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Abstract: The Poyang Lake, the largest freshwater lake in China, is famous for its ecological and
economic importance as well as frequent flood characteristics. In this study, multiple satellite
remote sensing observations (e.g., GRACE, MODIS, Altimetry, and TRMM), hydrological models,
and in situ data are used to characterize the flood phenomena over the Poyang Lake basin between
2003 and 2016. To improve the accuracy of the terrestrial water storage (TWS) estimates over the
Poyang Lake basin, a modified forward-modeling method is introduced in the GRACE processing.
The method is evaluated using the contaminated noise onboard observations for the first time.
The results in both spectral and spatial domains infer a good performance of the method on the
suppression of high-frequency noise while reducing the signal loss. After applying forward-modeling
method, the TWS derived from the GRACE spherical harmonic coefficients presents a comparable
performance with the solution derived from the newly released CSR Release05 mascon product
over the Poyang Lake basin. The flood events in 2010 and 2016 are identified from the positive
anomalies in non-seasonal TWSs derived by GRACE and hydrological models. The flood signatures
also coincide with the largest inundated areas estimated from MODIS data, and the observed areas in
2010 and 2016 are 3370.3 km2 (30% higher than the long-term mean) and 3445.0 km2 (33% higher),
respectively. The water levels in the Hukou station exceed the warning water level for 25 days in 2010
and 28 days in 2016. These continuous warning-exceeded water levels also imply the severe flood
events, which are primarily driven by the local plenteous precipitation in the rainy season (1528 mm
in 2010, 1522 mm in 2016).

Keywords: Poyang Lake basin; flood events; GRACE; terrestrial water storage; forward-modeling;
hydrological model; MODIS; TRMM
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1. Introduction

The Poyang Lake, the largest freshwater lake in China, is famous for its great ecological, economic
and cultural importance. Due to the dramatic variation of regional climate, the Poyang Lake basin
becomes one of the most frequently flooded areas in China, inflicting enormous losses in human
casualties, wildlife, and productions [1–4]. Aiming to minimize the hazards on natural and economical
activities, the characteristics of historical flood events need to be analyzed in detail. For this reason,
this study uses the remote sensing observations and in situ data to assess the water storage variations
as well as to identify the flood occurrences over the Poyang Lake basin.

Multiple remote sensing observations have been used to identify the flood events over the Poyang
Lake [5–8]. Among these, the Moderate Resolution Imaging Spectroradiometer (MODIS) [9] can
quantify the variation of the inundated area [5,10,11]; the altimetry satellites can detect the water level
variations of the lake [12]; and the Tropical Rainfall Measuring Mission (TRMM) [13] can monitor
the temporal variations of precipitation. However, these missions are not able to detect the total
terrestrial water storage (TWS) variations, which is crucial for the analysis of the extreme hydrological
activities [14–18]. To address this issue, the data collected by the Gravity Recovery And Climate
Experiment (GRACE) satellite mission is used in our study [19]. In contrast to the terrestrial surface
reflectance observations, GRACE senses the TWS variations in all components (e.g., snow water,
surface water, soil moisture, and groundwater). To date, this study analyzes for the first time the
flood events over the Poyang Lake basin using GRACE, MODIS, TRMM, and altimetry satellite
observations simultaneously.

While GRACE data is very important to monitor TWS variations, the effective approach of
suppressing its high-frequency errors (presented as north-south stripes in the spatial domain) is one of
the major challenges. Some special designed spatial filters are commonly used to suppress these errors.
For example, the Gaussian smoothing filter is designed to alleviate the high-frequency noise [20],
while the de-stripping filter is used to reduce the correlated noise [21]. However, the application of
filters commonly leads to leakage errors [22–25]. The forward-modeling method can be employed to
reduce leakage errors [26–29]. The method is independent of external data, e.g., a hydrology model.
Its main idea is to iteratively retrieve the leakage signal from ocean to land. However, this method has
been only validated by an error-free synthetic data for Amundsen Sea Embayment [30]. Therefore,
in the first instance, a closed-loop study is made to validate the forward-modeling method in the
noise contaminated condition. During the validation, the GRACE onboard observations errors and
various prior force model errors are also considered. After method validation, the TWS variations of
Poyang Lake basin are calculated with the Release05 temporal gravity field model from the Center
Space Research (CSR) [31]. As will be shown later, the results present comparable performance with
the newly released CSR Release05 mascon product [32] and other external data, which also indicates
the good performance of the forward-modeling method.

For a better understanding of the flood properties over the Poyang Lake basin, apart from remote
sensing data, various in situ datasets and three hydrological models are also used. Two hydrological
models are used to estimate the soil moisture variations: (1) the Noah land surface model of Global
Land Data Assimilation System (GLDAS) [33]; and (2) the ERA-Interim reanalysis dataset from the
European Centre for Medium-Range Weather Forecasts (ECMWF) [34]. The other hydrological model
PCRaster Global Water Balance (PCR-GLOBWB) [35,36], which contains soil moisture but also surface
water and groundwater, is compared with GLDAS and ERA-Interim to distinguish the contribution
of other water storage components. In addition, various in situ datasets (including water level,
temperature, precipitation, and evaporation) are also used to analyze the hydrological activities over
the Poyang Lake basin.

The objectives of this study are (1) to validate the forward-modeling method using noise
contaminated observations of the GRACE-type mission, and (2) to identify the flood events over the
Poyang Lake basin between 2003 and 2016 using multiple remote sensing observations, hydrological
models and in situ data.
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2. Study Region and Datasets

2.1. Study Region

The total drainage area of the Poyang Lake basin (see Figure 1) is about 1.622 × 105 km2,
accounting for about 9% of the total drainage area of the Yangtze River basin. The region is
characterized by significant precipitation variations, resulting in a rainy season from March to August
and a dry season from September to February. Poyang Lake, located in the north of our study region,
is the major natural reservoir of the Yangtze River (see the inset map in Figure 1). The lake discharges
into the Yangtze River through Hukou hydrological station and receives water from Raohe, Xinjiang,
Fuhe, Ganjiang, and Xiushui. Due to the seasonal precipitation, the inundated area of Poyang Lake
reaches to > 3000 km2 in the rainy season and shrinks to < 1000 km2 in the dry season.
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Figure 1. The study region of the Poyang Lake basin. The shape file of Poyang Lake, rivers and
basin are obtained from the website of National Earth System Science Data Sharing Infrastructure
(http://www.geodata.cn/). Hukou hydrological station and 24 meteorological stations are also shown.
The red point over Poyang Lake represents the location of Altimetry data point. The inset map shows
the location of the Poyang Lake basin in the Yangtze River basin.

2.2. Datasets

2.2.1. GRACE Data

The CSR Release05 monthly gravity field data [37] (at degree and order 60) were used to
estimate the TWS variations over the Poyang Lake basin. The period of the products spanned
from January 2003 to March 2016. Because of the poor quality of GRACE observations in June 2003,

http://www.geodata.cn/
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the corresponding model was unavailable. In addition, the numerous outages of GRACE payloads
(especially accelerometers) leaded to the absence of other 17 monthly gravity field models after
2010 [38]. The cubic spline interpolation was used to fill the missing TWS values in these months.

The CSR Release05 models in the form of spherical harmonic coefficients (SHCs) were processed
as follows: (1) the degree 1 coefficients provided by Swenson et al. [39] were restored; (2) the degree
2 order 0 (C20) coefficients were replaced by the satellite laser ranging measurements [40]; (3) the
long-term-mean was removed from the monthly product to obtain the variation of SHCs; (4) the
de-correlation filter associated with a polynomial of order 3 and harmonic order 6 and higher (P3M6)
was used to reduce the correlated errors in GRACE data [21]; and (5) the Gaussian filter with a radius of
300 km was used to suppress the high frequency noise [20]. After processing SHCs, the TWS variations
were computed following Wahr et al. [41]. The forward-modeling method was then applied to alleviate
leakage errors. More details about forward-modeling method are discussed in Section 3.1.

In addition, the CSR monthly mass grid product associated with scale factors [31] and CSR
Release05 mascon products [32] were used for comparison. The mass grid products were obtained
from GRACE Tellus (https://grace.jpl.nasa.gov/data/), and the mascon products were downloaded
from the CSR data archive (http://www2.csr.utexas.edu/grace/). The scale factors of GRACE Tellus
grid products were computed based on the land surface model (NCAR’s CLM4). In the Poyang Lake
basin, the mean value of the scale factor is 1.53. The long-term mean and linear trends of the TWSs
time series were removed to reduce the contribution of the decadal and long-term variation of the land
hydrology signal [1].

2.2.2. Hydrological Models

Three hydrological models were used to estimate the water storage variations in different
components: (1) The 1-degree monthly GLDAS-Noah model was used in this study. As the canopy
water and snow water storage accounts for less than 1% in the Poyang Lake basin, the TWS was
computed only as the sum of four soil moisture layers: 0~10, 10~40, 40~100 and 100~200 cm [33].
(2) The monthly ERA-Interim model was used for comparison. The TWS was computed as the sum
of four soil moisture layers: 0~7, 7~28, 28~100 and 100~255 cm [34]. (3) The PCR-GLOBWB model
was used to simulate the water storage variations, consisting of the surface, two soil layers (0~30 and
30~150 cm), and groundwater [35,36]. In contrast to GLDAS and ERA-Interim models, complete water
storage was likely observed in PCR-GLOBWB regarding the inclusion of the groundwater component.
The PCR-GLOBWB model was anticipated to be more efficient for characterizing the hydrological
events. Similar to GRACE TWS, the long-term mean and linear trends of TWS derived from three
hydrological models were also removed.

2.2.3. MODIS Data

The MODIS 8-day surface reflectance product from Aqua satellite (MYD09A1) was used to
estimate the inundated area variations over the Poyang Lake [9]. The spatial resolution of the product
is 500 m. Based on the location of the Poyang Lake, the MODIS tile h28v06 was selected. The surface
reflectance quality control flags data, as well as the cloud mask based on a threshold of the surface
reflectance in the blue band (ρblue ≥ 0.2), were used to exclude pixels with cloud cover. In addition,
the fill values and the data out of valid range were excluded. The 8-day normalized difference water
index (NDWI) was then computed as [42]

NDWI =
ρg − ρNIR

ρg + ρNIR
(1)

where ρg and ρNIR is the reflectance in green and near-infrared portions of the electromagnetic
spectrum, respectively. The NDWI values range from -1 to 1. The pixels with positive NDWI values,
representing the open water, were used to estimate the inundated area over the Poyang Lake.

https://grace.jpl.nasa.gov/data/
http://www2.csr.utexas.edu/grace/
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2.2.4. Altimetry Data

The water levels of inland water bodies were obtained from the Database for Hydrological Time
Series of Inland Waters (DAHITI) of Technische Universität München (TUM) [12]. The data were
computed based on the Kalman filter approach, incorporating cross-calibrated multi-mission altimeter
data from Envisat, ERS-2, Jason-1, Jason-2, TOPEX/Poseidon, and SARAL/AltiKa. The water levels
of the Poyang Lake (116.27◦ E, 29.09◦ N, see Figure 1) from January 2003 to November 2015 were
downloaded from http://dahiti.dgfi.tum.de/en/. As only Envisat and SARAL/AltiKa were used for
the estimation of water level, there was a data gap between September 2010 and March 2013.

2.2.5. TRMM data

TRMM is a jointly mission between the Japan Aerospace Exploration Agency and NASA.
It gathers the precipitation data at the region of 50◦S~50◦N and 180◦W~180◦E. The latest 3B43 Version
7 monthly data from January 2003 to December 2016 was used in this study. Note that the Version 7
TRMM dataset is a multi-satellite precipitation product [43].

2.2.6. In Situ Data

In situ data from 24 metrological stations in the Poyang Lake basin (see Figure 1) were used
in this study. The metrological datasets were obtained from the Climatic Data Center of China
Meteorological Administration (http://www.cma.gov.cn/2011qxfw/2011qsjgx/). Here, the monthly
observations (including precipitation, evaporation and temperature) were used, and the time span was
from January 2003 to December 2016. In addition, the water levels recorded by Hukou hydrological
station (see Figure 1) were also used. Due to the policy of the hydrological stations, the water
level data was only available for the period January 2003 to December 2013. Here, we obtained the
discontinuous daily water level information from the bulletin published by the Changjiang Water
Resources Commission of the Ministry of Water Resource (http://www.cjh.com.cn/pages/2016-08-01/
227_188212.html), and the discontinuous monthly bulletin from the website of Jiujiang Hydrological
Bureau (http://jjsw.jjrfw.com/artlist_detail.php?lbid=1133&wzid=3013). Fortunately, these bulletins
provide the water levels of Hukou during the flood period from 2014 to 2016.

3. GRACE Data Processing

3.1. Forward-Modeling Method

The forward-modeling method is used to mitigate the GRACE leakage errors, and the method is
implemented as follows (Figure 2).

(1) Combined filter: As mentioned in Section 2.2.1, using the combined filter, the “GRACE original
TWS” is derived from the GRACE original SHCs. The result is then set as the “GRACE
candidate TWS”.

(2) Ocean mask: Assuming the mass of the Earth surface is conserved, the Ocean TWS is set to the
negative of the mean TWS over land. It should be noted that the land TWSs are weighted by the
cosine of latitude. After applying ocean mask, the new TWS is named as “GRACE masked TWS”.

(3) SHC conversion: The ”GRACE masked TWS” is then converted into SHCs within limited degrees
and orders. Here, the truncated degree and order is set as 60. The new SHCs are called “GRACE
forwarded SHCs”.

(4) Gaussian filter: After applying Gaussian filter to “GRACE forwarded SHCs”, the “GRACE
calculated TWS” is computed following Wahr et al. [41].

(5) New iteration: TWS increment is equal to the difference between “GRACE original TWS”
(in step 1) and “GRACE calculated TWS” (in step 4). The iteration is stopped when the TWS
increments in the study region are all smaller than a pre-defined threshold. Otherwise a new

http://dahiti.dgfi.tum.de/en/
http://www.cma.gov.cn/2011qxfw/2011qsjgx/
http://www.cjh.com.cn/pages/2016-08-01/227_188212.html
http://www.cjh.com.cn/pages/2016-08-01/227_188212.html
http://jjsw.jjrfw.com/artlist_detail.php?lbid=1133& wzid=3013
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iteration is performed. During the new iteration, the “GRACE candidate TWS” is updated as the
sum of “GRACE candidate TWS” and “TWS increment”.

In this study, the iteration stops when the TWS increments in Poyang Lake basin are all smaller
than 0.2 cm, or the iteration number exceeds 100. As recommended by [26,27], an acceleration factor
(typically ∼1.2) is applied to “TWS increment” to increase the convergence rate. In the Poyang Lake
basin, the iteration number for each monthly GRACE model is about 40~ 50.
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3.2. Validation of Forward-Modeling Method

To validate the forward-modeling method in noise-contaminated condition, a simulation study
is implemented in this section. The noise-contaminated observations of GRACE-type mission are
firstly simulated, and they are then used to determine a temporal gravity field model via a least-square
adjustment method.

The simulation should mimic the real-world conditions as realistically as possible. To do this
in a proper way, various background model errors (including static gravity field model, ocean tide
model, and non-tidal model) as well as measurement errors (orbit and range rate) are taken into
consideration (see Table 1). To evaluate the forward-modeling method in different noise scenes,
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the white noise in range rate of 2.5 × 10-7 m/s is introduced for the current GRACE-type mission in
Strategy 1 [44], while 5.0 × 10-8 m/s range rate noise is added for the future GRACE-type mission
(e.g., GRACE Follow-On [45]) in Strategy 2 (see Table 1). The input of the temporal gravity field model
is chosen as GLDAS model in the form of spherical harmonic coefficients. After observation simulation,
the temporal gravity field models are determined using the dynamic approach. These inversed models
are contaminated by the measurement errors and the background force model errors. For clarity, those
inversed models without any post-processing are called “original model” in this section. More details
about the simulation strategy and the dynamic approach can be found in Appendix A and [24].

Table 1. Simulation force models and simulation strategies for the validation of the forward-modeling
method. The simulation force models are all truncated to degree and order 60.

Simulation force models True World Reference World

Static gravity field model EIGEN-6C4 GO_CON_GCF_2_DIR_R5
Temporal gravity field model GLDAS None
Ocean tide model EOT11a EOT08a
Non-tidal model AOD1B RL05 AOD1B RL04

Simulation Strategies~Strategy 1 (Current GRACE-type Mission)

Orbit noise 2 cm None
Range rate noise 2.5 × 10−7 m/s None

Simulation Strategies~Strategy 2 (Future GRACE-type Mission)

Orbit noise 2 cm None
Range rate noise 5.0 × 10−8 m/s None

Figure 3 summarizes the results of different simulation scenarios in terms of degree variances
of geoid heights, which have been commonly used to quantify the powers of signal and error in the
gravity field determination at various spatial wavelengths. The GLDAS signal (blue solid) is dominated
at low degrees, and it reduces with increasing degree. Without any post-processing, the “original
models” (black and red solid) correspond well to the GLDAS signal at low degrees. It demonstrates
that both current and future GRACE-type mission can detect large-scale temporal signals. By contrast,
the curve of the “original model” becomes upward after degree 20 for Strategy 1, and after degree
40 for Strategy 2. It infers that the future GRACE-type mission has a great potential to measure the
temporal signals with a better spatial resolution. According to [24], the errors after degree 20 for
Strategy 1 mainly derive from range rate noise, while the force model uncertainties cause the errors
after degree 40 for Strategy 2. Whenever the force model (especially ocean tide model and non-tidal
model) is updated, the errors for the future GRACE-type mission can be weakened significantly,
and the spatial resolution of the temporal gravity field model can be improved correspondingly.

After temporal gravity field model determination, the “original models” are processed by the
combined filter (see Section 2.2.1) and the forward-modeling method (see Section 3.1), respectively.
The result in terms of degree variance of geoid height is shown in Figure 3. After combined filtering
(dashed lines), the high degree noise is obviously suppressed. However, the geoid heights at low
degrees are also smaller than those of the GLDAS model, which indicates the temporal signal
attenuation during combined filter processing. Fortunately, after applying the forward-modeling
method (dotted lines), the geoid heights at these degrees are in good agreements with those of the
GLDAS model. It demonstrates that the forward-modeling method can efficiently restrain the signal
attenuation. Moreover, the high degree errors of both Strategy 1 and Strategy 2 have been successfully
suppressed. It is an obvious evidence that the forward-modeling method can be used to mitigate the
high degree errors in GRACE data.

So far, the validation is only implemented in the spectral domain through degree variances of
geoid heights. To complete the validation, the comparison in the spatial domain in terms of TWS
variations over Poyang Lake basin is also included (Figure 4). As shown in Figure 4 (b1), in current
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GRACE-type mission scenario, the TWS variation is contaminated by stripe errors. This indicates the
necessity of post-processing filters to reduce these errors. However, when the combined filter is applied
(Figure 4 (c1)), the temporal signals at the south and north of Poyang Lake basin are found leaking
into the whole basin. Such leakage errors necessitate the application of the forward-modeling method.
In Figure 4 (d1), the current GRACE-type solution after forward-modeling presents a similar pattern
as the original GLDAS model. The similar comparison results are also observed in future GRACE-type
solutions (Figure 4 (c2, d2)). The analysis in the spatial domain also demonstrates the good performance
of the forward-modeling method. Notably, without any post-processing, the similar pattern compared
with the GLDAS model is found in Figure 4 (b2). It indicates that, with the development of ranging
technique, the temporal signal within this wavelength probably needs no post-processing.
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Strategy 1 (black) and Strategy 2 (red), respectively. The original GLDAS (blue) and the “original
models” determined by different strategies are shown in solid lines. The models processed by the
combined filter are shown in dashed lines, while those processed by the forward-modeling method are
in dotted lines.

To complete the validation, the correlation coefficients between various solutions and GLDAS
model in terms of TWS variations are also calculated. For the respectively current and future
GRACE-type mission, the correlation coefficients are 0.77 and 0.90 for “original models”, 0.64 and 0.68
for “models after combined filter”, 0.86 and 0.95 for “models after forward-modeling”. As expected,
the results after forward-modeling have the strongest correlation with GLDAS. In addition, comparing
with the mean value of the GLDAS-derived TWS (7.58 cm), those values of different solutions also
support this conclusion. They are 8.90 cm and 7.34 cm for “original models”, 6.25 cm and 6.13 cm for
“models after combined filter”, 7.72 cm and 7.67 cm for “models after the forward-modeling”. Due to
the good performance of the forward-modeling method, it is introduced to process GRACE data in the
following study.
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Figure 4. TWS variations over Poyang Lake basin (black boundary) derived from different monthly
gravity field models. (a) GLDAS model; (b) “original models”; (c) models after combined filtering;
and (d) models after forward-modeling. The results in the first row (b1,c1,d1) are derived from models
related to Strategy 1, and those in the second row (b2,c2,d2) are derived from models related to
Strategy 2.

3.3. Comparison between Forward-Modeling, Mascon Grids, and Tellus Grids

The forward-modeling method is applied to estimate the GRACE TWS variations. For clarity, the
GRACE TWS variations before and after applying forward-modeling are called GRACE before FM and
GRACE after FM, respectively. In GRACE before FM, the time series of TWS presents a clear seasonal
variation, ranging from approximately -5 cm to 5 cm (Figure 5). In GRACE after FM, the range of
TWS variations extends to ± 15 cm, and the annual amplitude increases by a factor of 2.1 (see Table 2).
For comparison, the TWS variations derived from CSR Release05 mascon products (“GRACE Mascon”
in Figure 5) and GRACE Tellus grid products (“GRACE Tellus” in Figure 5) are also included in
Figure 5. The “GRACE after FM” agrees well with the two independent products, particularly from
January 2003 to March 2016 (see Figure 5). The correlation coefficient between “GRACE after FM” and
“GRACE Mascon” reaches up to 0.93, and it is higher than that of “GRACE Tellus” (0.80). A better
agreement of the former is likely due to that the forward-modeling method and mascon products are
independent of external data. The PCR-GLOBWB model is also used to evaluate the GRACE result.
The “GRACE after FM” and “GRACE Mascon” lie very close to PCR-GLOBWB. These consistent
results somewhat infer the satisfactory performance of GRACE in revealing the synthetic gravity
signals over the Poyang Lake basin.

Through the time series in Figure 5, the obvious overestimated TWSs are observed during the
2010 and 2016 flood period. To analyze the non-seasonal anomalous conditions of floods, the seasonal
variations are removed from the original TWSs. The correlation coefficient between “GRACE Mascon”
and “GRACE before FM” is 0.85. After forward-modeling is applied, the correlation coefficient
increases to 0.93. It also demonstrates the good performance of the forward-modeling method.
As shown in Figure 6, there are also long-term positive TWS anomalies during the rainy seasons in
2010 and 2016, consistent with the flood periods observed from Figure 5. As for the drought events,
the long-term negative anomalies are seen during the dry season in 2011, reflecting the severe drought
event over the Poyang Lake basin. However, no drought event is observed over the Poyang Lake basin
in 2006, when the upper Yangtze River basin suffers a severe drought [2,46].
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Figure 5. TWS variations over the Poyang Lake basin derived from different GRACE solutions and
PCR-GLOBWB model.

Table 2. Annual amplitude (cm) and annual phase (month) of GRACE solutions and hydrological
models. Correlation coefficients between GRACE TWS and TWS derived from PCR-GLOBWB and
from “GRACE after FM” are also provided.

Annual
Amplitude

Annual
Phase

Correlation Coefficients
w.r.t. PCR-GLOBWB

Correlation Coefficients
w.r.t. GRACE after FM

GRACE before FM 3.34 ± 0.38 0.91 ± 0.13 0.73 0.91
GRACE after FM 7.05 ± 0.79 0.80 ± 0.06 0.78 -

GRACE Tellus 6.51 ± 0.72 0.72 ± 0.07 0.68 0.80
GRACE Mascon 9.20 ± 1.02 0.79 ± 0.05 0.72 0.93
GLDAS-Noah 5.58 ± 0.61 0.62 ± 0.07 0.70 0.79
ERA-Interim 5.69 ± 0.62 0.59 ± 0.07 0.68 0.88

PCR-GLOBWB(SM) 3.97 ± 0.43 0.76 ± 0.05 0.75 0.70
PCR-GLOBWB 7.14 ± 0.78 0.82 ± 0.06 - 0.78
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Figure 6. Non-seasonal TWS variations over the Poyang Lake basin derived from GRACE solutions
and PCR-GLOBWB.

4. Flood Events Identification

4.1. Hydrological Models

The TWS variations over the Poyang Lake basin are computed using three hydrological models
(Figure 7). The soil moisture model of PCR-GLOBWB (i.e., PCR-GLOBWB (SM) in Figure 7) agrees well
with GLDAS and ERA-interim models. The good agreement justifies the usage of the PCR-GLOBWB
(SM) model to assess the soil moisture variations over the Poyang Lake basin. As the groundwater
and surface component are also included, the greater amplitude of TWS variations (see Figure 7 and
Table 2) is observed in PCR-GLOBWB. It demonstrates the extreme contribution of surface water and
groundwater component to TWS over Poyang Lake basin [11]. Comparing the TWS variations derived
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from PCR-GLOBWB and PCR-GLOBWB(SM), the long-term positive TWS anomalies in Figure 6 are
always corresponding to the big discrepancies between these two time series in Figure 7. The reason is
that the SM storage is limited by a specific capacity with a certain condition value. During the flood
period, the water is transferred from surface to groundwater. Note that there are always phase lags of
approximately one month between PCR-GLOBWB and PCR-GLOBWB(SM). It infers that the surface
water takes several weeks to infiltrate to lower layers. The same situation is also seen in 2003, when the
high discrepancies are observed between PCR-GLOBWB and PCR-GLOBWB(SM). According to [47],
the big discrepancies in 2003 are likely caused by the initial condition or the precipitation error, but not
the flood event.

The different flood characteristics are observed in 2010 and 2016. In the dry season of 2009
(from September 2009 to February 2010), the continuous negative TWS anomalies (non-seasonal)
derived from PCR-GLOBWB are seen Figure 6. It infers an extra capacity for the upcoming floods
in 2010. By contrast, the continuous positive TWS anomalies are observed in the dry season of 2015
(from September 2015 to February 2016), indicating saturated water storages in all components. Similar
signatures are also seen in the precipitation result (Section 4.3). This is likely the indication of the
severest flood event in 2016.
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Figure 7. TWS variations derived from hydrological models.

4.2. MODIS and Altimetry

To analyze the inundated area variations of the Poyang Lake, the 8 day NDWI values are computed
using the MODIS data, and the inundated areas are then computed via these NDWI values. As floods
usually occur between June and August [3,5], the inundated areas in June between 2009 and 2016
are analyzed and presented in Figure 8. As seen in Figure 6, there is a significant negative TWS
anomaly in June 2009. Therefore, the inundated area of June 2009 is used as a reference, quantified as
only 1635.8 km2. In Figure 8, the largest inundated area is observed in June 2016. Comparing with
the inundated area of 3270.8 km2 in June 2016, the second largest inundated area is 3185.8 km2 in
June 2010, when the flood affects the regions along the Poyang Lake.

The monthly mean inundated area between January 2003 and December 2016 is used to analyze
the intra-monthly and seasonal variability (Figure 9). The peak of the inundated areas is observed
between June and August 2016, with a mean peak value of 3445.0 km2. The second largest long-term
peak is detected between June and August 2010, with a mean peak value of 3370.3 km2. These peak
values are 33% and 30% higher than the mean peak value between 2003 and 2016. These results are
in good agreement with those derived from GRACE data and PCR-GLOBWB model: (1) the largest
long-term positive peak of GRACE TWS variation (14.7 cm) is detected between June and August 2016,
and the second positive peak (13.9 cm) is observed in 2010; (2) in terms of PCR-GLOBWB model
derived TWS variations, the mean values in these two periods are 17.9 cm and 13.2 cm, respectively,
also ranking the first and second during the whole study period.
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In Figure 9, the GRACE TWS variations, the water levels derived from Altimetry satellites, and the
water levels recorded at the Hukou hydrological station are compared. Besides the consistent peaks in
2010 and 2016, the temporal variations of GRACE and MODIS are also in a good agreement, with a
correlation coefficient of 0.82. Note that MODIS data can only detect the inundated area variations
over the Poyang Lake, while GRACE estimates the TWS variations over the whole basin. As shown
in Figure 1, Poyang Lake receives water from five sub rivers in the lake basin, and these sub rivers
almost flow through the whole Poyang Lake basin. Therefore, as implied by the strong correlation,
the inundated areas of the Poyang Lake derived from MODIS can also partly reflect the TWS variations
of the Poyang Lake basin.
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Figure 8. Inundated areas derived from MYD09A1 over Poyang Lake in June between 2008 and
2016 (blue). The green pixels represent the inundated regions in June 2009 used for comparison.
The red point represents the location of the Altimetry data point.

In addition, the daily water levels observed by the Hukou station also show a good agreement
with the MODIS-derived inundated areas, with a strong correlation (0.90). During the 2010 flood
period, the water levels continuously exceed the warning level of 19.50 m (green dot horizontal line
in Figure 9) for 25 days, with the highest level of 20.06 m on July 21, 2010. The highest water level
(21.33 m) is observed on July 11, 2016, and the water levels continuously exceed the warning level for
28 days in this month. This can also support the MODIS-derived result, which presents the largest
inundated area (3594.4 km2) in July 2016.

As seen in Figure 9, in the rainy season, the water levels derived from the altimetry satellites
correspond well with those recorded by the hydrological station. The largest water level 17.68 m is also
detected on July 11, 2016. However, in the dry seasons, the consistency of these two datasets is not as
good as that in the rainy seasons. In the rainy seasons, the altimetry satellites records the water levels
at the center of the Poyang Lake. By contrast, the altimetry data point exposes to the shore of the lake
in the dry seasons, which can only reflect the height variations of lands instead of waters. This is likely
the reason for the inconsistency between the altimetry-derived and hydrological observed water level.
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Figure 9. Water inundated area (derived from MODIS), water level (derived from satellite altimeters
and Hukou station) and GRACE TWS variations (after forward-modeling) during 2003–2017. Each time
series corresponds to the axes with the same color. The green dashed horizontal line represents the
warning water level 19.50 m at the Hukou station.

4.3. TRMM

The precipitation over the Poyang Lake basin is analyzed using the TRMM 3B43 data. In Figure 10,
the top three largest precipitations are observed in June of 2012, 2016, and 2010, with the monthly mean
value of 372 mm, 344 mm, and 342 mm, respectively. As discussed earlier, the latter two periods are
characterized as floods, based on the large inundated areas and high GRACE-derived TWS variations.
The accumulations of precipitation in spring (March to May), summer (June to August), autumn
(September to November), and winter (December to February) are also analyzed. The mean value of
spring and summer is 602 mm and 584 mm, respectively, accounting for 35.6% and 34.6% of annual
precipitation. The largest precipitation 833 mm (38.4% above mean value) is observed in spring 2010,
which induces the 2010 flood.

The lowest precipitation in spring is observed in 2011 (299.2 mm), which causes a severe drought
in this year. This can be supported by the long-term negative TWS anomalies in Figure 6. Therefore,
although the heaviest storm hit Poyang Lake in June 2011, the inundated area of this month is only
2353.0 km2, ranking the sixth during 2009–2015 (Figure 8). In other words, with the largest precipitation,
the flood in June 2011 is not as serious as those in 2010 and 2016 yet.
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According to the mean precipitation of each month (inset figure in Figure 10), the meteorological
year is divided into a rainy season (March to August) and a dry season (September to February).
The rainy season accounts for 70.2% of the annual precipitation. To analyze the influence of the
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precipitation over the Poyang Lake, a comparison of the MODIS-derived inundated areas is made
between the dry season and the rainy season (see Figure 11). In 2010 and 2012, the lake almost shrinks
to a line in the dry season, while the central lake and the north outlet are connected in the rainy season.
In Figure 10, the top three precipitations are observed in the rainy season of 2010, 2016, and 2012,
with the accumulated value of 1528 mm, 1522 mm and 1398 mm, respectively. Although ranking the
second in terms of precipitation in the rainy season, the inundated area is the largest in June 2016
(see Figure 11). This is likely due to the largest precipitation in the previous dry season (from August
2015 to February 2016). As seen in Figures 6, 7, 10 and 11, the plenteous precipitation in the dry season
of 2015 is also responsible for the positive GRACE TWS anomalies, the positive discrepancies between
PCR-GLOBWB and other hydrological models, and the largest MODIS-derived inundated area in
January 2016.

Remote Sens. 2018, 10, x FOR PEER REVIEW  14 of 21 

 

to a line in the dry season, while the central lake and the north outlet are connected in the rainy 434 

season. In Figure 10, the top three precipitations are observed in the rainy season of 2010, 2016, and 435 

2012, with the accumulated value of 1528 mm, 1522 mm and 1398 mm, respectively. Although 436 

ranking the second in terms of precipitation in the rainy season, the inundated area is the largest in 437 

June 2016 (see Figure 11). This is likely due to the largest precipitation in the previous dry season 438 

(from August 2015 to February 2016). As seen in Figure 6, Figure 7, Figure 10 and Figure 11, the 439 

plenteous precipitation in the dry season of 2015 is also responsible for the positive GRACE TWS 440 

anomalies, the positive discrepancies between PCR-GLOBWB and other hydrological models, and 441 

the largest MODIS-derived inundated area in January 2016. 442 

 443 

Figure 11. Inundated areas derived from MYD09A1 over Poyang Lake in January (green) and June 444 
(blue) of 2010, 2012, and 2016. The red point represents the location of Altimetry data point. 445 

4.4. In Situ Data 446 

The time series of temperature, precipitation, and evaporation observed by 24 meteorological 447 

stations are shown in Figure 12. The ground-based precipitations correspond well with those 448 

estimated by the TRMM data, with a correlation coefficient of 0.98. The difference between those two 449 

datasets may result from the different spatial resolution, which is 0.25 degrees for TRMM, but point-450 

wise for the meteorological station. Therefore, the results (mainly in section 4.3) derived from TRMM 451 

data are reliable over the Poyang Lake basin. Noted that there is no precipitation shortage in 2006, 452 

neither for TRMM data nor for meteorological station observations. It can be used to explain the 453 

absence of the drought event in this year over the Poyang Lake basin (see Figure 5 and Figure 6). 454 

The evaporation is 219.6 mm in spring, only accounting for 21.4% of the annual amount. 455 

However, as discussed earlier, the precipitation accounts for 35.6% in spring. The heavy rainfall and 456 

weak evaporation facilitate the floods over the Poyang Lake basin in spring. It is also noteworthy that 457 

there is a marked drop of evaporation during 2014-2016 (Figure 12). For instance, the mean value in 458 

summer during this period is 307.7 mm, compared with 426.2 mm during 2003-2013. This can partly 459 

attribute to the lower temperature during 2014-2016, which decreases 1.3 °C and 0.8 °C in July and 460 

August compared to the mean value of 2003-2013. The decrease in temperature and evaporation in 461 

summer is likely the other reason for the most severe flood in 2016. 462 

In terms of temperature in winter, the high (low) value seems to correspond to the upcoming 463 

flood (drought) event. For example, the lowest temperature is 2.4 °C in January 2011, which is 464 

significantly lower than the mean value (5.8 °C) of January during 2003-2016. This indicates a strong 465 

cool-dry current across the Poyang Lake basin, resulting in less precipitation and more severe 466 

drought. By contrast, the warm winter in 2010 (7.3 °C) and 2016 (6.6 °C) infers a strong warm-humid 467 

current across the Poyang Lake basin, leading to more precipitation and upcoming flood. 468 
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4.4. In Situ Data

The time series of temperature, precipitation, and evaporation observed by 24 meteorological
stations are shown in Figure 12. The ground-based precipitations correspond well with those estimated
by the TRMM data, with a correlation coefficient of 0.98. The difference between those two datasets
may result from the different spatial resolution, which is 0.25 degrees for TRMM, but point-wise for
the meteorological station. Therefore, the results (mainly in Section 4.3) derived from TRMM data are
reliable over the Poyang Lake basin. Noted that there is no precipitation shortage in 2006, neither for
TRMM data nor for meteorological station observations. It can be used to explain the absence of the
drought event in this year over the Poyang Lake basin (see Figures 5 and 6).

The evaporation is 219.6 mm in spring, only accounting for 21.4% of the annual amount. However,
as discussed earlier, the precipitation accounts for 35.6% in spring. The heavy rainfall and weak
evaporation facilitate the floods over the Poyang Lake basin in spring. It is also noteworthy that there
is a marked drop of evaporation during 2014-2016 (Figure 12). For instance, the mean value in summer
during this period is 307.7 mm, compared with 426.2 mm during 2003-2013. This can partly attribute
to the lower temperature during 2014-2016, which decreases 1.3 ◦C and 0.8 ◦C in July and August
compared to the mean value of 2003-2013. The decrease in temperature and evaporation in summer is
likely the other reason for the most severe flood in 2016.

In terms of temperature in winter, the high (low) value seems to correspond to the upcoming
flood (drought) event. For example, the lowest temperature is 2.4 ◦C in January 2011, which is
significantly lower than the mean value (5.8 ◦C) of January during 2003-2016. This indicates a strong
cool-dry current across the Poyang Lake basin, resulting in less precipitation and more severe drought.
By contrast, the warm winter in 2010 (7.3 ◦C) and 2016 (6.6 ◦C) infers a strong warm-humid current
across the Poyang Lake basin, leading to more precipitation and upcoming flood.



Remote Sens. 2018, 10, 713 15 of 21

Remote Sens. 2018, 10, x FOR PEER REVIEW  15 of 21 

 

 469 

Figure 12. Monthly mean temperature (cyan line), evaporation (black line) and precipitation (red 470 
column) observed by meteorological stations over the Poyang Lake basin during 2003-2016, compared 471 
with GRACE-derived TWS (red line), TRMM-derived precipitation (blue column), and water level 472 
observed at Hukou station (green dot line). The gray shades represent the flood periods. 473 

5. Discussion 474 

In the GRACE data processing, the forward-modeling method is validated by the simulated 475 

GRACE onboard observations for the first time. In both spectral and spatial domains, the method has 476 

proven satisfactory performance in mitigating the leakage errors. After applying the forward-477 

modeling method, the GRACE-derived TWS variations present more dramatic seasonal fluctuations. 478 

This enhances the ability of capturing the flood signals over the Poyang Lake basin. Actually, the 479 

global TWSs after forward-modeling also present very similar patterns with those of initial input 480 

temporal gravity model (not shown). However, the stopping criterion of the iteration is limited to the 481 

Poyang Lake basin, and the selection of filters’ parameters (e.g., Gaussian filter radius, de-correction 482 

filter parameters) may also affect the efficiency of this method. More studies about the performance 483 

of the forward-modeling method in the other regions, as well as the effect of different filters’ 484 

parameters are recommended in the future. In addition, many recent and ongoing studies have 485 

focused on the uncertainties of GRACE estimates [47–51]. The forward-modeling method has been 486 

used to quantify and understand the hydrologic processes in several specific regions [10–11, 26–29]. 487 

Based on these previous works, the global analyses of the forward-modeling method approach are 488 

ongoing and will be discussed in the near future. 489 

In the Poyang Lake basin, the GRACE estimates of TWS are also consistent with the estimates 490 

from alternative sources, such as the PCR-GLOBWB-derived TWS, MODIS-derived inundated area, 491 

and in situ water level. The comparisons show that the GRACE-derived TWSs perform well in flood 492 

detection over our study region. Note that, in this study, only the instantaneous analyses of the TWS 493 

estimates are used to identify the flood/drought events over the Poyang Lake basin. A number of 494 

recent studies have looked into the potential merit of long lead-time flood prediction [52–53]. These 495 

new techniques are also recommended to quantify and predict the flood events over the Poyang Lake 496 

basin. 497 

The NDWI is used to delineate the inundated area, which is affected by the threshold used to 498 

separate the water from land pixels. To assess the accuracy of NDWI, as recommended by Feng et al. 499 

[5], a visual examination in the software ENVI is used to determine how the NDWI-based water/land 500 

interface contour fit the visually determined water and land objects in the RGB images. For most of 501 

the 478 cloud-free MODIS images, the NDWI performs well. In addition, as Feng et al. [5] have 502 

already estimated the inundated area variations between 2000 and 2010, we also compare our 503 

inundated area estimations with those listed in their work (Table 2 and Table 3 in Feng et al. [5]). An 504 

excellent agreement is found between these two results, with the coefficients (with 95% confidence 505 

bounds) of 0.98 and the R-square value of 0.94. 506 

To assess the accuracy of MODIS-derived inundated area, the concurrent higher-resolution 507 

satellite imageries are always included for comparison [5,54]. In this study, the cloud-free Landsat-8 508 

OLI (Operational Land Imager) image collected on 5 October 2013 is analyzed and compared with 509 

Figure 12. Monthly mean temperature (cyan line), evaporation (black line) and precipitation
(red column) observed by meteorological stations over the Poyang Lake basin during 2003–2016,
compared with GRACE-derived TWS (red line), TRMM-derived precipitation (blue column), and water
level observed at Hukou station (green dot line). The gray shades represent the flood periods.

5. Discussion

In the GRACE data processing, the forward-modeling method is validated by the simulated
GRACE onboard observations for the first time. In both spectral and spatial domains, the method
has proven satisfactory performance in mitigating the leakage errors. After applying the
forward-modeling method, the GRACE-derived TWS variations present more dramatic seasonal
fluctuations. This enhances the ability of capturing the flood signals over the Poyang Lake basin.
Actually, the global TWSs after forward-modeling also present very similar patterns with those of
initial input temporal gravity model (not shown). However, the stopping criterion of the iteration is
limited to the Poyang Lake basin, and the selection of filters’ parameters (e.g., Gaussian filter radius,
de-correction filter parameters) may also affect the efficiency of this method. More studies about the
performance of the forward-modeling method in the other regions, as well as the effect of different
filters’ parameters are recommended in the future. In addition, many recent and ongoing studies have
focused on the uncertainties of GRACE estimates [47–51]. The forward-modeling method has been
used to quantify and understand the hydrologic processes in several specific regions [10,11,26–29].
Based on these previous works, the global analyses of the forward-modeling method approach are
ongoing and will be discussed in the near future.

In the Poyang Lake basin, the GRACE estimates of TWS are also consistent with the estimates from
alternative sources, such as the PCR-GLOBWB-derived TWS, MODIS-derived inundated area, and in
situ water level. The comparisons show that the GRACE-derived TWSs perform well in flood detection
over our study region. Note that, in this study, only the instantaneous analyses of the TWS estimates
are used to identify the flood/drought events over the Poyang Lake basin. A number of recent studies
have looked into the potential merit of long lead-time flood prediction [52,53]. These new techniques
are also recommended to quantify and predict the flood events over the Poyang Lake basin.

The NDWI is used to delineate the inundated area, which is affected by the threshold used to
separate the water from land pixels. To assess the accuracy of NDWI, as recommended by Feng et al. [5],
a visual examination in the software ENVI is used to determine how the NDWI-based water/land
interface contour fit the visually determined water and land objects in the RGB images. For most of the
478 cloud-free MODIS images, the NDWI performs well. In addition, as Feng et al. [5] have already
estimated the inundated area variations between 2000 and 2010, we also compare our inundated
area estimations with those listed in their work (Table 2 and Table 3 in Feng et al. [5]). An excellent
agreement is found between these two results, with the coefficients (with 95% confidence bounds) of
0.98 and the R-square value of 0.94.

To assess the accuracy of MODIS-derived inundated area, the concurrent higher-resolution
satellite imageries are always included for comparison [5,54]. In this study, the cloud-free Landsat-8
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OLI (Operational Land Imager) image collected on 5 October 2013 is analyzed and compared with
MODIS observations on 7 October 2013. The NDWI maps and their associated histograms are shown
in Figure 13. The histograms show a similar bi-modal distribution for NDWI between MODIS and
Landsat-8 images. The pixels with a NDWI value higher than 0 are clearly water. With the significantly
higher resolution (30 m), the Landsat-8 image reveals more details and slight differences from the
MODIS result for some lake segments, especially around the tributaries. However, the NDWI map
from the two measurements presents a very similar pattern. As a result, the inundated areas from
the two independent measurements are nearly equal, about 2121.2 km2 for MODIS and 2182.5 km2

for Landsat-8. In order to investigate the potential bias derived from different spatial resolutions,
the Lansat-8 image is also resampled at 500 m of spatial resolution. As shown in Figure 13, the excellent
agreement can also be found between three NDWI maps, as well as bi-modal histograms. Therefore,
it appears to be reasonable that the medium-resolution (500 m) MODIS time-series data can provide
valuable information to study short-term and long-term changes in the inundation characteristics
of the Poyang Lake. However, in dry seasons (see Figure 11), some water bodies are disconnected
in the MODIS result. It may limit the usage of the 500 m resolution MODIS data for studying the
extreme narrow channel water variations. For our purpose, the estimation of the total inundation area,
this potential artifact will not affect our results or interpretations.
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6. Conclusions

In this study, multiple satellite remote sensing observations, hydrological models, and in situ data
are used to characterize the flood events over the Poyang Lake basin between 2003 and 2016.

Among the satellite remote sensing observations, this study mainly focuses on GRACE, which
observes the TWS variations directly. To mitigate the leakage error during the GRACE data processing,
the forward-modeling method is applied. For the first time, the method is assessed using the
contaminated noise onboard observations. In both spectral and spatial domains, the simulation
results infer a good performance of this method on the suppression of high-frequency noise while
reducing the signal loss. The forward-modeling method is then applied to the CSR Release05
monthly gravity data. The comparison results with the newly released CSR mascon grids infer
the satisfactory performance of the forward-modeling method in reducing leakage errors. Comparing
with other observations, the results show that GRACE data can be considered as an effective tool
for monitoring a regional scale (1.622 × 105 km2) hydrological basins. According to our validations
and comparisons, the forward-modeling method improves the ability of GRACE-based estimates of
capture the irregularly TWS signatures in the regional scale hydrological basins. In addition, as the
forward-modeling method does not rely on external data, it is recommended to investigate the TWS
variations in the regional scale hydrological basins.

The significant seasonal variations of the inundated area over the Poyang Lake are estimated with
the MODIS surface reflectance data. The MODIS-derived inundated area presents a strong correlation
with the in situ water level (0.90). The GRACE-derived TWS also agrees well with the MODIS-derived
inundated area, with a correlation coefficient of 0.82. It demonstrates that surface reflectance data can
also be used to estimate TWS at sub-monthly time scales. It also indicates the potential of the MODIS
estimates to fill in the missing data between the termination of GRACE and the launch of the GRACE
Follow-On mission [45]. Further studies about this issue are recommended after the launch of GRACE
Follow-On in 2018.

The most severe flood can be identified in 2016 observed by multiple observations:
(1) TRMM observes the accumulated precipitation (1522 mm) in the rainy season of 2016;
(2) MODIS observes the largest inundated area (3594.4 km2) in July 2016;
(3) in situ data shows the longest warning-exceeded water levels (28 days) in July 2016;
(4) GRACE and PCR-GLOBWB detect the continuous positive TWS anomalies.
On the other hand, using multiple observations facilitates the interpretation of the flood event:
(1) there is an obvious positive temperature anomaly in the winter of 2016 (0.8 ◦C), inferring the

strong warm-humid currents crossing the Poyang Lake basin;
(2) the MODIS-derived inundated area of January 2016 shows the maximum (1801.1 km2) among

the Januaries between 2003 and 2016;
(3) influenced by plenteous precipitation events in the previous dry season, the continuous rain in

spring and summer lead to the severest flood in 2016.
Given the continuous observations from various remote sensing missions and ground observation

network, the method and analysis in this study may serve as a criterion to characterize the future flood
events over the Poyang Lake basin. For the same reason, the multiple observations used here may be
applied to other regions to study extreme hydrological activities.
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Appendix A

The dynamic approach was adopted during the forward-modeling method validation.
This approach is formed on the basis of satellite motion equation. Using this equation, the integral
orbits X̂ can be obtained through a numerical integrator, such as Runger-Kutta, Adams-Cowell and
Gauss-Jackson integrator. During the orbit integration, the state vector of the first epoch is taken as
the initial state vector X0, and the prior force models p (including static gravity field model, temporal
gravity field model, tide model, non-tidal model, N-body perturbation, general relativistic effects, etc.)
are exploited to estimate the conservative force at each epoch. Due to the uncertainties in initial
state vector ∆X0 and force models ∆p (mainly the earth’s gravity field model), there are inevitable
differences ∆X between the integral orbits X̂ and those observed by GNSS receivers for real GRACE
mission (X). Note that X represents simulated orbits in ‘Ture World’ in this study. Using the orbit
differences, the observation equation of dynamic approach can be built as

∆X = X − X̂ =
∂X
∂X0

∆X0 +
∂X
∂p

∆p (A1)

Similar to the orbit differences, the observation equation in terms of range rates
.
ρ can be written as
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where superscript A and B respectively represents GRACE A and GRACE B satellite, the partial

derivatives ∂X
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∂p can also be estimated by numerical integrators. Combing

Equations (A1) and (A2), the gravity field model can be updated by estimating ∆p with least square
adjustment. Dividing the observations into monthly datasets, the monthly gravity field model, which
reflects the mean mass transportations within one month, can be determined.

To quantify the efficiency of the forward-modeling method, we did a simulation study with
our DynaSST software. This software has been successfully applied for the long-term static gravity
field model HUST-Grace2016s estimation [38], the monthly gravity field model HUST-Grace2016
determination [11] and the future GRACE-type mission simulation [24]. The GRACE observations
are simulated on the basis of real GRACE designed parameters, with an orbital height of 415.6 km,
an initial inclination of 89.03 degrees and a mean inter-satellite range of 220 km. The corresponding
orbit resonance of 463/30 can guarantee the dense distribution of observations. During the simulation,
the ‘real observations’ (X in Equation (A1) and

.
ρ in Equation (A2)) are integrated with the simulation

force models in ‘True World’ (see Table 1), while the ‘reference observations’ (X̂ in Equation (A1) and
.̂
ρ

in Equation (A2)) are integrated with the simulation force models in ‘Reference World’ (see Table 1).
In addition, the measurement errors (including orbit errors and range rate errors) are also taken into
consideration (see Table 1).

After estimating the monthly temporal gravity field models, the degree variances of geoid
heights σl (see Figure 3) are introduced to assess the power of signals and errors in the spectral domain,

σl = RE

√√√√ l

∑
m=0

(∆C2
lm + ∆S2

lm) (A3)

where ∆Clm and ∆Slm are the coefficient differences between the estimated model and the static gravity
field model in ‘True World’, l and m is respectively the degree and order of SHCs.
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