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Abstract: Noise model selection criteria has a significant impact on identifying the stochastic noise 
properties of any GNSS daily coordinate time series. The low-frequency random walk noise existing 
in these time series could lead to overestimation of the tectonic rate, so it is of great significance to 
accurately detect the random walk component. This study focuses on noise model estimation crite-
rion (BIC_tp) derived from the AIC and the BIC by introducing 2π factors. It is more sensitive to 
abnormal steps (random jumps). Using observation data from 72 GNSS stations from 1992 to 2022 
and simulated data, four combined noise models are used to explore the impacts of time series 
lengths (ranging from2 to 24 years) and data loss (between 2% and 30%) on noise models and ve-
locity estimation. The results show that as the time length increased, the selected optimal noise 
model, and the estimated uncertainty of the tectonic trend with different data gap, gradually con-
verge. When the time length is short (less than 8 years), it could lead to the FNRWWN, FNWN, and 
PLWN models being mistakenly estimated as GGMWN models, thereby affecting the accuracy of 
determining the station velocity parameters. When the time length is 12 years, the RW noise com-
ponent is more probably detected, As the time length increases, the impact of RW on velocity un-
certainty is weakened. Finally, we conclude that for a time series with a minimum time length of 12 
years, both the selection of the optimal stochastic noise model and the estimation of the velocity 
parameters are reliable. 

Keywords: GNSS time series; time length; missing data; noise analysis; velocity estimation 
 

1. Introduction 

The continuous operation of global navigation satellite system (GNSS) stations for over 20 years 
has provided valuable data that has been fundamental for geodesy and geodynamics research. GNSS 
has seen tremendous advances in the precision of the measurements, which allow researchers to 
study geophysical [1], plate tectonic [2–4] and post-glacial rebound [5], crustal deformation [6], land-
slide movement [7], ground subsidence [8], sea level change [9–12], or environmental loading [13]. 

Furthermore, the velocity uncertainty of GNSS stations is directly related to the parameters of 
the noise model of the GNSS time series. Selecting the optimal noise model is a key to obtain a reliable 
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velocity estimate and associated uncertainty [14,15]. An inappropriate noise model could bias the 
estimation of this parameter, which could then affect the results of GNSS in high-precision geody-
namics studies [16,17]. The study of the noise characteristics of a GNSS time series is of great im-
portant for GNSS velocity and uncertainty estimations. 

Currently, the optimal stochastic noise model of a GNSS coordinate time series is generally cho-
sen as a flicker noise and white noise (FNWN) [18-21]. Li et al. [22] analyzed the noise characteristics 
of 11 international GNSS service (IGS）stations in mainland China, and the results showed that the 
diversity of the noise models included FNWN, flicker noise and random walk noise and white noise 
(FNRWWN), power law noise and white noise (PLWN), and first-order Gauss–Markov noise 
(FOGM) noises. It has been demonstrated that the noise associated with GNSS time series can be 
characterized as WN plus colored noise. The colored noise is generally modeled as a PLWN [23] 
including the FN noise, the RW noise, and generalized Gauss–Markov and white noise (GGMWN). 
FN and RW are special case of the power-law noise following [24,25]. He et al. [26] studied 110 IGS 
stations and found that when observed over a time length of at least 12 years, they identified the 
presence of RW, which increased the uncertainty of the linear trend by a factor from approximately 
1.5 to 8.4 depending on the selected stochastic noise model. However, the actual noise characteristics 
of the GNSS station are more complicated. With the continuous accumulation of the GNSS data, the 
long-period noise components (e.g., RW) could become more important, which then provide favora-
ble conditions for detecting their existence. Regarding the identification of the noise model for a 
GNSS time series, most scientists  have adopted the power spectrum analysis method and the max-
imum likelihood estimate (MLE）method for noise model analysis [27]. The power spectrum anal-
ysis method can provide a qualitative estimate of the noise model, but its resolution for low-fre-
quency noise (e.g., RW noise) is low. The MLE method accurately estimate the characteristic param-
eters of the noise model However when the number of model parameters increases, the results   
show a significant bias. To overcome the shortcomings of the MLE method, Akaike [28] proposed 
noise-model-estimation criteria based on Akaike information criteria (AIC) and Bayesian information 
criteria (BIC) [29]. 

Bos et al. [30] proposed using AIC or BIC values to select relatively better noise models. Amiri-
Simkooei et al. [31,32]. proposed a W-test method to select the optimal noise model. The AIC/BIC 
model estimation criteria improve the accuracy and the efficiency of noise model selection, to some 
extent. However, when the complexity of the model increases, the model selected by the AIC does 
not converge to a true model. BIC displays a similar weakness especially with the GGM model. More-
over, this method has shown certain divergent properties [14]. Here, we use the BIC true positives 
(BIC_tp) in order to select the optimal noise model. 

Moreover, missing data is a persistent issue in the analysis of the GNSS station coordinate time 
series. Missing data can disrupt the continuity and the integrity of the time series, which has the 
potential of biasing the estimated model parameters. It is necessary to investigate the effects of the 
data gaps on the noise model and velocity estimation.  

This paper is organized as follows: Section 2 describes the data and noise models and the selec-
tion criteria (including AIC, BIC, and the new BIC_tp). Section 3 shows the results varying the time 
length and the length of the data gap in the model selection and the estimation of stochastic noise 
parameters. Section 3 discusses the influence of time length and missing data on the noise model. 
Section 4 discusses the influence of the velocity and the velocity uncertainty, due to the time length 
and missing data. Section 5 concludes this work. 

2. Materials and Methods 

2.1. Data 

2.1.1 GNSS Time Series 

We analyzed analyze daily time series from 72 GNSS stations from the Enhanced Solid Earth 
Science ESDR System [33,34], and the distribution of the selected 72 GNSS stations is shown in Figure 
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1. GIPSY software is used to solve the daily solution of GNSS data, and the inter-quartile-range (IQR) 
method is used to eliminate gross errors in the resultant time series in order to obtain a "clean" daily 
position coordinate time series. In addition, offsets could have a significant impact on the noise model. 
In this work, the offsets detection method is the automatic offset detection algorithm developed by 
Fernandes and Bos [2,3,35]. 

 
Figure 1. Distribution map of GNSS stations. The red dots represent the location of the GNSS stations 
used in this study. 

2.2.2 Simulation Time Series 

The classic trajectory model is used to simulate the GNSS coordinate time series [36]: 
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where it  ( 1i N  ) is the observation time (unit: a); a and b are the starting position and the velocity 
of the observation station's coordinate time series; c and d represent the annual motion of the station; 
e and f represent the semi-annual motion of the station; ( )H   is the Heaviside step function; jg is the

eqT  sudden change value at the time of earthquake occurrence; gn  is the number of earthquakes 

that occurred ( hn 、 kn  have the same meaning); jh  is the rate of change in the station’s velocity 

after earthquakes; jk  is the postT magnitude of post-seismic relaxation or slip displacement at a spe-

cific time; j  is the relaxation time constant of the station after the earthquake, and iv  is the ob-

servation error. 
The simulated station time series range from 2 to 30 years (denoted in the following as 2a, 4a, 6a, 

8a, 10a, 12a, 14a, 16a, 18a, 20a, 22a, 24a, 26a, 28a, 30a), with 100 stations simulated for each case. 
Various 30 year-long simulated time series are displayed in Figure 2 with different noise models. 
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Figure 2. The 30 year-long simulated time series with different noise models. 

2.2. Methods 

Bos [35] propose an estimation method that combined the AIC and BIC (AIC/BIC) noise model 
to overcome the bias of MLE, where the larger the MLE value, the greater the bias. AIC and BIC are 
used to estimate the noise model, and the smaller the AIC and BIC values, the closer the correspond-
ing model is to the true model [37]. 

Studies have shown that the model selected for the AIC noise model estimation could not con-
verge to the true model, and the BIC could not accurately identify the GGM models due to a diver-
gence. Based on these factors, we follow the work of He et al (2019) noise model estimation criteria 
[26]. 

                     _ 2log( ) log( )
2
nBIC tp L v


                     (2) 

where L is the likelihood function, n is the length of the time series, and k is the number of variables 
in the model, v is the number of model parameters, and F is the Fisher information matrix. More 
detailed information about the noise model estimation criteria can be obtained at He et al. in 2019 
[26,38]. 

3. Results 

3.1. Impact of Time Span and Missing data on the Noise Model  

3.1.1 Simulated Noise Model Estimation 

Table 1 shows the noise model estimation results using the FNRWWN model. We find that 
BIC_tp is more sensitive to RW noise and more likely to identify RW noise in the time series, as com-
pared to the other information criteria. The detection success rate reaches 95% when the time length 
is about 12 years, and when the time length is greater, the detection rate is close to 1. 

Our analysis of the results for the FNWN model show that the accuracy is 100% for time lengths 
of 4 years and longer as shown in Table 1. In addition, when using the FNWN model, the probability 
of 0 is associated with finding the FNRWWN mode. 
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Table 1. The results of the selected noise model using the BIC_tp and varying the length of 
the simulated time series. 

Model 
 

Length 

FNRWWN  FNWN  
FNR

W 
WN 

FN 
WN 

GG
M 

WN 

PL 
WN 

FNR
W 

WN 

FN 
WN 

GG
M 

WN 

PL 
WN 

2a 14 74 0 12 0 99 1 0 
4a 58 21 0 21 0 100 0 0 
6a 74 4 0 22 0 100 0 0 
8a 79 1 0 20 0 100 0 0 

10a 84 1 0 15 0 100 0 0 
12a 95 0 0 5 0 100 0 0 
14a 94 0 0 6 0 99 0 1 
16a 95 0 0 5 0 99 0 1 
18a 94 0 0 6 0 99 0 1 
20a 94 0 0 6 0 100 0 0 
22a 97 0 0 3 0 99 0 1 
24a 97 0 0 3 0 99 0 1 
26a 98 0 0 2 0 100 0 0 
28a 98 0 0 2 0 100 0 0 
30a 99 0 0 1 0 100 0 0 

Regarding the analysis of the noise model estimation results for the GGMWN and PLWN sim-
ulated, Table 2 shows that when the estimation length is 12a, the BIC_tp noise model detection rate 
for both models is as high as 100%. At 2a, the GGMWN model is erroneously estimated as the 
FNRWWN model, but the probability of detecting it as the FNWN model is 0. When the time length 
is less than 12a, the PLWN noise model could also be misidentified as the FNRWWN or GGMWN 
models. However, when the time length is greater than or equal to 12a, the detection rate of the 
BIC_tp noise model is 1, demonstrating the accuracy of the BIC_tp model estimation. Considering 
the limitations of the measured GNSS observation data, especially for high-precision geodynamic 
research, it is not possible to provide longer time series. Therefore, studying time series with a time 
length great than 12a is recommended. 

Table 2. BIC_tp estimation results for GGMWN and PLWN simulation time series. 

Model 
 

Length 

GGMWN  PLWN  
FNR

W 
WN 

FN 
WN 

GG
M 

WN 

PL 
WN 

FNR
W 

WN 

FN 
WN 

GG
M 

WN 

PL 
WN 

2a 5 0 2 93 29 0 2 69 
4a 0 0 12 88 7 0 0 93 
6a 0 0 52 48 3 0 0 97 
8a 0 0 77 23 1 0 1 98 

10a 0 0 94 6 0 0 1 99 
12a 0 0 100 0 0 0 0 100 
14a 0 0 100 0 0 0 0 100 
16a 0 0 100 0 0 0 0 100 
18a 0 0 100 0 0 0 0 100 
20a 0 0 100 0 0 0 0 100 
22a 0 0 100 0 0 0 0 100 
24a 0 0 100 0 0 0 0 100 
26a 0 0 100 0 0 0 0 100 
28a 0 0 100 0 0 0 0 100 
30a 0 0 100 0 0 0 0 100 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 June 2023                   doi:10.20944/preprints202306.1667.v1

https://doi.org/10.20944/preprints202306.1667.v1


 

 

3.1.2. Effect of Missing Data on Noise Model 

The duration of the GNSS time series has a significant impact on the noise model selection. When 
analyzing the GNSS time series, it is necessary to ensure the reliability of the data (e.g., no large gaps) 
[39-41]. To explore the impact of data gaps on the noise model selection and estimated velocity, we 
simulate 100 time series with various lengths as described in the previous section. Missing rate is set 
to 2%, 5%, 8%, 10%, 12%, 15%, 18%, 20%, 25%, and 30%. The FNRWWN, FNWN, GGMWN, and 
PLWN noise models used in the optimal noise model selection using BIC_tp. Figure3 shows the re-
sults. 
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Figure 3. Probability of detection for different noise models as a function of the missing data (Gap) 
and length of the time series (Time). 

According to the distribution of the different noise models, as shown in Figure 3 under different 
missing rates and different lengths, we found that when the time length is 12 years, the detection 
rates of all the models reached 90% Note that the detection rate of the FNWN noise model is consist-
ently higher than 99%for different lengths. The results agree with the analysis of Table 1 and support 
our conclusions that BIC_tp is the best criteria to detect the RW component.  

Now, with a data gap of 2% and 5%, or at the opposite 25% and 30%, the detection result curves 
of the FNRWWN, FNWN, GGMWN, and FNWN noise models are similar. The detection rate of the 
FNRWWN noise model is about 90% at 12 years. The detection curve of the GGMWN model is similar 
to the detection curve of FNRWWN. The detection rate of the PLWN noise model increases from 
about 62% for a length of 2 years to about 100% for 12 years. The detection rate of the FNWN noise 
model is around 99%–100%, for different lengths. However, when the time length is greater than 12 
years, the detection probability of the GGMWN and PLWN noise models increases to 100% and is 
stable. The detection probability of the FNRWWN noise model increases, reaching 100% for a of 30 
years. 

In conclusion, the missing data has little effect on the different noise models. We consider that 
when ensuring a, with a time series length greater than 12 years, the impact of missing data on the 
noise model is small, and the noise model remained stable. This also suggested that BIC_tp is more 
sensitive to RW noise and more likely to identify the RW noise in the time series compared to other 
criteria. When the time length is 12 years, the success rate of noise model detection reaches 90% or 
more, and when the time length is greater than 12 years, the detection rate approaches 1. 
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3.2. Impact of Length and Missing data on the Noise Model of the GNSS time series 

3.2.1 GNSS Time Span on Noise Model Estimation 

Further discussion on the impact of noise models on real GNSS station coordinate time series at 
different time lengths is conducted. A total of 72 GNSS stations time lengths of 2–24 years (2a, 4a, 6a, 
8a, 10a, 12a, 14a, 16a, 18a, 20a, 22a, 24a) are selected, and the optimal noise model estimation is per-
formed using noise models together with the BIC_tp. Spatial Distribution of the noise models for the 
north component of the GNSS time series for different time period are shown in Figure 4.（Spatial 
Distribution of the noise models for the east component of the GNSS time series for different time 
period are shown in Figure A1,Spatial Distribution of the noise models for the up component of the 
GNSS time series for different time period are shown in Figure A2.） 

 
Figure 4. Spatial Distribution of the noise models for the north component of the GNSS time series for 
different time period (Green for FNRWWN, red for FNRW, blue for GGMWN, and purple dots for 
PLWN). The letters (a–i) represent 2a, 6a, 10a, 12a, 16a, 18a, 20a, 22a, and 24a, respectively. 

 
Based on the distribution of the optimal noise models for different components and time lengths, 

as shown in Figures4, we found that the optimal noise model is consistent spatially. In the north and 
east coordinates, when the time period is less than 6 years, the optimal noise model is predominantly 
FNWN, with a model detection rate of about 86%. When the time period is 12 years, the detection 
rate of the FNWN model decreased to about 61%, and the percentage of the FNRWWN and PLWN 
models increased by about 16.7% and 20.8%, respectively. For time periods from 20 to 24 years, only 
a few stations exhibited an optimal noise model of GGMWN. As the time length increased to 12 years, 
the percentage and the amplitude of RW increased, indicating that the long-period components of 
the noise, such as RW noise, became significant in GNSS time series. In the vertical component, the 
influence of the noise model is more significant than that in the other two components [42-44]. As the 
time period increased, the percentage of the FNWN model decreased, and the percentages of the 
GGMWN and PLWN models increased. When the time length is 12 years, the detection rates of the 
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GGMWN and PLWN models are both about 38%, and only a few stations exhibited the characteristics 
of the FNRWWN model. In summary, large time lengths provided conditions for detecting the pres-
ence of low-frequency noise. The RW noise cannot be detected with short time series. Combined with 
the simulation results analysis, the noise characteristics of the GNSS time series could be estimated 
by using the BIC_tp noise model. Considering the limitations of actual GNSS observation data, using 
time series of more than 12 years could obtain more reliable noise model estimation results. Further 
statistical analysis of the optimal noise models for different components and time lengths of the sta-
tions is shown in Figure 5, variations of the selected noise model using various time series length for 
another 17 stations are shown in Figure A3. 

 
Figure 5. Variations of the selected noise model using various time series length for 17 stations. (Light 
blue dots for FNRWWN, blue square for FNWN, yellow triangle for GGMWN, and red diamond for 
PLWN.). 

According to our analysis, in the north and east components, about 61% and 64%(respectively) 
of the analyzed stations, showed gradually stable noise model characteristics after the time length 
exceed 8a. However, the noise model is unstable, and the obtained results had a significant diver-
gence. The statistical results showed that for over 60% of the stations, with an increased time scale, 
the divergence is reduced after the time length exceeded 8a. When the time length exceeded 12a, 
about 70%, 71%, and 90% of the stations for the north, east, and vertical components, the optimal 
noise model characteristic region became stable. This observation on the selected noise models for all 
components showed that when the time length is less than 8a, the uncertainty of the noise model is 
large [45,46]. To obtain reliable noise model estimation results, it is recommended to use GNSS time 
series with a length greater than 12a. 

3.2.2. Effect of GNSS Missing data on Noise Model 

To further explore the variation in the noise models of real GNSS stations with different missing 
rates and during time periods, we found through statistical analysis that when the time length is less 
than 12a, the optimal noise models of the stations tend to be divergent, and the optimal noise model 
characteristics of the stations during different time periods are not consistent [47]. When the time 
length is greater than 12a, the noise models of the time series components in the north, east, and 
vertical components tend to be stable. The evolution of the noise models with different missing rates 
and during different time periods, after 12a, are shown in Figures 6. Evolution of different noise 
models with various missing rates for the east component is shown in Figure A4. Evolution of differ-
ent noise models with various missing rates for the vertical component is shown in Figure A5. 
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Figure 6. Evolution of different selected noise models with various missing rates for the north com-
ponent. 

According to the evolution of the noise models with different missing rates and during different 
time lengths, as shown in Figure 6, we could conclude that in the north, east, and vertical components, 
the FNWN noise model gradually decreased and converged with increases in the time lengths when 
the missing rate is different. In the north component, the FNRWWN and PLWN noise models grad-
ually increased and converged to about 20% with increases in the time lengths, and the individual 
stations showed the characteristics of the GGMWN noise model. After 12a, the noise model is rela-
tively stable and did not change. The evolution of the noise models in the east component is consistent 
with those in the north component. However, in the vertical component, the GGMWN and PLWN 
noise models gradually increased and converged to about 20% and 40%, respectively, with increases 
in the time lengths, and only a few stations detected the characteristics of the FNRWWN noise model. 
However, the noise model remained stable with increased in the time lengths. In summary, it indi-
cated that the influence of the missing data on the noise models of real GNSS is small with different 
missing rates, and the noise model tended to be stable, which verified our conclusions based on the 
simulation data. However, in the real station coordinate time series, when the time length is greater 
than 12a, the success rate for detecting the FNWN noise model in the north and east component is 
about 60%, and in the vertical component, it is as about 40%, and different noise models remain sta-
ble. 

4. Discussion 

4.1. Impact of Length and Missing data on the Velocity Estimation of Simulation Time 

4.1.1 Simulated Time Span on Velocity Estimation 

To analyze the relationship between time length and velocity estimation, a statistical analysis of 
the velocity estimation results of the four sets of simulated time series is conducted. Figure 7 shows 
the variations in the mean velocities of 100 simulated sequences, from which we found that the station 
velocities gradually converged with increases in the time lengths. More accurate velocity parameters 
could be obtained using long-term time series. When the time length is 4 years, the velocity changed 
abruptly, possibly due to incorrect velocity estimation. However, when the time length is greater than 
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12 years, the trend of improving velocity precision with increased time lengths is relatively small and 
gradually converged to zero. Combined with Table 1, we found that when the time length is 12 years, 
the RW noise is more easily detected and its influence on velocity uncertainty is weakened with in-
creases in the time lengths. 
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Figure 7. Mean absolute value changes of simulated time series velocities. 

To further investigate the influence of different noise models on station velocity estimation, the 
uncertainty of the velocity estimates for 4 groups of simulated sequences using different noise models 
are statistically analyzed. Figure 8 shows the change in velocity uncertainty for the FNWN simulated 
sequences (an average of 100 stations), and the comparative analysis results for 100 stations are shown 
in Table 3. 
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Figure 8. The variation law of velocity uncertainty of FNWN simulated sequences. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 June 2023                   doi:10.20944/preprints202306.1667.v1

https://doi.org/10.20944/preprints202306.1667.v1


 

 

As shown in Figure 8, we found that as the time length increased, the velocity uncertainty tended 
to stabilize and gradually converge to about 0.2 mm/y. The trend of improving velocity accuracy with 
increasing time lengths gradually decreased. Combined with Table 3, we observed that for the simu-
lated FNRWWN time series, when its noise characteristics are assumed to be FNWN noise, the real 
station velocity uncertainty ranged from 3.1 to 7.4 times (the statistical average of 100 stations is 5.3 
times) that of the FNWN background noise model. This could lead to the overestimation of the station 
velocity uncertainty, and the adverse effects primarily manifested as unreliable station velocity pa-
rameters being used as reliable data. Moreover, the data could not meet the accuracy requirements 
and negatively influence high-precision GNSS applications. Similarly, when the simulated 
FNRWWN time series noise characteristics are assumed to be background noise, the real station ve-
locity uncertainty is from 2.7 to 4.5 times (with a mean of 3.5 times) and from 2.4 to 2.7 times (with a 
mean of 2.5 times) that of the GGMWN and PLWN background noise models, respectively. There-
fore, accurate identification of RW noise is extremely important [48,49]. 

Table 3. Comparison of velocity uncertainties of simulation sequences with different back-
ground noise models 

Model 
Ra-
tio 

Model 
Ra-
tio 

Model 
Ra-
tio 

Model 
Ra-
tio 

FNRWWN
FNWN  

5.3 
FNWN

FNRWWN
1.0 

GGMWN
FNRWWN

0.03 
PLWN

FNRWWN
0.5 

FNRWWN
GGMWN  

3.5 
FNWN

GGMWN
1.9 

GGMWN
FNWN

0.5 
PLWN
FNWN  

5.2 

FNRWWN
PLWN  

2.5 
FNWN
PLWN  

1.1 
GGMWN

PLWN
0.1 

PLWN
GGMWN

2.3 

Similarly, for the velocity estimation parameters of the simulated FNWN time series, as analyzed 
in Table 3, when the simulated FNWN time series noise characteristics are assumed to be RWFNWN 
noise, the impact on station velocity estimation is small. In 99 out of 100 stations, the same station 
velocity uncertainty is obtained, with only one station showing a small difference (with an uncer-
tainty ratio of 0.6), indicating that the impact on the estimation results is small when the FNWN time 
series is incorrectly estimated as RWFNWN. In addition, Table 3 shows that when the noise charac-
teristics of the simulated sequences (FNRWWN, FNWN, PLWN) are assumed to be GGMWN back-
ground noise, the actual station velocity uncertainty is 3.5, 1.9, and 5.2 times (100 stations, on average) 
the assumed GGMWN noise model. Therefore, especially when the time length is short (as mentioned 
earlier, less than 12a), it could lead to the FNRWWN, FNWN, and PLWN models being mistakenly 
estimated as the GGMWN model, thereby affecting the determination accuracy of the station velocity 
field parameters.  

Based on the analysis of 100 sets of simulation results, as the time length exceeded 12a, the trend 
of improving velocity accuracy with increasing time lengths became relatively small and gradually 
converged to 0. According to previous research, the noise model had a significant impact on the un-
certainty of velocity, especially when the velocity uncertainty is large. 

4.1.2 Simulated Missing data on Velocity Estimation 

To analyze the impact of data loss on velocity estimation, 100 sets of simulated data across the 
FNRWWN, FNWN, GGMWN, and PLWN noise models are used to simulate different degrees of 
missing data, with missing rates set at 2%, 5%, 8%, 10%, 12%, 15%, 18%, 20%, 25%, and 30%. The 
mean velocity change curves with different missing rates are shown in Figure 9, and the velocity 
uncertainty distribution curves with different missing rates are shown in Figure 10. 
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Figure 9. Mean velocity change curves under different missing rates in simulation. 
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Figure 10. Distribution curves of velocity uncertainty under different missing rates in the simulated 
data. (Black square for FNRWWN, red dot for FNWN, green triangle for GGMWN, and blue inverted 
triangle for PLWN.). 

From Figure 10, we found that at different missing rates, the speed gradually converged and 
improved with increases in the time lengths, and more accurate speed parameters could be obtained 
through long-term time series. The speed accuracy improvement under the FNRWWM noise model 
had been decreasing, gradually converging to zero; the speed accuracy improvement with the PLWN 
noise model had an increasing trend when the length is between 2a and 4a, and gradually decreased 
and converged when the length is greater than 4a, but when the missing rate is 25%, the improvement 
in speed accuracy had been decreasing. The speed distribution under the GGMWN and FNWN noise 
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models had a relatively small trend of improvement with increases in the time lengths, gradually 
converging to zero. 

Based on the different missing rates in Figure 10, we found that with increases in the time 
lengths, the trend of decreasing speed uncertainty became stable, gradually converging to 0.2mm/y. 
The trend of improving speed accuracy gradually decreased with increases in the time lengths, prov-
ing that with different missing rates, the impact of the missing data on station velocity is small, and 
the improvement in station velocity accuracy decreased, year over year. 

4.2. Impact of Time Span and Missing Data on the Noise Model of GNSS Time 

4.2.1 Change in Velocity Estimation due to Different Time Span in GNSS Time Series 

To analyze the impact of different time lengths on velocity and its uncertainty, the velocity and 
its uncertainty during different time lengths for 72 selected GNSS stations are analyzed, and Figures 
11 show the distribution of the velocity evolution patterns (only 12 stations are selected due to space 
limitations). (Evolution of east component velocity law is shown in Figure A6. Evolution of vertical 
component velocity law is shown in Figure A7.) 
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Figure 11. Evolution of north component velocity law. 

Through the evolution of the speed changes over time in different components, as shown in 
Figures11 we could conclude that when the time length is 6a and the noise model is in a non-station-
ary state, the estimated station velocity is larger. As the time length gradually increased (to 12a), the 
change in station velocity gradually decreased and tended to be stable, and the velocity estimate 
became more stable, consistent with the results estimated from the simulation data. In the north com-
ponent, the anomalous YBHB station velocity decreased with increasing time lengths, and we ob-
served that this station exhibited decreasing velocity in both the eastward and vertical components. 
The time series of this station showed the characteristics of the FNRWWN noise model. According to 
the SPOAC data, YBHB experienced a downward displacement of -8.319 mm in the vertical compo-
nent during the 107-day period in 2011, with corresponding step changes in the eastward and north-
ward components. Based on the evolution of the speed changes in the eastward component, as shown 
in Figure A6, we found that as the time length increased, after 12 years, most of the station velocity 
estimates became more stable, indicating that the velocity estimates are more reliable. The anomalous 
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station MONP in the eastward component experienced a 21.278 mm displacement deformation dur-
ing the 1994–2010 period, while the anomalous station TIBB experienced a displacement of 28.471 
mm in the U component during the 1998 137-day period, followed by a coseismal deformation of 
132.899 mm during the 1999 273-day period. The change in abnormal site speed could have been 
related to the site's geographical environment (slow slip or earthquake) [50,51], and the velocity 
change is relatively large. The analysis of the evolution of the speed and the uncertainty of different 
components over time showed that as the length of the time series increased (after a time length of 
12a), the estimated values of most station velocities tended to be stable and the velocity estimates 
became smaller, indicating that the velocity estimates are more reliable. The uncertainty of station 
velocity during different time periods for the 4 models is shown in Figure 12. 
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Figure 12. Curves of velocity uncertainty for different models during different time lengths. 

By analyzing the velocity uncertainty change curves of different models going in different com-
ponents and during different time lengths, as shown in Figure 12, we found that the FNRWWN 
model had higher velocity uncertainty than the other 3 models and minimal station speed under the 
GGMWN noise model estimation [52,53], and the uncertainty values of the vertical estimated station 
velocity are larger. As the length of the time series increased, the uncertainty values of the velocity 
estimates decreased significantly, and the uncertainty of the velocity became more stable. In addition, 
the majority of the stations with high velocity uncertainty (e.g., MONP in the east component, YBHB 
in the north component, TIBB in the vertical component, etc.) had the optimal noise model of 
FNRWWN, indicating the presence of RW components, which led to unreliable velocity accuracy and 
large uncertainty. Therefore, in practical applications, further research is needed to reduce the impact 
of RW noise and improve the reliability of velocity for stations that show obvious RW components. 

4.2.2 Effect of GNSS Missing data on Velocity Estimation 

Comparing the real GNSS station coordinate time series over a length of 2–24 years, at intervals 
of 2 years, with the same missing rate as the simulated missing data rate, we explored the evolution 
of different component station velocities during different time lengths and with different missing 
rates. The northward different componential station velocities are taken as an example, as shown in 
Figure 13. 
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Figure 13. Evolution of station velocity during different time lengths, in different component station 
velocities s, and with different missing rates, in the north component, as an example. (Black square 
for FNRWWN, red dot for FNWN, green triangle for GGMWN and blue inverted triangle for PLWN.). 

From the evolution rule of the station velocity during different time lengths and with missing 
rates in different components, as shown in Figure 13, we found that when the time length is between 
6a and 10a, the station velocity increased with increases in the time lengths and with different missing 
rates. When the time length is between 10a and 16a, the station velocity decreased with increases in 
the time lengths. When the time length is greater than 16a, the station velocity showed an increasing 
trend with increases in the time lengths. To verify the reliability of the experimental results, further 
outlier detection is performed on the velocity differences. When the significance level is 0.05, we as-
sumed that the velocity of the station with no missing data is equal to that of the station with missing 
data. The difference value is taken as the test variable, and the expected value of the difference value 
is 0, indicating that there is no abnormality in the velocity difference due to missing data. On the 
contrary, if the expected value is not 0, we considered that the velocity had changed significantly due 
to missing data. Based on this, taking the 24a long-term sequence in the north component as an ex-
ample, a U-test [54] is introduced to compare the velocity difference between the station with no 
missing data and the station with missing rates from 2% to 30%. Compare the difference between the 
speed of stations that are not missing and those with a missing rate of 2% to 30%, and perform a U-
test by using the residual speed of the two as the test variable, which is based on the principle in [54], 
as follows: 

                             
 0

i
i

dVdV ii

dV
Q




                              (5) 

where idV  is the velocity residual;  0 dVdV ii
Q  is the standard deviation of the velocity resid-

ual; and i  is the standard statistic. The distribution of the velocity difference U-test with different 
missing rates in the north component is shown in Figure 14. 
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Figure 14. The distribution of velocity differences in the vertical test with different missing rates in 
the north component. 

According to Figure 14, at the 0.05 significance level, the expected value of the velocity difference 
is 0, indicating that the velocity difference between the related non-missing data and the velocity with 
different missing rates is equal at a 95% confidence level, which indicated that the estimated velocity 
is not significantly affected by the missing rates. Further analysis of the velocity uncertainty with 
different missing rates is shown in Figure15. 
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Figure 15. The distribution curves of velocity uncertainty under different missing rates. (Black square 
for FNRWWN, red dot for FNWN, green triangle for GGMWN and blue inverted triangle for PLWN.). 
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Based on Figure 15, we found that the accuracy of the station velocity gradually improved with 
increases in the time lengths. More accurate velocity parameters could be obtained through long-
term time series. However, when the time length exceeded 12 years with different missing rates, the 
change in velocity uncertainty showed a decreasing trend and tended to stabilize, gradually converg-
ing to 0.2 mm/a, which verified the conclusion obtained from the simulation data. 

In conclusion, when using the GNSS coordinate time series for high-precision geophysical ap-
plications, especially in the field of velocity, the corresponding time period of the obtained velocity 
field should be indicated, and time series longer than 12 years should be used as much as possible to 
weaken the influence of noise on the velocity and uncertainty in the coordinate time series. In addi-
tion, the velocity of the non-missing data is equal to that of the missing data at a 95% confidence level, 
and different missing rates had no significant effect on the estimation of velocity. 

5. Conclusions 

This study used 72 permanent GNSS time series, from 1998 to 2022, distributed globally. The 
improved BIC_tp is introduced to analyze the effects of different time lengths and data gaps on the 
noise model and station velocity. We conclude: 

1. The BIC_tp model had higher accuracy in estimating colored noise models and is 
sensitive to RW noise. By analyzing the simulated data and the real GNSS station 
coordinate time series noise models, we found that when the time length is greater 
than 12 years, the detection rate of the simulated data model is close to 1. Considering 
GNSS observation data, using time series greater than 12 years could obtain more 
reliable noise model estimation results, proving the accuracy of the BIC_tp model 
estimation. 

2. The time length had a significant impact on the noise model and station velocity es-
timation. With increases in the time lengths, the optimal noise model of GNSS coor-
dinate time series, the estimated velocity together with associated uncertainty grad-
ually converged (e.g., not much variability), and the percentage of RW noise model 
increased. We then recommend to use at least 12 years of GNSS data. 

3. Missing data had little effect on different noise models and could be considered as 
stable when the time series length is greater or equal to 12 years. Missing data did 
not change the selected noise model. With different data gaps and increasing time 
length, the velocity uncertainty does not change by approximately 0.2mm/a at 
around 12 years. 
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Appendix A 

 
Figure A1. Spatial Distribution of the noise models for the east component of the GNSS time series 
for different time period. 

 
Figure A2. Spatial Distribution of the noise models for the up component of the GNSS time series for 
different time period. 
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Figure A3. Variations of the selected noise model using various time series length for another 17 sta-
tions are shown in Figure. 
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Figure A4. Evolution of different noise models with various missing rates for the east component. 
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Figure A5. Evolution of different noise models with various missing rates for the vertical component 
is shown in Figure A5. 
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Figure A6. Evolution of east component velocity law. 
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Figure A7. Evolution of vertical component velocity law. 
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