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Abstract
Recently, C30 coefficients of time-variable gravity field models from GRACE and GRACE-Follow On (GRACE/GRACE-
FO) are reported to contain larger uncertainties when only one of the two onboard accelerometers is fully functional, which
mainly concerns the GRACE-FO period and the final stage of the GRACE period. Using these problematic coefficients leads
to incorrect mass change (rate) estimates, especially over Antarctic Ice-Sheet (AIS), and a replacement with those from
satellite laser ranging (SLR) is currently recommended. In this study, we aim to discuss the possibility of improving the
C30 coefficients by extending the GRACE-OBP approach that has previously been applied to the estimation of geocenter
motion and variations in the Earth’s dynamic oblateness. Such an approach mainly relies on GRACE/GRACE-FO level 2
products and an ocean bottom pressure model, and it produces compatible coefficients with the GRACE/GRACE-FO product
labeled as GSM. With a numerical experiment, we demonstrate the effectiveness of the proposed approach and identify the
optimal implementation parameter setup. The resulting C30 coefficient time series is generally consistent with those based
on SLR and the original solutions from the GRACE dual-accelerometer period, but with differences in the annual amplitude
estimates. Then, we obtain C30 coefficients based on real data and check the AIS mass change time series with and without
replacing the original ones with our solution. Our C30 solution ensures consistent linear trend estimates for the dual- and
single-accelerometer periods.
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1 Introduction

The Gravity Recovery and Climate Experiment (GRACE)
mission (Tapley et al. 2004), jointly sponsored by the
NationalAeronautics and SpaceAdministration (NASA) and
the German Aerospace Center (DLR), has been providing
time-variable gravity (TVG) field models for more than 15
years (April 2002–June 2017). Thanks to the mission, we

Technology, Chinese Academy of Sciences, Xudong Street,
Wuhan 430077, Hubei, China

5 University of Chinese Academy of Sciences, Yanqihu East
Road, Beijing 100049, China

6 MOE Key Laboratory of Fundamental Physical Quantities
Measurement and Hubei Key Laboratory of Gravitation and
Quantum Physics, PGMF and School of Physics, Huazhong
University of Science and Technology, Luoyu Road, Wuhan
430074, Hubei, China

7 College of Geodesy and Geomatics, Shandong University of
Science and Technology, Qianwangang Road, Qingdao
266000, Shandong, China

0123456789().: V,-vol 123

http://crossmark.crossref.org/dialog/?doi=10.1007/s00190-023-01707-3&domain=pdf


   20 Page 2 of 16 Y. Sun et al.

are now able to observe mass transportation in the Earth
system directly at monthly intervals for a spatial resolu-
tion down to 300–500km. Such measurements are unique
and immensely useful in multiple research fields, includ-
ing hydrology, geophysics and oceanography (Tapley et al.
2019). The valuable TVG records are being extended (at the
same spatial–temporal resolution) since June 2018 thanks
to the launch of the GRACE-Follow On (GRACE-FO) mis-
sion, which successfully ensures the data continuity before
the next-generation gravitymission, e.g., GRACE-2, is avail-
able (Landerer et al. 2020). The resulting global monthly
mass change is reported to have an equivalent precision with
that from the GRACE (Landerer et al. 2020) which implies
that the TVG models from GRACE and GRACE-FO are
of the same quality. To achieve as accurate mass change
estimates as possible, sophisticated post-processing proce-
dures are still needed to suppress errors. Among others, the
very low-degree coefficients need to be treated with special
care. For example, changes in degree-1 coefficients (�C10,
�C11, �S11) do not exist in TVG models as both missions
are insensitive to geocenter motions, which is defined as the
relative movement between the center of mass of the earth
system (CM) and the center of figure of the solid earth (CF)
(e.g., Wu et al. 2012) (the symbol “�” will be dropped here-
after for simplicity, but all coefficients should be understood
as time variations). As a result, external degree-1 solutions
(TN-13, Sun et al. 2016b) should be added to the TVG mod-
els for completeness. Another well-known post-processing
procedure is the replacement of the GRACE/GRACE-FO
C20 coefficients with more reliable solutions (e.g., Cheng
et al. 2011; Sun et al. 2016a, 2019) as the original ones
are contaminated by unexpected large uncertainties due to
reasons that are still not fully understood (Cheng and Ries
2017). Recently, original GRACE/GRACE-FO C30 coeffi-
cients since August 2016 are also reported to contain large
uncertainties (Loomis et al. 2020). Except for August 2016,
which is due to the relatively less data collected during that
month, this can be attributed to the fact that only one of the
two accelerometers is fully functional. For the final stage of
the GRACEmission, the accelerometer on GRACE-B is shut
down sinceNovember 2016 (note that none of the accelerom-
eters are functional in September and October 2016 and in
February and March 2017, hence no TVG models are avail-
able for thosemonths;May 2017 is another exception as both
accelerometers are functional) as an effort to extend the over-
all mission lifetime. Fortunately, an algorithm (Bandikova
et al. 2019) has been developed to “transplant” the GRACE-
A non-gravitational forces measurements onto GRACE-B to
ensure the production of TVG models. For GRACE-FO, the
accelerometer measurements on GRACE-D are not in use
shortly after launch for notable higher noise level than the
one on GRACE-C (Loomis et al. 2020). Therefore, a simi-
lar transplant approach has been applied for the GRACE-FO

mission. Such a situation could last for the whole lifetime
of GRACE-FO unless we can develop a more sophisticated
algorithm making full use of the two accelerometers. Since
the problematic time interval mainly concerns the single-
accelerometer span,we do not distinguish between the period
since August 2016 and the period when only one accelerom-
eter is fully functional in this study.

Among others, using the corrupted C30 coefficients
severely degrades the Antarctic Ice-Sheet (AIS)mass change
(rate) estimates. As a result, it is recommended to replace
the C30 coefficients with solutions of higher quality for the
single-accelerometer span. One of the options is to use the
solution basedonSatelliteLaserRanging (SLR)data. Thanks
to the Laser Relativity Satellite (LARES) launched in 2012,
the quality ofC30 coefficients is largely improved (by a factor
of 8) compared to the solutions without including LARES
data. However, LARES is currently the only SLR satellite
sensitive to C30 coefficients due to a combination of the
lowest area to mass ratio of all artificial satellites, unique
inclination (69.5◦) and relatively lowaltitude (1440km) (e.g.,
Sośnica et al. 2015).More importantly, the strong correlation
betweenC30 andC50 prevents a full recoveryof their seasonal
signals (Devoti et al. 2001; Sośnica et al. 2015). Currently,
the SLR solutions are validated by comparisons with those
from GRACE during the dual-accelerometer period. Unfor-
tunately, there are still large differences between various SLR
solutions (see Fig. S1 in the supplementary material).

Other than estimating low-degree coefficients directly
from SLR data, it is also possible to obtain reasonable solu-
tions from the GRACE-OBP approach. The method was first
proposed by Swenson et al. (2008) in an effort to estimate
geocenter motions by combining GRACE data and an ocean
bottom pressure model (OBP). The theory is straightforward
and can be easily extended to estimate other low-degree
coefficients. Sun et al. (2016a) coestimated C20 coefficients
which showed reasonable agreement with SLR solutions and
the estimates based on the fingerprint approach (Sun et al.
2019). In addition, the authors improved the original method
by using more realistic distribution of the water exchanged
between land and ocean by taking into account self-attraction
and loading (SAL) effects. Then, a numerical study (Sun et al.
2016b) further confirmed the effectiveness of themethod and
found the optimal implementing details such as the trunca-
tion degree of the input GRACE TVG models and the ocean
function used to calculate the total ocean mass variations. In
that study, the authors identified that considering SAL effects
is critical to produce degree-1 and C20 coefficients with the
correct annual variations and trends. They also conclude that
the results are sensitive to the truncation degree and the signal
leakage from land to ocean. The leaked signals are reduced
by using an ocean function with a buffer zone about 200km
wide. Alternatively, it can be solved by applying a forward
modeling technique (Chen et al. 2015; Jeon et al. 2018). Sun
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et al. (2017) proposed a methodology framework that takes
into account of both GRACE and OBP model error infor-
mation. Such a method can be reduced to the GRACE-OBP
approach provided that the oceanic data contain only white
noise and the GRACE data are noise-free. Most recently, Seo
et al. (2021) demonstrated that the GRACE-OBP approach
is also capable of estimating changes in polar motion, i.e.,
the C21 and S21 coefficients.

In this study, we aim to explore the possibility of estimat-
ing the C30 coefficients through the GRACE-OBP approach
described in Sun et al. (2016b). The result is valuable for
mutual comparisons with existing solutions. More impor-
tantly, the approach provides C30 solutions dependent on the
input TVG models. And we expect the GRACE/GRACE-
FO post-processing procedure of replacing C30 coefficient is
more reasonable to use dedicated C30 for each TVG models
rather than the same solution from an independent technique
considering the differences in various GRACE/GRACE-FO
TVG models.

2 Methodology and input data

The derivation of theC30 coefficientmimics theway of deriv-
ing degree-1 and C20 as documented in Sun et al. (2016a).
Different fromSLRdata processing,which normally requires
simultaneous estimation of spherical harmonic coefficients
up to a certain degree (e.g., 5) due to correlations between
coefficients, the GRACE-OBP approach has the advantage
that estimation of each coefficient is relatively independent.
In other words, the method allows for focusing only on the
interested coefficients, while other coefficients, such as C21,
S21, C22, S22, which are beyond the scope of this study, can
remain unchanged:

⎡
⎢⎢⎢⎢⎣

I 10C10C I 10C11C I 10C11S I 10C20C I 10C30C
I 11C10C I 11C11C I 11C11S I 11C20C I 11C30C
I 11S10C I 11S11C I 11S11S I 11S20C I 11S30C
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, (1)

where

I 11S30C = 1

4π

∫
P̄11(cos θ) sin(1 × φ)ϑ(θ, φ)

P̄30(cos θ) cos(0 × φ))d�

(similar for the other elements of matrix I ),

(2)

and

G30C = 1

4π

∫
P̄30(cos θ) cos(0 × φ)ϑ(θ, φ)

∞∑
l=2

l∑
m=0

P̄30(cos θ){Cm
lm cosmφ + Smlm sinmφ}d�

(similar for the other elements of vectorG). (3)

inwhich the summations exclude the terms that are estimated,
integrals are defined over the entire globe, d� =sin θ dθ dφ
is an element of solid angle. Indices l and m represent the
spherical harmonic degree and order, respectively. P̄lm are
normalized associated Legendre functions. θ is colatitude in
spherical coordinates,φ is longitude, andϑ(θ, φ) denotes the
ocean function, which equals 1 over oceans and 0 over land.
Here, the spherical harmonic coefficients Cm

10, C
m
11, S

m
11, C

m
20,

Cm
30, C

m
lm, and Smlm are the mass coefficients describing the

surface mass change. Cocean
lm are oceanic mass coefficients

derived from an ocean model. Once the targeted low-degree
coefficients are obtained, we can easily convert these coeffi-
cients to the dimensionless Stokes coefficients according to
Wahr et al. (1998):

[
Clm

Slm

]
= aρearth(2l + 1)

3(1 + kl)

[
Cm
lm

Smlm

]
, (4)

where a denotes the average Earth radius, ρearth is the
average density of the solid Earth, and kl represents the grav-
itational elastic load Love number of degree l.

The input of equation (1) has already been discussed
explicitly in previous studies (e.g., Swenson et al. 2008; Sun
et al. 2016b). The oceanic input (e.g.,Cocean

30 ) is composed of
two components: (1) the signals due to internal mass redis-
tribution within oceans and (2) the signals due to ocean–land
water exchange that varies the total ocean mass.When work-
ing with level 2 GRACE/GRACE-FO product (labeled as
GSM coefficients), the oceanic signal of the Atmosphere and
Ocean Dealiasing level 1B RL06 (AOD1B RL06) data needs
to be subtracted from the oceanic input (Swenson et al. 2008).
Consequently, the oceanic low-degree input contains only the
signal caused by ocean–land water exchange, which is com-
puted also based on the GSM coefficients with an iterative
procedure in order to take into account the lack of the several
coefficients to be estimated. As a result, the input data are
practically limited only to the GRACE/GRACE-FO GSM
coefficients in theory. In reality, this is not exactly the case
because the derivation of the GRACE-OBP approach relies
on the assumption that the mass change signals take places
at the surface of the earth (Swenson et al. 2008). Any signals
originate from the deep interior of the solid earth should be
modeled and removed. So far, the detectable time-variable
solid earth signals are primarily caused by the tectonic sig-
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nals due to mega-thrust earthquakes and the glacial isostatic
adjustment (GIA). Themass-change signals from large earth-
quakes are rather restricted to regional scales, and we do not
attempt to model those signals following several previous
studies (e.g., Swenson et al. 2008; Sun et al. 2016a). How-
ever, the GIA representing the ongoing earth’s viscoelastic
response to past glacial cycles is a process at global scale and
their contributions to the estimation of C30, restricted to the
linear trend, have to be considered.

3 Numerical experiments

3.1 Simulation of input data

According to Sun et al. (2016b), the degree-1 and C20 solu-
tions are largely dependent on the implementation param-
eters mentioned above. In this study, while including SAL
effects is still necessary, the truncating degree and the choice
of ocean functionmay vary for the optimization of five simul-
taneously estimated coefficients instead of four. Therefore,
before we apply the method to real GRACE/GRACE-FO
data, we have implemented a numerical study similar to that
of Sun et al. (2016b) to verify the effectiveness of the method
as well as to find the optimal setup of implementing param-
eters.

For the numerical study, we need to prepare realistic
input GRACE/GRACE-FOTVGmodels in the form ofGSM
coefficients. This requires the construction of the error-free
TVG models and sets of errors to mimic those in the actual
GRACE/GRACE-FO TVG models. We first construct true
synthetic earth model of surface mass changes by sum-
ming up the four components provided by the updated Earth
SystemModel (ESM) (Dobslaw et al. 2015) including atmo-
sphere (A), ocean (O), terrestrial water (H), and ice sheets
(I). These components are based on advanced geophysical
models and are provided in Stokes coefficients up to degree
and order 180 (corresponding to a spatial resolution of about
100km in terms of half wavelengths) with a temporal resolu-
tion of 6h covering a 12-year period (1995–2006) (Dobslaw
et al. 2015; Gruber et al. 2011). The updated ESM model
assumes a uniform distribution of the ocean–land exchang-
ingwater over the oceans.We have improved it by taking into
account SAL effects by solving the sea level equation. Since
the TVG models do not contain atmospheric and oceanic
signals modeled by the AOD1B product, we also need to
remove an equivalent product from the true synthetic earth
model. Fortunately, along with the earth system components,
a product named DEAL is distributed for such a purpose.
TheDEAL product is essentially an atmospheric and oceanic
dealiasing model equivalent to the error-free AOD1B RL06
product. It is different from the combination of A and O
components as it omits mesoscale oceanic variabilities as

well as the total oceanmass changes due to ocean–land water
exchange,which are also ignored in the currentAOD1Bprod-
uct. Therefore, the error-free TVG models are obtained by
summing up the components A, O, H, I and subtracting the
DEAL product (AOHI - DEAL). Then, we computed their
monthly averages to match the GRACE/GRACE-FO TVG
models’ temporal resolution. Further, we identify the miss-
ing months in real GRACE solution for a 12-year period
(2003–2014) and shift the time-tags backward by 8 years
to match the ESM model period. These missing months are
deliberately ignored in the synthetic TVGmodels to be more
consistent with the real GRACE data.

To simulate random errors presented in the real TVGmod-
els, we need to consider two types of errors: (1) errors in the
AOD1B product which enters the TVG models when sub-
tracting the AOD1B product from the raw observation data
and (2) errors originated from multiple contributing sources
including uncertainties in onboard sensors and orbit deter-
mination, etc., that primarily manifest themselves as random
north–south stripes in a global mass redistribution map. The
first type of errors are already provided in the AOerr files
distributed along with the DEAL product. Adding AOerr
coefficients to the DEAL product will result in a realisti-
cally perturbed dealiasing model equivalent to the AOD1B
product. The random stripe errors, on the other hand, need to
be constructed by ourselves. In Sun et al. (2016b), the authors
have generated those errors on the basis of error covariance
matrices of the CSR RL05 GRACE solutions according to
equation (6) of that study. The obtained errors, though having
the same statistic characteristics, may be significantly differ-
ent from the actual errors carried in the real TVG models
(Wiese et al. 2011).

Another method takes the residual fields between the fil-
tered and unfiltered TVG solutions as the random stripe
error realizations. This method implies the assumption that
the applied filters are adequate to remove the random stripe
errors. We have attempted to construct the random stripe
errors by subtracting the filtered fields with DDK1-8 filters
(Kusche et al. 2009) from the original unfiltered ones. The
DDK decorrelation filters use the error covariance matri-
ces and an a priori signal covariance matrix in the spherical
harmonic domain and ensure more aggressive damping for
higher noise and/or lower signal level and vice versa. The
effect of such filters is similar to that of a combination of
Gaussian filtering (Wahr et al. 1998) and empirical destriping
(Swenson and Wahr 2006). However, the simulated random
stripe errors seem to underestimate the errors in the low
degrees. This is expected as the filters are less effective on
the lower degrees.

As a result, we decided to take the residual fields between
different GRACE TVG solutions as the random stripe errors.
We have collected 5 latest releases of TVG solutions includ-
ing Center for Space Research RL06 (CSR), Helmholtz
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Fig. 1 Random stripe error realization by subtracting TVG model of GFZ from CSR for April 2002. We show its spatial distribution (a), geoid
degree error (b), and logarithm of error in the spherical harmonic coefficients. Spherical harmonic coefficients lower than degree 3 are deliberately
excluded

Centre Potsdam GFZ German Research Centre for Geo-
sciences RL06 (GFZ), Jet Propulsion Laboratory RL06
(JPL), Institute of Geodesy at Graz University of Technology
Release 2018 (ITSG) and International Combination Service
for Time-variable Gravity Field (COST-G) (all accessed at
http://icgem.gfz-potsdam.de/home). Here, we assume that
all the 5 solutions are independent from each other (though
the COST-G solution is essentially a weighted combination
of various TVG solutions) and obtained altogether 10 sets of
error realizations.

In Fig. 1, we present the simulated random stripe errors
from the difference between CSR and GFZ models (CSR-
GFZ, April 2002). Note that only spherical harmonic coef-
ficients of degree 3 and above are shown as lower degrees
that are not involved in our computation of the GRACE-OBP
approach. In panel a,we show the spatial distribution of errors
as mass change. The pronounced stripes are sufficiently rep-
resentative for those in the original TVG models in terms of
the magnitudes. In panel b-c, we show the geoid degree error
and the logarithm of error in the spherical harmonic coef-
ficients, respectively. Both of them are comparable to those

shown inWiese et al. (2011).Also,we have verified that other
realizations of errors are similar (the case of CSR-COSTG
is also shown in Fig. S2).

We have quantified the relative contributions of both types
of errors to the five recovered coefficients.With a fixed imple-
mentation parameter setup (using a buffer width of 200km
and a truncation degree at 45, other setups result in very sim-
ilar results), we consider the resulting time series of the five
coefficients based on input GSM coefficients only subject to
the errors provided by AOerr and those only subject to ran-
dom stripe errors. Both results are then compared with those
based on the error-free GSM coefficients. We find that the
contribution of AOerr is less than 10 % of that due to the
random stripe errors for all 5 coefficients. As a result, it is
enough to consider the random stripe errors only.

Finally, we construct 10 sets of realistic TVG models
by perturbing the error-free TVG models with the simu-
lated errors. With the synthetic GRACE/GRACE-FO data,
we estimate C30 coefficient based on various combinations
of truncation degree and buffer width (the width of the buffer
zone surrounding the continents that are deliberately inter-
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preted as oceans). The tested truncation degrees range from
20 to 60. For each truncation degree, we test buffer width
ranging from 50 to 400km with a 50km increment. For each
particular combination of the two implementing parameters,
we obtain the C30 time series based on all 10 sets of syn-
thetic TVG models. For each C30 time series, we fit it with
a regressing model including a bias, linear trend, annual and
semiannual periodic terms.

In addition to the random errors, the OBPmodel may also
contain non-negligible systematic errors, which will signif-
icantly affect the final results (Swenson et al. 2008). In this
study, we will evaluate the OBP systematic errors by com-
paring two independent OBP models. Another thing worth
noting is that we temporally ignored the solid earth compo-
nent in the numerical experiments because it is very difficult
to realistically simulate errors in the GIAmodels. Therefore,
we also prefer to check their impacts by using different GIA
models later when processing real data. However, the cur-
rent numerical study should be sufficient for the purpose of
selecting proper implementation parameters.

3.2 Selection of the optimal implementation
parameters

In Fig. 2a–c, we show the annual amplitude, annual phase,
and linear trend estimates of C30 time series from all 10 sets
of synthetic TVG models based on all considered parameter
combinations (only the 100km, 150km, 200km, and 250km
cases are shown for clarity). The spreads of the results are
indicated in each panel as light-colored bands and the solid
lines shown inside (may not be in the middle) are the mean
values. Clearly, when the buffer width for the ocean func-
tion is between 150 and 250km, it is possible to recover
the true amplitude by selecting suitable truncation degrees.
There is a trade-off between the buffer width and the trunca-
tion degree. That is, wider buffers require lower truncation
degrees to obtain closer annual amplitude to the true values
(based on the originalC30 coefficient time series of our error-
free synthetic TVG models). For a 200km buffer width, the
truncation degree should be larger than 45,while for a 250km
buffer width, we can truncate the input TVG models around
degree 30. The annual phase seems insensitive to the choice
of implementation parameters, because all the combinations
of buffer width and truncation degree allow estimating the
true values within several days. The linear trend estimates,
on the other hand, show an irregular behavior as the trunca-
tion degree increases. Taking the results using a 200kmwide
buffer as an example, the values obtained are first rising and
then drop as truncation degree increases.

Other than the C30 coefficient, we have also checked the
implementation parameter setup for degree 1 and C20 (Fig.
S2). All the considered coefficients show similar results as
C30. Therefore, it makes sense to select an overall optimal

parameter setup for all five coefficients. Here, we compute
quality indicators (QI ) for the combination of annual varia-
tion (QI annual) and linear trend (QI trend) according to:
QI =QI annual + QI trend

=
C30∑

cf=C10

n∑
i=1

{(T amp
cf,i sin(T pha

cf,i ) − T ampt

cf sin(T phat

cf ))2

+ (T amp
cf,i cos(T pha

cf,i ) − T ampt

cf cos(T phat

cf ))2}

+
C30∑

cf=C10

n∑
i=1

(T trend
cf,i − T trendt

cf )2.

(5)

where Tcf represents the time series of coefficient cf, which
loops over the five estimated coefficients (scaled to describe
mass changes in terms of equivalent water thickness). Sub-
script i means that the result is based on the i th realization
of input GSM coefficients; n is the number of simulated
GSM solutions, which is equal to 10. Superscripts amp, pha,
trend, and rms stand for the annual amplitude, annual phase,
and linear trend estimates of the corresponding time series,
respectively; those with a superscript t refer to the synthetic
truth.

Finally, as have been observed in Fig. 2d, several combi-
nations of buffer width and truncation degrees give overall
desirable results for the five coefficients. As a result, we
decided to select the combination using a buffer width of
200km and a truncation at degree 45 (denoted as BUF200
L45 hereafter). This parameter setup is also recommended
in the study by Sun et al. (2016b), which is meant for the
optimization of annual and linear trend signals in degree-1
and C20 coefficients. We have verified that the estimation of
C30 has a negligible impact on the estimation of the degree-1
and C20 coefficients (Fig. 3).

For a more intuitive comparison, we directly compare
the estimated C30 time series against the synthetic truth. In
Fig. 4a, we plot the resulting C30 time series based on the 10
realizations of TVG models. We show the average C30 solu-
tion to aid an easier visual comparison with the synthetic
true C30 time series. In addition, we have shown the residu-
als in Fig. 4b. The residuals are about an order of magnitude
smaller, which suggests that the GRACE-OBP approach is
able to estimate the C30 coefficients reasonably well using
the selected implementation parameters. In addition, we have
conducted a spectral analysis (Fig. 4c) on the synthetic true
C30 coefficient time series and our estimates based on the
optimal parameter setup. Clearly, all the periodic terms have
been perfectly recovered.

4 Results based on real GRACE/GRACE-FO
data

In this section, we compute C30 coefficients based on real
GRACE/GRACE-FO RL06 solutions truncated at degree 60
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Fig. 2 Annual amplitude (a),
phase (b), linear trend (c), and
quality indicator (d) of the
estimated C30 from 10 sets of
synthetic TVG models. The
solid lines represent the mean
values, while the color bands
indicate the actual spread of the
10 estimates. The true annual
amplitude, phase, and linear
trend are marked in
corresponding panels (a–c) as
black horizontal lines

Fig. 3 Degree-1 and C20
coefficient estimated from the
GRACE-OBP approach with
and without estimating C30
coefficient
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Fig. 4 A comparison of
estimated C30 from 10
realizations of TVG models and
the synthetic true C30 (a) and
their residuals (b). The spread of
the 10 realizations is shown as
gray bands and their means are
plotted as red dots. In panel c,
we show the spectral analysis of
the synthetic truth and the
estimated C30 coefficient time
series using the selected
implementation parameter setup

from 3 data centers, namely CSR, GFZ, and JPL. Instead of
directly computing the C30 coefficient time series based on
the selected parameter setup from the numerical experiments,
we repeat the same experiment shown in Fig. 2a–c to see
how the annual signal and linear trend estimates change with
the truncation degree and buffer width when the real data
are applied. For the time being, we assume that the time-
variable solid earth signals are adequately modeled by a GIA
model provided by Peltier et al. (2018) (Peltier18). In Fig. 5,
the annual signal and linear trend estimates are based on
the solution for the period from January 2003 to June 2014
for a more consistent comparison with the synthetic case
as the TVG models of the same period have been used to

construct the random stripe errors. However, we have verified
that the findings hold true for various time spans including
the one covering the whole dual-accelerometer stage (April
2002–July 2016) and the one covering the whole available
GRACE/GRACE-FO period (April 2002–August 2022).

The annual periodic signal statistics changes quite sim-
ilarly as in the numerical experiments (Fig. 5a–b). As for
the linear trend estimates, a similar effect of changing the
implementation parameters is also found (Fig. 5 c), though
the impact of the buffer width is slightly larger in the real
data case. This might be partially attributed to the exclusion
of GIA signals in the synthetic experiments. The general
consistency of the results based on synthetic and real data

Fig. 5 Annual amplitude (a), annual phase (b), and linear trend (c) of
the estimated C30 coefficient time series for real GRACE/GRACE-FO
data processing (January 2003–June 2014). The solid lines represent the
mean of the estimates based on CSR, GFZ, and JPL; the color bands

stand for the actual spread of the estimates. The mean estimates and
spreads of the original C30 from three data centers are shown as dashed
black horizontal lines and color bands, respectively
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Fig. 6 A comparison of the
original GRACE C30 coefficient
time series (thick gray curve)
and alternative solutions from
GRACE-OBP approach and
based on SLR data. We show the
comparison of the whole period
from April 2002 to August 2022
(a) and zoom in on the
single-accelerometer period
when the GRACE/GRACE-FO
C30 coefficients need
replacements (b). The
single-accelerometer period is
indicated in panel a with light
red color. The biases in all time
series are adjusted for the time
span from April 2002 to August
2022

suggests that the recommended implementation parameter
setup (BUF200 L45) is also valid in the real data processing.

Because the original C30 time series during the dual-
accelerometer span has not been reported to have a problem
so far, we have additionally shown their statistics (black
dashed horizontal lines in all panels) as references. When
using the selected implementation parameters, the annual
amplitude is amplified fromabout 8.5×10−11 for the original
GRACE solutions to about 9.5×10−11 for the GRACE-OBP
ones. The annual phase estimates, on the other hand, only
show a small offset (less than a week) between them. The
linear trend estimates are not meaningful to discuss at this
point as we have only used one GIA model without consid-
ering its uncertainties.

In Fig. 6, we show ourC30 coefficient time series based on
the preferred implementation parameter setup and compare
it to original GRACE/GRACE-FO C30 time series as well as
several solutions based on SLR data processing. To have a
more clear sense of the differences among the C30 solutions,

we zoom in on the recommended replacing period for a closer
look (Fig. 6b). The uncertainties (1σ ) are also shown either as
error bars or as color bands. Note that the uncertainties in our
time series are calculated based on the approach proposed by
Ditmar et al. (2018).

In the figure, we have only shown the CSR solution for
the sake of clarity. However, we have archived the key sig-
nal statistics including annual and semiannual amplitude and
phase for the three TVG models for a more comprehensive
comparison (Table 1). For the original GRACE/GRACE-FO
solution, it is the large differences with respect to previ-
ous periods since August 2016 that triggers the concern on
C30 coefficient’s quality. Taking the result based on CSR
TVG models as an example, the RMS of the time series
is about 6.5 × 10−11 for the dual-accelerometer span, but
jumps to 10.4 × 10−11 (increased by about 60 %) for the
single-accelerometer portion of the time series. The annual
variations of these two periods also show clear differences,
(8.3 ± 0.2) × 10−11 for the dual-accelerometer span com-
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Table 1 Statistics of C30 time series for different time spans

Approach RMS Annual Semiannual Time span

Amplitude Phase Amplitude Phase
(10−11) (10−11) (Days) (10−11) (Days) Year-month

ORI GRACE CSR 6.5 8.3 ± 0.2 98 ± 2 1.5 ± 0.2 294 ± 9 Dual-accelerometer period

ORI GRACE GFZ 6.5 8.2 ± 0.2 103 ± 2 1.5 ± 0.2 296 ± 10 2002.04–2016.07

ORI GRACE JPL 6.4 8.0 ± 0.2 98 ± 2 1.4 ± 0.2 306 ± 9

GRACE-OBP CSR 7.0 9.5 ± 0.2 95 ± 1 0.7 ± 0.2 288 ± 14

GRACE-OBP GFZ 6.7 9.1 ± 0.2 94 ± 1 0.6 ± 0.6 282 ± 18

GRACE-OBP JPL 7.0 9.5 ± 0.2 94 ± 1 0.7 ± 0.2 291 ± 14

GRACE-OBP CSR ECCO 7.0 9.4 ± 0.2 102 ± 1 0.8 ± 0.2 315 ± 17

ORI GRACE CSR 10.4 10.4 ± 1.4 60 ± 7 2.8 ± 1.3 289 ± 27 Single-accelerometer period

ORI GRACE GFZ 9.3 9.6 ± 1.1 61 ± 7 1.7 ± 1.1 294 ± 38 2016.08–2022.08

ORI GRACE JPL 9.6 9.4 ± 1.2 55 ± 7 3.5 ± 1.2 311 ± 20

GRACE-OBP CSR 7.0 9.6 ± 0.4 95 ± 2 1.9 ± 0.4 297 ± 12

GRACE-OBP GFZ 6.4 8.8 ± 0.5 93 ± 3 1.9 ± 0.4 302 ± 14

GRACE-OBP JPL 7.0 9.7 ± 0.4 95 ± 2 1.8 ± 0.4 297 ± 12

ORI GRACE CSR 6.2 8.3 ± 0.6 100 ± 4 1.9 ± 0.5 297 ± 16 2012.03–2016.07

ORI GRACE GFZ 5.7 7.5 ± 0.5 105 ± 4 1.7 ± 0.5 299 ± 17

ORI GRACE JPL 5.8 7.7 ± 0.6 100 ± 4 1.4 ± 0.6 313 ± 22

GRACE-OBP CSR 6.5 9.3 ± 0.3 97 ± 2 0.5 ± 0.3 281 ± 33

GRACE-OBP GFZ 6.2 8.8 ± 0.4 95 ± 2 0.4 ± 0.4 290 ± 52

GRACE-OBP JPL 6.7 9.6 ± 0.3 96 ± 2 0.5 ± 0.3 299 ± 40

SLR CSR 6.4 7.5 ± 0.6 100 ± 5 1.6 ± 0.6 290 ± 22

SLR GSFC 5.7 7.1 ± 0.5 90 ± 4 2.4 ± 0.5 283 ± 12

SLR IGG 6.2 7.6 ± 0.4 110 ± 3 1.5 ± 0.4 282 ± 16

pared to (10.4 ± 1.4) × 10−11 for the single-accelerometer
span. Moreover, the mean annual phase estimates altered by
more than a month from 98 ± 2 days to 60 ± 7 days. Such
a problem, however, is not found in our solution. The RMS
and annual variation estimates are quite consistent before and
after August 2016, which suggests our solution successfully
avoids the large uncertainties during the single-accelerometer
period. For solutions of the other two centers, though statistic
values vary, the general findings remain the same (Table 1).

Since SLR solutions are currently the recommended
replacement of the problematicC30 coefficients, we aremoti-
vated to compare our solutions also with available SLR C30

time series. One of the SLR solutions (SLRCSR) is provided
by CSR following Cheng et al. (2011), who estimates TVG
models complete to degree 5 (plus C61 and S61) by combin-
ing data frommultiple SLR satellites. The noisy curve before
2012 clearly indicates the critical role of LARES in terms of
determining C30. The NASA’s Goddard Space Flight Cen-
ter (GSFC) SLR solution (SLR GSFC) is taken from TN-14
available at https://podaac.jpl.nasa.gov (Loomis et al. 2020).
Since the time series is meant to be used for problematic
GRACE/GRACE-FO C30 replacement, only solutions after
the launch of LARES are provided. Also, months where

GRACE/GRACE-FO solutions are missing are excluded
intentionally. The third solution (SLR IGG) is provided by
the Institute of Geodesy and Geoinformation (IGG) of Uni-
versity Bonn. In contrast to the other two SLR solutions, SLR
IGG does not contain any LARES data. Instead, it applies a
novel approach in which the leading empirical orthogonal
functions derived from the GRACE TVGmodels are used to
stabilize the SLR estimates to achieve desirable gravity field
solutions with a high spatial resolution (complete to degree
60) dating back to 1992 (Löcher and Kusche 2020).

For a comparison with both the original GRACE and the
SLR solutions, we have shortened the considered period
to 4.5 years from March 2012 to July 2016 to avoid the
problematic periods either for GRACE/GRACE-FO or for
SLR. During such a period, all solutions visually agree well
with each other and the RMSs of solutions are comparable
(between 5.7×10−11 and 6.7×10−11). However, the annual
amplitude estimates of the GRACE-OBP approach are con-
sistently larger than those of the original GRACE solutions
and the SLR ones.

To further investigate such differences, we have addi-
tionally estimated the periodic signals in these time series
through a spectral analysis. In Fig. 7a–c, we show the results
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Fig. 7 Spectral analysis of C30
coefficient time series based on
SLR data processing (a),
GRACE (b), and GRACE-OBP
approach (c). In panel d, we
compare the results based on the
three techniques with their
standard deviations shown as
error bars

Table 2 Linear trend estimates in C30 time series using different GIA models

Approach Surface (10−11yr−1) GIA (10−11yr−11) Full (10−11yr−11) Time span

Peltier18 −0.32 ± 0.02 0.19 −0.13 ± 0.02 2002.04–2022.08

A12 0.01 ± 0.02 −0.03 −0.02 ± 0.02

Caron17 −0.44 ± 0.02 0.38 −0.06 ± 0.02

SLR CSR – – −0.08 ± 0.10 2012.03–2022.08

SLR GSFC – – −0.26 ± 0.08 2012.03–2022.08

SLR IGG – – −0.53 ± 0.11 2002.04–2020.06

for C30 coefficient time series based on SLR, GRACE, and
GRACE-OBP, respectively. Each of the panels contains three
solutions. And in panel d we show the averaged results from
the above three techniques with error bars indicating the
standard deviations. Note that amplitude results based on
the spectral analysis are different from those estimated from
least squares that are given in Table 1. For example, the
annual amplitudes for all solutions are consistently smaller
in spectral analysis. However, the estimates based on the
GRACE-OBP approach are still larger than the other two
techniques. This is probably due to the trade-off between the
annual and semiannual amplitude estimates, where a larger
annual amplitude is corresponding to a smaller semiannual
component. In panel d, it is clear that the GRACE-OBP
solution shows no significantly semiannual variations com-
parable to other C30 coefficient time series (Table 1). Since
the GRACE-OBP approach is able to recover all periodic

signals (Fig. 4c), in-depth investigations are needed to under-
stand these differences.

Until now, we have only considered one GIA model
(Peltier18) for the removal of the solid earth signals, which
implies an unrealistic assumption that the GIA models are
free of errors. Unfortunately, current GIA models carry
uncertainties of unknown magnitude that may significantly
affect the linear trend estimates in the C30 coefficient time
series. GIAmodels covering all possible combinations of the
elastic lithosphere thickness as well as the upper and lower
mantle viscosity values need to be considered for a compre-
hensive evaluation, which is beyond the scope of this study.
Here, we limited ourselves to compute the results by addi-
tionally applying two popular GIAmodels: A12 provided by
A et al. (2012) and Caron17 from Caron et al. (2017).

InTable 2,we show the linear trend estimates for thewhole
GRACE/GRACE-FO period from April 2002 to August

123



   20 Page 12 of 16 Y. Sun et al.

2022. Because using different TVGmodels only causes neg-
ligible discrepancies (no greater than 0.03 ± 10−11yr−1),
we only show the results based on CSR solutions. As can
be seen, both the surface mass and the GIA-induced C30

trend show quite different estimates; we have only listed the
results based on CSR TVGmodels. The differences between
the estimates are as large as 0.4 ± 10−11yr−1 (using A12
and Caron17) for both surface mass and GIA-induced linear
trends. However, when looking at the full trend, the linear
trends from the two contributors are somehow neutralized.
The differences are only at about 0.1 ± 10−11yr−1. This is
expected because the surface mass-induced linear trend is
dependent on the applied GIA model. We have also listed
the linear trend estimates for three SLR C30 solutions, which
show larger differences (about 0.3 ± 10−11yr−11). These
values estimated for different time spans may not be directly
compared with the GRACE-OBP results. However, the large
differences suggest that the uncertainties caused by using
the different GIA models are smaller than those in SLR data
processing.

5 Impact of systematic errors in the OBP
model

According to equation (1), the GRACE-OBP approach
assumes that the oceanic low-degree coefficients are accu-
rately known. This is also the underlying assumption of our
study until now. Unfortunately, such information is still rely-
ing on the OBP predictions of the AOD1B RL06 product,
which are provided in the GAD coefficients and distributed
along with the GRACE level 2 data. We have only verified
through the AOerr files that the random errors are negligible
compared to those contained in the GSM coefficients. How-
ever, those coefficients may be also subject to non-negligible
systematic errorswhichwill alias into the finalC30 estimates.
In this study, we check if there are large systematic errors by
comparing theOBP predictions of theAOD1BRL06 product
to another OBP model from the Circulation and Climate of
the Ocean version 4 release 4b (ECCO V4r4b) (Consortium
et al. 2020). The AOD1B RL06 OBP is from theMax Planck
Institute Ocean Model (MPIOM) (Jungclaus et al. 2013)
and is forced with the European Centre for Medium-Range
Weather Forecasts (ECMWF) atmospheric data. The ECCO
OBP, on the other hand, is a data-assimilating model by
fitting Massachusetts Institute of Technology general circu-
lationmodel (MITgcm) (Marshall et al. 1997) to satellite and
in situ data using weighted least squares minimization and
forced with the re-analyzed atmospheric data ERA-Interim
(Dee et al. 2011). We assume that the two OBP models are
independent since they are based on different geophysical
models and processing procedures. The ECCO OBP model
is accessed as grids covering the oceans of the entire globe at

a spatial resolution of 0.5 degree and a temporal resolution of
a month. Then we expanded the ECCO OBP in the spherical
harmonic domain to degree 100 in order to be consistent with
the AOD1B RL06 product.

Systematic errors in the applied OBP model will affect
the C30 coefficient estimates in two ways. First, systematic
errors in the oceanic C30 coefficient derived from an OBP
model will directly affect the resulting GSM C30 coefficient.
Based on an analytical error propagation using equation (1),
a 1mm error in the oceanic C30 coefficient will be amplified
by the inverse I matrix to about 2.4mm in the C30 coeffi-
cient. The amplification factors are about 2.9, 1.1, 1.6, and
2.2 for Cocean

10 , Cocean
11 , Socean11 , and Cocean

20 , respectively. We
directly compare the C30 coefficients of the two OBP mod-
els (Fig. 8a). Clearly, the Cocean

30 coefficients from the two
OBP models are close and no evident systematic errors are
observed. Second, systematic errors in the residual OBP field
left in the GSM coefficients will also affect the estimation
of C30. Therefore, we further repeat the calculation of C30

coefficients by replacing OBP model from the GAD with
that from the ECCO (by restoring GAD coefficients to the
GSM coefficients and then remove the ECCO OBP coeffi-
cients). We show the resulting C30 time series agree very
well in terms of RMS of the time series and annual ampli-
tude. The annual phase estimates only differ by about 10
days (Fig. 8b, Table 1). Therefore, we conclude that there are
likely no large systematic errors in the low-degree oceanic
coefficients predicted by the current OBP models that will
significantly affect the C30 coefficient estimation.

6 AISmass change estimates

C30 coefficient plays an important role in calculating mass
change (rate) at the Earth’s surface, and the estimation of AIS
mass change (rate) is one of the most relevant (Loomis et al.
2020). Here, we estimate AIS mass change using exactly the
same post-processing techniques and the same input TVG
models except for C30. Specifically, we use the CSR RL06
TVG models complete to degree 60, destriped according
to Duan et al. (2009), an improved version of the method
proposed by Swenson and Wahr (2006). The resulting TVG
models are filtered with a 300km Gaussian smoother (Wahr
et al. 1998) to suppress remaining stripes. We further applied
a 300km buffer zone to reduce the signal leakage to oceans.
Degree-1 and C20 coefficients are taken from TN-13 and
TN-14, respectively, so that the differences between the con-
sidered time series are solely due to the use ofC30 coefficients
from different sources. The A12 GIA model is applied to
remove the secular solid Earth signal. We have verified that
the above procedure produces an AIS mass change time
series very close to those derived from the JPL Mascon
solution. In Fig. 9, we plot five time series of the AIS mass
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Fig. 8 Oceanic C30 coefficient
from the AOD1B RL06 and
ECCO V4r4b (a) OBP and the
resulting C30 coefficient time
series based on the two OBP
models (b)

Fig. 9 AIS mass change
estimated with and without
replacing the C30 coefficient.
The single-accelerometer
period is indicated in panel a
with light red color and enlarged
in panel b for clarity

change time series using the C30 coefficients from the orig-
inal GRACE/GRACE-FO TVG models, the GRACE-OBP
approach and SLR data processing.

We first compare the five time series betweenMarch 2012
and July 2016 when reasonable estimates are available for all
C30 solutions. Visually, all time series agree well with each

other, their linear trends are quite close, and the largest differ-
ence is less than 20Gt yr−1,which iswellwithin themodel fit
uncertainty (2σ ). While the annual phase estimates are also
practically equivalent, the annual amplitude of the time series
using GRACE-OBPC30 shows significantly larger estimates
compared to the one using original or SLR-based C30 coeffi-
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Table 3 Trends and annual
variations in Antarctica mass
change time series

Approach Trend Annual Time span
Amplitude Phase

(Gt yr−1) (Gt yr−1) (Days) Year-month

ORI GRACE CSR −154 ± 4 129 ± 14 249 ± 6 2007.01–2016.07

GRACE-OBP −164 ± 4 159 ± 15 252 ± 5

SLR GSFC −150 ± 4 124 ± 14 239 ± 6

SLR CSR −173 ± 14 148 ± 47 280 ± 18

SLR IGG −157 ± 5 81 ± 17 263 ± 33

ORI GRACE CSR −125 ± 30 371 ± 52 196 ± 9 2016.08–2022.08

GRACE-OBP −164 ± 19 229 ± 33 217 ± 9

SLR GSFC −172 ± 16 198 ± 28 205 ± 9

SLR CSR −183 ± 17 184 ± 30 218 ± 10

SLR IGG −164 ± 35 192 ± 39 221 ± 12 2016.08–2020.06

ORI GRACE CSR −227 ± 13 160 ± 20 253 ± 7 2012.03–2016.07

GRACE-OBP −233 ± 13 193 ± 20 252 ± 6

SLR GSFC −238 ± 12 152 ± 19 237 ± 7

SLR CSR −244 ± 16 142 ± 25 253 ± 10

SLR IGG −240 ± 13 107 ± 20 268 ± 11

ORI GRACE CSR −154 ± 4 200 ± 25 215 ± 7 2007.01–2022.08

GRACE-OBP −169 ± 3 179 ± 16 236 ± 5

SLR GSFC −154 ± 2 147 ± 15 233 ± 6

SLR CSR −168 ± 5 141 ± 32 254 ± 13

SLR IGG −154 ± 3 98 ± 17 247 ± 10 2007.01–2020.06

cients (about 50 Gt). This is expected as our C30 time series
has larger annual signals than other solutions.

In order to check the consistency of the linear trend before
and after August 2016, we have estimated the linear trend for
the time interval from January 2007 to July 2016. (The pre-
2007 time series is excluded due to a significant change in
the trend.) For the GSFC and CSR SLR-based time series,
we simply assume that the estimates before March 2012 are
exactly the same as the one based on the original solution. The
estimates agree within the model fit uncertainty (2σ ). For the
period after July 2016, we have a relatively short time series
(about 4 years), which may result in unstable trend estimates
that are characterized by larger formal uncertainties. This is
especially true when using the original GRACE C30 coef-
ficients. The uncertainty 2σ of the linear trend estimates is
about 126 Gt yr−1, which is almost the same magnitude as
the signal estimate itself.

When replacing the original C30 coefficients with those
based on SLR, we observe relatively better consistency in
the linear trend. However, the most consistent linear trend
estimate is achieved when using the GRACE-OBP C30 coef-
ficients (−164 ± 4 Gt yr−1 and −164 ± 19 Gt yr−1 for the
dual- and single-accelerometer periods, respectively).

Annual amplitude estimates for the two periods, on the
other hand, are not consistent nomatter whichC30 solution is
in use. For the time series using the original C30 coefficients,

the annual amplitude elevated from 129± 14 Gt to 371± 52
Gt, which is unreasonable. After the replacement with SLR
or GRACE-OBPC30 solutions, we still obtain larger, though
less dramatic, annual amplitude estimates.

7 Discussion and conclusions

In this study, we have extended the GRACE-OBP approach
to coestimate C30 coefficients with degree-1 and C20 coeffi-
cients. The effectiveness of such amethod has been validated
and the optimal implementation parameter setup is selected
through a numerical experiment, in which the random errors
in the input data are realistically simulated.When processing
real data, the variation of the linear trend and annual signal
estimates according to the combinations of implementation
parameters show similar behavior as in the numerical exper-
iment, which allows us to conclude that the parameter setup
identified from the numerical experiments is also suitable
when applying to the real data. We have further confirmed
that there are likely no significant systematic errors in the
current OBP models from the AOD1B and ECCO. Also, the
current GIA model seems to play a minor role in the uncer-
tainties of the linear trend. As a result, we conclude that the
GRACE-OBP approach is capable of estimating C30 coeffi-
cients. When estimating the AIS mass change, using our C30
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coefficients leads to themost consistent linear trend estimates
for the dual- and single-accelerometer periods.

The largest difference between our C30 solution and
those from the original C30 during the dual-accelerometer
period and those from the SLR data processing is the ampli-
tudes in the seasonal signals. Our results show larger annual
amplitude and smaller semiannual amplitude. However, the
reasons are still unknown and further investigations are
needed in the future.

Another issue is that nomatter whichC30 solution is used,
larger annual amplitude estimates are obtained compared to
the dual-accelerometer span, which indicates there may be
other unidentified problematic coefficients which contribute
to an amplification of about 100 Gt for the annual amplitude.
Since estimating C30 coefficients through the GRACE-OBP
approach requires higher degree coefficients as input, such
a problem will theoretically increase the uncertainties. For-
tunately, these unidentified problematic coefficients are not
affecting the estimation ofC30 significantly as the time series
of the two periods are consistent.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00190-023-01707-
3.
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