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ABSTRACT

Considering the advantage of Empirical Mode Decomposition (EMD) for extracting the
geophysical signals and filtering out the noise, this paper will first apply the EMD approach to
post-process the Gravity Recovery and Climate Experiment (GRACE) monthly gravity field
models. A 14-year time-series of Release 06 (RL06) monthly gravity field models from the Center
for Space Research (CSR) truncated to degree and order 60 from the period April 2002 to August
2016 are analyzed using the EMD approach compared with traditional Gaussian smoothing
filtering. Almost all fitting errors of GRACE spherical harmonic coefficients by the EMD
approach are smaller than those by Gaussian smoothing, indicating that EMD can retain more
information of the original spherical harmonic coefficients. The ratios of latitude-weighted RMS
over the land and ocean signals are adopted to evaluate the efficiency of eliminating noise. The
results show that almost all ratios of RMS for the EMD approach are higher than those of Gaussian
smoothing, with the mean ratio of RMS of 3.61 for EMD and 3.41 for Gaussian smoothing,
respectively. Therefore, we can conclude that the EMD method can filter noise more effectively
than Gaussian smoothing, especially for the high-degree coefficients, and retain more geophysical

signals with less leakage effects.

1. INTRODUCTION

Due to some factors such as the influence of the
GRACE satellite orbit error and instrument
measurement error, there are some significant noise on
the higher-degree terms of GRACE gravity field
model (Wahr et al., 1998), which is represented by the
north-south stripes. Therefore many filtering methods
are developed to filter out the noise to extract the
interesting geophysical signals, which normally can be
divided into three categories: (1) isotropic filters,
whose basic filtering principle is to suppress the noise
by reducing the weight of high-degree coefficients,
specifically including Gaussian smoothing (Wahr et
al., 1998), Fan filtering (Zhang et al., 2009), RMS
(root mean square) filtering (Chen et al., 2006),
Wiener filtering (Sasgen et al., 2007), etc. Note that
these filtering methods may be easily affected by the
adopted parameters such as the smoothing radius.
(2) anisotropic filters, which were developed to filter
out the north-south stripes error by Swenson and Wahr
(2006), then modified as PAMG6 (Chen et al., 2007),
P4M15 (Chamber et al., 2012), Duan (Duan et al.,
2009), DDK filtering (Kusche et al., 2007).
(3) Empirical orthogonal function (Kaihatu et al.,
1998), which is a method to analyze the structural
features in matrix data and extract the main data
feature quantity (Weare et al., 1982). In geological
data analysis, the feature vectors usually correspond to

spatial samples, so they are also called spatial feature
vectors or spatial modes. The principal component
corresponds to the time change, also known as the time
coefficient, which mainly includes principal
component analysis (PCA, Rangelova et al., 2007),
independent component analysis (ICA; Frappart et al.,
2011; Guo et al, 2014), multichannel singular
spectrum analysis (MSSA, Rangelova et al., 2012;
Wang et al., 2020; Shen et al., 2021). The mentioned
isotropic and anisotropic i.e., (1) and (2) approaches
differ in filtering idea. Gaussian-type approach
reduces the impact of short-wavelength component
error by reducing the coefficient weight of higher-
degree terms of the model, while de-correlational
approach eliminates the correlation error between the
odd and even terms of spherical harmonic coefficients
by fitting polynomials (Guo et al., 2018).

Compared with those above filtering methods,
the EMD method can adaptively extract periodic
components of different frequencies and amplitudes
which does not need to set the corresponding
parameter such as the window size and reconstructed
order for the MSSA approach, which are commonly
used in many study fields, including geodesy for
analyzing the GNSS (Global Navigation Satellite
System) time series (Liu et al., 2021), studying
changes in groundwater storage at different time
scales (Xu et al., 2021), hydrology fields such as
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identifying the radon precursor anomalies in
groundwater (Fu et al., 2016; Feng et al., 2022), sea
level change (Lan et al., 2021), and so on. Most
previous studies validated that the EMD method can
better extract the signals during the procedure of
filtering noise, which is considered to be a major
breakthrough in the linear and steady-state spectral
analysis based on the Fourier transform since 2000 and
it is based on the time scale characteristics of the time
series. There is no need to preset any basis functions,
which makes it theoretically applicable to any type of
signal decomposition. To the best authors’ knowledge,
the EMD approach has never been used in the GRACE
filtering field. Therefore, we will apply the EMD for
post-processing the spherical harmonic coefficients of
the GRACE monthly gravity field model. The rest of
this paper is organized as follows. Section 2 introduces
the basic principle and application field of EMD. The
signal extraction from the real GRACE spherical
harmonics time series and global mass changes from
the EMD and Gaussian filtering approaches are
described in Section 3. The concluding remarks are
presented in Section 4.

2. METHODOLOGY AND DATA

Empirical Mode Decomposition is a spectral
class decomposition method, which can decompose
a time series into several components such as trend,
modulation oscillation, and noise (Braun et al., 2011).
The EMD method will be first applied to filter the
strong noise of the GRACE monthly gravity field
models together with the Gaussian smoothing
approach. There exist 17 missing monthly data in
GRACE data during the period from April 2002 to
August 2016. Before performing the EMD approach,
we first interpolate the missing data using the cubic
spline interpolation method similar to Guo et al.
(2018).

2.1. GRACE GRAVITY FIELD SOLUTIONS

The Earth's gravity field is determined by the
mass of the Earth's internal system and used to reflect
the spatial distribution of the Earth's internal materials
and external masses. The study of the Earth's temporal
gravity field is not only one of the research directions
of modern satellite geodesy, but also provides
important spatial information for modern geophysical
science to solve the problems of resources and
environment (Cui et al., 2019). Due to the influence of
the surface atmosphere, oceans, glaciers, and crustal
deformation, the Earth's gravity field is constantly
changing. Since 2002, the Gravity Recovery and
Climate Experiment (GRACE) mission has provided
essential information about Earth's gravity field
changes, which allows to monitoring of the migration
and redistribution of the Earth's surface mass (Tapley
et al., 2004). It has been widely used by different
scientific fields to study, among others: land water
storage change. (Ramillien et al., 2008; Cazenave et
al., 2010), glacier isostatic adjustment (Chen et al.,

2009; Velicogna and Wahr, 2013; Gao et al., 2015),
ocean mass change (Lu et al., 2015), regional crustal
deformation (Wang et al., 2014), and so on. The
spherical harmonic coefficient model data used in this
paper is provided by CSR, and the expansion degree is
60. The coefficient does not include the degree-1 term,
and the accuracy of the determined C,, coefficient is
relatively low. Generally, the corresponding the
degree-1 term is added back and the C,, coefficient is
replaced when processing the calculation.

2.2. EMD APPROACH

EMD is an adaptive method for analyzing non-
stationary and nonlinear time series (Huang et al.,
1998; Qian et al., 2010; Lei et al., 2013; Colominas et
al., 2014; Miao et al., 2011), which can be seen as
a spectral-like decomposition method similar to the
wavelet decomposition method (Boudraa et al., 2007).
It has been commonly used to analyze various
geophysical data, such as sea surface temperature (Wu
et al., 2008) and surface air temperature (Qian et al.,
2010), seasonal sea level cycles (Lan et al., 2021). It
can decompose the original time series x(t) into
several IMF (intrinsic mode functions) components
with a frequency from high to low and a residual term
based on the local time scale of the signal and can
adaptively generate basis functions. The specific
procedures are as follows:

Step 1. To find the maximum and minimum
values in the original series x(t), form the upper

and lower envelopes, and find their average values
to form the average series m(t). The difference

between the original time series and the average
series can be expressed as:

h(t) =x@® -m() , ()

Step 2. Repeat step 1 for k times, if the h, (t)

fulfills two conditions, i.e.: (i) In the entire data
segment, the number of extreme points and the number
of zero-crossing points must be equal or the difference
cannot exceed one at most. (ii) At any time, the
average value of the upper envelope formed by the
local maximum points and the lower envelope formed
by the local minimum points is zero, that is, the upper
and lower envelopes are locally symmetrical
concerning the time axis (Zhang et al., 2017).

Therefore, each IMF contains lower frequency
oscillations than those obtained before. The mean
value of the upper and lower envelopes is zero. In
the actual decomposition process, the second
condition is difficult to satisfy and the threshold
expression for stopping filtering for each
component is as follows:

SD = tzl:[l dk+1(;§1_((tj)k (t) | ] , (2)
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Fig. 1

where d (t) and d,,(t) are two adjacent data
sequences in the IMF selection process and N
represents the length of the time series, SD represents
the threshold at which each IMF stops filtering, which

is usually taken as a number between 0.2 and 0.3
(Huang et al., 1998)

Step 3. Subtract the first IMF from the original
time series x(t) to generate a new time series:

X, (£) = x(t) - IMR, (1) , )

Step 4. Take x(t) as the original time series and

perform all the above steps to obtain the m IMF
components and a residual term. Finally, the original
time series x(t) can be represented as:

X(0) = Y IMF. () +(). @)

where m denotes the number of IMF components,
r(t) represents the residual term.

Normally the high-frequency components are
recognized as noise, and the remaining components
are used to reconstruct the signals. Therefore, it is
valuable to determine the boundary point d between
the noise and signal components. In this study, the
power spectrum analysis method is adopted to
determine the parameter d (Shu et al., 2007). Then the
reconstructed signals s(t) can be written as follows:

St) = 3 IMF () + (1) )

23. EMD FOR FILTERING GRACE MONTHLY
GRAVITY FIELD SOLUTIONS

Considering the advantage of the EMD
approach, we will first apply EMD method for filtering
the GRACE monthly temporal gravity field solutions
to validate whether it can better filter out noise and
extract more useful geophysical signals. As we all
know, stripe noise is often mixed with the low-
frequency components related to signals, and needs to
filter using the decorrelation filtering method before
adopting the EMD and Gaussian smoothing. Here in
this study, we adopt DDK?7 filter first so as to remove

GRACE SH _| Deducting the mFllslsllerg (t:ir;ia » Decorrelation

coefficients " | background field g filter (DDK?7)
Low degree *
coefficients

Global mass | | Final filtered SH | degree 2-20 EMD

change (EWH) | coefficients | High degree approach

coefficients
degree 21~60

The flow chart of EMD for filtering the GRACE SH coefficients.

the stripe noise in advance. Besides, the low-degree
coefficients mainly contain real geophysical signals
with less noise, however, the high-degree coefficients
contain more noise. According to Yi et al. (2022), the
spherical harmonic coefficients are divided into
low-degree (degrees 2~20) and high-degree (degrees
21~60) parts, then filter the noise using the EMD and
DDK7 method. When performing the EMD approach,
each spherical harmonic coefficient will form a certain
amount of eigenmode function (IMF) after being
decomposed by the EMD method. Following Yi et al.
(2022), we process the low-degree and high-degree
parts separately. The criterion is set as follows: (1) the
period of the low-degree part of the IMF component
greater than 0.45 is taken to form the reconstructed
signal, (2) the high-degree part of the IMF component
with the period greater than 0.70 is selected after the
experiment comparison. The flow chart of the EMD
filtering method to process the GRACE gravity field
SH coefficients is presented in Figure 1.

3. RESULTS AND ANALYSIS
3.1. RESULT IN THE SPECTRAL DOMAIN

We used the RLO6 monthly gravity field model
released by the Center for Space Research (CSR) from
April 2002 to August 2016, with 17 missing months
(9.8 % of the total months), and the cubic spline
interpolation method is used to interpolate the missing
months. The SH coefficients are truncated at
maximum degree and order (d/o) 60 without the
effects of atmosphere, ocean, and tide and deduct
the average field from April 2002 to August 2016
(Cui et al., 2020). Decorrelation is an important step
before the EMD filtering, therefore, the DDK?7
filtering is adopted here. To better compare the
performance of the EMD approach, the 300 km
Gaussian smoothing method is further used through
experimental analysis (Fig. 2). The fitting error of
EMD and Gaussian smoothing approaches for each
SH coefficient can be calculated as follows,

o= \/ﬁz(xa) s’ )

where o represents the fitting error, s(t) represents
the reconstructed SH signal after filtered by EMD and
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Gaussian smoothing, x(t)is the original SH signal,

and N represents the length of each SH coefficient
series.

It can be seen from Figure 2 that, with the
increasing Gaussian smoothing filtering radius,
the average ratio of RMS gradually increases to
a peak value, and then decreases. Based on this, we
can conclude that Gaussian smoothing 300 km and
DDKT filtering method can better filter out noise with
the highest ratio of RMS (3.41). Therefore, we finally
select Gaussian smoothing with a filtering radius of
300 km for comparative analysis and processing. Here

we take Csose and Ceoe0 SH coefficients as examples
to show the comparison of the two filtering
approaches. Figure 3 shows the component diagrams
and power spectra of the eigenmode functions of Csosg
and Cego,60. VWhen we use the power spectrum analysis
method to select the IMF components to reconstruct
the signals, the period of an IMF is determined in such
a way that the period corresponding to the point with
the highest power is the major period since the IMFs
are arranged from high to low frequencies after the
EMD decomposition, and when it is determined that
the period of an IMF meets the criterion mentioned in
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Section 2.2, the reconstruction is taken from this IMF
onwards. And the advantage of the EMD approach in
this paper lies in the processing of the higher-order
part (after 20 degree) of the time-varying gravity field
model. In the case of Gaussian smoothing approach,
the gravity field model is weighted. Moreover,
Gaussian approach reduces the weight of the higher
degree terms of the spherical harmonic coefficients to
achieve the smoothing effect at the expense of
resolution (Wabhr et al., 1998). Thus, more of the real
geophysical signal is lost. Consequently, we used two
higher-degree coefficients. As the two high-degree
coefficients are shown below, which are decomposed
into 7 IMFs, and IMF1-IMF3 are the dominant
semi-annual and annual periods, IMF4-IMF5 cycles
are mainly 2.1 to 2.5 years, with long-period waves in
the range 2.1 to 2.5 years also contributing to cyclical
water storage changes (Schmidt et al., 2008).

Figure 4 presents the reconstructed signals
extracted by the two methods and the original SH
coefficients of Csps9 and Ceo0. We can find that the
amplitude of the reconstructed coefficients after EMD
filtering is more consistent with the amplitude of the
coefficients of the original signal, while the amplitude
of the reconstructed coefficients after Gaussian
smoothing differs significantly from the amplitude of
the coefficients of the original signal and has lost its
original fluctuation range mainly due to the smaller
weights for high degree SH coefficients. The reason
why we choose these two coefficients is that the EMD
filtering method can better show its advantages in the
high-degree part, so we choose these two high-degree
coefficients with good effects for display. To clearly
compare the difference between the EMD and
Gaussian smoothing methods, Figure 5 shows the
amplitude of each SH coefficient of the original data
of March 2016, the amplitude of each coefficient after
EMD filtering and Gaussian filtering, and the
difference in amplitude before and after filtering.

The original amplitudes of all SH coefficients in
March 2016 are shown in Figure 5(a) with the
unreasonably large values in the high degree, which is
the main cause of the north-south stripes and
high-frequency noise. From Figure 5(b) and (d), it can
be concluded that EMD can retain more information
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in the high-degree part relative to the Gaussian
smoothing, which also suppresses the signals while
filtering out the noise. Comparing Figures 5(c) and
5(e), we can find that the noise mainly exists in the part
with the degree higher than 20, and the part with the
degree lower than 20 contain less noise. It noticed that
the amplitude magnitude of the low-degree part after
EMD filtering is especially close to the original data.
Moreover, the high-degree coefficients are closer to
the original data than the Gaussian smoothing method.

Then we calculate the fitting errors of all
GRACE SH coefficients shown in Figure 6. The
fitting errors of Cso 59 and Ceo,60 for EMD method is
2.10e-12 and 5.60e-13, respectively, while 3.54e-12
and 5.93e-13 for Gaussian smoothing method,
indicating that EMD can retain more information of
original SH coefficients than the Gaussian
smoothing. And from Figure 6, we can find that
almost all fitting errors of EMD are smaller than
those of Gaussian smoothing, especially for the SH
coefficients below degree 20, mainly because the
IMF components lost by the EMD filtering in this
part are fewer, therefore the reconstructed SH
coefficients are close to the original time series. For
the part higher than degree 20, the reconstructed
components are determined based on the criteria
introduced in Section 2.2. This part loses more IMF
components than the SH coefficients below degree
20, but the fitting errors are still almost smaller than
those of the Gaussian smoothing method. The
results presented in Figure 5 and Figure 6 also
emphasized that there is a difference between both
filtering methods in terms of the noise filtering
effect in the low-degree part, it emphasized that the
EMD method can retain more signal and contain
more information than the Gaussian smoothing
method, whether the extracted more part is mainly
related to signal or noise need further validation
through the global mass change comparison.

3.2. GLOBAL MASS CHANGE COMPARISON

To further validate the performance of EMD
compared to Gaussian smoothing, we chose January
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2014 and March 2016 as an example for analysis. We
converted the filtered GRACE SH coefficients by
EMD and Gaussian smoothing approach to a grid map
of I'xI'EWH (Equivalent water height). Figure 7
shows the spatial inversion map after EMD filtering
and Gaussian smoothing. It can be seen that there
exists a serious north-south stripe error without
filtering (shown in Figure 7(a) - 7(b)), which will
seriously mask the real signal, which is not conducive

to extracting the real geophysical signal. Besides,
Figure 7(c) - 7(d) present the global mass changes after
DDK?7 and EMD filtering, (e) and (f) are those of
DDK7 and 300-km Gaussian smoothing. Note that (g)
and (h), (i), (j) are the filtered noise by EMD and
300 km Gaussian filtering, respectively. And we can
see from the sub-figures (c), (d) and (e), (f) of Figure 7
that the combination of DDK7 & EMD filtering can
more effectively remove the north-south stripe error,
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Table 1 The ratios of RMS for EMD and Gaussian smoothing filtering for January 2014 and March 2016.

Index 2014.01 2016.03
EMD 3.88 4.78
Gaussian smoothing (300-km) 2.88 342

and the retained signal is stronger, and also can infer
the leakage error of the EMD method is weaker than
that of the Gaussian smoothing. It can be concluded
that the EMD method can retain more geophysical
signals in Greenland, Antarctic and Arctic regions
with less leakage signals.

Besides, we used the latitude weighted root
mean square (RMS) ratio to accurately evaluate the
denoising effect. This is mainly based on the fact
that the surface mass of the whole land varies more
than the oceans, in addition to the C, term, the

variable ratio is the ratio of latitudinal weighted root
mean square (RMS) values on land and ocean
signals (Chen et al., 2006). To reduce the leakage of
signals from land, only ocean points more than 300
km from the coast are included.

RMS(MASS,,,, + Err)
RMS(MASS, . +Err)’

RMS _Ratio = 7

ocean

where MASS,,, and MASS .. represent respectively

the signals on land and ocean, and Err is the noise.

As shown in Table 1, the ratio of RMS of January
2014 and March 2016 are 3.88 and 4.78 for EMD, 2.88
and 3.42 for 300 km Gaussian smoothing. The relative
improvements of the ratio of RMS of the EMD method
are 34.7 % and 39.8 % for January 2014 and March
2016 with respect to the Gaussian smoothing,
respectively.

We noticed that almost all ratios of RMS for
EMD method are higher than those of the Gaussian
smoothing method (Fig. 8). The mean ratio of RMS is
equal to 3.61 and 3.41 for EMD and Gaussian
smoothing, respectively. The results show that there
are several months, for which ratio of RMS for EMD
are slightly smaller than for Gaussian smoothing. It is
caused by the interpolation method that leads to the
overestimation of the signal (Wang et al., 2020).
Therefore, we noted that EMD can better filter the
noise and extract more geophysical signals than
Gaussian smoothing method.
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The ratios of RMS for all available months for EMD and Gaussian 300-km

method over the period from April 2002 to August 2016.

4. CONCLUSIONS

In this paper, the empirical mode decomposition
method is applied to post-process the monthly
temporal gravity field model and compared with the
Gaussian smoothing method with the radius of
300 km. The fitting errors of all SH coefficients for the
EMD method are almost smaller than those of the
Gaussian smoothing method, indicating that EMD can
retain more information of the original SH
coefficients, especially for the high-degree part.
Besides, from the change of the amplitude of each SH
coefficient before and after filtering through the
spectral domain, we can also find that the EMD
method effectively retains more information related to
signals than Gaussian smoothing. Almost all ratios of
RMS for the EMD method are larger than those of the
Gaussian smoothing method, with the mean ratio of
RMS 3.61 for EMD, obviously larger than 3.41 for
300 km Gaussian smoothing, which holding that EMD
can filter the noise more efficiently and retain more
geophysical signals with smaller leakage effect.
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