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In this paper, a scheme of signal extraction and modeling for GNSS position time series based on
Monte Carlo Multi-channel Singular Spectrum Analysis (MC-MSSA) is introduced, which can
effectively consider the spatial correlation of different directions by processing the different
components of position time series at the same time. Meanwhile, the Monte Carlo significance test
is utilized to distinguish the signal from the colored noise. By comparing with Singular Spectrum
Analysis (SSA), it can be confirmed that MSSA has better signal extraction and modeling
performance by taking into account the correlation of different channels. Then, taking the LHAZ
station as an example, MC-MSSA is utilized to simultaneously model the three components of
GNSS position time series, and the trend and periodic signals are respectively identified by
Kendall nonparametric test and W-correlation correlation analysis. The result denotes that
MC-MSSA can effectively model the tectonic and non-tectonic signals of GNSS position time
series, and the modeled signals can more intuitively reflect the dynamic movement of the station.
Finally, based on the MC-MSSA-modeled tectonic signal, we characterize the crustal
deformations around the eastern Tibetan Plateau, mainly including the crustal movement and strain
rate change. The results suggest that the pushing movement of the Tibetan Plateau from the Indian
plate is blocked by the South China block, and the crustal movement rate is obviously decreased
and appears a right-handed movement trend. Meanwhile, the junction of the Tibetan Plateau and
South China block has accumulated a certain amount of stress, and the tectonic activity at the

junction is relatively strong and still belongs to the dangerous zone of seismic activity.

1. INTRODUCTION

GNSS position time series records the dynamic
movement of the station along time, which contains
a wealth of tectonic and non-tectonic information,
providing important data for related research in the
geodesy field (Blewitt et al., 2001; Bock et al., 2016;
Wu et al., 2017; Pan et al., 2017; Pan et al., 2019). In
the field of seismology, the entire earthquake cycle can
be divided into three phases: co-seismic, inter-seismic,
and post-seismic (Elliott et al., 2016b; Feigl and
Thatcher, 2006). The elastic rebound theory denotes
that the plate moves relative to each other and
gradually accumulates tectonic stress during the
inter-seismic phase (Savage and Lisowski, 1993).
When the accumulated tectonic stress is greater than
the limit of the lithosphere, the lithosphere will rupture
sharply, causing the occurrence of earthquake. During
the post-seismic phase, the energy is further released,
and the crust jumps back to its pre-seismic state to start
a new round of stress accumulation and release. For
the inter-seismic phase, the GNSS position time series
mainly reflects the tectonic movements and the non-
tectonic deformations caused by geophysical factors
(i.e., atmospheric pressure, non-tidal oceanic changes,

and hydrological loading). The research of GNSS
position time series modeling method is of great
significance not only for characterizing the regional
crustal movement in the inter-seismic phase, but also
for the establishment and maintenance of the dynamic
reference frame (Dietrichet al., 2001; Altamimi et al.,
2011). Thus, it is necessary to carry out research on the
signal extraction and modeling method of GNSS
position time series during the inter-seismic phase.

In general, GNSS position time series contains
different signal components. How to accurately and
effectively extract different signals with considering
of the influence of colored noise is an important issue
(Wang et al., 2016; Ming et al., 2016; He et al., 2017).
Currently, the GNSS position time series modeling
methods contain wavelet analysis, Least Square
Fitting (LSF), SSA (Chen et al., 2013; Li et al., 2017),
Kalman Filtering (KF) (Davis et al., 2012; Liu et al.,
2017), Empirical Mode Decomposition (EMD)
(Montillet et al., 2013), Ensemble Empirical Mode
Decomposition (EEMD) (Lian et al.,, 2012), and
Complementary ~ Ensemble  Empirical Mode
Decomposition (CEEMD) (Wang et al., 2015, He et
al., 2020), etc. Among them, SSA is an effective signal
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extraction and modeling method, which can extract
signals from noisy position time series without any
prior information. Chen et al. (2013) utilized SSA to
model the seasonal signal of GNSS position time
series, and compared it with KF and LSF to prove that
SSA is an effective method to extract time-varying
seasonal oscillation signals. Gruszczynska et al.
(2015) demonstrated that SSA can effectively extract
and model the signal in the GNSS position time series
without prior information by comparing SSA with
LSF. Lietal. (2017) also verified that SSA can capture
the peak of seasonal signals in GNSS observations,
while cannot be accurately detect by LSF. However,
SSA only analyzes the dynamic variation properties of
GNSS station in one direction and ignores the spatial
correlation between different directions, which cannot
accurately reflect the spatio-temporal variation
properties of GNSS station. As an extension of SSA,
MSSA can simultaneously extract and model multiple
time series, and expands the dynamic properties
analysis of GNSS station from single-channel to
multi-channel (Gruszczynska et al., 2017; Zhou et al.,
2020). Compared with SSA, MSSA has better signal
extraction and modeling performance. Meanwhile, the
mixed signal of colored noise and nonlinear trend
signal may present similar form to some useful signal,
which may interfere with signal extraction. Xu and
Yue (2015) utilized Monte Carlo SSA to detect
seasonal oscillation signals of GNSS position time
series, and found that SSA-filtered seasonal signals
may change the noise properties of original GNSS
observations. Klos et al. (2017) utilized different
methods to detect the time-varying seasonal signals of
GNSS position time series, indicating that the signal
extraction results are different under different noise
levels. Thus, the influence of colored noise should be
considered during the signal extraction and modeling
of GNSS position time series.

Considering these problems, MC-MSSA is
utilized to simultaneously extract and model the
position time series of GNSS station in three
directions, which can effectively take into account the
spatial correlation of different directions. MC-MSSA
distinguishes signal from colored noise through Monte
Carlo significance test, which effectively eliminate the
interference of colored noise. Then, MC-MSSA is
adopted to simultaneously extract and model the
tectonic and non-tectonic signals of inter-seismic
position time series in three components. Moreover,
considering that the eastern Tibetan Plateau is
the seismically active region of mainland China, the
tectonic signals extracted by MC-MSSA is utilized to
characterize the crustal movement and strain rate field,
and then reveal the crustal activities during the
inter-seismic phase.

2. MONTE CARLO MSSA MODELING SCHEME
2.1. MONTE CARLO MSSA

Multi-channel Singular Spectrum Analysis
(MSSA) is an extension of Singular Spectrum

Analysis (SSA). Its main advantage is that it can take
into account the coherence between different
channels, thus can extract as many signals as possible
from the time series and reduce noise interference
more effectively (Allen and Robertson, 1996; Ghil et
al., 2002; Raynaud et al., 2005). Similar to SSA,
MSSA has two major steps: decomposition and
reconstruction. Assuming x,, is a multi-dimensional

time series, / is the number of channels (/ =1,2,...L),
and i is the number of time series per channel
(i=1,2,..N), the trajectory matrix X of the multi-

dimensional time series can be expressed by the
following formula (Ghil et al., 2002):

X X127 s Xy s Xy
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where M indicates the window length. The trajectory
matrix X of the multi-dimensional time series has
L*M rows and N —M +1 columns (Groth and Ghil,

2011). The lag-covariance matrix 7. can be computed

x

by the trajectory matrix X (Kim and Wu, 1999),
which can be depicted as:

TmTu""aTIL

T = 21’Tzz:""T2L (2)
TLl’TLz"”aTLL

where T, is the covariance matrix of the time series

n
of channel / and /. Singular Value Decomposition
(SVD) of lag-covariance matrix 7. and
diagonalization can obtain the eigenvalues y, and
eigenvectors E* of corresponding Spatiotemporal
Empirical Orthogonal Functions (ST-EOFs). The
eigenpairs (E*,y,) are arranged in descending order
according to eigenvalues y, , and the ST-EOFs can be

utilized to calculate the Spatiotemporal Principal
Components (ST-PCs).

L
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For MSSA, another important step is
reconstruction. Based on ST-EOFs and ST-PCs, the
Reconstructed Components (RCs) of each time series
can be calculated according to the following formula
(Plaut and Vautard, 1994):

N
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According to the above formula, the different
components contained in the time series of each
channel can be reconstructed. For each channel, the
sum of all components is equal to the original time
series. Thus, through the identification and
reconstruction of different components, the different
geophysical signals contained in GNSS position time
series can be extracted and modeled.

When MSSA is utilized to model multi-
dimensional position time series, it is a key problem to
distinguish signal from noise and select the first k RCs
judged as signals for signal reconstruction. Generally,
the colored noise in the GNSS position time series may
present a similar time-varying pattern to some high-
order signals, which may cause some colored noise to
be misjudged as signals. Thus, when using MSSA
to model GNSS position time series, it is necessary to
select appropriate statistical significance test
to distinguish signal and colored noise. Considering
this problem, this paper utilizes Monte Carlo
numerical simulation to conduct significance test for
eigenvalues. Allen and Smith (1994) pointed out that
the colored noise contained in geophysical time series
may interfere with the extraction of useful signals, and
adopted Monte Carlo to conduct the significance test
for SSA during processing meteorological time series.
Since most colored noise in geophysical time series is
AR(1), the AR(1) is adopted as the random noise
model in this significance test. Compared with some
geophysical observations, the colored noise in GNSS
position time series is mainly Power Law (PL) noise,
which will produce relatively large interference to
signal recognition. Thus, the PL noise is regarded as
the random noise model of the Monte Carlo
significance test in this paper.

The main idea of MC-MSSA modeling is to
compare the local variances of analyzed data
distributed in the direction defined by ST-EOFs with
the corresponding variances generated by the specific
null hypothesis (Walwer et al., 2016; Zhang et al.,
2017). The null hypothesis of MC-MSSA mainly
relies on the construction of a set of surrogate data,
which are usually generated based on a specific
random noise model. According to the specific
random noise model, it is possible to generate
surrogate data X, with the same length N and

dimension L of analyzed data. By projecting the
covariance matrix 7, of surrogate data to the direction

defined by ST-EOFs, the local variance of surrogate
data can be calculated:

A, =E'T,E 6))

Among them, the construction method of 7, is
similar to that of 7, generated by MSSA, while the 7,

is obtained by surrogate data. E" is the transposed
matrix of £, andthe LxM column of E is ST-EOFs
E* . By setting the number of Monte Carlo numerical
simulation experiments, using enough surrogate data,
a set of data sets of A, can be obtained, and then the

confidence interval of the diagonalization elements of
A, can be estimated. After that, the eigenvalues

of MSSA are compared with the confidence interval
of the diagonalization elements of A,. If the

eigenvalue is within or below the confidence interval,
indicating that the corresponding component is
indistinguishable from the surrogate data generated by
the noise model, which can be judged as noise.
Conversely, if the eigenvalue is outside or above the
confidence interval, the null hypothesis is rejected,
indicating that its corresponding component and the
surrogate data generated by the noise model have
different statistical meanings, which can be judged as
useful signal.

2.2. KENDALL NONPARAMETRIC TEST

Vautard et al. (1992) pointed out that the trend
components in the time series usually appears in the
first few RCs, and the Kendall nonparametric test is an
effective method to identify the trend components.
Since the research object of this paper is multi-channel
time series, this method can be utilized to distinguish

the RCs of the time series of each channel. Z
indicates the time series of group /, where i is the
length of time series (1<i<n), [ is the number of
channel (1<I<L). For the time series Z/, we
statistics the logarithm of index (i, j) which satisfies

i<j,Z < Zj. (i and j are not necessarily adjacent).
In general, large K' indicates that there is an upward

trend component in the time series, while small K’

denotes that there is a downward trend component.
The quantitative test of this method is mainly based on
the following statistics:

.
i 1 (6)

When the hypothesis that there are no trend
components in the detected time series Z, is

established, it satisfies a normal distribution with the
mean value of 0 and the variance of:

, [n+5)
T\ onm-1) @

When 7' is outside the interval (—1.96s',1.96s") (the
reliability is assumed to be 0.05), the null hypothesis
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is rejected, indicating that there are trend components
in the time series. When 7’ >1.96s" and 7’ < —1.965’,

it means that the time series has the upward and
downward trend components, respectively. The trend
components in the time series can be obtained by
adding the detected trend components, while the sum
of other reconstructed components is the detrended
time series. The above process is iteratively iterated
until there is no trend component in the RCs and the
detection is finished.

2.3. W-CORRELATION COEFFICIENT

For the GNSS position time series, the periodic
oscillation signal is an important part, which is mainly
manifested in the form of annual and semi-annual
changes. Plaut and Vautard (1994) pointed out that the
following three principles can be used to identify
periodic signals: 1) two consecutive eigenvalues are
almost equal, and the variance corresponding to the
eigenvalues are almost equal; 2) the corresponding
ST-EOFs are orthogonal and have similar periodic
changes; 3) The corresponding ST-PCs are also
orthogonal. For the significant annual and semi-annual
signals in GNSS position time series, the above
mentioned criteria is an effective identification
method. However, due to the influence of local
environment, there will be some other insignificant
periodic signals in the position time series, which is
difficult to be distinguished by this method. Hassani et
al. (2007) utilized the W-correlation method to
identify periodic oscillation signals, which can
effectively identify the insignificant periodic signals
in some time series in comparison with the
above methods. Assuming x, is a set of time series

(i=L12,...,L)and Y, is its reconstruction component,

the W-correlation coefficients of any two RCs can be
expressed by the following formula:

. (Y([),Y(‘j))
2L ®
Among them, ||Yi||w _ W ,

N
(Y(i),Y(/))=ZW/cyziy/{ , W, =min(k,M,n—k) . The

k=1
larger the value of p/";, the greater the correlation

between the two corresponding RCs, which can be
classified as a group of periodic signals. Thus, this
paper mainly combines the two methods to identify the
periodic signals of GNSS position time series.

3. RESULTS AND DISCUSSION
3.1. COMPARISON OF MSSA AND SSA

Compared with SSA, MSSA can extract as much
signal as possible from GNSS position time series by
taking into account the correlation between different
channels. Considering that many studies have
compared SSA with traditional methods, this paper
only discusses the performance of SSA and MSSA on

signal extraction and modeling. Due to the effect of
tectonic movement, the horizontal components
of GNSS position time series have significant trend
signals. If SSA and MSSA are utilized to model the
horizontal components of GNSS position time series
separately, the difference cannot be clearly observed
in detail. Thus, in order to make the comparison more
obvious, the SSA and MSSA are utilized to extract and
model the vertical component of GNSS coordinate
time series. Taking the station XIAG of the Crustal
Movement Observation Network of China
(CMONOC) as an example (the time span is
2012.0014-2017.0014), the vertical component of
GNSS position time series is modeled by SSA.
Meanwhile, the MSSA is used to simultaneously
model the vertical components of the GNSS position
time series of station XIAG and its nearest station
KMIN. When using SSA and MSSA to model GNSS
position time series, a key issue is the selection of
lag-window size. Some studies suggest that the 2-year
window may be more suitable for the extraction of
seasonal signals, and can obtain higher spectral
resolution (Ghil et al., 2002; Rangelova et al., 2012; Li
etal., 2017a; Xiang et al., 2019). Thus, the lag-window
size is chosen as 2 years in order to extract and model
the signal more accurately.

Then, the two methods are utilized to model the
vertical component of GNSS position time series of
station XIAG, and Figure 1 shows the regularized
eigenvalues generated by SSA and MSSA and the
variance percentage of first 10 RCs. For the vertical
GNSS position time series of station XIAG, among the
first 10 RCs, RC1 and RC2 represent the annual signal,
RC3 and RC4 represent the semi-annual signal, RC5
and RC6 represent the nonlinear trend, and RC7-10
represent other signals. For SSA, the variance
percentages of the annual, semi-annual, and nonlinear
trend signals are 43 %, 5 %, and 4 %, respectively. As
for MSSA, the variance percentages of the annual,
semi-annual, and nonlinear trend signals are 51 %,
6 %, and 4 %, respectively. It can be seen that there is
significant annual signal in the vertical GNSS position
time series of station XIAG, followed by semi-annual
and nonlinear trend signals. The variance percentage
of the three signals extracted by MSSA is 61 %, which
is 9 % higher than the variance percentage of the three
signals extracted by SSA (i.e., 52 %), indicating that
MSSA can extract as much signal as possible from
noisy GNSS position time series and minimize the
interference of colored noise.

In general, the first 10 RCs basically contain the
main signals of GNSS position time series. In order to
further discuss the performance of SSA and MSSA on
signal extraction and modeling, the first 10 RCs
obtained by two methods are added respectively
(Fig. 2). The SSA-modeled signal has obvious
fluctuations in the details, while the MSSA-modeled
signal is relatively smooth. It can be seen that the
SSA-modeled signal is more susceptible to noise
interference, and the modeled signal contains more
noise that cannot be identified by SSA. MSSA can
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distinguish these noise that cannot be identified by
SSA by taking into account the correlation of different
channels, and thus it has better signal extraction
performance. The result denotes that MSSA has better
signal extraction and modeling performance by taking
into account the correlation of different channels in
comparison with SSA. In addition, MSSA can
simultaneously process multi-channel time series,
which has higher processing efficiency.

3.2. GNSS POSITION TIME SERIES MODELING

SCHEME

Taking the station LHAZ derived from the
International Ground Station (IGS) network as an
example, MC-MSSA is utilized to simultaneously
model the different signals of the position time series
in the three components. The time span of the position
time series of station LHAZ is 2008.0014-2018.0014,
which is provided by Scripps Orbit and Permanent
Array Center (SOPAC). Its horizontal components
contain obvious trend components, and the periodic
variation components exist in the three components.
Chen et al. (2013) suggested that a lag-window size of
2 years is suitable to extract seasonal signals from
GNSS position time series. Considering the significant
signals in the three components, the lag-window of
MSSA is selected as 2 years in order to extract
different signals more accurately. MSSA is utilized to

Modeled trend signals and original GNSS position time series of station LHAZ in the three components.

decompose and reconstruct the three components of
the position time series of station LHAZ at the same
time. After that, Kendall non-parametric test is carried
out for the first few RCs of each channel to identify
the trend components. The first 2 RCs of each channel
are identified as trend components, where RC1 and
RC2 are linear and nonlinear trend components
respectively. Then, RC1 and RC2 of each channel is
added to obtain the trend components of the position
time series of each channel (Fig. 3), and there are
significant trend signals in the horizontal components
in comparison with the vertical component.

For the GNSS position time series, it not only
includes the trend signals caused by tectonic
movements, but also includes the periodic signals
caused by geophysical factors (e.g., surface mass
loading), white noise, and colored noise. In general,
the extraction of periodic signals can be disturbed by
the colored noise in the GNSS position time series.
Therefore, how to distinguish multiscale periodic
signals from colored noise, and then extract periodic
signals from the position time series is a key issue.
MSSA is utilized to decompose and reconstruct the
detrended GNSS position time series, and
W-correlation analysis is carried out for the
reconstructed RCs (Fig. 4). It can be seen that every
two adjacent RCs of the first 10 RCs have a strong
correlation, the W-correlation coefficient is close to 1,
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and the correlation with other high-order RCs is close
to 0. For the RCs with rank greater than 10, there is no
strong correlation between adjacent RCs. Meanwhile,
there is also a certain correlation between RCs with
rank greater than 10 and higher-order RCs, indicating
that the RCs with rank greater than 10 cannot be well
distinguished from noise. According to the
identification criterion of periodic signal, the larger
coefficient indicates the larger the correlation between
the two RCs, which can be classified as a group of
periodic signals. Thus, the first 10 RCs are considered
as periodic signals, and RCI1-2, RC3-4, RC5-6,
RC7-8 and RC9-10 can be regarded as different
periodic signals.

Figures 5a—c show the first 12 RCs of the three
components of the position time series of station
LHAZ, and Figures 6a—c depict the Fast Fourier
Transform (FFT) detection results of the first 12 RCs
of the three components. It can be seen that the first
10 RCs have obvious periodic changes, and the
adjacent RCs present similar periodic changes. When
the rank of RCs is greater than 10, the RCs of three
channels present an irregular oscillation change, and
the changes of RC11 and RC12 are not similar. The
result also indicates that the first 10 RCs are periodic
signals, while no paired periodic changes occur since
RC11, which is more likely to be noise. This is
consistent with the result of W-correlation analysis.
After that, FFT analysis is utilized to detect the period
of the RCs of each channel, and every adjacent RCs of
the first 10 RCs appears same period, which can be
regarded as a group of periodic signals. The first

10 RCs of the position time series of each channel
contain 5 kinds of periodic signals: 1) the period of
RC1+RC2 is 1 cpy (cycle per year) (i.e., annual term);
2) the period of RC3+RC4 cycle is 2 cpy (i.e.,
semi-annual term); 3) the period of RC5+RC6 cycle is
0.5 cpy; 4) the period of RC7+RC8 cycle is 3 cpy;
5) the period of RC9+RC10 cycle is 1.5 cpy.
Notably, some mixed signals of colored noise
and trend terms may show a similar form to some
signals, which can be misjudged as useful signals by
the above methods. Previous studies indicate that the
mixed signal of colored noise and trend component
can easily pass the pairwise identification criterion of
periodic signals. Therefore, it is not rigorous to use
only the pairwise identification criterion and
W-correlation to distinguish signal and noise.
Considering this problem, Monte Carlo numerical
simulation is adopted to conduct the significance test
for the eigenvalues generated by MSSA. Since the
colored noise in the GNSS position time series is
mainly PL noise, the PL noise is regarded as the
random noise model of MC-MSSA. The
corresponding surrogate data is generated by
combining the lag-covariance matrix 7, and

ST-EOFs, and the 95 % confidence interval is
generated by 500 Monte Carlo tests. Then, the
eigenvalues of lag-covariance matrix are compared
with the confidence interval of significance test. When
the eigenvalue is outside the confidence interval,
indicating that the null hypothesis is rejected, and the
corresponding RCs is not interfered by colored noise.
Conversely, when the eigenvalue is within the
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Fig. 5
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Fig.8 Modeled seasonal signals and the detrended GNSS position time series of station LHAZ in the three
components.
confidence interval, suggesting that the RCs geophysical significance. Starting from the 10th

corresponding to the eigenvalues is noise. As depicted
in Figure 7, the first 10 eigenvalues are all outside the
confidence interval, rejecting the null hypothesis, and
indicating that the RCs corresponding to first
10 eigenvalues are useful signals, which have certain

eigenvalue, the eigenvalue starts to be within the
confidence interval, indicating that RCs with the rank
greater than 10 are noise. Therefore, the first 10 RCs
in each channel are utilized to reconstruct the signal of
the detrended position time series (Fig. 8).
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Fig. 9 Modeled signals and original position time series of station LHAZ in the three components.

The tectonic and non-tectonic signals can be
reconstructed by adding all RCs identified as signals.
The signals modeled by MC-MSSA greatly reduces
the noise level of GNSS position time series, and can
clearly describe the tectonic and non-tectonic signals
(Fig. 9). The RMS values of the GNSS position time
series in the N, E, and U components are decreased by
1.79, 1.81, and 4.45 mm, respectively. Meanwhile, the
MC-MSSA-modeled signals can more intuitively
reflect the three-dimensional dynamic changes of this
station (Fig. 10). In the horizontal components, the
station has clear trend movement toward the northeast
during 2008-2018 with a certain amount of seasonal
oscillation movement. In the vertical component, the
station appears significant seasonal oscillation
movement with a certain uplift trend. According the
extracted trend components, the GNSS velocity of this
station can be estimated, and the movement rates in the
N, E, and U components are 46.6, 15.3, and 1.2 mm/a,
respectively. The above results denote that MC-MSSA
can effectively extract and model the tectonic and
non-tectonic signals of inter-seismic GNSS position
time series, which can more intuitively reflect the
dynamic movement of the station. Moreover, MC-
MSSA can take into account the spatial correlation
between different components by simultaneously
modeling GNSS position time series in three
components, and can effectively distinguished the
signal and colored noise through the significance test.

3.3. APPLICATION TO DETERMINING CRUSTAL
DEFORMATIONS IN EASTERN TIBETAN
PLATEAU

The Tibetan Plateau is located at the edge of the
Indian and Eurasian plate. Due to the collision
between the two plates, the geological structure of this
region is complex and the crustal tectonic movement
is active (Li et al., 2008; Copley et al., 2011; Styron et
al.,, 2015). Meanwhile, the eastern Tibetan Plateau
spans several provinces, and the junction with the
Sichuan Basin is the Longmenshan fault zone, which
is one of the most seismically active regions in
mainland China. Thus, characterizing the crustal
deformations in eastern Tibetan Plateau is of great
significance for seismically risk assessment in
mainland China.

In order to characterize the crustal motion
properties of eastern Tibetan Plateau, the GNSS
observations of 30 stations derived from CMONOC
are selected, and the time span is 2011.0014-
2016.0014. The GNSS position time series are
provided by the GNSS data product service platform
of China Earthquake Administration. More details
about data  processing can refer  to
ftp://ftp.cgps.ac.cn/doc/processing_manual.pdf. The
MC-MSSA is adopted to simultaneously extract the
signals of the three components of each GNSS
position time series, and the GNSS velocity under the
ITRF14 framework is estimated using modeled trend
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Fig. 10 Three-dimensional dynamic change of station LHAZ during the time span of 2008.0014-2018.0014.

signals. In this paper, we mainly utilize horizontal
GNSS velocity to characterize crustal movements and
strain rate changes in eastern Tibetan Plateau.
Meanwhile, the modeled seasonal signals of GNSS
position time series in the vertical component are
adopted to explore non-tectonic crustal deformations.

(a) Regional crustal movement

As exhibited in Figure 11, the movement rates of
all stations in the EW direction are significantly
greater than that in the NS direction. The magnitude of
velocity rate in the EW direction is [30 50] mm/a,
while it is [-20 5] mm/a in the NS direction. The
junction of eastern Tibetan Plateau and Sichuan Basin
is the Longmenshan fault zone. The peak region of
GNSS velocity is focused on the left side of the
Longmenshan fault zone, and the velocity rates in the
EW direction are all above 40 mm/a (the maximum
reaches 49.2 mm/a at station XZCD). On the right side
of Longmenshan fault zone, the velocity rates are
significantly reduced, which vary from 33.9 to
36.9 mm/a in the EW direction. Meanwhile, the
velocity rates outside the Tibetan Plateau in
the Yunnan and Sichuan provinces that belong to the
South China block are also significantly reduced.
The above results indicate that compared with South
China block, the GNSS velocity rates in the Tibetan
Plateau are significantly higher, implying that the
tectonic activity in the Tibetan Plateau is stronger. The
main reason for this phenomenon is that the movement
of Tibetan Plateau induced by the pushing of Indian
plate is blocked by South China block, and the crustal
movement rates are obviously decreased, which
appear a clockwise movement trend.

(b) Crustal strain rate changes

In order to explore the crustal dynamic
mechanism of eastern Tibetan Plateau, the strain rate
changes are estimated based on GNSS velocities. It
can be seen from Figure 12 that the principal strain
rates in the South China block are relatively small, and
the amplitudes are within 10 nanostrain/yr
(i.e., 10 /yr), indicating that the interior of the block
is relatively stable. The principal strain rates inside the
Tibetan Plateau are obviously greater than other
regions, and the amplitude of extension stress rate is
larger than compression stress rate, indicating that the
push-squeeze force from the Indian plate has caused
tensile deformations inside the Tibetan Plateau. The
junction of southeastern Tibetan Plateau and South
China block appear principal compression stress rate,
especially in the Longmenshan fault zone. The
maximum of principal compression stress rate
amplitude is —93.9 nanostrain/yr. The results indicate
that since the crustal movement of Tibetan Plateau is
blocked by the South China block, the junction of the
Tibetan Plateau and South China block produces
a certain compression stress.

The dilatational strain rate ranges from —77.2 to
50.2 nanostrain/yr with average of —3.0 nanostrain/yr.
The dilatational strain rate inside the Tibetan Plateau
is positive, implying that the crust inside the Tibetan
Plateau has undergone expansion deformation, which
is consistent with the result of principal strain rate
analysis. The largest dilatational strain rate (reaching
50.2 nanostrain/yr) is located at the junction of
southeastern Tibetan Plateau and South China block.
The negative dilatational strain rate is mainly
concentrated in two regions, namely Sichuan Basin
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the eastern Tibetan Plateau.
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Fig. 13 Spatial distribution of the RMS values of vertical GNSS position timing series (a) and surface mass load

deformations (b) at 30 stations.

and Yunnan province. The minimum of dilatational
strain rate is —77.2 nanostrain/yr, which is located in
Sichuan province. The result suggests that the interior
of Tibetan Plateau is dominated by expansion
deformation, and the collision between Tibetan
Plateau and South China block results in the shrinkage
deformation in the junctions, which is particularly
prominent in the Sichuan Basin.

The maximum shear strain rate varies from
0.1 to 110.8 nanostrain/yr with average of
27.8 nanostrain/yr. It can be seen that the larger values
of maximum shear strain rate are concentrated in the
interior of the Tibetan Plateau and the junction of
eastern Tibetan Plateau and southern China block. The
maximum shear strain rate of other regions in
the Tibetan Plateau is below 20 nanostrain/yr, and the
maximum shear strain rate inside the South China
block is close to 0 nanostain/yr. The peak of maximum
shear strain rate is located at the junction of Tibetan
Plateau and South China block in the Sichuan-Yunnan
region, and the maximum reaches 110.8 nanostrain/yr.
The second is the Longmenshan fault zone (i.e., the
junction of eastern Tibetan Plateau and Sichuan
Basin), which are above 70 nanostrain/yr. The above
results indicate that the junction of Tibetan Plateau and
South China block has accumulated a certain amount
of stress due to the fact that the crustal movement of
Tibetan Plateau is blocked by the South China block.
The crustal tectonic activity at the junction is relatively
strong, which still belongs to the dangerous zone of
seismic activity.

(c) Non-tectonic crustal deformations

Considering that seasonal oscillations are an
important part of GNSS position time series, this paper

also briefly discusses the non-tectonic -crustal
deformations in the eastern Tibetan Plateau using
MC-MSSA-modeled seasonal signals. We adopt the
global loading grids with the spatial resolution of
0.5° x0.5° provided by the German GeoForschungs
Zentrum (GFZ) to estimate deformations induced by
mass loading. The time resolution of atmospheric,
non-ocean tidal loading, and hydrological loading is 3,
3, and 24 h, respectively.

To a certain extent, the Root Mean Square
(RMS) value of GNSS position time series and surface
mass loading deformations can reflect the dispersion
degree and amplitude of seasonal fluctuations, and
then can reflect the effect of non-tectonic crustal
deformations. It can be seen from Figurel3 that the
spatial distribution of the RMS values of two
displacement time series presents strong latitude
dependence. The high RMS values are concentrated in
the low latitude areas of eastern Tibetan Plateau (i.e.,
Sichuan and Yunnan provinces), while the low RMS
values is focused on the high latitude areas (i.c.,
Qinghai and Gansu provinces).

Previous studies have proved that both the
vertical GNSS position time series and surface mass
loading deformations have significant annual signals,
and surface mass loading mainly affects the annual
change of GNSS position time series (Ray et al., 2008;
Xu, 2016; Xu, 2017). Thus, this paper mainly focuses
on the annual signals of two displacement time series.
Figure 14 shows the comparison of the annual signals
of vertical GNSS position time series and surface mass
loading deformations. Among them, 3 stations QHDL,
QHGC, and QHMQ are located in Qinghai Province
(i.e., high latitude areas), 2 stations GSMA and GSWD
are located in Shaanxi Province (i.e., mid-latitude
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Fig. 14 Comparison of the annual signals of vertical GNSS position time series and surface mass loading

deformations.

areas), and 4 stations SCLH, SCXC, SCX]J, and
YNZD are situated in Sichuan and Yunnan provinces
(i.e., low latitude areas). The annual signal amplitudes
of two displacement time series at 4 stations in low
latitude areas is significantly larger than other areas,
indicating that the effect of surface mass loading is
more significant as the latitude decreases. For stations
QHGC and YNZD, two annual signals have a high
consistency in terms of amplitude and phase,
indicating that surface mass loading is the dominant
factor of the annual oscillation in GNSS position time
series. For most stations, the phases of two annual
signals are relatively consistent, while the amplitudes
are different, demonstrating that surface mass loading
can only partly explain the annual oscillations of
GNSS position time series. For few stations, two
annual signals have large differences in amplitude and
phase, implying that surface mass loading cannot
explain the annual oscillations of GNSS position time
series. The above results demonstrate that the surface
mass loading effects in the eastern Tibetan Plateau
display strong latitude dependence, and becomes more
significant as the latitude decreases. Meanwhile, for
most stations, the surface mass loading cannot fully
explain the seasonal fluctuations in GNSS position
time series. Other geophysical factors (e.g., expansion
and contraction of the earth, changes in groundwater
reserves, high-order ionospheric disturbances, and
thermal expansion and contraction of observation
piers), unmodeled system errors (e.g., satellite orbit
errors and multipath effects), and surface mass loading
jointly causes the annual fluctuations of vertical GNSS
position time series (Fu et al., 2013; Li et al., 2017;
Xu, 2016; Xu, 2017).

4. CONCLUSION

In general, the GNSS position time series
modeling method may ignore the correlation between
different directions of the station. Considering this
problem, a set of signal extraction and modeling
scheme based on MC-MSSA is proposed in this paper,
which can simultaneously extract and model the three
components of GNSS position time series, and adopts
Monte Carlo significance test to distinguish signal
from colored noise. Firstly, taking the position time
series of station XIAG as an example, the performance
of SSA and MSSA on signal extraction and modeling
is evaluated. After that, taking station LHAZ as an
example, the MC-MSSA is used to simultaneously
extract and model tectonic and non-tectonic signals of
GNSS position time series in three components, and
the Monte Carlo significance test is utilized to identify
signal from colored noise. At last, taking the eastern
Tibetan Plateau as the research region, the tectonic
signals recorded by GNSS stations around the eastern
Tibetan Plateau are extracted and modeled using
MC-MSSA. Based on the extracted tectonic signals,
we explore the crustal movement and strain rate
change in the eastern Tibetan Plateau, and then reveals
the properties of tectonic activity. In addition, we also
briefly discuss the non-tectonic deformations induced
by surface mass loading in this region according to
modeled seasonal signals.
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