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Abstract: During gravity field modeling, the conventional acceleration approach rarely incorporates
KBR inter-satellite range rate data from the GRACE mission. To propose an improved acceleration
method, this study introduces initial orbital position and velocity vectors to be estimated along with
a combination of Cowell, KSG, and Adams integrators. In addition to achieving a full-rank design
matrix regarding orbit corrections when constructing observation equations, the proposed method is
capable of utilizing range rate observations for gravity field estimation. To verify the reliability of
this approach, GRACE data from April 2002 to December 2016 was used to calculate a time series
of monthly gravity solutions up to a degree and order of 96, referred to as Tongji-Acc RL06 in this
paper. The computed time series are compared with the official models (i.e., CSR RL06, GFZ RL06,
and JPL RL06) in terms of geoid degree variances, signal contents over distinct areas, and noise levels
in desert regions. The investigations lead to the following conclusions: (a) the geoid degree variances
indicate that Tongji-Acc RL06 exhibits comparable signal levels (approximately below 20 degrees) to
the other three models while demonstrating lower noise at higher degrees (above 40 degrees); (b) the
analysis over the globe, typical river basins, and land–ice regions illustrates that the solutions derived
using the proposed acceleration method agree well with the official models based on the dynamic
approach; (c) especially over the two large-scale river basins (i.e., Amazon and Zambezi) and another
two small-scale river basins (i.e., Tennessee and Irrawaddy), Tongji-Acc RL06 significantly improves
the SNR values; and (d) in the cases of the Sahara and Karakum deserts, Tongji-Acc RL06 achieves
noise reductions of over 55.8% and 61.5% relative to CSR RL06, respectively. In general, the signal
and noise analyses demonstrate that the proposed acceleration-based approach can effectively extract
gravity field signals from KBR inter-satellite range rate observations with improved SNR, while
significantly reducing the high-frequency noise.

Keywords: GRACE; satellite gravimetry; gravity field solution; KBR inter-satellite range rate;
improved acceleration approach

1. Introduction

The primary goal of the Gravity Recovery and Climate Experiment (GRACE) mission
is to explore complicated and interconnected global-scale mass changes within the Earth
system [1]. Launched in 2002, the GRACE mission consists of a pair of twin satellites
positioned around 200 km apart, closely tracking each other in a near-circular orbit at an
altitude of approximately 500 km and an inclination of 89.5◦ [2]. Over a span of about
15 years, the GRACE mission provides invaluable observations that enable continuous
monitoring of the Earth’s mass variations. Equipped with a highly precise K-band range
(KBR) instrument, the two satellites are capable of measuring inter-satellite range variations
with precision at the micrometer level. Onboard global positioning system (GPS) receivers
can accurately determine the orbits of both satellites with an accuracy of a few centimeters.
Additionally, dedicated accelerometer sensors are employed to detect non-gravitational
accelerations that affect the twin satellites. The attitudes of the satellites are determined
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using super-star cameras installed on each satellite. Considering the invaluable GRACE
observations in exploring mass variations within the Earth system, its successor GRACE
Follow-On (GRACE-FO) was launched on 22 May 2018 [3]. The GRACE-FO mission
continues to serve as the primary means of monitoring global-scale mass changes. Notably,
the GRACE-FO is equipped with a Laser Ranging Interferometer (LRI) in addition to
sensors on the GRACE satellites, which boasts an accuracy of tens of nanometers [4].
Several time-variable gravity field solutions with unexpected precision, characterized
by geopotential coefficients, have been established based on the GRACE/GRACE-FO
Level-1B observations. The notable solutions include the CSR (Center for Space Research)
RL06 [5], JPL (Jet Propulsion Laboratory) RL06 [6], GFZ (GeoForschungsZentrum) RL06 [7],
ITSG-Grace2018 [8], and DMT-1 models [9]. These models have been widely employed for
studying mass transport on the Earth’s surface, including coseismic deformation caused
by earthquakes [10,11], terrestrial water storages [12–14], sea level changes [15,16], and
ice melting [17,18].

Different research centers used distinct methodologies to determine the gravity field
models. These mainly include the dynamic approach by the CSR, GFZ, and JPL [5,6],
the acceleration approach by the Delft University of Technology [9,19–22], the short-arc
approach by the Graz University of Technology and Tongji University [23–27], and the
energy balance method by Ohio State University [28,29]. Among these approaches, the
acceleration method establishes a direct linear relationship between the satellite’s acceler-
ation and geopotential coefficients according to Newton’s second law. The acceleration
method was originally proposed by Rummel (1980) for utilizing inter-satellite acceleration
in determining the gravity field. Subsequently, the feasibility of this method was verified
through numerical simulations conducted by Austin (2000) and Shen (2000) [30–32]. The
notable aspect of the acceleration approach lies in its formulation of linear observation
equations, which avoids the need to resolve variation equations and perform iterative
computations. Therefore, the computational efficiency can be significantly enhanced by this
method. However, achieving high-degree models with high quality using this approach
poses challenges. This is mainly because the numerical differentiation of orbit positions
for obtaining inter-satellite accelerations in the low-low tracking mode may potentially
amplify high-frequency noise [33]. To suppress the high-frequency noise and achieve a
more optimal gravity field model, several scholars have developed some filtering tech-
niques, such as analytical whitening or auto-regressive (AR) modeling that approximates
the variance–covariance matrices [20,22,34,35].

One of the acceleration approaches proposed by Ditmar et al. (2004) is known as
the average acceleration method, where an analytical whitening filter was constructed
by employing a variance–covariance matrix based on a differentiation procedure among
three adjacent epochs [20]. The average acceleration method enables the estimation of grav-
ity field signals from kinematic orbits of satellites. To extract the gravity field signals from
the highly precise inter-satellite range observations, Liu et al. (2008) established the rela-
tionship between the combination of GRACE inter-satellite ranges at three adjacent epochs
and the weighted average acceleration [36]. However, directly using the satellites’ orbits to
estimate ambiguities in inter-satellite range observations before estimating the gravity field
is not theoretically rigorous. Additionally, this method did not account for the impact of
orbit errors on the computation of the unit vector in the line-of-sight (LOS) direction of the
GRACE satellites. Expanding on the considerations mentioned above, Chen et al. (2015)
introduced the Cowell integral formula to establish the observation equations for the orbits
of both satellites and the inter-satellite range observations [19]. This improved approach
effectively eliminates the ambiguities in the inter-satellite range observations by employing
differencing between adjacent epochs.

The inter-satellite ranges and range rates, as two distinct types of observations for
tracking the changes between the twin satellites of GRACE, can be used in a mathematical
sense to estimate the gravity field since they measure the same gravity field signals. The
previous acceleration methods have predominantly incorporated inter-satellite range ob-
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servations into gravity field modeling, such as the determination of DMT-1, DMT-2, and
Tongji_Acc RL01 models [9,19,22]. A relative study demonstrates that the inter-satellite
range observations provide clear localized spatial features of gravity anomaly signals
caused by mass anomalies on the Earth’s surface [37]. Due to the inherent ambiguities in
the range of observations, it is necessary to estimate or eliminate these ambiguities [9,22].
Despite the reduced spatial localization of range rate observations [37,38], their potential ad-
vantage lies in the absence of any ambiguity associated with this observable. Therefore, to
date, in the dynamic approach [5–7] and the short-arc method [27], the inter-satellite range
rates are generally employed as a fundamental observable for gravity field determination
(e.g., CSR RL06, GFZ RL06, and JPL RL06).

In order to systematically explore the influence of the range rate observations on
gravity field determination within the acceleration method, this paper proposes an im-
proved acceleration method that incorporates range rate data into gravity field estimation
through a combination of Adams [39], KSG [40], and Cowell [41] integration techniques
to formulate orbit and range rate observation equations. In the proposed method, the
introduction of initial position and velocity parameters contributes to a full-rank design
matrix regarding the orbit corrections for constructing observation equations, thus enabling
the utilization of high-precision range rate observations. The subsequent sections of this
article are structured as follows: Section 2 introduces the theoretical model for the improved
acceleration method. In Section 3, the satellite observations and force models are described.
Subsequently, the signals and noise levels of Tongji-Acc RL06 are compared with those of
CSR RL06, GFZ RL06, and JPL RL06 in Sections 4 and 5. Finally, the outcomes are presented
in Section 6.

2. Methodology

To establish the improved acceleration method, we introduce the initial orbital position
vector x0 and velocity vector

.
x0 to be estimated in this paper. Using an n-order KSG integral,

we can easily derive the orbit observation equations as follows for the epochs at time
t0 and t1 

x(t0) = x0

x(t1) = x0 + ∆t · .
x0

+ ∆t2 ·
n−1
∑

j=0
αj · a(xj, u, p) (1)

where αj(j = 0, 1 . . . , n− 1) stands for the KSG integral coefficients; u is geopotential coef-
ficients; and p means accelerometer parameters (namely, scales and biases). Subsequently,
for the epochs at the time ti (i = 2, 3 . . . , N), the observation equations can be recursively
generated according to

x(ti−2)−2x(ti−1)+x(ti)
∆t2 =

n−1
∑

j=0
β j · a(xi−2+j, u, p) , i = 2, . . . , n− 1

x(ti−2)−2x(ti−1)+x(ti)
∆t2 =

n−1
∑

j=0
βn−1−j · a(xi−n+1+j, u, p) , i = n, . . . , N

(2)

where β j(j = 0, 1 . . . , n− 1) stands for the Cowell integral coefficients. The relation-
ship between the satellite’s acceleration and velocity vectors for the epochs at the time
ti (i = 0, 1 . . . , N) is established by introducing an n-order Adams integral as follows:

.
x(t0) =

.
x0 + δ

.
x0 , i = 0

.
x(ti) =

.
x(ti−1) + ∆t ·

n−1
∑

j=0
γja(xi−1+j, u, p), i = 1, . . . , n− 1

.
x(ti) =

.
x(ti−1) + ∆t ·

n−1
∑

j=0
γn−1−ja(xi−n+1+j, u, p), i = n, . . . , N

(3)
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where δ
.
x0 is the correction to the initial velocity vector; γi represents the Adams integration

coefficients.
The relationship between the inter-satellite range rates and the parameters to be

estimated is established in the following manner

.
ρ(ti) = f

(
xA(ti), xB(ti), x0

A,
.
x0

A, x0
B,

.
x0

B, u, pA, pB

)
= eT

AB · (∆
.
x(ti)), i = 0, . . . , N (4)

where the symbol
.
ρ(ti) represents the range rates; ∆

.
x(ti) =

.
xB(ti) −

.
xA(ti) represents

the difference in velocity between GRACE A and GRACE B at the time ti, which is cal-
culated on the basis of Equation (A7) for both satellites in Appendix A; and eT

AB(ti) =

(rB(ti)− rA(ti))
T ·
( .
rB(ti)−

.
rA(ti)

)
/ρ(ti) denotes the line-of-light vector from GRACE A to

GRACE B.
In order to determine gravity field models by integrating kinematic orbit and range

rate observations, the observation equations for the orbit and range rate data at all epochs
in the k-th arc can be expressed in the matrix form as follows:

vs
k = Cs

kyk − ls
k(s = A, B,

.
ρ) (5)

where the symbols A and B represent GRACE A and GRACE B, respectively;
.
ρ denotes the sym-

bol for range rate observations; the parameter vector yk =

(
δu, δPA, δPB, δx0

A, δx0
B,

.
δx

0
A,

.
δx

0
A

)
to be estimated includes the gravity field coefficients δu, accelerometer calibration parameters

(δPA, δPB), and initial position and velocity parameters
(

δx0
A, δx0

B,
.

δx
0
A,

.
δx

0
A

)
; Cs

k represents

the design matrix regarding the parameter vector yk; ls
k is the residual vector by subtracting

the computed reference values from the observations, as given in Equations (A12) and (A13)
in Appendix A; and vs

k denotes the corresponding correction to both orbit and range rate
observations. Using the least squares method, we derive the following sub-normal equations
for both kinematic orbit and range rate observations in the k-th arc.

∑
s=A,B,

.
ρ

(Cs
k)

T
(Qs

k)
−1

(Cs
k)yk = ∑

s=A,B,
.
ρ

(Cs
k)

T
(Qs

k)
−1

(ls
k). (6)

Previous studies have demonstrated that both orbit and range rate data are dominated
by correlated noise [25,42]. In order to achieve an optimal weighting for orbit data and KBR
range rate measurements in the proposed acceleration method, the variance–covariance ma-
trix Qs

k is designed to account for the spectral characteristics present in both measurements
according to auto-regressive filtering [29,35,42,43]. Since the unknown parameter vector yk
in the sub-normal Equation (6) contains both gravity field coefficients and local parameters,
the local parameters need to be eliminated in accordance with Beutler et al. (2010b) [44].
This operation leads to a reduced sub-normal equation only with respect to the gravity field
parameters δu. All subsequent reduced sub-normal equations within the same month are
accumulated to form the final monthly normal equation only regarding δu. Consequently,
the gravity field solutions can be obtained by solving the gravity field parameters from
the final monthly normal equation. To ensure comprehensiveness, clarity, and enhanced
reproducibility, a detailed treatment of the mathematical framework for the improved
acceleration method is provided in Appendix A.

3. Satellite Observations and Force Models

The sub-normal Equation (6) is constructed by using GRACE satellite observations
(GRACE Level-1B Release 03) primarily provided by JPL (Jet Propulsion Laboratory). These
observations consist of non-conservative force acceleration (1 s) and attitude (1 s) data
of both satellites, along with inter-satellite range rate (5 s) measurements. Additionally,
kinematic orbits provided by the Graz University of Technology, with a sampling rate
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of 10 s, are utilized. To mitigate the impact of KBRR data outliers, in accordance with
statistical principles, any KBRR data with postfit residuals exceeding triple the standard
deviation (STD) value of KBR residuals is down-weighed during gravity field modeling.
As an example, the spatial distribution of the identified outliers in February 2011 is plotted
in Figure 1, which does not show a clear geographical correlation. Moreover, the proportion
of outliers only reaches 0.59%, which is close to the expected result of 0.3% at a confidence
level of 99.7% based on the triple sigma criterion.
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Figure 1. The spatial distribution of the identified KBR outliers in February 2011.

Additionally, establishing the observation equations for kinematic orbit and range
rate measurements necessitates the incorporation of background force models, includ-
ing both conservative acceleration and non-conservative acceleration components. The
non-conservative accelerations can be determined using observations of high-precision
accelerometers installed on the GRACE satellites. Table 1 provides an overview of the
conservative force models, including N-body perturbations, solid Earth tides, ocean tides,
solid Earth pole tides, ocean pole tides, oceanic and atmospheric de-aliasing variations, as
well as relativistic corrections.

Table 1. Dynamic model.

Force Model Model

Static Earth’s gravity field GOCO06s; static part: d/o 160
Solid Earth tides IERS 2010 conventions

Solid Earth pole tides IERS mean pole
Ocean tides Fes2014b; 100 d/o

Ocean pole tides Desai 2002; 100 d/o
Atmospheric and Oceanic De-aliasing AOD1B RL06; 180 d/o

N-body perturbations JPL DE430
Relativistic corrections IERS 2010 conventions

Since Tongji-Acc RL06 is limited to a certain degree and order of 96, we employ the
high-precision static gravity field model GOCO06s [45] truncated up to 160 d/o to account
for potential influences caused by signals at higher degrees and orders. The N-body
disturbances are directly computed based on the gravitational interactions with the sun
and the moon [46]. To calculate the precise positions of the sun and the moon, the JPL
DE421 planetary Ephemeris [47] is employed. Following the IERS 2010 conventions [48], the
impacts of the solid tides and solid pole tides are compensated. To effectively account for the
ocean tide effects, we utilized the FES2014b ocean tide model that encompasses 34 primary
tidal components [49]. For the secondary ocean tides, the admittance theory proposed by
Rieser et al. (2012) is used [50], which conducts linear interpolation based on the primary
tides of FES2014b in accordance with the IERS2010 conventions. The perturbation of ocean
pole tides is addressed using the Desai model developed by Desai et al. (2002) [51]. In order
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to remove the non-tidal variations in the atmosphere and ocean, we utilize the Atmospheric
and Ocean De-aliasing Level-1B Release 06 product (AOD1B RL06) up to a degree and
order of 180, which is provided via the GFZ [52]. Following the IERS2010 conventions, we
take the effects of general relativity into account.

4. Results

Using the proposed acceleration method that incorporates the inter-satellite range rate
observations, we compute a time series of monthly gravity field models called Tongji-
Acc RL06 from GRACE Level-1B RL03 data covering the period from April 2002 to
December 2016. In this paper, the quality assessment of Tongji-Acc RL06 monthly mod-
els involves a comparative analysis with CSR RL06, GFZ RL06, and JPL RL06 monthly
solutions in terms of signal and noise characteristics. In Section 4.1, the comparison is
performed in the spectrum domain. The spatial distribution of global mass changes and
annual amplitudes is discussed in Section 4.2. To verify the consistency of model signals,
an assessment is conducted in Section 4.3 by examining annual amplitudes across river
basins with different sizes and analyzing trends and uncertainties in land–ice areas from
the four solutions. The root mean squares (RMS) values of mass change residuals over
the Sahara Desert and the Karakum Desert are subsequently computed in Section 4.4 to
estimate the noise levels of the models.

4.1. Spectrum Analyses

To perform the analyses of signals and noise in the frequency domain, the geoid
degree variances of various GRACE monthly gravity field models are calculated with
respect to the high-precision static gravity field model GOCO06s. To comprehensively
analyze the quality of the derived solutions, we plotted the geoid degree variances (GDV)
for three months under varying observational conditions [8] in Figure 2. These three
months include January 2003 with early lousy data, April 2003 with repeat orbit cycles,
and January 2014 representing the late-year weaker data with gaps. Additionally, the
average geoid degree variance (AGDV) over the period from April 2002 to December 2016
is displayed as well.

Remote Sens. 2023, 15, x FOR PEER REVIEW  7  of  23 
 

 

for developing CSR RL06, GFZ RL06, and JPL RL06. Additionally, it significantly reduces 

the high‐degree noise in gravity field solutions under varying observational conditions. 

 

Figure 2. The geoid degree variances w.r.t GOCO06s: (a) January 2003; (b) April 2003; (c) January 

2014; and (d) long‐term mean over the period from April 2002 to December 2016. 

Since the geoid degree variances solely capture the mean signal and noise for each 

degree,  the  differences  in  the  geopotential  coefficients  between  the  solutions  used  in 

Figure 2 and GOCO06s for each degree and order are further plotted in Figure 3. As de‐

picted in Figure 3, Tongji‐Acc RL06 is more effective in determining the above 60‐degree 

zonal  (order  0)  and near‐zonal  coefficients  than  the  other  three models.  Furthermore, 

notable noise distinctions can be observed among the four solutions at the higher degrees 

and orders. In general, Tongji‐Acc RL06 exhibits a pronounced reduction in noise com‐

pared with the other three models at high degrees. 

G
e

o
id

 d
e

g
re

e
 v

a
ri

a
n

c
e

 [
m

m
]

Figure 2. The geoid degree variances w.r.t GOCO06s: (a) January 2003; (b) April 2003; (c) January 2014;
and (d) long-term mean over the period from April 2002 to December 2016.

On one hand, it is widely accepted that the GRACE gravity field solutions are domi-
nated by signals at the lower degrees (approximately before degree 30) [53], resulting in a
gradual decrease in amplitudes as the degree increases within this range, as depicted in
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Figure 2. On the other hand, the higher-degree portions beyond degree 40 primarily repre-
sent noise, leading to an amplification of amplitudes with increasing degrees [54,55]. As
such, the relatively smaller amplitudes observed at higher-degree ranges generally indicate
lower noise in the GRACE models [56]. In Figure 2, it is apparent that the signal level (about
below 20 degrees) exhibited by Tongji-Acc RL06 closely aligns with those of other models,
demonstrating that the proposed acceleration method can effectively retrieve the gravity
field signals from the inter-satellite range rate observations. Nevertheless, Tongji-Acc RL06
generally shows a more significant noise reduction beyond degree 40 in comparison with
CSR RL06, GFZ RL06, and JPL RL06. Within the degree range of 20 to 40, Tongji-Acc RL06
generally agrees with GFZ RL06 and JPL RL06, regardless of data quality. The above
analyses suggest that the improved acceleration method is able to retain lower-degree
gravity field signals as the dynamic method used for developing CSR RL06, GFZ RL06,
and JPL RL06. Additionally, it significantly reduces the high-degree noise in gravity field
solutions under varying observational conditions.

Since the geoid degree variances solely capture the mean signal and noise for each
degree, the differences in the geopotential coefficients between the solutions used in Figure 2
and GOCO06s for each degree and order are further plotted in Figure 3. As depicted in
Figure 3, Tongji-Acc RL06 is more effective in determining the above 60-degree zonal
(order 0) and near-zonal coefficients than the other three models. Furthermore, notable
noise distinctions can be observed among the four solutions at the higher degrees and
orders. In general, Tongji-Acc RL06 exhibits a pronounced reduction in noise compared
with the other three models at high degrees.
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4.2. Global Mass Variation Signal

In consideration of correlated noise and high-frequency noise in the GRACE monthly grav-
ity field solutions [25,42], post-processing filtering methods such as Gaussian smoothing [57],
DDK filtering [58], and decorrelation filter [59] have to be used. To mitigate the effects of the
correlated noise and high-frequency noise, a 300 km Gaussian smoothing and P4M6 decorrela-
tion filtering technology is employed in this section. Furthermore, the degree-one coefficients
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of the four gravity field models are replaced with the results from Swenson et al. (2008) [60].
The C20 coefficients of the GRACE models are substituted with the outcomes obtained through
Satellite Laser Ranging (SLR) [61].

In this research, the global mass variation signals for Tongji-Acc RL06, CSR RL06, GFZ
RL06, and JPL RL06 are extracted with respect to the average solutions from April 2002 to
December 2016 in terms of 1◦ × 1◦ equivalent water height (EWH) grids. Subsequently, the
global mass changes in January 2003, April 2003, and January 2014 are displayed in Figure 4,
which represent three typical months characterized by varying data quality. The selection
of these three months is based on the highly problematic data in January 2003, deep orbit
repeat observation during April 2003, and the reduced amount of data in January 2014.
In Figure 4, the global mass change signals from Tongji-Acc RL06 demonstrate a good
consistency with those from the other three models. All four solutions indicate that strong
mass change signals are primarily observed in inland regions, while mass variations in
ocean areas exhibit relatively smooth patterns. However, despite the application of 300 km
Gaussian smoothing and P4M6 decorrelation filtering, the spatial maps of the four solutions
exhibit noticeable striping noise, particularly over mid- and low-latitude regions. One
contributing factor to this issue stems from the polar orbital configuration of the GRACE
satellites, leading to sparse ground track coverage at the mid- and low-latitudes [55,62].
Furthermore, we can observe that in these three months characterized by inferior data
quality, the Tongji-Acc RL06 generally exhibits a lower noise level.
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The spatial distribution of the estimated annual amplitudes of mass changes for the
period from April 2002 to December 2016 is further depicted in Figure 5, showing a good
agreement among the four solutions. In general, the four solutions all retrieve the strong
annual signals over lands, primarily in the Amazon River Basin, Greenland, Ganges River
Basin in India, Qinghai–Tibet Plateau in China, Zambezi River Basin in Africa, and the
Mississippi River Basin, as noted by Meyer et al. (2016) [54]. These results suggest a
comparable signal level between the Tongji-Acc RL06 and the other three models.
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4.3. Mass Variation Signal in River Basin and Land–Ice Areas

Monthly gravity field solutions have played a crucial role in signal estimates over
hydrological and land–ice areas [2,63–67]. In this paper, we have selected ten river basins
with varying latitudes and sizes (e.g., Amazon, Tennessee—the smallest sub-basin of the
Mississippi River, and Congo River), along with two ice sheets (i.e., Gulf of Alaska and
Greenland) for investigation. After applying P4M6 decorrelation filtering and 300 km
Gaussian smoothing to the CSR RL06, GFZ RL06, JPL RL06, and Tongji-Acc RL06 solutions,
we derived mass change time series for these regions. As shown in Figure 6, there is good
consistency among the four solutions, exhibiting pronounced annual amplitudes across these
12 regions. Additionally, both the Gulf of Alaska and Greenland exhibit significant mass loss,
which aligns with previous findings by Chen et al. (2011) and Luthcke et al. (2013) [63,68].

To further evaluate the performance of the four solutions, we computed the mean
annual amplitudes for the four solutions using two combined filtering methods (i.e., a
P4M6 decorrelation filtering combined with Gaussian smoothing with a radius of 300 km
and 500 km, respectively). The corresponding results are presented in Tables 2 and 3.
In Table 2, regardless of the filtering strategies employed, Tongji-Acc RL06 generally
exhibits comparable mean annual amplitudes as the other three models. As in previous
studies, the annual amplitudes calculated based on the CSR RL06 in the Amazon and
Murray River Basins are 20.0 cm and 2.1 cm, respectively, aligning with the findings of this
paper [69]. In Table 3, the trend estimates from Tongji-Acc RL06 are in good agreement with
those from the other three models as well. Particularly, when using P4M6 decorrelation
filtering and 300 km Gaussian smoothing, the trends over the Gulf of Alaska and Greenland
are estimated to be −2.9 ± 0.2 cm/year and −6.8 ± 0.3 cm/year for Tongji-Acc RL06,
respectively. The result of −6.8 ± 0.3 cm/year for Greenland demonstrates a strong
consistency with the trend estimate of −6.7 ± 0.2 cm/year by Zhong et al. (2023) [69].
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Table 2. Mean annual amplitudes from the four GRACE models processed using combined filtering
methods over 12 areas for the period from April 2002 to December 2016 (cm).

Size Area Filtering CSR RL06 GFZ RL06 JPL RL06 Tongji-Acc RL06

Large Scale

Amazon
300 km + P4M6 22.2 21.9 22.1 22.1
500 km + P4M6 19.7 19.4 19.7 19.6

Greenland
300 km + P4M6 4.0 3.9 3.9 4.1
500 km + P4M6 3.5 3.4 3.4 3.7

Yenisey 300 km + P4M6 5.6 5.7 5.6 5.7
500 km + P4M6 5.3 5.4 5.3 5.4

Yangtze 300 km + P4M6 3.9 3.7 3.9 3.8
500 km + P4M6 3.5 3.3 3.5 3.5

Zambezi
300 km + P4M6 13.4 13.2 13.3 13.5
500 km + P4M6 12.2 12.0 12.1 12.2

Medium Scale

Gulf of Alaska
300 km + P4M6 7.9 7.8 8.0 8.1
500 km + P4M6 6.7 6.9 7.0 7.1

Dniepr 300 km + P4M6 7.5 7.2 7.6 7.3
500 km + P4M6 7.1 6.9 7.2 7.0

Murray 300 km + P4M6 2.3 2.3 2.2 2.3
500 km + P4M6 2.0 2.1 1.9 2.2

Congo 300 km + P4M6 11.5 11.5 11.6 11.6
500 km + P4M6 9.6 9.6 9.7 9.7

Small Scale

Tennessee
300 km + P4M6 9.1 9.5 9.4 9.0
500 km + P4M6 7.4 7.8 7.5 7.3

Fraser
300 km + P4M6 10.5 10.4 10.4 10.5
500 km + P4M6 8.7 8.6 8.7 8.7

Irrawaddy 300 km + P4M6 17.0 16.3 16.8 17.0
500 km + P4M6 14.5 14.0 14.4 14.4



Remote Sens. 2023, 15, 5260 11 of 21

Table 3. Trend estimates from the four GRACE models processed using combined filtering methods
over Greenland and the Gulf of Alaska for the period from April 2002 to December 2016 (cm/year).

Area Filtering CSR RL06 GFZ RL06 JPL RL06 Tongji-Acc RL06

Greenland
300 km + P4M6 −6.9 ± 0.3 −6.7 ± 0.3 −6.9 ± 0.3 −6.8 ± 0.3
500 km + P4M6 −6.1 ± 0.2 −5.9 ± 0.2 −6.1 ± 0.2 −6.0 ± 0.2

Gulf of Alaska
300 km + P4M6 −2.9 ± 0.3 −2.7 ± 0.3 −2.8 ± 0.3 −2.9 ± 0.2
500 km + P4M6 −2.2 ± 0.2 −2.1 ± 0.2 −2.2 ± 0.2 −2.2 ± 0.2

4.4. Noise Levels over the Sahara and Karakum Deserts

Considering the significant noise characteristics in desert areas [70,71], we selected the
Sahara Desert and the Karakum Desert as two examples for analyzing the noise in different
gravity field solutions. During the noise analysis, a combination of 300 km Gaussian
smoothing and P4M6 decorrelation filtering is first applied, which is considered moderate
filtering. After removing significant seasonal terms (including bias, trend, acceleration,
annual, semi-annual, and S2 seasonal components) [72], the RMS values of the residual mass
variations from the four solutions for the period between April 2002 and December 2016
are illustrated in Figure 7. The noise level in Figure 7 is generally lower for Tongji-Acc
RL06 compared with CSR RL06, GFZ RL06, and JPL RL06, since the RMS values over
both deserts mainly reflect the noise of monthly models [73]. Additionally, Figure 7 exhibits
several individual spikes, which are attributed to poor data quality over certain months
(e.g., January 2003, January 2004, September 2004, etc.) [8].
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Figure 7. Time series of RMS values of mass change residuals from the four GRACE models for the
period from April 2002 and December 2016 in both deserts.

For a comprehensive evaluation of noise levels for the four solutions under varying
filtering strengths, based on P4M6 decorrelation filtering, Table 4 provides statistics on the
average RMS of mass change residuals over both deserts at different Gaussian smoothing
radii (i.e., 0 km, 100 km, 200 km, 300 km, 400 km, and 500 km). Three key insights
can be derived from Table 4: (1) the combination of P4M6 decorrelation filtering and
Gaussian smoothing with a larger radius leads to a noticeable decrease in model noise
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levels; (2) Tongji-Acc RL06 shows a lower noise level compared with the other three models,
especially when the smoothing radius is no more than 300 km; however, further increasing
the smoothing radius will reduce the difference in noise between Tongji-Acc RL06 and
the other models; and (3) particularly in the case of no Gaussian smoothing, Tongji-Acc
RL06 demonstrates substantial enhancements in noise reduction compared with CSR RL06.
The corresponding noise reductions reach 55.8% and 61.5% over the Sahara Desert and
the Karakum Desert, respectively. In general, these findings suggest that the proposed
acceleration method is capable of reducing the noise in monthly gravity field solutions.

Table 4. Mean RMS of mass change residuals from the four GRACE models for the period from
April 2002 to December 2016.

Area Filtering CSR RL06 GFZ RL06 JPL RL06 Tongji Acc RL06

Sahara

0 km + P4M6 93.4 cm 93.0 cm 103.7 cm 59.2 cm
100 km + P4M6 53.3 cm 55.1 cm 63.2 cm 36.2 cm
200 km + P4M6 14.8 cm 15.4 cm 16.2 cm 9.8 cm
300 km + P4M6 3.3 cm 3.3 cm 3.4 cm 3.1 cm
400 km + P4M6 1.9 cm 1.9 cm 1.9 cm 1.9 cm
500 km + P4M6 1.5 cm 1.5 cm 1.5 cm 1.5 cm

Karakum

0 km + P4M6 77.5 cm 78.5 cm 89.0 cm 48.0 cm
100 km + P4M6 41.2 cm 41.5 cm 46.9 cm 36.1 cm
200 km + P4M6 8.2 cm 8.2 cm 9.1 cm 6.2 cm
300 km + P4M6 2.8 cm 2.7 cm 2.9 cm 2.7 cm
400 km + P4M6 2.4 cm 2.3 cm 2.4 cm 2.2 cm
500 km + P4M6 2.3 cm 2.2 cm 2.3 cm 2.0 cm

Note that the mean RMS only reflects the overall level of model noise. Therefore, we
further plot the spatial distribution of RMS values over both deserts in Figures 8 and 9,
where a P4M6 decorrelation filtering combined with 300 km Gaussian smoothing is used.
We can observe from Figures 8 and 9 that the Tongji-Acc RL06 model demonstrates a spatial
distribution characterized by lower RMS values in both desert regions in contrast to the
other three models. The finding further supports our conclusion that Tongji-Acc RL06
exhibits reduced noise levels compared with the CSR RL06, GFZ RL06, and JPL RL06,
which is consistent with what we conclude from Figure 7.
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Figure 8. RMS values of mass change residuals over the Sahara Desert computed from the four GRACE
models processed using 300 km Gaussian smoothing and P4M6 decorrelation filtering.
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Figure 9. RMS values of mass change residuals over the Karakum Desert computed from the four GRACE
models processed using 300 km Gaussian smoothing and P4M6 decorrelation filtering.

5. Discussion

In the previous sections, we primarily analyzed the signal and noise levels of the
GRACE models at different scale regions. Although the signal levels are consistent among
the four solutions, distinctions in model quality arise due to the presence of both signal and
noise components within each individual GRACE model. To accurately assess the quality
of the various GRACE models, a feasible approach involves separating the signal from
noise and quantifying their respective signal-to-noise ratios (SNRs). In this paper, we select
two large-scale river basins (i.e., Amazon and Zambezi) and another two small-scale river
basins (i.e., Tennessee and Irrawaddy) as illustrative examples to analyze the quality of
various models. During computing the SNRs for the four solutions under different filtering
strengths, a combination of P4M6 decorrelation filtering and Gaussian smoothing with
varying radii (i.e., 0 km, 100 km, 200 km, 300 km, 400 km, and 500 km) is applied. By
subtracting the dominant signal terms (including the bias, trend, acceleration, annual, semi-
annual, and S2 seasonal terms) from the filtered mass changes, we obtain the mean RMS
value of mass change residuals. This mean RMS value mainly represents the noise level of
the model under consideration [74]. Considering the predominant annual signals in the
selected river basins, as depicted in Figure 6, we can regard the estimated annual amplitude
(AMP) as a signal level [70]. Subsequently, we can derive the SNR value according to
SNR = AMP/RMS [27].

As a result, the SNR values of different solutions processed using P4M6 decorrelation
filtering and Gaussian smoothing with varying radii over the four basins are depicted in
Figure 10. It shows that Tongji-Acc RL06 consistently exhibits higher SNR values com-
pared with CSR RL06, GFZ RL06, and JPL RL06 across all filtering procedures in the four
regions. Additionally, the spatial distribution of the SNR values for the four solutions in
the large-scale Amazon and the small-scale Tennessee River Basins are further illustrated in
Figures 11 and 12, respectively. In both figures, a combination of P4M6 decorrelation filter-
ing and 300 km Gaussian smoothing is employed. In the spatial domain, Tongji-Acc RL06
has also improved the SNR values over river basins with distinct sizes, as demonstrated by
Figures 11 and 12. Consistent results were obtained in the remaining two regions, which
are not shown here. Overall, these findings regarding the SNR values confirm the reliability
of the monthly solutions derived using the proposed acceleration method.
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Figure 10. The SNR values of the four GRACE models processed using a combination of P4M6
decorrelation filtering and Gaussian smoothing with varying radii in four river basins.

Remote Sens. 2023, 15, x FOR PEER REVIEW  16  of  23 
 

 

 

Figure 11. The SNR values of the four GRACE models processed using P4M6 decorrelation filtering 

and 300 km Gaussian smoothing in the Amazon River Basin. 

 

Figure 12. The SNR values of the four GRACE models processed using P4M6 decorrelation filtering 

and 300 km Gaussian smoothing in the Tennessee River Basin. 

6. Conclusions 

In  this  paper,  we  propose  an  improved  acceleration  approach  for  utilizing  in‐

ter‐satellite  rate measurements during gravity field modeling. Based on  the proposed 

method, a time series of monthly gravity field models complete to a degree and order of 

96,  referred  to  as  Tongji‐Acc RL06, was  calculated  from  inter‐satellite  range  rate  and 

kinematic  orbit  observations.  To  evaluate  the  signal  and  noise  characteristics  of 

Figure 11. The SNR values of the four GRACE models processed using P4M6 decorrelation filtering
and 300 km Gaussian smoothing in the Amazon River Basin.



Remote Sens. 2023, 15, 5260 15 of 21

Remote Sens. 2023, 15, x FOR PEER REVIEW  16  of  23 
 

 

 

Figure 11. The SNR values of the four GRACE models processed using P4M6 decorrelation filtering 

and 300 km Gaussian smoothing in the Amazon River Basin. 

 

Figure 12. The SNR values of the four GRACE models processed using P4M6 decorrelation filtering 

and 300 km Gaussian smoothing in the Tennessee River Basin. 

6. Conclusions 

In  this  paper,  we  propose  an  improved  acceleration  approach  for  utilizing  in‐

ter‐satellite  rate measurements during gravity field modeling. Based on  the proposed 

method, a time series of monthly gravity field models complete to a degree and order of 

96,  referred  to  as  Tongji‐Acc RL06, was  calculated  from  inter‐satellite  range  rate  and 

kinematic  orbit  observations.  To  evaluate  the  signal  and  noise  characteristics  of 

Figure 12. The SNR values of the four GRACE models processed using P4M6 decorrelation filtering
and 300 km Gaussian smoothing in the Tennessee River Basin.

6. Conclusions

In this paper, we propose an improved acceleration approach for utilizing inter-satellite
rate measurements during gravity field modeling. Based on the proposed method, a time
series of monthly gravity field models complete to a degree and order of 96, referred
to as Tongji-Acc RL06, was calculated from inter-satellite range rate and kinematic orbit
observations. To evaluate the signal and noise characteristics of Tongji-Acc RL06, we
compared geoid degree variances, signal and noise contents in global and local regions
with varying sizes, and noise levels over the Sahara Desert and the Karakum Desert.

The resulting geoid degree variances demonstrate a significant agreement between
the signal components (below degree 20) of Tongji-Acc RL06 and those of CSR RL06, GFZ
RL06, and JPL RL06 models. Nevertheless, Tongji-Acc RL06 exhibits significantly lower
noise (above a degree of 40) than the other three models. Following P4M6 decorrelation
and 300 km Gaussian smoothing, the global mass variations obtained from Tongji-Acc
RL06 exhibit good agreement with those from the other three models. However, regardless
of the Gaussian smoothing radius applied, Tongji-Acc RL06 consistently demonstrates a
higher SNR across diverse sizes of river basins compared with the other three solutions.
Further noise analysis conducted over the Sahara Desert and the Karakum Desert reveals
that the noise was significantly reduced in Tongji-Acc RL06. In particular, after applying
only the P4M6 decorrelation filtering, Tongji-Acc RL06 achieves a noise reduction of over
55.8% and 61.5% compared with CSR RL06, respectively.

In conclusion, the findings presented in this paper demonstrate that the proposed
acceleration approach can effectively extract the gravity field signals from inter-satellite
range rate observations comparable to those obtained from the three official models de-
termined using the dynamic method. Nevertheless, the noise of gravity field models has
been greatly reduced by the proposed method compared with that of the official models.
It is worth noting that a related study by Ray et al. (2009) indicates that the numerical
differentiation of range rate yields range acceleration with improved spatial localization
characteristics [37]. Based on the GRACE range acceleration data, the resulting C20 esti-
mate obtained using the dynamic method is comparable to that derived from SLR [38].
This study inspires us to further extend the acceleration approach for processing range
acceleration data in the future.
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Appendix A

Appendix A.1. Overview of Classical Acceleration Method

As provided in Equation (A1), the classical acceleration method utilizes the concept
of the 3-point differentiation to establish a functional relationship between the accelera-
tion computed from kinematic orbits at three adjacent epochs and the weighted average
acceleration [9,19,22,36]:∫ ∆t

−∆t
w(s)a(t + s)ds =

x(ti−1)− 2x(ti) + x(ti+1)

∆t2 (A1)

in which x(ti)(i = 1 . . . , N) represents the position vector of the satellite at time t; the
sampling interval of observations, denoted as ∆t, is set to 5 s; the integration variable s is
associated with time; and the force a(t + s) acting on the satellite at time t + s consists of
both conservative and non-conservative forces.

w(s) =
∆t−|s|

∆t2 (A2)

Since the weight function w(s) for an integration arc with N + 1 epochs defined in
Equation (A2) is a high-order polynomial, the computation is exceedingly complicated.
To simplify the calculation of the weight function, Chen et al. (2015) applied an n-order
Cowell integral to directly establish the correlation between the orbits at the three adjacent
epochs and the weighted average acceleration, leading to a discrete observation equation
for orbits as follows [19]:

n−1

∑
0

β ja
(
ti−j
)
=

x(ti−1)− 2x(ti) + x(ti+1)

∆t2 , i = n− 1, . . . , N (A3)

where βj(j = 0, 1 . . . , n− 1) denotes the Cowell integral coefficients; N stands for the max-
imum number of epochs within the integral arc. In this study, Equation (A3) serves as
the basis for establishing the relationship between the geopotential coefficients and the
inter-satellite range rate observations. The computation of an n-order Cowell integral
involves the preceding n acceleration records since the start of the integration arc. For
convenience, observation equations for the previous n epochs were ignored in Chen et al.’s
study (2015) [19].

https://podaac.jpl.nasa.gov/
http://ftp.tugraz.at/outgoing/ITSG/
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Appendix A.2. Improved Acceleration Method

For each epoch within the integral arc, as defined in Equation (A4), the orbit vector
x(ti) can be expressed as a kinematic orbit observation vector xi plus a correction vector vi.

x(ti) = xi + vi , i = 0, . . . , N (A4)

By substituting Equation (A4) into Equations (1) and (2), followed by linearization,
we can derive the observation equations for the satellite’s orbit positions at the time
ti (i = 2, 3 . . . , N) in the following manner:

(xi−2+vi−2)−2(xi−1+vi−1)+(xi+vi)
∆t2 =

n−1
∑

j=0
β j ·

[
∂a(xi−2+j ,u0,p0)

∂u δu +
∂a(xi−2+j ,u0,p0)

∂p δp +
∂a(xi−2+j ,u0,p0)

∂xi−2+j
vi−2+j

]
, i = 2, . . . , n− 1

(xi−2+vi−2)−2(xi−1+vi−1)+(xi+vi)
∆t2 =

n−1
∑

j=0
βn−1−j ·

[
∂a(xi−n+1+j ,u0,p0)

∂u δu +
∂a(xi−n+1+j ,u0,p0)

∂p δp +
∂a(xi−n+1+j ,u0,p0)

∂xi−n+1+j
vi−n+1+j

]
, i = n, . . . , N

(A5)

Analogously, the linearized orbit observation equations at the time t0 and t1 can be
generated as follows:

x0 + v0 = x0 + δx0, i = 0
x1 + v1 = x0 + δx0 + ∆t ·

( .
x0

+ δ
.
x0
)
+

∆t2 ·
n−1
∑

j=0
αj

[
∂a(xj ,u0,p0)

∂u δu +
∂a(xj ,u0,p0)

∂p δp +
∂a(xj ,u0,p0)

∂xj
vj

]
, i = 1

(A6)

where u0 and p0 represent the a priori geopotential coefficients and accelerometer parame-
ters, respectively; δu and δp are their corresponding corrections.

The substitution of Equation (A4) into Equation (3) is performed, followed by lin-
earization to derive the subsequent equation as follows:

.
x(t0) =

.
x0 + δ

.
x0, i = 0

.
x(ti) =

.
x(ti−1) + ∆t·

n−1
∑

j=0
γj

[
∂a(xi−1+j ,u0,p0)

∂u δu +
∂a(xi−1+j ,u0,p0)

∂p δp +
∂a(xi−1+j ,u0,p0)

∂xi−1+j
vi−1+j

]
, i = 1, . . . , n− 1

.
x(ti) =

.
x(ti−1) + ∆t·

n−1
∑

j=0
γn−1−j

[
∂a(xi−n+1+j ,u0,p0)

∂u δu +
∂a(xi−n+1+j ,u0,p0)

∂p δp +
∂a(xi−n+1+j ,u0,p0)

∂xi−n+1+j
vi−n+1+j

]
, i = n, . . . , N

(A7)

For brevity, the orbit observation Equations (A5) and (A6) for both satellites in the k-th
arc can be summarized in matrix form as follows:

Cs
kyk + Ds

kvs
k = ls

k(s = A, B), k = 1, . . . , K (A8)

where Cs
k and Ds

k stand for the design matrices regarding the parameter vector yk =(
δu, δPA, δPB, δx0

A, δx0
B,

.
δx

0
A,

.
δx

0
A

)
to be estimated and the correction vector vs

k to kine-

matic orbits, respectively; the symbols A and B represent GRACE A and GRACE B,
separately; and the residual vector ls

k is the difference between the kinematic orbit ob-
servations and the reference orbit positions computed via numerical integration according
to Equations (A5) and (A6).

The relationship between the inter-satellite range rates and the orbital position and
velocity vectors of both satellites is established in the following manner.

.
ρ(ti) = eT

AB · (∆
.
x(ti)), i = 0, . . . , N (A9)
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Inserting Equations (A5)–(A7) into Equation (A9), we derive the linearized observation
equation for inter-satellite range rate measurements as follows:

.
ρ(ti) + v .

ρ(ti) = f 0
(

xA(ti), xB(ti), x0
A,

.
x0

A, x0
B,

.
x0

B, u0, pA0
, pB0

)
+

N
∑

j=0

(
∂ f

∂xAj
vxAj

+ ∂ f
∂xBj

vxBj

)
+ ∂ f

∂x0
A

δx0
A + ∂ f

∂
.
x0

A
δ

.
x0

A + ∂ f
∂x0

B
δx0

B + ∂ f
∂

.
x0

B
δ

.
x0

B + ∂ f
∂u δu + ∂ f

∂p δpA + ∂ f
∂p δpB, i = 0, . . . , N

(A10)

where the reference inter-satellite range rate, denoted as f 0, is directly determined by
employing the reference position and velocity vectors of the two GRACE satellites; the
term v .

ρ(ti) represents the residual of the inter-satellite range rate observation. Similar to
Equation (A8), the observation equation for the inter-satellite range rate observations in the
k-th arc can be rewritten as follows:

C
.
ρ
kyk + DA

.
ρ

k vA
k + DB

.
ρ

k vB
k − v

.
ρ
k = l

.
ρ
k (A11)

where D
.

Aρ
k and D

.
Bρ
k stand for the design matrices regarding the corrections to kinematic

orbit observations of both satellites; the design matrix C
.
ρ
k is the partial derivative matrix

with respect to the unknown parameter vector yk; ls
k is the difference between the range

rate observations and the reference value f 0. As demonstrated in Equations (A5) and (A6),
the incorporation of the satellite’s initial position and velocity parameters results in N + 1
orbit observation equations for each satellite in the k-th arc, corresponding to the number
of orbit observation epochs. Consequently, both the design matrices Cs

k and Ds
k possess

characteristics of being full-rank and invertible.
Integrating Equations (A8) and (A11), we can derive more concise observation equa-

tions for the kinematic orbit observations of both satellites and the inter-satellite range rate
data in the k-th arc as follows: 

vA
k = CA

k yk − lA
k

vB
k = CB

k yk − lB
k

v
.
ρ
k = C

.
ρ
kyk − l

.
ρ
k

(A12)

where
ls
k=(−(Ds

k)
−1ls

k); Cs
k=(−(Ds

k)
−1Cs

k) (s = A, B), k = 1, . . . , K (A13)

l
.
ρ
k = l

.
ρ
k + DA

.
ρ

k (DA
k )
−1

lA
k + DB

.
ρ

k (DB
k )
−1

lB
k ; C

.
ρ
k = C

.
ρ
k + DA

.
ρ

k (DA
k )
−1

CA
k + DB

.
ρ

k (DB
k )
−1

CB
k (A14)

In Equations (A12) to (A14), the parameters to be estimated yk include the geopotential
coefficients and local parameters (i.e., the initial position and velocity parameters, as well
as accelerometer scales and biases). Subsequently, the following sub-normal Equation (6)
in the k-th arc corresponding to Equation (A12) can be easily established through the least
squares method.

Note that the unknown parameter vector yk in the sub-normal Equation (6) in the
k-th arc consists of the geopotential coefficients and local parameters. To generate the final
monthly normal equation only regarding the unknown geopotential coefficients, the local
parameters have to be eliminated. For a detailed implementation of the elimination process,
one can refer to Beutler et al. (2010b) [44].
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