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Abstract

The accuracy by which velocities can be estimated from GNSS time series is mainly determined by the low-frequency noise,
below 0.2-0.1 cpy, which are normally described by a power-law model. As GNSS observations have now been recorded for
over two decades, new information about the noise at these low frequencies has become available and we investigate whether
alternative noise models should be considered using the log-likelihood, Akaike and Bayesian information criteria. Using
110 globally distributed IGS stations with at least 12 years of observations, we find that for 80-90% of them the preferred
noise models are still the power law or flicker noise with white noise. For around 6% of the stations, we found the presence
of random-walk noise, which increases the linear trend uncertainty when taken into account in the stochastic noise model of
the time series by about a factor of 1.5 to 8.4, in agreement with previous studies. Next, the Generalised Gauss—Markov with
white noise model describes the stochastic properties better for 4% and 5% of the stations for the East and North component,
respectively, and 13% for the vertical component. For these stations, the uncertainty associated with the tectonic rate is about
2 times smaller compared to the case when the standard power-law plus white noise model is used.

Keywords GNSS - Time series analysis - Error analysis - Information criteria

1 Introduction

In the last two decades, global navigation satellite system
(GNSS) has seen tremendous advances in the precision of
the observations, which allow researchers to perform geody-
namics and geophysics studies through the analysis of daily
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msbos @segal.ubi.pt GNSS position time series (He et al. 2017). GNSS observa-
X He tions have been used to study geophysical phenomena such

hexiaoxing @whu.edu.cn

J. P. Montillet
jpmontillet@segal.ubi.pt

R. M. S. Fernandes
rui @segal.ubi.pt

School of Civil Engineering and Architecture, East China
Jiaotong University, Nan Chang 330013, China

GNSS Research Center, Wuhan University, Wuhan 430079,
China

Instituto D. Luiz, Universidade da Beira Interior, Covilha,
Portugal

Space and Earth Geodetic Analysis Laboratory, Universidade
da Beira Interior, Covilha, Portugal

Institute of Earth Surface Dynamics, University of Lausanne,
Lausanne, Switzerland

as plate tectonics (e.g., Gordon and Stein 1992; Blewitt
1993; Fernandes et al. 2003), crustal deformation due to
earthquakes (Montillet et al. 2015), tectonic strain and gla-
cial isostatic adjustment (e.g., Lidberg et al. 2007; Tregoning
and Watson 2009; Steffen and Wu 2011) and vertical land
motion to study the sea level variations (Bos et al. 2013b;
Santamaria-Gomez et al. 2017; Montillet et al. 2018).

These geophysical processes can be modelled by fitting
a composite trend (composed of linear, sinusoidal, offsets
and even nonlinear signals) to the observations. Johnson
and Agnew (1995) pointed out that the noise in GNSS time
series is temporally correlated and that the power spectral
density P of the noise can be described by a power-law noise
model (Williams 2003):

P(f) = Po(f/fo)K (1
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where fis the frequency and P, and f, are two constants
representing the amplitude and reference frequency, respec-
tively, and « is called the spectral index. This type of noise
should be taken into account to avoid an underestimation
of the linear trend uncertainty by a factor of 5-11 (Mao
et al. 1999). This noise behaviour is present in most GNSS
solutions as demonstrated by Williams et al. (2004) who
analysed a global set of 414 GNSS coordinate time series.
They concluded that a combination of a power-law (PL)
noise plus a white noise (WN) model provides an adequate
representation for the noise that existed in most of the time
series. Amiri-Simkooei et al. (2007), Langbein (2008), King
and Williams (2009) and Santamaria-Gémez et al. (2011)
reached similar conclusions with longer time series. Note
that King and Williams (2009) investigated the temporal
correlations of the GNSS time series spanning several years
over short baselines (< 1 km) in order to characterise the
stability of GNSS monuments. On the same topic, Hill et al.
(2009) achieved similar results on the stability of braced
monuments with a short baseline network of stations.
Presently, with the availability at some stations of time
series with a span of more than 20 years, we are able to study
the spectral power at even lower frequencies. This enables
us to verify if the PL + WN model still dominates below
0.1-0.2 cpy in the power spectrum, or if we can detect a
start of a flattening of the power spectral density P(f). This
problem is summarised in Fig. 1 which shows the standard
PL + WN model in black. One of our objectives is to investi-
gate whether we can detect this flattening, represented by the
blue line in Fig. 1. The Generalised Gauss—Markov (GGM)
noise model of Langbein (2004) is suitable to model this
effect. In fact, this flattening of the power spectrum implies

\ random walk

flicker / power—law

power—spectral density

white

Frequency

Fig. 1 Schematic representation of our research objective which tries
to detect flattening of the power-law noise at the low frequencies
(blue line) or increase of the power due to random-walk noise (red
line)

@ Springer

that the noise is no longer a long-memory process which
results in lower uncertainties of the estimated velocity.

Our task is to find the best description of the noise as
the lowest observed frequencies and to extrapolate that to
even lower frequencies using a stochastic model. In addition,
Langbein (2012) has emphasised that random-walk (RW)
noise might exist in the time series which, even small, can
have a significant effect on the estimated trend uncertainty
by a factor of 2 (cf. Fig. 1). This was further investigated by
Dmitrieva et al. (2015) who, by stacking several GNSS time
series, showed that RW noise was indeed present in their
data. Recently, Langbein and Svarc (2019) have analysed a
set of 740 GNSS sites in the western USA. The study sup-
ports that long GNSS time series with at least 9.75 years of
data display significant temporal correlations. Their stochas-
tic noise model is best described by a combination of white,
flicker, random-walk and bandpass filtered noise. Studying
very long time series allows us also to confirm these results.

Most previous studies used the log-likelihood value to
select the optimal noise model. Both Santamaria-Gémez
et al. (2011) and Langbein (2012) used synthetic time series
to determine how well this criterion can be used for noise
model selection. In our research, we extend this approach by
using information criteria. They are originated from signal
processing applied to telecommunications (Akaike 1974).
Unlike the conventional hypothesis testing-based approach,
information criteria do not require any subjective threshold
settings. For example, the number of signals buried in the
receiver’s noise floor is obtained by minimising a nominated
information criterion (Proakis 2001; Hacker and Hatemi
2018). Various criteria have been developed since the pio-
neering work of Akaike (1974) with applications in time
series analysis (Burnham and Anderson 2002). Several stud-
ies (e.g., Bos et al. 2013b) have applied information criteria
to study the impact of the stochastic model on estimated
geophysical signals.

The next section defines the selection of the optimal
stochastic model for a nominated GNSS time series based
on various information criteria. We study in particular the
selection of the stochastic noise model as a function of the
time span of the time series.

2 Choosing the optimal noise model
for GNSS time series

GNSS coordinate time series are assumed to consist of signal
plus noise. Bevis and Brown (2014) introduced the term ‘tra-
jectory model’ to describe the signal and give a detailed over-
view of the various components that are normally included
in this model in addition to the linear trend, such as seasonal
signals, offsets and post-seismic relaxation. The purpose of
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most GNSS time series analysis is to estimate accurately the
parameters within the trajectory model.

We obtain residuals that represent the noise after subtract-
ing the trajectory model from the observations. As mentioned
in the previous section, a PL. model is widely used to describe
the noise at the low frequencies. Furthermore, the spectral
index k in Eq. 1 is normally around — 1 which is called flicker
noise (FN). White noise is mostly present at the high frequen-
cies. The combination of noise models FN + WN has two free
parameters (v=2) which are the two noise amplitudes for each
model. For similar reasons v=3 for the noise model combina-
tion FN+RW + WN. For PL + WN, the number of parameters
is also three since the spectral index also needs to be estimated
in addition to the two noise amplitudes. GGM + WN is similar
to PL+ WN, but it requires another parameter that controls
the frequency where the flattening of the power spectrum at
the low frequencies begins (Langbein 2004), so, v = 4. To
decide which combination of noise models is the most accurate
representation of the real noise, one can use the w-test (Amiri-
Simkooei et al. 2007). One can also compute the likelihood
function L, which depends on the chosen noise model through
the covariance matrix, to select the most likely combination of
noise models. This approach has been followed by Williams
et al. (2004), Langbein (2004), and Amiri-Simkooei (2016).
However, a combination of noise model with more parameters
will normally fit the observed noise better, because of the extra
parameters providing more flexibility. To compensate for this
overfitting, penalty functions can be added to the log-likeli-
hood function. The most widely used are the AIC—Akaike
information criterion (Akaike 1974) and the BIC—Bayesian
information criterion (Schwarz 1978). These criteria are given
by:

AIC = -2log(L) + 2v 2)

BIC = —2log(L) + log(n)v 3)
where n is the number of data points. Due to the minus sign
before the logarithm, the optimum stochastic model is then
chosen by minimising a nominated criterion (e.g., AIC,
BIC). A larger number of parameters v increase the AIC
and BIC value and thus serve as a penalty term. Since we are
studying long time series (n =~ 6000 — log(n) = 8.7), BIC
penalises extra parameters in the noise models more than
AIC, which will affect GGM + WN the most. The BIC is
actually derived by assuming that n is very large (Burnham
and Anderson 2002). In order to avoid this approximation,
the original factor 2z in the derivation presented by Schwarz
(1978) is reintroduced into the criteria, which we call here
BIC_tp:

BIC tp = —2log(L) + 10g<% )v 4)

It results in an information criterion which lies between
AIC and BIC in the weight of the penalty of adding more
parameters in the noise models. All three information crite-
ria have been implemented in the Hector software package
(Bos et al. 2013a), which we used to estimate the parameters
of the different combination of noise models in this study.

3 Evaluation of information criteria
and synthetic time series analysis

To verify the performance of the information criteria we
created synthetic time series with a linear trend, an annual
and semi-annual signal but without data gaps or offsets.
The exact values for this trajectory model varied randomly
between each time series, but the standard deviations of the
trend, annual and semi-seasonal signal amplitudes were
10 mm/year, 2 mm and 0.5 mm, respectively. To these time
series, we added noise of various types. Note that flicker
noise is defined as power-law noise with spectral index
k = —1. To separate the two, we define power-law noise
to have a spectral index of —0.9. Another complication is
that when the parameter ¢ in the GGM is close enough to
1, it becomes equal to pure power-law noise. A value of
¢ =1-10.0017=0.9983 creates a flattening of the spectrum
around a period of 10 years, see Fig. 2. Using the results of
Dmitrieva et al. (2015), the standard deviation o,,, of the
random walk has been set to 2 mm/year’>. For each type of
noise, we created 500 time series, only noise, with a length
of 3000, 6000 and 9000 days (8.2, 16.4 and 24.6 years),
respectively. The amplitude of the FN/PL/GGM noise was
10 mm/yearo‘25 (forx = —1).

Dmitrieva et al. (2017) showed that the estimation
of the linear trend absorbs a part of the noise at the low

10%

107 10° 10" 102
Frequency (cpy)

Fig.2 Power spectral density for GGM with ¢ values of 1-0.0017
and 1-0.02
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frequencies. This creates a slight flattening of the power
spectrum, favouring the GGM noise model. Furthermore,
RW is not always detected by maximum likelihood estima-
tion (Zhang et al. 1997), which converges to zero amplitude
of RW, when the FN amplitude is too large.

The results of our analysis of synthetic time series are
summarised in Tables 1 and 2 which, for two different values
of ¢, list the percentages of how many times the true noise
model was selected, (true positives (TP) in bold) and how
many times another model was selected (false positives, FP).

From Tables 1 and 2, various conclusions can be drawn
which we will also observe in real GNSS time series. First,
Table 1 shows that the log-likelihood criteria, which were
used by most studies, favour the GGM noise model when the
cross-over period is around 10 years. The same applies for
the AIC while BIC and BIC_tp have trouble distinguishing
between GGM and PL/FN noise models.

This situation is significantly improved if we use GGM
time series with a flattening that starts at a period of 1 year
(¢ =1-0.02 =0.98). The influence of the ¢ parameter

Table 1 Results of finding the

. . . Method True model 3000 6000 9000
underlying noise model using
various information criteria GGM PL FN RWEN GGM PL FN RWFN GGM PL FN RWFEN
Log(L) GGM 100 O 0 0 929 0O 0 O 99 1 0 O
PL 9 0 0 0 96 4 0 O 89 10 0 O
FN 100 O 0 0 96 30 0 88 12 0 O
RWFEN 95 2 0 2 58 9 0 22 16 15 0 50
AIC GGM 9 0 1 0 97 0o 2 0 97 0o 2 0
PL 9 0 0 0 96 4 0 O 89 10 0 O
FN 97 0 2 0 89 0 10 0 79 2 18 0
RWEN 81 0 16 1 49 7 23 19 14 11 7 45
BIC GGM 4 0 9 O 6 0 93 0 8 0 91 O
PL 93 0 6 0 96 4 0 O 89 10 0 O
FN 3 0 97 0 3 0 9% O 0 95 O
RWFN 0 97 0 1 8 7 5 4 37 25
BIC_tp GGM 11 0 88 0 13 0 86 O 26 0 73 0
PL 97 0 2 0 96 4 0 O 89 10 0 O
FN 10 0 8 0 10 0 9 0 12 0 8 O
RWFN 7 0 92 1 8 2 78 11 8 5 27 29

Percentages of true positives (in bold) and false positives. ¢ = 1 — 0.0017 = 0.9983 for GGM

Table2 Same as Table 1 but

Method True model 3000 6000 9000
¢ =1-0.02 = 0.98 for GGM
GGM PL FN RWFN GGM PL FN RWFN GGM PL FN RW FN

LogL GGM 100 0O 0 O 100 0o 0 O 100 0O 0 O
PL 33 61 0 O 10 8 0 0 2 98 0 O
FN 33 66 0 O 6 91 2 O 0 9 o0 0
RWEN 12 82 0 4 0O 76 0 23 0o 52 0 47

AIC GGM 100 0o 0 O 100 0O 0 O 100 0o 0 O
PL 38 61 0 O 10 8 0 O 2 98 0 O
FN 29 11 59 0 6 14 79 0 17 82 0
RWFN 10 19 67 3 0 29 51 19 0 24 31 44

BIC GGM 96 0 0 929 0 0 100 o 0 0
PL 37 53 0 10 88 0 2 98 0 O
FN 14 0 8 0 97 0 0 98 0
RWFEN 2 95 1 0 3 87 9 0 3 72 24

BIC_tp GGM 98 0O 1 0 99 0o 0 O 100 0O 0 O
PL 38 57 4 0 10 8 0 O 2 98 0 O
FN 19 78 0 2 0 9 O 0 1 98 0
RWEN 3 392 1 0 6 81 11 0 4 65 29

@ Springer
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on the flattening of the power spectral density is shown in
Fig. 2. If we force a stronger flattening of the power spec-
trum, then it becomes easier to separate the GGM type of
noise from the rest. Table 2 demonstrates this produces true
positive percentages of around 90% for GGM, PL and FN
for all criteria.

Santamaria-Gémez et al. (2011) also found various time
series with GGM noise, but these were discarded in order to
ensure the computed velocity uncertainties were conserva-
tive. Note that even for a cross-over of a year, i.e., Table 2,
and for time series with a length of 8.2 years (n=3000)
around 40% of real PL noise is still classified wrongly as
GGM. In this research, the length of the time series is closer
to 16.4 years (n=6000) and this helps to improve the separa-
tion between GGM and PL noise.

Secondly, both Tables 1 and 2 show that FN + RW has
a low percentage of TP, but the FP percentage is zero. In
other words, if one finds FN +RW noise, then it can be very
confident that it is indeed FN +RW noise. The TP percent-
age depends on the fraction of the FN and RW noise ampli-
tudes. The lower the FN noise, the easier it is to detect RW
noise. Table 2 is also supporting the results established in
Langbein (2012) where the Log(L) criterion selects 50-70%
of the PL noise model instead of the true FN +RW model.
Tables 1 and 2 clearly show the increase in the TP percent-
age of detecting RW, when the length of the time series is
increased.

Last, Tables 1 and 2 also show that the log(L) cannot
separate PL from FN noise. The reason is simply that FN
is equal to PL when the spectral index is — 1. Without extra
penalties for including extra parameter in the noise model,
the two noise models are identical in this particular case.
The BIC_tp criteria can separate FN from PL noise, and to
investigate its discriminating power, we created power-law
noise with a spectral index x ranging from — 1.3 to — 0.7
with synthetic time series of 6000 days. The TP and FP

percentages (for GGM and FN) are shown in Fig. 3. It shows
that within a spectral index range of — 1.05 and — 0.95, pure
flicker noise is the preferred noise model. This gives us an
indication of when one can use a simple FN+ WN noise
model and when one should use a PL + WN noise model.

We repeated these simulations using time series of a
length of 3000 days (8.2 years), and the results are displayed
using dotted lines. Now the range of the spectral index for
which flicker noise model is the preferred is wider. Note that
for these shorter time series we have a higher percentage of
false positives of GGM, see also Tables 1 and 2.

4 The processing of GNSS daily position
time series

We analysed daily time series from 110 stations of the Inter-
national GNSS Service (IGS). The daily positions were com-
puted using GIPSY-OASIS v6.3 (Bertiger et al. 2010) with
the Precise Point Positioning (or PPP) strategy (Zumberge
et al. 1997). This approach, based on undifferentiated data,
permits to compute the positions of each station individu-
ally by using satellite orbit and clock parameters provided
by the Jet Propulsion Laboratory (JPL) that are kept fixed
during the processing leading that the position of the station
is computed by minimising the clock errors of the receiver.
To keep consistency, we also have applied the daily trans-
formation parameters estimated by JPL to align the solution
within ITRF2008. We have carried out a dedicated process-
ing of all IGS stations using the same parameters and mod-
els described by Neres et al. (2016). The observations were
taken between 1996 and 2017, and only time series with
more than 12 years were used.

Before estimating the stochastic and trajectory models
using the Hector software (Bos et al. 2013a, b), we include
several steps to remove outliers and correct known offsets.

Fig.3 The TP percentage for
synthetic power-law time series
of 6000 days for various values
of k. Also shown are the FP per-
centages for the FN and GGM
models. The dotted lines were
computed using time series of
3000 days. Results are obtained
using the BIC_tp criterion and
demonstrate for which spectral
index range FN can be sepa-
rated from PL

% TP (PL)

PL ——
FN ——
GGM ——

% FP (FN and GGM)

spectral index (k)
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Outliers are removed by first fitting the trajectory model to
the observations using a WN model. Afterwards the misfit
between observations and models is estimated. As a rule of
thumb, everything falling outside 3 times the interquartile
range, is considered to be an outlier (Langbein and Bock,
2004). However, the GNSS time series may still contain
various offsets from their nominal values due to either geo-
physical sources (earthquake ruptures) or non-geophysical
errors (antenna height metadata errors, phase centre mod-
elling errors, or other man-made and software-dependent
errors). In this work, we use a new feature from Hector soft-
ware based on automatic offset detection (Fernandes and
Bos 2016). The used trajectory model is a linear trend with
an annual and semi-annual signal plus the aforementioned
offsets.

5 Influence of time span on selection
of noise model

Before analysing our complete set of 110 station, we first
focus on the time series of 20 globally distributed permanent
IGS stations with a time span of over 19.3 years (January
1996—October 2017) and low data missing (i.e., less than 6%
of data gaps). Figure 4 and electronic supplement Table X1
show the selected stations. The average rate of data gaps and
time span are 3.1% (maximum 5.7%) and 21.7 year (mini-
mum 19.3 year) for the 20 IGS stations, respectively.

From these long time series, we produce sub-time series
of 6,9, 12, 15, 18 and 20 years. Each time series is analysed
with Hector, and using the various information criteria, the
optimal noise model is selected (see Electronic Supplement
Table X2, X3 and X4). Using the results from the analysis

Fig.4 Distribution of the ana-
lysed 20 IGS stations

30°

-30°
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of synthetic time series, we only consider the detection of
GGM as the most probably noise model significant if the
value of ¢ < 0.98. The latter parameter is also estimated by
Hector. If this condition is not met, then the second most
likely noise model is chosen. Without this condition, AIC
would detect a GGM noise model in around 90% of the sta-
tions, in agreement with our results shown in Table 1. Fig-
ure 5 displays the results for the sub-time series with length
equal to 6 and 20 years.

It can be seen that there are two stations which have
FN +RW + WN as their optimal noise model but only for
the longest time series in agreement with our synthetic time
series analysis results discussed in Sect. 2. Several studies,
including Williams et al. (2004), showed that the detection
of the RW noise becomes easier with longer and longer
time series. Figure 5 demonstrates this for stations HOFN
and MONP. Another example is the East component of the
station GUAM; for time series with a length of 6 years,
the Hector software estimates a zero RW noise amplitude.
However, for time series with a length of 20 years, Hector
estimates a RW amplitude of 1.3 mm/year’>. As shown in
Sect. 2, there is no false detection of RW noise for any of the
information criteria, so this detection of RW is very likely
to be correct.

Figure 6 displays the power spectral density (PSD) of
the residual time series for one component of three selected
GNSS stations. The left panel shows the standard PL + WN
noise at DRAO, up component, which is present in most
GNSS time series. The middle panel shows a distinct incre-
ment of the spectral index at the low frequencies for the
East component of HOFN, due to the presence of RW noise.
Finally, the right panel shows the flattening of the noise of
the Up component of WSRT when the GGM noise is used.
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Fig. 7 Evolution of velocity uncertainty of GNSS time series with different stochastic model and increasing time span

6 Influence of stochastic noise model
and time span on velocity uncertainties

In the previous section, we discussed the selection of the
best noise model. In this section, we explore their influ-
ence on the velocity uncertainties. Figure 7 displays the
evolution of velocity uncertainty for 4 different noise

models as function of the length of the time series for
stations ALBH, DRAO and MASI1 for the three compo-
nents. The velocities were estimated using Hector by fit-
ting a standard trajectory model to the observations which
includes an annual and semi-annual signal. We also cor-
rected for offsets.

Figure 7 shows that in most cases the trend uncertainty
for the noise models FN + WN and FN + WN +RW are in

Table 3 Foraslction and amplitude Site Fraction (%) Amplitude Site Fraction (%) Amplitude

(mm/year”~) of RW component

under the assumption of ALBH_E 1.99 3.9 HOFN_E 0.10 0.8

FN+RW+WN model for time iy 0.55 2.9 JPLM_N 0.49 1.9

series of stations with~20 years

data span CROI_E 0.49 2.7 MKEA_E 0.03 0.6
CROI_N 0.24 1.8 MKEA_U 0.11 32
GOLD_E 0.05 0.8 MONP_N 0.55 2.1
GOLD_N 0.17 1.4 VILL_E 0.34 1.7
GUAM_E 0.07 1.3 VILL_N 0.21 1.3
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agreement. If the maximum likelihood estimation method
used in Hector does not find the random-walk noise, then it
sets the RW amplitude to zero. Table 3 displays the fraction,
indicating the amount of RW noise, and amplitude of RW
component (in mm/year®>) for the stations’ coordinate with
a nonzero value, under the assumption of FN+RW +WN
model for time series with a data span of approximately
20 years.

For some components, we can see that the ratio
FN+ WN+RW/FN + WN is around 1 which indicates that
no RW component was found. However, when RW noise
is present, there is a relatively large effect on the velocity
uncertainty. This analysis implies that a small portion of RW
noise can cause a significant effect on the velocity uncer-
tainty, supporting previous studies (e.g., Langbein 2012).
This factor can increase to 8.4 for stations with large RW
noise such as ALBH. Note that ALBH station records slow
slip events due to silent earthquakes in the Cascadia range
(Melbourne and Webb 2003). Thus, most of the found RW
noise may result from the residual misfit between the func-
tional model and the time series.

To make further analysis on the effect of different noise
models on the GNSS station velocity uncertainty, the evo-
lution of ratio of velocity uncertainty on FN+RW + WN,
GGM + WN and PL + WN model over FN + WN from 6 to
20 year in Table X5 (Electronic supplement). For the ana-
lysed 20 IGS stations, we find that the ratio FN+ WN +RW/
FN + WN is sometimes around 1. Besides, it can be seen
from Fig. 6 and Table X5 that the GGM model fits better
than other models when increasing the length of the time
series and thus validating the assumption of a flattening of
the power-spectra in time. Furthermore, we analyse the evo-
lution of the fraction of velocity uncertainty FN+RW + WN,
GGM + WN, PL + WN over FN+ WN from 6 to 20 year.
Table 4 shows a statistical analysis on the average effect of
the evolution on the fraction of velocity uncertainty for the

7 Results of the analysis of 110 IGS stations

We now present the results using the 110 stations from the
IGS core network with more than 12 years of observations.
As mentioned in Sect. 4, the used trajectory model is a linear
trend, an annual and semi-annual signal and offsets. Each time
series was analysed using GGM + WN, PL+WN, FN+WN
and RW + FN + WN noise models. The selection of best noise
model is based on BIC_tp and we used a minimum cross-
over period of 1 year for the GGM model to ensure proper
separation from the other noise models. The results are sum-
marised in Table 5. Figure 8 shows the spatial distribution
of selected noise models for the three components. It can be
seen that the noise model shows some diversity, without one
particular model emerging in particular. But there is a slight
difference between the stochastic models selected on the Hori-
zontal (East, North) and Up components. This difference can
be attributed to the fact that the vertical component is generally
much noisier than the other two components, with large white
noise amplitude (Williams et al. 2004; Montillet et al. 2013).
Although Fig. 8 shows that there is no relationship between
the spatial distribution of the stations and the optimal selected
stochastic model (i.e., FN+ WN, PL+WN, and GGM + WN),
the inclusion of the RW component in the FN + WN model
seems to be mainly located at stations close to the coastline
(d < 10 km to the shore, such as ASPA). This result may be
explained by the fact that those areas have high water content
(soil water and ground water), hence associated with low-noise
sites (Finnegan et al. 2008; Langbein and Svarc 2019). Note
that the overall percentage of including the RW component in
the stochastic model for the coordinates is 6.1%. Moreover,

Table 5 Distribution of selected noise models per component using
BIC_tp

) . hti | hat th Model FN+WN+RN FN+WN GGM+WN PL+WN
0 stations at both time scales. It can be seen that t .e trend compo- (%) %) %) %)
error should be made smaller by a factor of approximately  nent
0.55 (between 0.5 and 0.6) with GGM + WN compared with
East 5.5 51.8 3.6 39.1
FN + WN model.
North 8.2 56.4 5.5 30.0
Up 4.5 34.5 12.7 48.2
Table 4 .Evolution Of Time span East North Up
the fraction of velocity
uncertainty FN+RW + WN, A B C A B C A B C
GGM + WN, PL +WN over
FN+WN from 6 to 20 year. 6 1.2 0.6 1.0 1.2 0.5 0.9 1.0 04 0.8
Ratiogy, mwvwmyyanewm = A 9 1.4 0.5 1.0 1.0 0.6 0.9 1.0 0.5 0.8
gaff”GGMWN/(FMWN) =CB’ 12 15 0.6 1.1 13 0.6 1.0 1.0 0.5 0.8
atio =
TOPLAWN [(FN+WN) 15 1.7 0.6 1.1 1.5 0.6 1.1 1.0 0.5 0.9
18 1.8 0.7 1.1 1.8 0.7 1.2 1.0 0.5 0.9
20 1.9 0.7 1.2 1.8 0.7 1.2 1.1 0.6 0.9
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Fig.8 Spatial distribution of stochastic properties of 110 IGS GNSS time stations by component. It is also shown the stations with significant

RW

Amiri-Simkooei et al. (2007) developed a method to detect
the RW noise and whether to include it in the stochastic noise
model of the time series, based on the w-test. Comparing our
results with this study, this method is more sensitive to this
type of noise, with an average 47% overall their stations, than
our algorithm based on BIC_tp. Nevertheless, in Table 5,
FL +WN and PL + WN models appear to be the best noise
models, accounting for 90.9%, 87.3%, 83.6% for North, East
and Up components, respectively. GGM + WN fits the time
series mainly in the Up component (about 12.7%).

Looking at the spectral index of the analysed 110 stations
whose preferred noise model is PL + WN, we find that the
spectral index is outside of the interval —1.05 to —0.95.
Overall, the results show that the PL+ WN and FN + WN
are still the most likely selected noise models looking at all
components in Table 5, with a combined percentage varying
between 83 and 90%, when BIC_tp is used.

8 Conclusions
The most common model to describe the stochastic prop-

erties of the noise in GNSS time series is power-law plus
white noise (PL + WN). Using 110 time series of IGS

@ Springer

stations with a time span longer than 12 years, we have
investigated if this is still the best choice. A property of
power-law noise is that in the frequency domain the power
increases for decreasing frequency. For very long GNSS
time series, we investigated if the power spectrum of the
noise is not showing any signs of flattening which could
be described by the Generalised Gauss—Markov (GGM)
noise model developed in Langbein (2004). To objectively
select the best noise model, we have investigated vari-
ous criteria such as the log-likelihood value, the Akaike
information criterion (AIC) and the Bayesian information
criterion (BIC). Their performance was quantified by ana-
lysing various batches of 500 simulated time series with
a length of 8.2, 16.4 and 24.6 years and with known noise
characteristics. We found that when the flattening of the
power spectrum at the low frequencies is small, both the
log(L) and AIC are biased towards the selection of the
GGM noise model. Slightly better results are obtained
using the BIC. We also modified BIC by reintroducing
the factor 2z in its derivation which decreases the penalty
of adding more parameters in the noise model and called
it BIC_tp. Its performances are very similar to that of BIC,
although it has a 5% better chance of detecting random-
walk noise (RW).
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For the analysed 110 stations, the results show that the
PL +WN and FN+ WN are still the most common stochastic
noise models with a combined percentage varying between
83 and 90%.

RW has been detected more frequently in the time series
associated with the horizontal components than in the vertical
one. In our set of 110 stations, we found that about 4.5-8.2%
contained RW noise in the three components. The linear trend
uncertainty for these stations is varying by a factor of 1.5-8.4
larger compared with the one estimated with a FL + WN
model, agreeing with previous studies such as Langbein
(2012) and Langbein and Svarc (2019).

Previous studies have demonstrated that the linear trend
fitted to the observations absorbs partially the noise at the
low frequencies (Dmitrieva et al., 2017), creating a small flat-
tening of the power spectrum. To minimise this problem, we
have taken a conservative approach, selecting only time series
showing a strong flattening, which started at 1 year, to be more
realistic. Despite this conservative approach, our results show
that GGM + WN is the optimal noise model for 3.6 and 5.5%
of the stations for the horizontal components (i.e., East and
North, respectively), and 12.7% for the vertical component.
For these stations, the uncertainty associated with the esti-
mated tectonic rate is around a factor of two smaller than when
the standard PL + WN model is applied. Santamaria-Gémez
et al. (2011) did not find any significant GGM noise which is
probably caused by their shorter time series which prevented
a good separation of GGM with PL/FN and forced them to
discard this type of noise. Our research has shown that this
is no longer the case and that GGM should be included on a
routine basis in the selection of a proper noise model in GNSS
time series, especially for the vertical component.

Acknowledgements We would like to acknowledge Dr. Jiirgen Kusche
(Editor-in-Chief) and the anonymous reviewers for their valuable com-
ments and suggestions. Machiel Bos was sponsored by national Portu-
guese funds through FCT in the scope of the Project IDL-FCT-UID/
GEO/50019/2019 and Grant Number SFRH/BPD/89923/2012. The
Portuguese team used computational resources provided by C4G—
Collaboratory for Geosciences (PINFRA/22151/2016), supported by
FCT (Portugal). Note that the latest version of the software Hector
used to produce the results in this work is available at (http://segal.ubi.
pt/hector/). Xiaoxing was sponsored by National key R&D Program
of China (2018YFC1503600), Nation science foundation for distin-
guished young scholars of China (41525014), National Natural Sci-
ence Foundation of China (41704030, 41804007, 41604013, 41674005,
41501502, 41761089), Jiangxi Province Key Lab for Digital Land
(DLLJ201801 & 03), Natural Science Foundation of Jiangxi Province
(20181BAB203027) and Chongqing Bureau of Quality and technology
Supervision (CQZJKY2018004).

References

Akaike H (1974) A new look at the statistical model identification.
IEEE T Automat Contr 19:716-723

Amiri-Simkooei AR (2016) Non-negative least-squares vari-
ance component estimation with application to GPS time
series. J Geodesy 90:451-466. https://doi.org/10.1007/s0019
0-016-0886-9

Amiri-Simkooei A, Tiberius C, Teunissen P (2007) Assessment of
noise in GPS coordinate time series: methodology and results. J
Geophys Res-Solid. https://doi.org/10.1029/2006JB004913

Bertiger W, Desai SD, Haines B, Harvey H, Moore AW, Owen S (2010)
Weiss JP 84:327-337. https://doi.org/10.1007/s00190-010-0371-9

Bevis M, Brown A (2014) Trajectory models and reference frames
for crustal motion geodesy. J Geodesy 88:283-311. https://doi.
org/10.1007/s00190-013-0685-5

Blewitt G (1993) Advances in global positioning system technology for
geodynamics investigations: 1978-1992. Contributions of Space
Geodesy to Geodynamics: Technology 25:195-213

Bos MS, Fernandes RMS, Williams SDP, Bastos L (2013a) Fast error
analysis of continuous GNSS observations with missing data. J
Geodesy 87:351-360. https://doi.org/10.1007/s00190-012-0605-0

Bos MS, Williams SDP, Aragjo IB, Bastos L (2013b) The effect of tem-
poral correlated noise on the sea level rate and acceleration uncer-
tainty. Geophys J Int 196(3):1423-1430. https://doi.org/10.1093/
gji/ggt481

Burnham KP, Anderson DR (2002) Model selection and multimodel
inference. Springer, New York. https://doi.org/10.1007/b97636

Dmitrieva K, Segall P, DeMets C (2015) Network-based estimation
of time-dependent noise in GPS position time series. ] Geodesy
89:591-606. https://doi.org/10.1007/s00190-015-0801-9

Dmitrieva K, Segall P, Bradley A (2017) Effects of linear trends on
estimation of noise in GNSS position time-series. Geophys J Int
208:281-288. https://doi.org/10.1093/gji/ggw391

Fernandes RMS, Bos MS (2016) Applied automatic offset detection
using HECTOR within EPOS-IP Time- series, AGU Fall Meeting,
G51A-1084, San Francisco, USA

Fernandes RMS, Ambrosius BAC, Noomen R, Bastos L, Wortel MIR,
Spakman W, Govers R (2003) The relative motion between Africa
and Eurasia as derived from ITRF2000 and GPS data. Geophys
Res Lett. https://doi.org/10.1029/2003GL017089

Finnegan NJ, Pritchard ME, Lowman RB, Lundgren PR (2008) Con-
straints on surface deformation in the Seattle, WA, urban corridor
from satellite radar interferometry time-series analysis. Geophys J
Int 174:29-41. https://doi.org/10.1111/j.1365-246X.2008.03822.x

Gordon RG, Stein S (1992) Global tectonics and space geodesy. Sci-
ence 256:333

Hacker RS, Hatemi JA (2018) Model Selection in Time Series Analy-
sis: Using Information Criteria as an Alternative to Hypothesis
Testing. arXiv preprint arXiv:1805.08991

He X, Montillet JP, Fernandes R, Bos M, Yu K, Hua X, Jiang W (2017)
Review of current GPS methodologies for producing accurate
time series and their error sources. ] Geodyn 106:12-29

Hill EM, Davis JL, Wernicke BP, Malikowski E (2009) Niemi NA
(2009) Characterization of site-specific GPS errors using a short-
baseline network of braced monuments at Yucca Mountain, south-
ern Nevada. Journal of Geophysical Research: Solid Earth. https
://doi.org/10.1029/2008JB006027

Johnson HO, Agnew DC (1995) Monument motion and measurements
of crustal velocities. Geophys Res Lett 22:2905-2908. https://doi.
org/10.1029/95GL02661

King MA, Williams SD (2009) Apparent stability of GPS monumen-
tation from short-baseline time series. Journal of Geophysical
Research: Solid Earth. https://doi.org/10.1029/2009JB006319

Langbein J (2004) Noise in two-color electronic distance meter meas-
urements revisited. J Geophys Res 109:B04406. https://doi.
org/10.1029/2003JB002819

Langbein J (2008) Noise in GPS displacement measurements from
Southern California and Southern Nevada. J Geophys Res
113:5405. https://doi.org/10.1029/2007JB005247

@ Springer


http://segal.ubi.pt/hector/
http://segal.ubi.pt/hector/
https://doi.org/10.1007/s00190-016-0886-9
https://doi.org/10.1007/s00190-016-0886-9
https://doi.org/10.1029/2006JB004913
https://doi.org/10.1007/s00190-010-0371-9
https://doi.org/10.1007/s00190-013-0685-5
https://doi.org/10.1007/s00190-013-0685-5
https://doi.org/10.1007/s00190-012-0605-0
https://doi.org/10.1093/gji/ggt481
https://doi.org/10.1093/gji/ggt481
https://doi.org/10.1007/b97636
https://doi.org/10.1007/s00190-015-0801-9
https://doi.org/10.1093/gji/ggw391
https://doi.org/10.1029/2003GL017089
https://doi.org/10.1111/j.1365-246X.2008.03822.x
http://arxiv.org/abs/1805.08991
https://doi.org/10.1029/2008JB006027
https://doi.org/10.1029/2008JB006027
https://doi.org/10.1029/95GL02661
https://doi.org/10.1029/95GL02661
https://doi.org/10.1029/2009JB006319
https://doi.org/10.1029/2003JB002819
https://doi.org/10.1029/2003JB002819
https://doi.org/10.1029/2007JB005247

1282

X.Heetal.

Langbein J (2012) Estimating rate uncertainty with maximum likeli-
hood: differences between power-law and flicker-random-walk
models. J Geodesy 86:775-783. https://doi.org/10.1007/s0019
0-012-0556-5

Langbein J, Bock Y (2004) High-rate real-time GPS network at Park-
field: utility for detecting fault slip and seismic displacements.
Geophys Res Lett 31:L15S20. https://doi.org/10.1029/2003G
L019408

Langbein J, Svarc J (2019) Evaluation of temporally correlated noise in
GNSS time series: geodetic monument performance. J Geodesy.
https://doi.org/10.1029/2018JB016783

Lidberg M, Johansson JM, Scherneck H-G, Davis JL (2007) An
improved and extended GPS-derived 3D velocity field of the
glacial isostatic adjustment (GIA) in Fennoscandia. J Geodesy
81:213-230. https://doi.org/10.1007/s00190-006-0102-4

Mao A, Harrison CGA, Dixon TH (1999) Noise in GPS coordi-
nate time series. J Geophys Res 104:2797-2816. https://doi.
org/10.1029/19981B900033

Melbourne TI, Webb FH (2003) Slow But Not Quite Silent. Science
300(5627):1886-1887. https://doi.org/10.1126/science.1086163

Montillet JP, McClusky S, Yu K (2013) Extracting colored noise
statistics in time series via Negentropy. IEEE Signal Proc Lett
20(9):857-860. https://doi.org/10.1109/LSP.2013.2271241

Montillet JP, Williams SDP, Koulali A, McClusky SC (2015) Estima-
tion of offsets in GPS time-series and application to the detec-
tion of earthquake deformation in the far-field. Geophys J Int
200(2):1207-1221. https://doi.org/10.1093/gji/ggud 73

Montillet JP, Melbourne TI, Szeliga WM (2018) GPS vertical land
motion corrections to sea-level rise estimates in the Pacific
Northwest. J Geophys Res 123(2):1196-1212. https://doi.
org/10.1002/2017JC013257

Neres M, Carafa MMC, Fernandes RMS, Matias L, Duarte JC, Barba
S, Terrinha P (2016) Lithospheric deformation in the Africa-
Iberia plate boundary: improved neotectonic modeling testing a
basal-driven Alboran plate. J] Geophys Res 121(9):6566—6596.
https://doi.org/10.1029/2003GL017089

@ Springer

Proakis JG (2001) Digital communications, 4th edn. McGraw-Hill
Higher Education. ISBN: 0072321113

Santamaria-Gémez A, Bouin M-N, Collilieux X, Woppelmann G
(2011) Correlated errors in GPS position time series: implica-
tions for velocity estimates. J] Geophys Res 11:1405. https://doi.
org/10.1029/2010JB007701

Santamaria-Gémez A, Gravelle M, Dangendorf S, Marcos M, Spada
G, Woppelmann G (2017) Uncertainty of the 20th century sea-
level rise due to vertical land motion errors. Earth Planet Sci Lett
473:24-32

Schwarz G (1978) Estimating the dimension of a model. Ann Statist
6:461-464. https://doi.org/10.1214/a0s/1176344136

Steffen H, Wu P (2011) Glacial isostatic adjustment in Fennoscandia—
areview of data and modeling. J Geodyn 52:169-204. https://doi.
org/10.1016/j.jog.2011.03.002

Tregoning P, Watson C (2009) Atmospheric effects and spurious signals
in GPS analyses. ] Geophys Res. https://doi.org/10.1029/2009]
B006344

Williams SDP (2003) The effect of coloured noise on the uncertainties
of rates from geodetic time series. J Geodesy 76:483-494. https://
doi.org/10.1007/s00190-002-0283-4

Williams SDP, Bock Y, Fang P, Jamason P, Nikolaidis RM, Prawi-
rodirdjo L, Miller M, Johnson DJ (2004) Error analysis of continu-
ous GPS position time series. ] Geophys Res 109:B03412. https
://doi.org/10.1029/2003JB002741

Zhang J, Bock Y, Johnson H, Fang P, Williams S, Genrich J, Behr J
(1997) Southern California permanent GPS geodetic array: error
analysis of daily position estimates and site velocities. ] Geophys
Res 102(B8):18035-18055. https://doi.org/10.1029/97JB01380

Zumberge JF, Heflin MB, Jefferson DC, Watkins MM, Webb FH
(1997) Precise point positioning for the efficient and robust
analysis of GPS data from large networks. J Geophys Res
102(B3):5005-5017


https://doi.org/10.1007/s00190-012-0556-5
https://doi.org/10.1007/s00190-012-0556-5
https://doi.org/10.1029/2003GL019408
https://doi.org/10.1029/2003GL019408
https://doi.org/10.1029/2018JB016783
https://doi.org/10.1007/s00190-006-0102-4
https://doi.org/10.1029/1998JB900033
https://doi.org/10.1029/1998JB900033
https://doi.org/10.1126/science.1086163
https://doi.org/10.1109/LSP.2013.2271241
https://doi.org/10.1093/gji/ggu473
https://doi.org/10.1002/2017JC013257
https://doi.org/10.1002/2017JC013257
https://doi.org/10.1029/2003GL017089
https://doi.org/10.1029/2010JB007701
https://doi.org/10.1029/2010JB007701
https://doi.org/10.1214/aos/1176344136
https://doi.org/10.1016/j.jog.2011.03.002
https://doi.org/10.1016/j.jog.2011.03.002
https://doi.org/10.1029/2009JB006344
https://doi.org/10.1029/2009JB006344
https://doi.org/10.1007/s00190-002-0283-4
https://doi.org/10.1007/s00190-002-0283-4
https://doi.org/10.1029/2003JB002741
https://doi.org/10.1029/2003JB002741
https://doi.org/10.1029/97JB01380

	Investigation of the noise properties at low frequencies in long GNSS time series
	Abstract
	1 Introduction
	2 Choosing the optimal noise model for GNSS time series
	3 Evaluation of information criteria and synthetic time series analysis
	4 The processing of GNSS daily position time series
	5 Influence of time span on selection of noise model
	6 Influence of stochastic noise model and time span on velocity uncertainties
	7 Results of the analysis of 110 IGS stations
	8 Conclusions
	Acknowledgements 
	References




