomena such as socioeconomic
manifestation, determining freshwater availability, and modu-
lating the various hydrological processes (Abhishek et al. 2021;
Tapley et al. 2019). Furthermore, TWS changes are signifi-
cantly related to the formation of hydrological extremes, in-
cluding floods and droughts (Houborg et al. 2012; Thomas
et al. 2014). However, TWS variations are poorly understood
due to inadequate in situ observations worldwide and substan-
tial uncertainties in hydrological and land surface simulations
attributed to the inadequate model physics or the inevitable
uncertainty propagation from the forcing datasets (Abhishek
and Kinouchi 2021; Scanlon et al. 2018).

Launched initially in March 2002, the Gravity Recovery
and Climate Experiment (GRACE) twin satellites project
and its successor GRACE Follow-on (both jointly referred to
as GRACE) have become an unprecedented tool to measure
the large-scale TWS anomalies (TWSA) from space (Tapley
et al. 2004). The GRACE mission has provided monthly
global TWSA data with a spatial resolution of approximately
150 000 km2. Given the inherent linkage between TWS and
major hydrological fluxes such as precipitation, runoff, and
evapotranspiration, GRACE-based TWSA and subsequently
derived indicators have been widely used in large-scale
drought and flood monitoring studies (Abhishek and Kinouchi
2021; Reager and Famiglietti 2009; Reager et al. 2014; Long
et al. 2014). By taking into account the terrestrial water capac-
ity in the runoff generation, Reager and Famiglietti (2009)
proposed the flood potential index (FPI) based on GRACE
TWSA and precipitation for large-scale flood monitoring.
Long et al. (2014) improved the FPI by considering the return
period of floods and used the improved FPI in assessing the
2011 exceptional flood in the Yun-Gui Plateau, China.
Similarly, the threshold values of FPI for different intensity
floods have been determined based on the threshold of dis-
charge for various percentiles (Gupta and Dhanya 2020). In
general, the FPI and improved FPI have demonstrated great
potential in flood monitoring worldwide (Sun et al. 2017;
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X. Chen et al. 2018; Idowu and Zhou 2019; Yang et al. 2021).
Alternatively, due to the sensitivity of GRACE TWSA to
changes in surface water, soil moisture, and groundwater,
many GRACE-based drought indices have been established
to assess hydrological droughts and agricultural droughts
(Ramillien et al. 2008; Yirdaw et al. 2008; Frédéric and
Guillaume 2018; Li et al. 2019). More specifically, Yirdaw et al.
(2008) initially proposed the total storage deficit index (TSDI)
and proved its effectiveness in characterizing the 2002/03 Cana-
dian Prairie droughts. Nie et al. (2018) reformed the TSDI and
examined it using several severe droughts worldwide, including
the 2005 drought in Africa, the 2006 drought in China, and the
2010 drought in Brazil. Further, the modified TSDI was intro-
duced because the original TSDI was not efficient for regions
with intensive anthropogenic impacts such as irrigation and wa-
ter diversion (Hosseini-Moghari et al. 2019, 2020). Apart from
the TSDI, other well-known drought metrics such as the
GRACE-drought severity index (GRACE-DSI) (Zhao et al.
2017), water storage deficit index (WSDI) (Thomas et al.
2014), GRACE-based hydrological drought index (GHDI)
(Yi and Wen 2016), combined climatologic deviation index
(CCDI) (Sinha et al. 2019), and the most recent drought poten-
tial index (DPI) (Abhishek et al. 2021) have been developed
and studied in various river basins globally. Although the
abovementioned GRACE-based indicators can effectively
monitor drought or flood events, they merely consider the ter-
restrial wetness/dryness conditions at the current stage, thus ne-
glecting the influences of TWSA in previous periods caused by
the inherent decay mechanism of the land system.

Despite the great potential in regional and global flood and
drought monitoring, the relatively short observation period of
GRACE satellites of about 20 years makes them difficult to
quantify long-term TWSA changes, thus affecting the reliabil-
ity and applicability of GRACE-based flood and monitoring
indices. Moreover, there is an 11-month data gap between the
two generations of GRACE satellites. To overcome these
shortcomings, numerous studies have attempted to generate
longer-term TWSA series beyond the period of the GRACE
missions to allow for the monitoring of floods and droughts
(Humphrey et al. 2017; Humphrey and Gudmundsson 2019;
Sun et al. 2021). For instance, Long et al. (2014) initially applied
the artificial neural network model combined with precipita-
tion, air temperature, and modeled TWSA to extend GRACE
TWSA back to 1979 in southwest China. Further, Sun et al.
(2020) employed three machine learning models to reconstruct
TWSA derived from six GRACE solutions for 60 major global
river basins and global land, and comprehensively evaluated
their performance at basin and grid scales. A recent study suc-
cessfully adopted the state-of-the-art automated machine
learning approach to generate long-term continuous TWSA
series over the conterminous United States (Sun et al. 2021).
To sum up, many data-driven methods, including random forest,
long short-term memory, and support vector machine ap-
proaches, have presented the satisfactory ability to predict
GRACE-like TWSA globally (Yang et al. 2018; Jing et al. 2020;
F. Wang et al. 2021). Given their added value, extended
GRACE datasets have recently become preferential options to

assess long-term dryness and wetness conditions in hydrology
and climate study (Humphrey and Gudmundsson 2019).

Another limitation of GRACE-based flood and drought
monitoring indices is the coarse time scale (monthly), which is
inadequate to capture submonthly events. In such cases,
short-term droughts at the submonthly scale and most floods
that generally develop within a short period from hours to
days cannot be monitored by GRACE-inferred metrics.
Therefore, a few studies have developed improved GRACE
data with temporal resolution from a day to 10 days using
daily GRACE Level-1B observations and advanced interpo-
lation methods (Sakumura et al. 2016; Croteau et al. 2020;
Schindelegger et al. 2021). Indeed, the improved daily GRACE
data showed a high correlation with runoff measurements dur-
ing floods in, e.g., the Ganges–Brahmaputra delta, highlighting
the efficient flood monitoring ability (Gouweleeuw et al. 2018).
A recent study also revealed that the derived daily GRACE
data evidenced the 2020 monsoon season due to premature
soil saturation (Han et al. 2021) temporally and spatially. In ad-
dition, daily GRACE solutions illustrated reasonably consis-
tent relationships with different hydrometeorological fluxes
such as evapotranspiration and runoff from global atmospheric
reanalyzes, suggesting the potential to detect short-term ex-
tremes such as floods and droughts (Eicker et al. 2020; Sharma
et al. 2020).

This study extends previous hydrological applications of
GRACE by developing a more robust and reliable approach
for flood and drought monitoring using improved GRACE
data. In detail, we aim to 1) reconstruct daily GRACE-like
TWSA during the period 1961–2015 using the random forest
method; 2) develop an antecedent daily-scale flood and
drought monitoring index, that is, the standardized drought
and flood potential index (SDFPI), by considering the time
lag of terrestrial response to climate factors based on ex-
tended GRACE TWSA and precipitation data; and 3) charac-
terize drought and flood events including onset, duration,
peak severity, average severity, affected area, and cessation
using the SDFPI. This study attempts to enrich indices for ef-
fective monitoring of short-term floods and droughts in data-
sparse regions and provide useful information such as the
start, development, and decay of such events for stakeholders
and decision-makers.

2. Study area

Located within the range of 24828′–35846′N and 90832′–
121855′E, the Yangtze River basin (YRB) is chosen as our
study region due to four reasons (see Fig. 1). First, it is featured
the subtropical and tropical humid monsoon climate, leading
to abundant precipitation and frequent typhoons during the
wet season. The distribution of yearly precipitation is uneven,
with more than 70% of annual precipitation being received in
the six rainy months between May and October, which favors
the formation of hydrological extremes such as floods and
droughts (Li et al. 2018). Second, characterized by high drain-
age density and flat riverbeds, the midstream and downstream
of YRB are expected to face high flood risks (Zhang et al.
2020). Third, considering that the YRB accounts for more than
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50% and 30% of the gross domestic product and the total pop-
ulation of China, respectively, the water-related extremes are
likely to cause huge damage to infrastructures, public services,
and even loss of life (Xia and Chen 2021). Fourth, GRACE
data are more reliable in humid areas than in dry areas because
of relatively higher signal-to-noise ratios, which gives us confi-
dence for the reconstruction of GRACE TWSA (Long et al.
2015).

3. Data

a. Daily GRACE TWSA

We utilized the ITSG-Grace2018 product to reconstruct the
daily TWSA series from 1961 to 2015 in the Yangtze River ba-
sin. The latest daily ITSG-Grace2018 gravity field solution,
solved by the Institute of Geodesy at the Graz University of
Technology, was processed from Level-1B Release 03 observa-
tions of the GRACE mission between 2002 and 2016 from
NASA’s Jet Propulsion Laboratory (Ellmer et al. 2018). The
ITSG-Grace2018 solution has followed the standard signal def-
inition of official monthly GRACE products. In particular,
geophysical background model simulations have been removed
to carry out dealiasing, meaning that the ITSG-Grace2018 so-
lution reflects the cumulative mass changes in the hydrosphere,
cryosphere, glacial isostatic adjustment, earthquakes, residual
atmosphere, and ocean signal. Furthermore, the terrestrial wa-
ter storage component has been isolated by reducing the gravi-
tational effect of atmospheric mass changes from the daily
gravity field (Kvas et al. 2019). The ITSG-Grace2018 dataset
was derived from spherical harmonic coefficients expansion up
to the degree/order of 40 and released as the gridded TWSA
with a spatial resolution of 18. To restore daily TWSA signals
from limited GRACE observations, a Kalman filter was used
to fit the expected temporal variations of the gravity field, and
a three-order autoregressive model was utilized to express the
spatiotemporal correlations between epochs (Kurtenbach et al.
2012). Therefore, spatial filtering is unnecessary because the

spatially correlated noise has been reduced by the Kalman fil-
ter. Other processing steps widely used in processing monthly
GRACE data such as the geocentric correction, replacement
of coefficient C0

2, and removal of glacial isostatic adjustment
have been omitted to focus on the submonthly TWSA changes
(Swenson and Wahr 2006).

b. VIC simulations

Daily simulations of TWSA during 1961–2015 were used
for the reconstruction of GRACE-like TWSA, which were
collected from outputs by the Variable Infiltration Capacity
(VIC-4.2d) model from Miao and Wang (2020). Moreover,
VIC-based evapotranspiration was applied to estimate TWS
changes based on the water balance equation for comparison
with ITSG-Grace2018 results. The modeled soil moisture and
runoff are used for comparisons with SDFPI during droughts
and floods, respectively. Their spatial resolutions have been
averaged from 0.258 to 18 to be consistent with GRACE data.
The VIC model can effectively capture the terrestrial water
cycle by simulating the canopy interception water, water
stored in snow, surface water stored in ponding, runoff, and
soil moisture within the depth of three soil layers (up to a
depth of 200 cm). The VIC model has been widely used to an-
alyze terrestrial water storage changes at both regional and
global scales (Hao and Singh 2015; Hao et al. 2018). Detailed
information about the forcing, configurations, and validations
of the VIC model can be found in Miao andWang (2020).

c. In situ measurements

Daily in situ precipitation and air temperature between
1961 and 2015 were collected from 739 weather stations over
the YRB to reconstruct daily TWSA (see Fig. 1). These
weather observations are temporally continuous and have
thoroughly undergone quality control. To be consistent with
GRACE data and VIC outputs, they are spatially interpo-
lated into a 18 scale using the inverse distance weighting
method (Gong et al. 2014). To compare with SDFPI during

FIG. 1. Location of the Yangtze River basin. The Yichang, Hukou, and Datong gauge stations
are the outlet of the upstream, midstream, and downstream reaches of the YRB, respectively.
Various subbasins have been delineated by green polygons and the 739 weather stations are
shown by solid black circles.
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drought and flood events, we collected daily discharge data
from 10 gauge stations located at the outlet of the main sub-
basins of the YRB (Fig. 1). These hydrological observations
are standardized by subtracting the mean value and dividing
by the standard deviation during the period 2003–15 for
better comparison. Discharge observations during the period
2003–15 of the Yichang, Hukou, and Datong gauge stations,
were alternatively used to obtain water balance estimates of
terrestrial water storage changes, whose unit was transformed
from water volume (m3) to height (mm) by dividing the catch-
ment area of the upper, middle, and lower reaches of the
YRB, respectively.

4. Methods

We performed the comparison between daily GRACE solu-
tion and water balance estimates of TWSA based on the in situ
measurement and VIC simulations. Thereafter, daily GRACE-
like TWSA between 1961 and 2015 was reconstructed using the
random forest method using several observed and simulated
variables as the predictors. Furthermore, the SDFPI series was
established using reconstructed TWSA and observed precipita-
tion for spatiotemporal monitoring of short-term floods and
droughts.

a. Random forest

The random forest (RF) model is a machine learning model
proposed by Breiman (2001) to solve both the nonlinear re-
gression and classification problems. As a flexible ensemble
algorithm, the RF model consists of multiple decision trees,
and each decision tree is generated using the random factor
sampled independently from the training dataset. Each deci-
sion tree has many nodes, and the training dataset is seg-
mented at each node using a random subset of predictors.
This split process is repeated recursively on each decision tree
until the splitting no longer improves the model predictions.
The final result of the RF model is obtained from all decision
trees by voting for classification or averaging for regression
(Pelletier et al. 2016). The RF model is able to handle large
differentiations within different hydrometeorological predic-
tors and does not require an understanding of the prior data
distribution. Another advantage of the model is that the risk
of overfitting is effectively reduced by introducing the ran-
domness in the selection of samples and attributes when
growing each regression tree and the integration of numerous
decorrelated decision trees (Hutengs and Vohland 2016;
Probst et al. 2019). However, we do not convey that other al-
gorithms will necessarily degrade the performance of TWSA
reconstructions in the YRB due to the regional differences of
divergent models (Sun et al. 2021). For example, some state-
of-the-art recurrent neural networks [e.g., long short-term
memory (LSTM)], which also consider the antecedent data
into account, can be selected based on their performance and
multimodel sensitivity analysis in the target study regions. In
this study, the RF model was employed to directly reconstruct
daily TWSA time series between 1961 and 2015, with three
predictors including, in situ precipitation, air temperature, and
VIC-modeled TWSA. Unlike the conventional way to remove

and read linear trends and/or seasonal cycles of TWSA prior
to reconstruction (Humphrey and Gudmundsson 2019), we
straight predict the full TWSA because of the missing knowl-
edge of TWSA outside the GRACE era (i.e., 1961–2002) and
the need of the whole TWSA as input for the development of
SDFPI. Daily TWSA from the ITSG-Grace2018 solution dur-
ing 2003–15 served as the response variable of the RF model.
In situ precipitation and air temperature are used as they are
the main factors driving the terrestrial water and energy cycles
(Trenberth 2011). VIC-modeled TWSA is also used due to the
significant correlation with GRACE TWSA (CC = 0.86). Ap-
proximately 80% of the samples (2003–12) were used as the
training set and the remaining 20% (2013–15) as the test set.
A fivefold cross-validation method is employed to further split
the training data into two subsets for training (80%) and vali-
dation (20%), respectively. A fivefold cross-validation method
is a popular resampling procedure to estimate the robustness
of the model on a limited dataset, which randomly shuffles the
dataset and splits it into five groups to test the model skill in a
specific group while keeping the other four groups for training.
This approach is commonly applied in the machine learning
discipline due to the simplicity and efficiency in testing model
performance for independent data (G. Chen et al. 2018; Wei
et al. 2019). The evaluation results are then used for model
screening. There are three important parameters affecting the
predictive skill of the RF model, namely, “ntree,” “mtry,” and
“nodesize,” which indicate the number of trees of the RF
model, the number of variables tried at each split of the deci-
sion tree, and the minimum number of observations in a termi-
nal node, respectively (Zhong et al. 2019; Maimaitijiang et al.
2020). Several metrics, including correlation coefficient (CC),
root-mean-square error (RMSE), and Nash–Sutcliffe model
efficiency coefficient (NSE), were used for performance
evaluation.

b. Water balance equation

The water balance equation was used to estimate terrestrial
water storage changes (DS) for evaluation of the ITSG-
Grace2018 solution, which can be written as follows:

DSt � Pt 2 ETt 2 Rt (1)

where Pt and Rt are observed precipitation and runoff, respec-
tively, for the specific time t, and ETt is the evapotranspiration
modeled by the VIC model. Alternatively, changes in TWS
can be expressed using GRACE data as follows:

DSt � TWSAt 2 TWSAt21, (2)

where TWSAt is derived from the ITSG-Grace2018 data. The
water balance method has been proven as an effective way to
assess the accuracy of GRACE data (Rodell et al. 2018).

c. Rationale and formulation of SDFPI

The SDFPI series during 1961–2015 was developed by stan-
dardizing the antecedent terrestrial water storage deficit to mon-
itor short-term hydrological extremes, i.e., floods and droughts,
using TWSA reconstructions, VIC-modeled evapotranspiration,
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and in situ precipitation. To begin with, the storage deficit as the
water that can be held in storage before achieving the historic
storage anomaly was calculated (Reager and Famiglietti 2009):

Sdeft � Smax 2 St21, (3)

where Smax and St21 are the historical daily maximum TWSA
and that of the previous day, respectively. A higher Sdeft im-
plies a higher water storage capacity for the current day. Then,
the drought and flood potential amount (DFPA) was derived
by subtracting the precipitation and evapotranspiration from
the Sdeft for the specific day (t) as follows:

DFPAt � Pt 2 ETt 2 Sdeft , (4)

where Pt is the observed precipitation for the day. ETt de-
notes the simulated evapotranspiration from the VIC model.
DFPAt represents the difference between incoming water flux
and the terrestrial storage deficit for the current day. A
higher/lower DFPA can translate into the greater occurrence
of a flood/drought. Furthermore, it is worth noting that the
possibility of flood/drought on a certain day is not only related
to the precipitation, evapotranspiration, and terrestrial deficit
in the day, but also those in several previous days. For exam-
ple, if a heavy rainstorm occurred in the present day, TWS
will increase gradually in the following days until reaching the
terrestrial storage capacity, followed by a slow decrease to the
normal level. This phenomenon is due to the inherent decay
mechanism of the land surface system including multiple soil
horizons and underlying aquifers (Lu 2009; Lu et al. 2014).
Hence, to take the time lag effect into account, we developed
the antecedent DFPA of a certain day as follows (Li et al.
2020):

DFPA′
t �

∑N
n�0

bn 3 DFPAn, (5)

where N is the number of the earlier days used in the calcula-
tion, which can be determined from the decay constant param-
eter b and the precision of the truncation « with the following
formulation:

bN � «, (6)

where « indicates the contribution fraction of the DFPA on
the last day. In this study, « is taken as 1%, and b is set to
0.5. A b close to 1 means taking the average value of the
previous N days, while a value closer to 0 indicates a higher
weight to the present day. The N is correspondingly deter-
mined as 50 (days), which roughly equals the response time
of the terrestrial system to coming precipitation in the YRB
(H. Wang et al. 2015). The sensitivity analysis for different
combinations of b and « (N) is provided in the discussion, sug-
gesting the selected group of b = 0.5 and « = 0.01 (N = 50) is fa-
vorably robust in the YRB. Then, we used the breaks for
additive seasonal and trend (BFAST) algorithm to remove the
secular trend and seasonal components in DFPA′

t to avoid
the obscurity of short-term extremes (Jong et al. 2012). The

BFAST algorithm requires inputting the whole time series of
DFPA′

t , which was derived from the TWSA reconstructions,
precipitation measurements, and ET simulations beforehand.
It adopts an addictive decomposition model to input series as
follows:

DFPA′
t � DFPA′

tT
1 DFPA′

tS
1 DFPA′

tR
, (7)

where DFPA′
tT
and DFPA′

tS
are the trend and seasonal com-

ponents of the original DFPA′
t , and DFPA′

tR
denotes the re-

mainder detrended and deseasonalized component. The
detrended and deseasonalized DFPA′

t has passed the aug-
mented Dickey–Fuller test at a confidence level of 0.01,
showing the stationarity of the partitioned time series.
Moreover, the insignificant linear regression (p = 0.99, R2 = 0)
fitting results during the whole period 1961–2015 also indicate
the removal of secular trends in DFPA′

t . We also compared
the BFAST results with the seasonal-trend decomposition
based on LOESS (locally estimated scatterplot smoothing;
STL) method, and a significant correlation (CC = 0.85,
p , 0.01) was discovered, presenting the robustness of our
time series decomposition results. Finally, to standardize de-
trended and deseasonalized DFPA′

t , three probability distribu-
tions including normal, generalized extreme value (GEV), and
logistic distributions were tested because they can be used with
the negative value of input time series. Multiple metrics such as
Akaike information criterion (AIC), Bayesian information cri-
terion (BIC), RMSE, and NSE were used for screening the
best distribution (Li et al. 2021). AIC and BIC can efficiently
represent the goodness-of-fit of different distributions, and
RMSE and NSE can well reflect the error between empirical
and theoretical frequency. The lower are the AIC, BIC, and
RMSE, the better is the performance of the fitted distribu-
tion. The NSE closer to 1 means a higher accuracy of the
distribution. In addition, Kolmogorov–Smirnov (KS) test
and chi-squared (CS) test were used to evaluable the signifi-
cance of the potential probability distribution. A lower
p value indicates a more reliable probability distribution (Li
et al. 2020). Based on the best performing probability distribu-
tion (i.e., logistic distribution, Table 1), the SDFPI can be de-
rived as follows:

1����
2p

√
�SDFPI

2‘
exp(2x2/2)dx �

�DFPA

2‘
f (x)dx, (8)

where f(x) represents the selected probability distribution
function. For assessment of the monitoring skill of SDFPI,
other widely used indices, including TSDI, self-calibrated
Palmer drought severity index (sc-PDSI), and multiscale
(1, 3, 6, 9, 12 months) standardized precipitation evapotrans-
piration index (SPEI), were analyzed. These metrics have
demonstrated robust capability in flood and drought monitor-
ing (W. Wang et al. 2015), thus a strong correlation with
them can indicate the robustness in SDFPI as well, though at
monthly scales. TSDI was computed using the reconstructed
TWSA series following Nie et al. (2018), and SPEI and sc-
PDSI were provided by the Climatic Research Unit of the
University of East Anglia (Vicente-Serrano et al. 2010a,b).
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We characterized the start, end, maximum and average in-
tensity, and affected areas of short-term floods and droughts
in the YRB between 1961 and 2015 using developed SDFPI.
The onset of a drought/flood event is defined as the first day
for which SDFPI is higher/lower than the specific threshold,
and the cessation is identified as the first day SDFPI returns
to lower/higher than the threshold. Thus, the duration can be
determined as the difference between the onset and cessation
of a drought or flood. The droughts and floods with five differ-
ent categories each (i.e., exceptional, extreme, severe, moder-
ate, and abnormal) were classified using SDFPI based on the
U.S. Drought Monitor (USDM) (Kuwayama et al. 2019). The
maximum and average intensity was taken as the maximum
and mean SDFPI value during the event. We estimated the
percentage area affected by droughts/floods by calculating the
ratio of grids with SDFPI lower/higher than the certain
threshold to the total of 182 grid cells in the YRB. Therefore,
the overall severity score was estimated as the multiplication
of duration (days), average intensity, and the percentage of
the affected area as described in Shah and Mishra (2020).

5. Results

a. Accuracy of daily GRACE data

The accuracy of daily GRACE data is crucial to the recon-
struction of TWSA and the construction of SDFPI. Therefore,
we compared the terrestrial water storage changes (DS) derived
from the ITSG-Grace2018 solution, VIC model, and water bal-
ance estimates at both daily and monthly scales in the upper,
middle, and lower reaches of the YRB between 2003 and 2015.
For the upstream of the YRB, daily GRACE data presents
reasonably good consistency with VIC modeling results with
the CC of 0.47 (p , 0.01), which is relatively poorer for water
balance estimates (CC = 0.39). Moreover, comparably better
performances of the GRACE data are revealed in the mid-
stream and downstream parts of the basin (see Fig. 2). Figure 3
demonstrates that monthly changes in TWS from the ITSG-
Grace2018 product show better performance than daily results,
which is reflected by higher correlations with both VIC simula-
tions (CC = 0.58–0.81, p , 0.01) and water balance estimations
(CC = 0.34–0.53, p , 0.01) in the different regions of the YRB.
Differences between GRACE and VIC output indicate the un-
certainty in daily GRACE solutions, which can be attributed to
the multiple postprocessing techniques such as Kalman filtering
and spherical harmonic truncation. In addition, the comparably
weak correlation with water balance estimates further reveals
the inherent bias of the daily GRACE solution, even though
the consistency is stronger at the monthly scale. However, we
note the incomplete representation of the TWS components in

the VIC model (e.g., deep groundwater) can also contribute to
the differences with GRACE data. Moreover, the propagation
of uncertainties in precipitation, discharge, and VIC-modeled
evapotranspiration may also contribute to the discrepancies be-
tween GRACE and water balance estimates. Generally, the
ITSG-Grace2018 product presents fairly good accuracy by
comparing with the VIC model and water balance results,
highlighting the potential of establishing SDFPI using recon-
structed TWSA.

b. Performance of the RF model

The RF model was used to reconstruct daily TWSA in the
YRB between 1961 and 2015. Figure 4 shows original
GRACE TWSA and RF-simulated results from 2003 to 2015.
It is discovered that RF-simulated TWSA is underestimated
in the dry season (November–April), especially during the
test period (2011–15) and overestimated in the wet season
(May–October) from 2003 to 2005. Such differences can be
derived from the uncertainty in the RF model and the bias in
VIC-simulated TWSA (Miao and Wang 2020), which can
subsequently propagate to the reconstructed TWSA and the
resulting SDFPI. The satisfactory predictive skill during the
training period, while the model performance in the test period
is relatively poorer because of the underestimation of TWSA
from 2013 to 2015, resulting in the CC, NSE, and RMSE of
0.88, 0.76, and 23.95 mm, respectively. Further, Fig. S1 in the
online supplemental material illustrates the probability density
function of various metrics of the RF model in the test period
at the grid scale. It can be observed that 60% of grid cells have
CCs higher than the average value (0.74), and the percentage
is 57% (38%) for the areas having NSE/RMSE higher (lower)
than the mean value [0.54 (46.34) mm], respectively.

c. Development of SDFPI

Based on the reconstructed TWSA, observed precipitation,
and simulated evapotranspiration, the antecedent DFPA was
derived with the parameters b = 0.95 and N = 90. Further-
more, the SDFPI was developed by fitting the antecedent
DFPA using an appropriate probability distribution. Figure 5
shows the fitting results of three selected probability distribu-
tions including the GEV, logistic, and normal distributions. It
is clearly seen that all the candidate probability distributions
can reasonably well fit the empirical probability of the ante-
cedent DFPA (see Table 1). This is evident by p values lower
than 0.05 in KS and CS test results of three optional distribu-
tions. However, multiple metrics simultaneously indicate that
the logistic probability distribution is most suitable to stan-
dardize the antecedent DFPA because of the lowest AIC,
BIC, and RMSE together with the highest NSE. Therefore, it

TABLE 1. The goodness of fit and test results of marginal distributions of grid-based DFPA′
t in the YRB. The metrics indicating the

best goodness of fit are shown in bold fonts.

Probability distribution AIC (3104) BIC (3104) RMSE (mm) NSE p value (KS) p value (CS)

Generalized extreme value 18.46 18.47 0.02 0.99 0.00 0.00
Logistic 18.41 18.41 0.01 1.00 0.02 0.00
Normal 18.43 18.43 0.01 1.00 0.00 0.00
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is used to develop SDFPI combined with reconstructed
TWSA for the YRB. In addition, distribution selection and
significance test results on the grid scale are shown in Fig. S2.
KS and CS test results indicate that all the grid cells have sat-
isfied the 0.05 significance level, while other indices including
AIC, BIC, RMSE, and NSE together imply that the logistic
probability distribution is relatively more appropriate to con-
struct the SDFPI spatially.

Table 2 lists the categories and corresponding percentiles of
SDFPI for different classes of droughts and floods. Excep-
tional flood/drought events will be monitored when the SDFPI
is higher (lower) than 2.05 (22.05), the threshold values are
61.64, 61.28, 60.84, and 60.52 for the extreme, severe, mod-
erate, and abnormal drought or flood events, respectively.
Similarly, the definitions and classifications of multiple indices
(i.e., TDSI, scPDSI, and SPEI) have been summarized for
comparison (see Table S1).

Figure 6 illustrates the daily SDFPI series in the YRB during
the period 1961–2015. The SDFPI roughly fluctuates between
23 and 3 with apparent seasonal characteristics with high val-
ues in the wet season and low values in the dry season. The
YRB witnessed alternative droughts and floods over several
decades according to SDFPI. For example, the 1998 basinwide
catastrophic flood from July to September with a return period

of 100 years (in terms of flooding water volume over; Wang
and Plate 2002) is detected by SDFPI. This flood event inun-
dated approximately 210 000 km2 of land area and caused
an economic loss of more than 120 billion yuan and at least
3000 deaths. Another two severe floods lasting from July to
August in 2010 (Sun et al. 2017) and 1983 (Liu et al. 2020)
over the midstream YRB are also well observed. An abrupt
increase in SDFPI during the wet season of 2015 is also wit-
nessed, consistent with the precipitation-induced flood in the
lower reach of the YRB. We note several mild floods oc-
curred during the wet season of 2003 over the upper and mid-
dle reaches of the YRB due to continuous precipitation
extremes are detected by SDFPI (Jiang et al. 2006), indicat-
ing the capacity of SDFPI to assess antecedent precipitation
influences. Alternatively, two well-documented severe large-
scale droughts over several decades in south China are con-
firmed by SDFPI, including the compound drought and heat
wave attacking the upper reach of the YRB in the 2006 sum-
mer (Li et al. 2021) and the 2011 drought striking the whole
of south China in the spring and summer (Long et al. 2014).
The 2011 drought left more than 1300 lakes dried up in the
YRB, which threatened the water security of 4.2 million peo-
ple (CMA 2012). An extreme drought during the wet season
of 1978 over the middle reach of the YRB is also reported by

FIG. 2. Scatterplots between daily DS from the ITSG-Grace2018 product and (top) VIC model and (bottom) water balance estimates in
the upstream, midstream, and downstream of the YRB.
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SDFPI (Chai et al. 2019). In addition, a flash drought in the
upper and middle reaches of the YRB during the summer of
2013 is apparently evidenced, which damaged more than
2 million hectares of crops over south China (mostly in the
YRB) (Yuan et al. 2015), highlighting high effectiveness of
SDFPI in capturing the short-term droughts.

d. Evaluation of SDFPI

To evaluate the effectiveness of SDFPI in flood and drought
monitoring, we used several widely used monthly indices
consisting of TSDI, scPDSI, and 1-, 3-, 6-, 9 , and 12-month
SPEI for intercomparison and evaluation of the effectiveness
of SDFPI in flood and drought monitoring. The monthly
SDFPI was computed by averaging the daily values in each
month. Figure 7 presents the monthly time series of SDFPI,
TSDI, scPDSI, and the change range of multiscale SPEI.
SDFPI shows a relatively higher correlation with TSDI
(CC = 0.78, p , 0.01) than scPDSI (CC = 0.63, p , 0.01). In
addition, 6-month SPEI shows the most significant correlation
with SDFPI with the CC of 0.65 among those of multiscale
SPEI, while the 1-month SPEI shows the lowest CC (0.32)
with SDFPI. This correlation hints at the effects of antecedent

climate factors and TWSA on the current status of land sys-
tems. The spatial distribution of CC between SDFPI and these
indices over the YRB is depicted in Fig. S3. TSDI presents the
strongest correlation with SDFPI among multiple indices, with
the CC generally higher than 0.7 in the middle and lower
reaches of the YRB and relatively lower in the upper reach,
which might arise from the data uncertainty due to the scarce
weather stations in the upstream YRB. Similarly, scPDSI dem-
onstrates relatively higher CC (0.5–0.8) in the middle and
lower catchments of the YRB than in the upstream basin. Such
spatial patterns are detected in 6- and 9-month SPEI, but the
1-, 3-, and 12-month SPEI show the CC lower than 0.5 over the
majority of the YRB. Generally, SDFPI presents reasonably
good consistency with these popular indicators (e.g., TSDI,
scPDSI, and SPEI) temporally and spatially, highlighting the
potential of SDFPI for floods and droughts monitoring at the
monthly time scale. However, these widely used indices are
not able to illustrate the submonthly evolution of floods and
droughts, showing the potential outperformance of our pro-
posed SDFPI. For example, several basinwide floods in 1983,
1998, and 2015 are definitely detected, and some large-scale
droughts in 1978, 2006, and 2011 are also seen by these indices.

FIG. 3. Monthly time series of TWSA derived from ITSG-Grace2018, VIC, and water balance estimates in the
(a) upstream, (b) midstream, and (c) downstream of the YRB during the period 2003–15.

J OURNAL OF HYDROMETEOROLOGY VOLUME 231426

Unauthenticated | Downloaded 05/07/24 03:50 PM UTC



However, both TSDI and SPEI largely underestimate, for
example, the flash drought in the summer of 2013 compared
with SDFPI due to relatively coarse temporal resolution
(e.g., monthly). While the event is observed by scPDSI, it
cannot provide the evolutions at a finer time scale. More-
over, the mild flood in the wet season of 2003 triggered by
successive precipitation is not detected by TSDI, scPDSI,
and SPEI. It may be because they neglect the antecedent
condition of TWSA saturation. Therefore, these two typical
short-term events with relatively shorter duration and less
intensity are further studied as case studies to validate the
capability of SDFPI in capturing their short-term dynamics
and antecedent status by comparing with other indices (i.e.,

TSDI, scPDSI, and 6-month SPEI), VIC-modeled soil mois-
ture and runoff, and in situ discharge.

Figure 8a shows the daily evolution of SDFPI and alterna-
tive hydrological fluxes during the flood process in June 2003.
The continuous net precipitation gains from 19 to 30 June
lead to the maximum TWSA of 19.5 mm, meaning the satura-
tion of the land system due to the replenishment from increas-
ing net precipitation. However, both precipitation and runoff
peaks on 25 June with the highest of SDFPI (1.96) on the next
day, the obvious delay between the actual flood process and
land system indicate the potentially mistaken forecast of the
onset of floods due to the delayed response of TWSA to net
precipitation. Then, the decreasing net precipitation from

FIG. 5. (a) Fitted empirical and theoretical probabilities of marginal distribution for DFPA′
t and (b) P–P plots of

different theoretical distributions.

FIG. 4. Daily TWSA series from the ITSG-Grace2018 solution and the RF model in the YRB
from 2003 to 2015.

X I O NG E T A L . 1427SEPTEMBER 2022

Unauthenticated | Downloaded 05/07/24 03:50 PM UTC



26 to 28 June also results in the rapid decline of SDFPI, fol-
lowed by a consecutive recovery until the end of June (Fig. 8).
Changes in SDFPI present a significant correlation (CC = 0.69,
p , 0.05) with runoff from the VIC model, indicating the ef-
fective monitoring ability for the short-term floods of SDFPI.
We further illustrate the spatial evolution of SDFPI, VIC run-
off anomalies, and standardized in situ discharge during the
flood (Fig. 9). SDFPI suggests that the flood originated from
the upstream YRB on 16 June and gradually developed on
22 June. After peaking across the midstream and downstream
basins on 26 June, the flood slowly alleviated until 4t July. In
addition to the short-term flood, the consistent wetness was
observed in the lower reach of the YRB, which might be
caused by the river routing and regional precipitation. Similar
spatial patterns are also detected by VIC-simulated runoff,
which illustrated comprehensive runoff deficits over the mid-
dle and lower reaches on 16 June followed by obvious runoff
gains in the northern and southwest parts of the YRB. The
positive runoff subsequently spread over the downstream with

the maximum runoff anomaly of 46.07 mm on 26 June. After-
ward, the negative runoff anomalies appeared again from 29 June
to 4 July in the middle and lower basins, implying the cessa-
tion of the flood (Fig. 9). Similarly, we discovered clear
change patterns during the flood according to in situ dis-
charge collected at the outlets of the 10 main subbasins,
which correspondingly changes from 20.42 to 7.11, especially
in the middle region (i.e., Wujiang River basin). We note a
persistent flood that occurred in the upper reach of the YRB
was also evident in June according to SDFPI, which can be
derived from the consistently positive runoff anomalies and
in situ discharge. The spatial distributions of these variables
and other widely used indices (e.g., TSDI, scPDSI, and SPEI)
in August 2003 are shown in Fig. S4. All the indexes suggest
the high wetness in the upper reach of the YRB, which is also
witnessed by observed discharge. The consistency among dif-
ferent metrics at the monthly scale suggest the monitoring
ability of SDFPI for larger flood events.

Alternatively, Fig. 8b presents the daily series of SDFPI and
related hydrological variables during the 2013 flash drought.
The abrupt decrease in net precipitation that occurred from
11 to 18 June rapidly caused the water deficit of the land sys-
tem. The decreasing soil moisture quickly responded to the de-
pleting water supply, which showed a time lag of 1–2 days than
TWSA mainly due to the imperfect representation of the soil
layer depth in the VIC model (e.g., unsaturated zone and
groundwater aquifers). Consequently, SDFPI indicates the
peak of drought on 19 June followed by a gradual rebound
from 23 to 27 June due to continuous gains in net precipita-
tion. Although soil moisture began to decrease on 27 June
caused by the reduction in net precipitation, TWSA and
SDFPI still kept increasing, though at slower rates, due to the
delayed response of groundwater percolation, further indicat-
ing the importance to account for the antecedent information
of the land system. The spatial evolution in Fig. 10 has depicted

FIG. 6. Daily SDFPI series and the thresholds for different categories of droughts and floods
in the YRB between 1961 and 2015. The dashed line represents the thresholds for different clas-
ses of droughts and floods, referring to Table 2.

TABLE 2. Flood and drought categories of SDFPI. The
percentiles for positive and negative SDFPI were calculated
independently.

SDFPI Category Description Percentile

[2.05, ‘) W5 Exceptional flood 2%
[1.64, 2.05) W4 Extreme flood 5%
[1.28, 1.64) W3 Severe flood 10%
[0.84, 1.28) W2 Moderate flood 20%
[0, 0.52) W1 Abnormally wet 30%
(20.52, 0] D1 Abnormally dry 30%
(21.28, 20.84] D2 Moderate drought 20%
(21.64, 21.28] D3 Severe drought 10%
(22.05, 21.64] D4 Extreme drought 5%
(2‘,22.05] D5 Exceptional drought 2%
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the detailed process of onset, evolution, propagation, and ces-
sation of the drought event. Although almost the whole basin
shows the positive SDFPI on 10 June, the southwest of the
middle basin rapidly shows a drying tendency with SDFPI
ranging from 22 to 21 locally on 14 June (Fig. 10). Further,
the drought peaked in the southern midstream and nearly

propagated to the upper reach on 19 June. Slowly rebounded
SDFPI were discovered over the whole YRB until 1 July, with
some clear positive values in the western middle basin. Similar
patterns are well compared with soil moisture anomalies from
the VIC model and observed discharge from different gauge
stations, especially for the short-term drought event in the

FIG. 8. (a) Daily time series of SDFPI, VIC runoff, net precipitation (P 2 ET), and TWSA
during the 2003 flood. (b) Daily series of SDFPI, VIC soil moisture, net precipitation (P 2 ET),
and TWSA during the 2013 drought.

FIG. 7. Monthly series of SDFPI, TSDI, scPDSI, and change range of 1-, 3-, 6-, 9-, and 12-month SPEI in the YRB
between 1961 and 2015.
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south of the midstream YRB with the local flood event that oc-
curred in the western parts on 1 July (see Fig. 10). As shown in
Fig. S5, the spatial distribution of SDFPI in June 2013 com-
pares reasonably well with VIC-based soil moisture anomalies
and in situ discharge except for some difference in the upper
and lower reaches due to distinctive calculation methods and
data used, highlighting the potential of SDFPI for the multi-
scale drought monitoring.

e. Application of SDFPI

Given the effectiveness in short-term floods and droughts
monitoring by SDFPI as revealed by two short-term events
(discussed in the previous section), we applied it to monitor
and characterize all the floods (SDFPI . 2.05) and droughts
(SDFPI, 22.05) that belong to the “exceptional” class in the
YRB during the period 1961–2015 (see Tables 2 and 3). We
note only the submonthly events that have durations ranging
from one week to one month are considered to focus on
more intensive disasters and avoid any false positive/negative

extremes. A total of 10 droughts and 12 floods have been
reported, of which the severest drought (ID: 2) and flood
(ID: 10) events are independently analyzed. The drought event
lasting for 19 days began on 20 June and ended on 8 August
1971, affecting 6.33% of the total area in the YRB. The max
and mean intensity of the drought were 22.91 and 22.59, re-
spectively (Table 3). In this case, the overall severity score
reached a value of 3.12. Alternatively, the submonthly excep-
tional flood (ID: 10) lasted for 19 days, starting on 28 Novem-
ber and ending on 16 December 1982, and the max and
average intensity reached 2.55 and 2.31, respectively (Table 3).
Spatially, 16.05% of the area in the YRB was affected by the
flooding. Hence, the overall severity score reached 7.06. More-
over, most droughts with longer durations generally have
higher intensity and larger affected areas (e.g., ID: 1, 2, 13),
whereas there are exceptions with long durations that affected
a small proportion of areas (e.g., ID: 17), and vice versa (e.g.,
ID: 8). Similar patterns are also discovered based on SDFPI-
monitored floods, indicating the difficulty to monitor such

FIG. 9. Spatial evolution of (left) SDFPI, (center) VIC runoff, and (right) in situ discharge over the YRB during the 2003 flood. Note that
the VIC runoff represents the anomaly with respect to the average value during 1961–2015. The in situ discharge has been standardized for
better comparison. Since the fixed time intervals (e.g., pentad scale) may conceal the actual flood evolution information, the presented dates
are manually selected after confirming the various phases (e.g., flood onset, peak, etc.).
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short-term events in the data-sparse regions (e.g., upper YRB).
Furthermore, Fig. 11 illustrates the temporal changes of SDFPI
during these submonthly events. It can be seen that most
drought and flood events with one peak develop to the maxi-
mum SDFPI within two pentads, posing a great challenge for
the prediction and warning based on conventional weekly or
monthly indices. In addition, some events have multiple peaks
within a month (e.g., IDs: 2, 4, 7), implying that the forecasters
may mistakenly identify the transient drop in drought/flood
intensity as the actual cessation of the event, underscoring
the significance and importance of SDFPI. Apart from the
exceptional extremes, the monitored droughts and floods
belonging to the “extreme” and “severe” classes have been
summarized in Tables S2 and S3, among which 56 and 95 ex-
treme and severe events are identified using SDFPI, respec-
tively. To sum up, daily SDFPI successfully monitored and
characterized short-term floods and droughts with various
intensities.

Last, to get insights into the hotspots of short-term extreme
events in the YRB, we analyzed the spatial distribution of the
number of short-term exceptional floods and droughts during
1961–2015 (Fig. 12). The hotspots of the flood occurrences are
mainly located in the center of midstream YRB (i.e., Wujiang
and Dongting Lake basins), including more than 15 floods
over there. Another hotspot is in the lower reaches of the
YRB (i.e., Yangtze delta), which is one of the most flood-
prone regions of China with an expanded population and
rapid urbanization. In terms of drought events, the upper (i.e.,
Jinsha and Yalong River basins) and middle (i.e., Dongting
and Poyang Lake basins) reaches of the YRB experienced the
most frequent drought events of more than 10 times during
1961–2015. Parts of the north of middle reach are also fea-
tured by frequent droughts with approximately 15 events
identified. Overall, SDFPI illustrates efficient monitoring and
characterization ability for submonthly flood and drought
events in the YRB.

FIG. 10. Spatial evolution of (left) SDFPI, (center) VIC soil moisture, and (right) in situ discharge over the YRB during the
2013 drought. Note that the VIC soil moisture represents the anomaly with respect to the average value during 1961–2015. The
in situ discharge has been standardized for better comparison. Selection of dates has been made manually similar to those in
Fig. 9.
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6. Discussion

a. Sensitivity of b and N

Different parameters of b and N will inevitably influence
the development of the SDFPI. Thus, there is an urgent need

to carry out a sensitivity analysis. We have tested a total of
81 combinations of parameters with b = 0.1, 0.2, 0.3, … , 0.9
and N = 10, 20, 30, … , 90. Figures S6a–c demonstrate the
daily SDFPI series for the YRB between 1961 and 2015 de-
rived from the parameter group of b = 0.5 and varying N. It is

TABLE 3. Floods and droughts belonging to the exceptional class in the YRB between 1961 and 2015 monitored by SDFPI. The most
severe flood and drought events are shown in bold fonts.

ID Type Start End Duration (days) Max intensity Mean intensity Affected area (%) Overall score

1 Drought 10 Aug 1966 24 Aug 1966 7 22.42 22.27 6.83 1.09
2 Drought 20 Jul 1971 8 Aug 1971 19 22.91 22.59 6.33 3.12
3 Drought 9 Jul 1972 24 Jul 1972 15 22.64 22.33 6.37 2.23
4 Drought 25 Sep 1972 16 Oct 1972 13 22.60 22.28 9.38 2.78
5 Flood 20 Jun 1973 17 Jul 1973 17 2.80 2.39 9.28 3.77
6 Flood 16 Sep 1973 30 Sep 1973 12 2.22 2.16 13.05 3.38
7 Flood 11 Nov 1975 22 Dec 1975 26 2.57 2.24 7.35 4.29
8 Drought 25 May 1979 5 Jun 1979 9 22.35 22.20 7.81 1.55
9 Drought 5 Nov 1979 29 Nov 1979 15 22.34 22.23 6.19 2.07
10 Flood 28 Nov 1982 16 Dec 1982 19 2.55 2.31 16.05 7.06
11 Drought 3 Oct 1986 25 Oct 1986 11 22.36 22.18 10.89 2.61
12 Drought 19 Jul 1988 25 Jul 1988 7 22.74 22.35 4.32 0.71
13 Drought 3 Nov 1994 25 Nov 1994 20 22.35 22.20 5.27 2.32
14 Flood 27 Aug 1998 14 Sep 1998 16 2.91 2.52 16.00 6.45
15 Flood 18 Sep 1999 24 Sep 1999 7 2.25 2.16 14.13 2.13
16 Flood 29 Oct 2000 4 Nov 2000 7 2.20 2.12 9.03 1.34
17 Drought 2 Nov 2006 18 Nov 2006 17 22.25 22.14 2.65 0.96
18 Flood 8 Sep 2007 17 Sep 2007 10 2.20 2.12 5.66 1.20
19 Flood 4 Nov 2008 24 Nov 2008 21 2.59 2.36 10.83 5.36
20 Flood 11 Jul 2010 30 Jul 2010 20 2.72 2.46 10.49 5.17
21 Flood 12 Oct 2010 19 Oct 2010 8 2.36 2.26 3.16 0.57
22 Flood 18 Sep 2014 30 Sep 2014 13 2.16 2.11 10.48 2.87

FIG. 11. Temporal evolution of SDFPI over the monitored exceptional floods and droughts. Note that the blue and red shades represent
the flood and drought events, respectively. Please refer to Table 3 for details of these events.

J OURNAL OF HYDROMETEOROLOGY VOLUME 231432

Unauthenticated | Downloaded 05/07/24 03:50 PM UTC



inferred that discrepancies among different SDFPI series
could be rarely detected, indicating the influences of different
choices of N on SDFPI are relatively small in the YRB. Such
patterns are also reflected by the high correlation between the
ensemble mean and the standard deviation of different SDFPI
series derived from a fixed b of 0.5 and varying N, particularly
when N is greater than 30 (see Figs. S7a and S8a). However,
they may have substantial impacts on the monitoring skill for
short-term floods and droughts over alternative basins, such as
those having a faster or slower hydrological responses to natu-
ral variability and anthropogenic changes. In terms of the sen-
sitivity of b, an ensemble of the SDFPI series derived from a
fixed N = 50 and changing b is shown in Figs. S7d–f. Given
that a b of 0 indicates a higher weight to the status of the cur-
rent day, a consistent pattern is discovered indicating a lower
b is expected to produce more abrupt estimates during the
flood and/or drought events. While a higher value indicates a
more gradual SDFPI series as a b of 1 means the direct aver-
age of the antecedent information of TWSA. The SDFPI is
highly likely to be influenced by the variability of b when it is
larger than 0.6 based on the correlation map within SDFPI
derived from various b (see Figs. S7b and S8b). Generally,
the parameter N is insensitive to the SDFPI, while the param-
eter b impacts the SDFPI performance relatively more. How-
ever, we note different combinations of b and N may fit well in
different basins due to distinctive hydrological and climatic
conditions, and their sensitivities may also depend on various
regions.

b. Comparisons with previous studies

Many GRACE-based indicators have been proposed to
monitor large-scale floods and droughts, such as the FPI, DPI
(Abhishek et al. 2021), the TSDI, and GRACE-DSI, which
have been widely validated and used in many catchments
worldwide (Abhishek et al. 2021; Reager and Famiglietti
2009; Zhao et al. 2017; Nie et al. 2018). Moreover, some of
these studies have assessed the flood and drought monitoring
application of GRACE-inferred indexes in the YRB (Sun
et al. 2017; Yang et al. 2021). Sun et al. (2017) applied
GRACE TWSA and remote sensing precipitation to calculate
FPI and identified the exceptional 2010 flood as the most seri-
ous disaster during the period 2003–14. In addition, several
major floods that occurred in 2010 and 2015 are detected by
FPI according to a recent study (Yang et al. 2021). Based on
reconstructed GRACE data, Wang and Chen (2021) calculated

the FPI and assessed the catastrophic floods in 2010 and 2015.
The abovementioned flood events are also detected by our
proposed SDFPI (see Fig. 8), highlighting the high effective-
ness of flood monitoring for, apart from the added short-term
skills, large-scale and for longer duration events. However, pre-
vious GRACE-based flood indicators are generated based on
monthly GRACE data, which is too infrequent to capture the
flooding mechanisms. These indicators are generally calculated
using the precipitation at the current month, neglecting the
contribution of past precipitation in feeding the land system,
especially the soil moisture for the YRB. In this regard, the
daily SDFPI is more suitable and robust to monitor the flood
events that generally happen within a month, such as the case
of the 2003 flood induced by continuous precipitation extremes
(discussed in section 5d).

Many papers also used to discuss the drought monitoring
ability of different GRACE-based indices. Zhang et al. (2016)
initially constructed water storage deficit (WSD) using ex-
tended GRACE data to identify drought events in the YRB
during 1979–2012, and examinations showed that the severest
drought happened during 2003–08 (i.e., the well-known 2006
drought), which is in line with our SDFPI results. This excep-
tional drought event has also been assessed by Sun et al.
(2018) using the WSD-based index derived from original
GRACE data from 2003 to 2015. Similarly, Deng et al. (2021)
standardized the WSD before using it to assess the spatiotem-
poral variability of drought events in mainland China in the
twenty-first century and obtained similar results. GRACE-
DSI was also used to monitor large-scale droughts in the
YRB (Cui et al. 2021; Zhang et al. 2021). For instance, the se-
vere drought from 2002 to 2009 was considered the most sig-
nificant hazard over several years. These studies agree well
with the 2006 drought finding based on SDFPI, indicating its
reliable drought monitoring skill. However, previously used
indicators like WSD and GRACE-DSI neglect the linkage be-
tween the atmosphere and land and the decay mechanism of
the land system. Such simplifications may impact the drought
monitoring skill of these GRACE-based indicators, which is
especially true for groundwater droughts that slowly respond
to the supplement from precipitation (Wossenyeleh et al.
2021). Additionally, the sensitivity analysis of our proposed
SDFPI highlights the importance of the antecedent effects of
TWSA on the spatiotemporal evolution and the subsequent
monitoring of the short-term events.

FIG. 12. Spatial distribution of the number of submonthly floods and droughts over the YRBmonitored by SDFPI during 1961–2015.
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c. Implications and limitations

The development of daily-scale SDFPI based on the
GRACE satellite is supposed to play an essential role in early
warning and prevention of floods and droughts, especially in
data-sparse and data-scarce regions globally such as Africa,
Southeast Asia, and northwest China (Domeneghetti 2016).
Even in developed countries with dense hydrometeorological
observation networks, incomplete representation of TWS
measurements (e.g., soil moisture and groundwater level) may
negatively influence the hydrological application of SDFPI.
Therefore, the proposal of SDFPI can contribute a lot to floods
and droughts monitoring over alternative basins worldwide,
particularly under the commissioning of the GRACE-FO
(Kornfeld et al. 2019) and other auxiliary data from the con-
tinuously developing hydrological models (Abhishek et al.
2021). In addition, the unprecedented time scale of SDFPI
makes it capable to detect short-term hydrological extremes
that are characterized by a period of rapid intensification over
subseasonal time scales, which have devastating impacts but
are notoriously difficult to predict (Christian et al. 2021; Otkin
et al. 2021). Alternatively, the ability of SDFPI to detect floods
that always occur within a month outperforms previous
GRACE indexes like FPI, which can merely be used to detect
large-scale floods with long duration and high volumes such as
the 2016 and 2020 floods in the YRB (L. Wang et al. 2021).

Although our developed SDFPI shows advanced practical
skills in short-term droughts and floods monitoring, some limita-
tions still exist. The SDFPI is developed using RF-reconstructed
TWSA, VIC-modeled evapotranspiration, and observed pre-
cipitation, which certainly suffer from propagated uncertainty
from different data sources, particularly in the RF and VIC
models. Specifically, the ITSG-Grace2018 solution is trun-
cated to a degree/order of 40, which is less than that (i.e., 60)
of the official GRACE products from NASA JPL. Moreover,
the daily values for the months of missing data in the original
monthly data may tend toward the trend and annual signal
of the static background field. Thus, the daily GRACE
signal can be attenuated compared to the monthly solutions
(Mayer-Gürr et al. 2018). Moreover, the inherent coarse spa-
tial resolution of the original GRACE product (i.e., ∼150 000
km2) prevents it from detecting the flood and drought mecha-
nisms at local scales (Tapley et al. 2004). Somehow the use of
gravity satellites to monitor floods and droughts is an after-
work due to the latency arising from the in-orbit measuring,
postprocessing, and product releasing. Such temporal delay
urges the need to develop near-real-time GRACE products
for early warning and management of floods and droughts
(Tapley et al. 2019), which we have attempted to start with
SDFPI. Furthermore, the machine learning–based SDFPI is
expected to work efficiently for floods and droughts induced
by the substantial gains or losses in terrestrial water storage,
while relatively less robust for those caused by human activi-
ties such as dam cracks and groundwater pumping, particu-
larly in the context of multisource uncertainty from the
models, parameters, inputs, and their interactions. Indeed,
the validation and application of SDFPI are only carried out in
the YRB due to the constraints of in situ hydrometeorological

measurements. In this regard, more validations for SDFPI are re-
quired to investigate its floods and droughts monitoring potential
in other regions worldwide with diversified climate and hydrolog-
ical conditions (Lehner et al. 2006; Birkmann et al. 2022).

7. Conclusions

In this study, we evaluated the accuracy of the ITSG-
Grace2018 solution compared with the VIC simulations and
water balance estimates in the YRB. The daily GRACE-like
TWSA between 1961 and 2015 was reconstructed based on
the RF model combined with multiple hydrometeorological
forcing. Thereafter, the antecedent SDFPI was developed
using reconstructed TWSA, in situ precipitation, and VIC-
modeled evapotranspiration. The categories of SDFPI were
determined for different classes of floods and droughts based
on the USDM criterion. The performance of SDFPI is subse-
quently compared with widely used indices including TSDI,
scPDSI, and multiscale SPEI spatially and temporally. Two
typical short-term flood and drought events in 2003 and 2013
are evaluated against the modeled runoff, soil moisture, in
situ discharge, and various indices for validation of SDFPI.
All the severe submonthly floods and droughts were then
monitored and characterized using SDFPI, of which two se-
verest events (one for drought and flood each) were studied
in detail. Spatial hotspots of the short-term floods and
droughts are identified. The main conclusions of our study are
summarized as follows.

1) The ITSG-Grace2018 product presents favorably good ac-
curacy compared with the VIC model and water balance
results in different subbasins of the YRB at both daily and
monthly scales. The RF model shows reasonably superior
performances for the TWSA reconstructions from 2003 to
2015 with the CC of 0.88, the NSE of 0.76, and the RMSE
of 23.95 mm during the test period (2011–15). Similarly,
satisfactory accuracy according to multiple metrics is dis-
covered at grid scales, indicating the robustness of the RF
model in reconstructing daily TWSA. Based on the recon-
structed TWSA, the logistic distribution was selected to es-
tablish SDFPI in combination with in situ precipitation
and VIC-simulated evapotranspiration.

2) The monthly SDFPI is highly correlated to TSDI and
scPDSI, with the significant CC (p , 0.01) of 0.78 and
0.63, respectively. Six-month SPEI presents the strongest
correlation with SDFPI (CC = 0.65, p , 0.01) within multi-
scale SPEI. The spatial distribution of correlations between
monthly SDFPI and TSDI shows higher values in the mid-
dle and lower regions while lower values in the upper
reach of the YRB. Similar patterns were also detected in
correlation maps in scPDSI and 6-month SPEI. SDFPI
compared well with in situ discharge measurements and
VIC simulations at the daily scale during two typical short-
term events, including the 2003 flood and 2013 drought.

3) A total of 22 exceptional historical floods and droughts were
detected and characterized using SDFPI. The severest sub-
monthly drought in 1971 and flood in 1982 were included.
The drought started on 20 June and ended on 8 August 1971,
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and the maximum and average intensity reached 22.91
and 22.59, respectively. A total of 6.33% of the area was
affected, and the overall severity score reached 3.12. Alter-
natively, the flood began on 28 November and ended on
16 December 1982, affecting 16.05% of the total area. The
maximum and mean intensity of the flood were 2.55 and
2.31, respectively. In this case, the overall severity score
was 7.06. The temporal evolution of these short-term
events reveals various patterns of hydrological processes
during extreme events. The hotspots of the floods and
droughts are mainly located in the middle and upper reach
of the YRB, respectively.

4) Since the developed SDFPI accounts for the antecedent
TWSA variation via the land decay mechanism, it provides
advanced modeling skills jointly for the floods and droughts
at unprecedented daily scales. SDFPI can provide reason-
able responses to the changes in net precipitation, espe-
cially after long-term deficits/gains in TWSA. Successful ap-
plication of SDFPI in the monitoring and characterization
of short-term events uncovers the potential a way for early
warning of hydrological extremes based on machine learn-
ing and multisource data. Moreover, it can effectively be
used for informing the policymakers for mitigation strate-
gies or preempt adaptations (when used in conjunction
with the projected precipitation and TWSA) in case of vari-
ous short-term water extreme events.
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