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Abstract: The global navigation satellite system (GNSS) position time series provides essential
data for geodynamic and geophysical studies. Interpolation of the GNSS position time series is
necessary because missing data will produce inaccurate conclusions made from the studies. The
spatio-temporal correlations between GNSS reference stations cannot be considered when using
traditional interpolation methods. This paper examines the use of machine learning models to
reflect the spatio-temporal correlation among GNSS reference stations. To form the machine learning
problem, the time series to be interpolated are treated as output values, and the time series from
the remaining GNSS reference stations are used as input data. Specifically, three machine learning
algorithms (i.e., the gradient boosting decision tree (GBDT), eXtreme gradient boosting (XGBoost),
and random forest (RF)) are utilized to perform interpolation with the time series data from five GNSS
reference stations in North China. The results of the interpolation of discrete points indicate that the
three machine learning models achieve similar interpolation precision in the Up component, which is
45% better than the traditional cubic spline interpolation precision. The results of the interpolation of
continuous missing data indicate that seasonal oscillations caused by thermal expansion effects in
summer significantly affect the interpolation precision. Meanwhile, we improved the interpolation
precision of the three models by adding data from five stations which have high correlation with the
initial five GNSS reference stations. The interpolated time series for the North, East, and Up (NEU)
are examined by principal component analysis (PCA), and the results show that the GBDT and RF
models perform interpolation better than the XGBoost model.

Keywords: GNSS position time series; interpolation; gradient boosting decision tree; eXtreme
gradient boosting; random forest

1. Introduction

In the last thirty years, more than 20,000 global navigation satellite system (GNSS)
continuously operating reference stations (CORS) have been established worldwide, and
the GNSS position time series observed by these CORSs can provide effective data sup-
port for geoscience research. By analyzing the GNSS position time series, researchers
have studied crustal movement [1–3], the maintenance of regional or global geodetic ref-
erence frames [4–6], engineering deformation monitoring [7–9], and other geodynamic
phenomena [10–12].
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Data analysis is important to study the GNSS position time series, such as noise [13,14]
and station velocity [15]. Some methods of the GNSS position time series require continu-
ously or uniformly sampled data, but due to limitations such as observation conditions,
there may be missing data in the GNSS position time series, which can affect the results
of the time series analysis. Therefore, interpolation of the GNSS position time series is a
noteworthy data preprocessing step. In recent years, researchers have conducted a series of
studies on the interpolation of the GNSS position time series. Wang et al. [16] evaluated the
reliability of the singular spectrum analysis (SSA) method applied to gross error detection
and missing data interpolation, and the GPS time series testing results showed that SSA is
an effective method for interpolation and gross error detection. Liu et al. [17] proposed a
MATLAB software based on the Kriged Kalman Filter model, which can be used for inter-
polation of the GNSS position time series by considering the spatial correlation between
points, and verified it is an effective interpolation tool of the GNSS position time series by
testing the SCIGN GPS data. Zhang et al. [18] evaluated the performance of the missForest
(a machine learning method), Cubic spline, orthogonal polynomial, RegEM, and Hermite
methods applied to the interpolation of GPS time series, showing that the performance
of missForest was superior to the four traditional interpolation methods. Bao et al. [19]
proposed a matrix completion technique based on a singular value thresholding algorithm
for interpolation of the GNSS position time series, which is a spatio-temporal interpolation
method that showed satisfactory performance in experiments. Qiu et al. [20] proposed an
iteration empirical mode decomposition (Iteration EMD) method for interpolation of the
GNSS position time series, and the experimental result showed that Iteration EMD can
preserve a variance of 75.9% with the first three principal components, higher than 66.5%
for the interpolation EMD.

Machine learning algorithms have an excellent ability to model nonlinear relationships.
Therefore, machine learning algorithms were used to model the GNSS position time series,
and spatio-temporal correlations were taken into account in the modeling process. Gao
et al. [21] considered potential connections between GNSS vertical time series and multiple
geophysical factors (polar motion, temperature, atmospheric pressure, etc.), performed
modeling of GNSS vertical time series by gradient boosting decision tree (GBDT), support
vector machine (SVM) and long short-term memory (LSTM) algorithms, respectively,
and compared with least squares fitting methods to verify the better performance and
effectiveness of machine learning algorithms. Li et al. [22] considered the correlation among
GNSS reference stations in the same region, performed modeling of GNSS vertical time
series by eXtreme gradient boosting (XGBoost) model, and proposed a scheme to optimize
the feature set by multiple models to further improve the modeling precision. The above
studies illustrate the good potential of machine learning algorithms for the studies of the
GNSS position time series, but they only performed modeling of GNSS vertical time series.
In addition, machine learning algorithms can handle the complicated relationships between
different variables. For instance, Jia et al. [23] constructed a comprehensive simulated
dataset involving different types of soil to represent the complex interactions between the
input and output variables and showed that the random forest (RF) algorithm demonstrated
high potential and efficiency in soil moisture content (SMC) retrieval from GNSS-R data.
Therefore, the GBDT, XGBoost, and RF algorithms were chosen as they are widely studied
in different fields, and they have proven performance in time series analysis.

The background noise in the GNSS position time series is known to be both temporally
and spatially correlated [24]. The GNSS position reflects the movement of the GNSS stations
time series can reflect the movement of GNSS reference stations, and the time series of
the adjacent GNSS reference stations also has a correlation. Therefore, we can construct
the regression problem through the spatio-temporal correlation between GNSS reference
stations and use machine learning algorithms for modeling to achieve interpolation of the
GNSS position time series. This contribution seeks to answer the specific research questions
in the workflow of interpolation of the GNSS position time series using machine learning
algorithms: (1) what interpolation performance the machine learning models can achieve,
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and how much improvement would it be compared with the cubic spline interpolation
results; (2) Whether the interpolation precision of the machine learning models is affected
by the characteristics of the GNSS position time series, such as seasonal oscillations.

Section 2 describes the GBDT, XGBoost, and RF principles and specifies the exper-
imental procedures. Section 3 the interpolation results of the machine learning models
are presented and evaluated. Section 4 discusses the results of the experiment. Finally,
Section 5 concludes the paper.

2. Materials and Methods
2.1. GNSS Position Time Series

Position time series (1 January 2013–31 December 2014) of 5 GNSS reference stations
located in North China are collected from the Tectonic and Environmental Observation
Network of Mainland China (CMONOC II). The experimental data is provided by the China
Earthquake Networks Center (http://data.earthquake.cn, last accessed on 10 February
2021). To correctly construct the learning sample relationship in the subsequent modeling
process, we mark the epochs with missing observations for the North, East, and Up (NEU) at
5 GNSS reference stations. The geographical location and information of 5 GNSS reference
stations are present in Figure 1 and Table 1.
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Figure 1. The geographical location of five GNSS reference stations in North China.

Table 1. The information of five GNSS reference stations in North China.

Station Longitude Latitude Characteristic Establishment
Time

Sampling
Rate

Average
Distance

BJGB 119.1◦E 40.6◦N soil layer 2009 30 s 256.3 km
BJYQ 115.9◦E 40.3◦N bedrock 2009 30 s 155.8 km
HECC 115.8◦E 40.8◦N bedrock 2009 30 s 134.3 km
HECD 117.9◦E 41.0◦N bedrock 2009 30 s 168.8 km
HEZJ 114.8◦E 40.8◦N bedrock 2009 30 s 204.2 km

The nonlinear motion of GNSS reference stations is affected by environmental load-
ing [25–27], thermal expansion [28–30], and tidal motions [6,31,32], which make GNSS
reference stations have small motion and are expressed in the GNSS position time series.
Position time series among the nearby GNSS reference stations may have strong corre-
lations due to the relevance of the geophysical effects they are subjected to [22], so this
provides the basis for modeling and interpolation of the GNSS position time series. The
correlation of the vertical time series of the selected GNSS reference stations is present in
Figure 2.

http://data.earthquake.cn
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Figure 2. The correlation of the vertical time series of GNSS reference stations.

2.2. Methods

The development of machine learning algorithms is of great significance for the
study of a wide range of fields, such as medicine, finance, and geoscience. In particular,
the classification and regression research of the decision tree-based machine learning
algorithms has been widely applied and optimized. To enrich the applicable scenarios of
the decision tree algorithm, researchers combine it with bagging and boosting methods to
generate a series of machine learning algorithms based on the decision tree. Boosting tree
algorithms are rich, among which GBDT and XGBoost algorithms have achieved excellent
performances in GNSS applications [33,34]. The RF algorithm is a classical decision tree
model optimized based on the bagging method, and its excellent operation mechanism
and stability have been favored by GNSS scholars [35]. Therefore, we hypothesize that the
GBDT, XGBoost, and RF could perform well in the interpolation of the GNSS time series.

This study performs interpolation of GNSS time series by constructing a regression
problem. The data set D can be expressed as:{

D = {(x1, y1), (x2, y2), · · · , (xn, yn), · · · , (xN , yN)}
xn = (xn,1, xn,2, · · · , xn,k, · · · , xn,K)

(1)

where xn represents the feature of the nth sample and is a K-dimensional vector, and yn
indicates the output value of the nth sample. The regression task is to construct a model
f (xn) and predict the output value yn based on features with minimal error.

2.2.1. GBDT Algorithm

The GBDT algorithm can be understood as an additive model consisting of M trees,
which is formulated as follows:

F(x, w) = ∑M
m=0 αmhm(x, wm) =∑M

m=0 fm(x, wm) (2)

where, x is the input sample, w is the model parameter, h is the classification and regression
tree (CART), α is the weight of each tree.

L(y, f (x)) and FM denote the loss function and the final regression tree, the GBDT
algorithm is implemented as follows:

1. Initialize the first weak learner F0(x):

F0(X) = argmin
c ∑N

i=1 L(yi, c) (3)

2. Build M CARTs (m = 1, 2, . . . , M):
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(a) Calculate the response value corresponding to the m− th tree:

rm,i = −
[

∂L(yi, F(xi))

∂F(x)

]
F(x)=Fm−1(x)

(4)

(b) (xi, rm,i) are fitted using the CART to obtain the m− th regression tree, whose
corresponding leaf node region is Rm,j, where j = 1, 2, . . . , Jm, and Jm is the
number of leaf nodes in the m-th regression tree.

(c) Calculate the best-fit value:

cm,j = argmin
c ∑xi∈Rm,j

L(yi, Fm−1(xi) + c) (5)

(d) Update strong learner Fm(x):

Fm(x) = Fm−1(x) + ∑Jm
j=1 cm,j I

(
x ∈ Rm,j

)
(6)

3. Get strong learner FM(x):

FM(x) = F0(x) + ∑M
m=1 ∑Jm

j=1 cm,j I
(
x ∈ Rm,j

)
(7)

2.2.2. XGBoost Algorithm

In the XGBoost algorithm, ŷn is defined and represented by a generalized model as:

ŷn = ϕ(xn) = ∑K
K=1 fk(xn) (8)

where fK is a regression tree, and fK(xn) represents the score given by the kth tree to the nth
observations in the data. When using function fK, the following regularization objective
function should be minimized as:

L(ϕ) = ∑n l(yn, ŷn) + ∑k Ω( fk) (9)

where l is the loss function. To prevent the model from being too complex, the penalty term
Ω is set as:

Ω( fk) = γT +
1
2

λ‖w‖2 (10)

where γ is a parameter that controls the number of leaves T, and λ is a parameter that
controls the leaf weight ω. Setting Ω( fk) simplifies the model generated by the algorithm
and prevents overfitting.

The XGBoost algorithm minimizes the objective function via an iterative method. The
objective function of the model at the jth iteration is reduced by adding the f j term as

Lj = ∑n
n=1 l

(
yn, ŷn

(j−1) + f j(xn)
)
+ Ω

(
f j
)
. (11)

2.2.3. RF Algorithm

The base learner of the RF algorithm is CART, and the RF algorithm obtains different
sample sets to construct different decision tree models by the bagging algorithm. Then the
CART is pruned by using a dichotomous recursive regression technique with appropriate
parameter settings, and each decision tree model is calculated to obtain the corresponding
prediction value, and the final regression prediction result is the average of the prediction
values of each decision tree.

For the regression problem, CART uses the minimum mean squared error (MSE) to
divide the samples into 2 sample sets at the corresponding nodes of the samples and find
the features and eigenvalue division points when the following two conditions are satisfied:
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(1) the MSE of the 2 sample sets is minimized; (2) the sum of the MSE of the 2 sample sets is
minimized.

2.3. Procedure of Interpolation Experiment

The experiment uses GBDT, XGBoost, and RF algorithms to construct regression
models through correlation among GNSS reference stations to achieve interpolation of the
GNSS position time series. The workflow of the experiment is presented in Figure 3.
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Figure 3. Workflow of study case of interpolation.

The main interpolation processes based on GBDT, XGBoost and, RF algorithms are
described as follows:

(1) Extraction of the interpolated epoch. The sampling methods of interpolated epochs
are mainly divided into random sampling and continuous sampling. The time series
for the NEU needs to be processed separately.

(2) Models training. The experiment is conducted to construct regression models using
GBDT, XGBoost, and RF algorithms, and the training data is input into the models
for training. In this step, the target time series needs to be determined, and the time
series of the remaining GNSS reference stations are used as features.

(3) Models output. Input the interpolation data into the trained models, and the output
values of the models are the interpolated result of the corresponding epochs.

(4) Comparison and evaluation. Compare and evaluate the interpolated results of differ-
ent models and analyze the errors.

2.4. Precision Evaluation Index

In this study, the mean absolute error (MAE) and root mean square error (RMSE) are
used as the accuracy evaluation indicator of model forecasting results. MAE and RMSE
can be expressed as:

MAE =
1
n

n

∑
i=1

∣∣Xi − X̂i
∣∣ (12)
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RMSE =

√√√√ 1
n

n

∑
i=1

(
Xi − X̂i

)2

(13)

where Xi is the original value, and X̂i is the forecasted value. The smaller the MAE and
RMSE values, the higher the forecasting accuracy of the model, and the model is more
suitable for the time series.

The correlation between the forecasted time series and the original time series is
determined by the Pearson correlation coefficient. The Pearson correlation coefficient
considers the time series as a variable and, thus, calculates the correlation of the true and
predicted time series, that is;

ρYŶ =
E
(
YŶ
)
− E(Y)E

(
Ŷ
)

σYσŶ
(14)

where Y and Ŷ, respectively, represent the original time series and the forecasted time series,
σY and σŶ represent the standard deviation of the original time series and the forecasted
time series.

3. Results

Compared with the horizontal direction, the GNSS vertical time series has a higher
noise level and more complex transient changes; thus, this section focuses on analyzing the
experimental results of the GNSS vertical time series.

3.1. Interpolation of Discrete Points

To perform interpolation of discrete points, we randomly select 5%, 10%, 15%, and
20% of the sample points as interpolation data. For better analysis of model precision,
interpolation data from smaller random sampling proportions should be included in
interpolation data from larger random sampling proportions. Cubic spline interpolation
is a classical method that performs segmental interpolation by creating cubic equations
in small intervals. To evaluate the applicability of the interpolation method in this study,
we choose the cubic spline interpolation method as the comparison model. Interpolation
results of discrete points (20%) at the HEZJ station are present in Figure 4.

The red points in Figure 4 illustrate the interpolation results of the four models for the
discrete points when 20% of the sample points are randomly selected. The interpolation
results of the three machine learning models are more concentrated around the purple
line compared to the cubic spline interpolation model. In addition, it can be found that
the error of the interpolation results of the three machine learning models is larger when
the absolute value of the true value is larger. RMSE punishes the higher errors. Table 2
compares the performance of these four models through RMSE values.

Table 2 clearly shows that the interpolation precision of the three machine learning
models is more accurate and the RMSE was reduced by about 2–3 mm compared to the cubic
spline interpolation model. The differences in interpolation precision of the three machine
learning models were small, and the differences in MAE values were within 0.3 mm. We
can also find that the interpolation precision of the three machine learning models did
not decrease as the trained samples decreased, but instead presented a trend towards
improved precision. The interpolation effect of the four models on random sampling data
with different proportions is demonstrated in Figure 5.
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Figure 4. Interpolation results of discrete points (20%) at the HEZJ station.

Table 2. The RMSE (mm) of the interpolation results of the discrete points.

Station Missing Rate GBDT XGBoost RF Cubic Spline

BJGB

5% 2.97 3.02 3.29 6.33
10% 3.03 3.12 3.02 6.95
15% 2.74 2.17 2.75 6.53
20% 2.84 2.86 2.83 6.74

BJYQ

5% 3.37 3.39 3.41 6.53
10% 4.25 4.59 4.28 5.90
15% 4.52 4.81 4.33 6.11
20% 4.33 4.58 4.10 6.63

HECC

5% 3.49 3.82 3.63 6.73
10% 3.22 3.46 3.37 6.24
15% 2.91 3.25 2.97 6.20
20% 3.27 3.34 3.23 6.88

HECD

5% 3.06 3.24 3.02 6.80
10% 3.13 3.33 3.25 6.80
15% 3.09 3.33 3.22 6.58
20% 3.61 3.60 3.57 7.71

HEZJ

5% 4.05 4.51 3.84 6.49
10% 3.96 4.28 3.89 7.05
15% 3.71 3.80 3.51 6.81
20% 3.69 4.01 3.41 7.31
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As can be seen from Figure 5, the precision advantage of the three machine learning
models was gradually evident as the proportion of missing data increased. The GBDT and
RF models had better interpolation effects among the three machine learning models, and
the XGBoost model had a relatively poor interpolation effect.

3.2. Interpolation of Continuous Missing Data

The experimental results in Section 3.1 show that the interpolation precision was less
affected by the number of trained samples in the sampling range of 5% to 20%. Therefore, to
further corroborate this phenomenon, continuous missing data will be interpolated in this
section. It should be noted that increasing the number of continuous missing data required
an addition to the original missing data. The interpolation results of the XGBoost model at
the HEZJ station are present in Figure 6 when data for 180 days were missing consecutively.

Remote Sens. 2023, 15, x FOR PEER REVIEW  12  of  23 

 

 

 

Figure 6. Interpolation results of the XGBoost model at HEZJ station (180 days). 

Figure 6 illustrates that the interpolation results of the XGBoost model maintain bet-

ter consistency with the real-time series for transient changes, and the interpolation errors 

were mainly distributed in the initial interpolation epochs. Precision evaluation of inter-

polation results at 5 GNSS reference stations is given in Table 3. 

Table 3. Precision evaluation of interpolation results for three machine learning. 

Station 
Missing 

Days 

GBDT  XGBoost  RF 

MAE/mm       MAE/mm       MAE/mm      

BJGB 

30  4.13  0.33  4.33  0.23  4.21  0.34 

60  3.35  0.79  3.34  0.79  3.58  0.77 

120  2.63  0.83  2.81  0.82  2.69  0.83 

180  2.26  0.85  2.40  0.85  2.34  0.85 

BJYQ 

30  3.37  0.42  3.19  0.39  3.36  0.48 

60  3.07  0.77  3.30  0.77  3.36  0.78 

120  2.54  0.82  2.96  0.78  2.76  0.82 

180  2.47  0.84  2.61  0.82  2.48  0.84 

HECC 

30  3.71  0.36  3.91  0.33  4.01  0.32 

60  2.65  0.84  3.18  0.81  2.95  0.80 

120  2.27  0.87  2.44  0.84  2.39  0.85 

180  2.15  0.87  2.28  0.86  2.18  0.87 

HECD 

30  2.70  0.65  2.76  0.61  3.12  0.48 

60  3.51  0.87  3.54  0.87  3.43  0.88 

120  2.74  0.86  2.93  0.84  2.68  0.87 

Figure 6. Interpolation results of the XGBoost model at HEZJ station (180 days).



Remote Sens. 2023, 15, 4374 10 of 19

Figure 6 illustrates that the interpolation results of the XGBoost model maintain better
consistency with the real-time series for transient changes, and the interpolation errors were
mainly distributed in the initial interpolation epochs. Precision evaluation of interpolation
results at 5 GNSS reference stations is given in Table 3.

Table 3. Precision evaluation of interpolation results for three machine learning.

Station Missing Days
GBDT XGBoost RF

MAE/mm ρ MAE/mm ρ MAE/mm ρ

BJGB

30 4.13 0.33 4.33 0.23 4.21 0.34
60 3.35 0.79 3.34 0.79 3.58 0.77
120 2.63 0.83 2.81 0.82 2.69 0.83
180 2.26 0.85 2.40 0.85 2.34 0.85

BJYQ

30 3.37 0.42 3.19 0.39 3.36 0.48
60 3.07 0.77 3.30 0.77 3.36 0.78
120 2.54 0.82 2.96 0.78 2.76 0.82
180 2.47 0.84 2.61 0.82 2.48 0.84

HECC

30 3.71 0.36 3.91 0.33 4.01 0.32
60 2.65 0.84 3.18 0.81 2.95 0.80
120 2.27 0.87 2.44 0.84 2.39 0.85
180 2.15 0.87 2.28 0.86 2.18 0.87

HECD

30 2.70 0.65 2.76 0.61 3.12 0.48
60 3.51 0.87 3.54 0.87 3.43 0.88
120 2.74 0.86 2.93 0.84 2.68 0.87
180 2.51 0.85 2.56 0.85 2.51 0.86

HEZJ

30 3.67 0.75 2.86 0.67 3.45 0.69
60 3.60 0.80 3.11 0.80 3.46 0.81
120 2.77 0.81 2.85 0.81 2.70 0.83
180 2.69 0.80 2.78 0.78 2.62 0.82

From Table 3, it can be seen that the interpolation precision of the three machine
learning models does not increase with increasing continuous missing data, which coincides
with the experimental results in Section 3.1. Except for the HECD station, the MAE of the
interpolated results was the largest for three models at the remaining four GNSS reference
stations when data for 30 days were consecutively missing. The relationship between
interpolation precision and continuous missing data for the three models is presented in
Figure 7.

Figure 7 clearly illustrates that GBDT, XGBoost, and RF models had fine interpolation
effects at all five GNSS reference stations, and the error was mainly concentrated in the
first 30 days. The right part of Figure 7 shows the relationship between the correlation
coefficient and the number of missing days, illustrating that the interpolation results
maintained a strong correlation with the true time series when the three machine learning
models interpolate continuous missing data greater than 30 days.

The experiments in this study use data from five GNSS reference stations as features
of each other for modeling. In the modeling process of machine learning, the number
and quality of features affect the precision of the model. Therefore, we added five more
GNSS reference stations (BJFS, BJSH, TJBD, HELQ, and HELY stations) for the experiment,
and the interpolation results of the GBDT model at the HEZJ station when the data were
missing for 100 consecutive days are presented in Figure 8.



Remote Sens. 2023, 15, 4374 11 of 19

Remote Sens. 2023, 15, x FOR PEER REVIEW  13  of  23 

 

 

180  2.51  0.85  2.56  0.85  2.51  0.86 

HEZJ 

30  3.67  0.75  2.86  0.67  3.45  0.69 

60  3.60  0.80  3.11  0.80  3.46  0.81 

120  2.77  0.81  2.85  0.81  2.70  0.83 

180  2.69  0.80  2.78  0.78  2.62  0.82 

From Table 3,  it can be  seen  that  the  interpolation precision of  the  three machine 

learning models does not increase with increasing continuous missing data, which coin-

cides with the experimental results in Section 3.1. Except for the HECD station, the MAE 

of the interpolated results was the largest for three models at the remaining four GNSS 

reference stations when data for 30 days were consecutively missing. The relationship be-

tween  interpolation precision and continuous missing data for the three models is pre-

sented in Figure 7. 

 

Figure 7. Interpolation effect of different models on continuous missing data. Figure 7. Interpolation effect of different models on continuous missing data.

Remote Sens. 2023, 15, x FOR PEER REVIEW  14  of  23 

 

 

Figure 7 clearly illustrates that GBDT, XGBoost, and RF models had fine interpolation 

effects at all five GNSS reference stations, and the error was mainly concentrated in the 

first 30 days. The right part of Figure 7 shows  the relationship between  the correlation 

coefficient  and  the  number  of missing  days,  illustrating  that  the  interpolation  results 

maintained a strong correlation with the true time series when the three machine learning 

models interpolate continuous missing data greater than 30 days. 

The experiments in this study use data from five GNSS reference stations as features 

of each other for modeling. In the modeling process of machine learning, the number and 

quality of features affect the precision of the model. Therefore, we added five more GNSS 

reference stations (BJFS, BJSH, TJBD, HELQ, and HELY stations) for the experiment, and 

the interpolation results of the GBDT model at the HEZJ station when the data were miss-

ing for 100 consecutive days are presented in Figure 8. 

 

Figure 8. Interpolation results of the GBDT model at the HEZJ station. 

In Figure 8, the transient variations of the interpolation results from the two experi-

ments were less different, and both kept excellent consistency with the real-time series, 

but the interpolation results were closer to the real values after increasing the number of 

GNSS reference stations. Precision evaluation of  the  interpolation results  from  the  two 

experiments at the five GNSS reference stations is presented in Table 4. 

Table 4. Precision evaluation of interpolation results before and after adding GNSS stations. 

Station 
Experimental 

Stations 

GBDT  XGBoost  RF 

MAE/mm     MAE/mm       MAE/mm    

BJGB 
5  1.62  0.91  1.72  0.90  1.55  0.92 

10  1.39  0.94  1.46  0.93  1.38  0.94 

BJYQ 
5  2.18  0.88  2.11  0.89  2.00  0.89 

10  1.98  0.89  2.16  0.87  1.91  0.90 

Figure 8. Interpolation results of the GBDT model at the HEZJ station.



Remote Sens. 2023, 15, 4374 12 of 19

In Figure 8, the transient variations of the interpolation results from the two exper-
iments were less different, and both kept excellent consistency with the real-time series,
but the interpolation results were closer to the real values after increasing the number of
GNSS reference stations. Precision evaluation of the interpolation results from the two
experiments at the five GNSS reference stations is presented in Table 4.

Table 4. Precision evaluation of interpolation results before and after adding GNSS stations.

Station Experimental
Stations

GBDT XGBoost RF

MAE/mm ρ MAE/mm ρ MAE/mm ρ

BJGB
5 1.62 0.91 1.72 0.90 1.55 0.92

10 1.39 0.94 1.46 0.93 1.38 0.94

BJYQ
5 2.18 0.88 2.11 0.89 2.00 0.89

10 1.98 0.89 2.16 0.87 1.91 0.90

HECC
5 1.89 0.91 1.77 0.90 1.78 0.91

10 1.75 0.92 1.74 0.90 1.68 0.93

HECD
5 1.73 0.90 1.82 0.89 1.83 0.89

10 1.60 0.92 1.66 0.90 1.50 0.93

HEZJ
5 2.40 0.90 2.48 0.90 2.48 0.89

10 1.78 0.91 1.93 0.91 1.88 0.91

From Table 4, it can be seen that the precision of the interpolation results was improved
after adding GNSS reference stations, except for the XGBoost model, which had a small
precision drop at the BJYQ station. Meanwhile, we can see that the BJGB and HEZJ stations
had the more significant precision improvement, and the MAE of GBDT, XGBoost, and RF
models were reduced by 25.83%, 22.17%, and 24.19% at the HEZJ station. To analyze the
reasons for this phenomenon, the correlation between the vertical time series of each newly
added GNSS reference station and those initial GNSS reference stations are presented in
Figure 9.
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Figure 9 clearly indicates that the added GNSS reference stations have a higher cor-
relation with the BJGB and HEZJ stations, which is the reason for the more significant
improvement in the interpolation accuracy of the BJGB and HEZJ stations. Therefore, the
precision improvement depends on the correlation of the added GNSS reference stations
with the initial GNSS reference stations.

3.3. Interpolation of Different Seasonal Data

The experiments in Sections 3.1 and 3.2 show that the interpolation precision of
the three machine learning models did not decrease as the number of training samples
decreased; instead, the precision was lower when the training samples were more adequate.
The GNSS vertical time series had significant seasonal oscillations [10,36]. Therefore, the
interpolation precision may be affected by seasonal oscillations in the GNSS vertical time
series. To verify this conjecture, we used machine learning methods to interpolate the
different seasonal data. In the experiment, we divided data into spring (March, April, and
May), summer (June, July, and August), autumn (September, October, and November), and
winter (December, January, and February) parts according to months, and the interpolation
results of XGBoost model at the HEZJ station are presented in Figure 10.
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We can see from Figure 10 that there were differences in the interpolation effect for
each season, with the worst interpolation effect in summer. The interpolation precision of
different seasons is presented in Table 5.
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Table 5. Interpolation precision of the five GNSS reference stations in different seasons.

Station Missing
Season

GBDT XGBoost RF
MAE/mm ρ MAE/mm ρ MAE/mm ρ

BJGB
spring 2.24 0.87 2.30 0.88 2.17 0.87

summer 3.65 0.68 3.28 0.69 3.57 0.67
autumn 2.54 0.82 2.73 0.80 2.65 0.81
winter 1.46 0.92 1.61 0.90 1.42 0.93

BJYQ
spring 2.69 0.82 2.79 0.81 2.71 0.82

summer 4.18 0.57 4.10 0.61 3.69 0.67
autumn 2.34 0.81 2.58 0.83 2.56 0.81
winter 2.10 0.89 2.03 0.90 1.87 0.91

HECC

spring 2.42 0.87 2.31 0.88 2.48 0.86
summer 3.79 0.74 3.84 0.74 3.94 0.73
autumn 2.12 0.87 2.37 0.85 2.11 0.86
winter 1.79 0.92 1.68 0.91 1.86 0.91

HECD

spring 2.41 0.84 2.48 0.85 2.45 0.84
summer 4.43 0.63 4.34 0.63 4.04 0.67
autumn 2.83 0.82 2.92 0.83 2.73 0.86
winter 1.76 0.89 1.81 0.88 1.82 0.88

HEZJ
spring 2.71 0.85 2.80 0.84 2.94 0.82

summer 4.69 0.64 3.78 0.66 4.63 0.66
autumn 2.66 0.76 2.88 0.75 2.72 0.78
winter 2.42 0.89 2.39 0.89 2.36 0.90

Table 5 clearly illustrates that at the five GNSS reference stations, the season with the
worst interpolation precision is summer, with a 1–2 mm precision drop in MAE compared
to spring and autumn, and a 2–3 mm increase in MAE compared to winter. Also, the
correlation between the interpolation results and the real-time series is lower in summer
compared to the remaining three seasons, which indicates that the model did not achieve
good modeling effects for some transient deformations in summer. The position change
of the BJGB station and the local monthly mean maximum temperature are presented in
Figure 11.
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Figure 11 visually illustrates that the vertical position change oscillation amplitude at
the BJGB station was positively correlated with the temperature, the seasonal oscillation
amplitude at the BJGB station was larger, and the position change direction was more
random in the summer when the temperature was higher. This can directly affect the inter-
polation precision of the GBDT, XGBoost, and RF models, resulting in poor interpolation
in summer.

3.4. Interpolation of Data for the NEU

The experiments in Sections 3.1–3.3 all used only the GNSS vertical time series for
model validation. To further evaluate the applicability of the interpolation model in this
study, the interpolation effects of data for the NEU are discussed in this section. The
experiment was set up with 100 days of continuous missing data, and the interpolation
results of the RF model at the HEZJ station are presented in Figure 12.
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Figure 12. Interpolation results of RF model at the HEZJ station.

It can be seen from Figure 12 that the RF model had the best interpolation effect on
the N component, followed by the E component, and the worst interpolation effect on
the U component, and there was a misjudgment of transient change in some epochs. The
interpolation precision of GBDT, XGBoost, and RF models for the NEU components of the
five GNSS stations is presented in Table 6.
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Table 6. Precision evaluation of interpolation results for the NEU components.

Station Direction
GBDT XGBoost RF

MAE/mm ρ MAE/mm ρ MAE/mm ρ

BJGB
N 0.75 0.83 0.81 0.76 0.78 0.82
E 1.22 0.93 2.30 0.84 1.16 0.93
U 1.62 0.91 1.72 0.90 1.55 0.92

BJYQ
N 0.65 0.81 0.78 0.75 0.62 0.81
E 1.37 0.92 2.46 0.83 1.22 0.93
U 2.18 0.88 2.11 0.89 2.00 0.89

HECC
N 0.76 0.79 1.03 0.66 0.75 0.83
E 1.10 0.92 2.24 0.84 1.08 0.94
U 1.89 0.91 1.77 0.90 1.78 0.91

HECD
N 0.53 0.85 0.69 0.79 0.49 0.87
E 1.09 0.94 2.21 0.84 1.12 0.94
U 1.73 0.90 1.82 0.89 1.83 0.89

HEZJ
N 0.59 0.88 0.75 0.82 0.59 0.89
E 1.43 0.92 2.15 0.85 1.29 0.94
U 2.40 0.90 2.48 0.90 2.48 0.89

Table 6 shows that the difference in interpolation precision for the N component and U
component between the three models was small, but compared with GBDT and RF models,
the interpolation results for the E component of the XGBoost model showed a significant
precision decline. We noticed that the GBDT and RF models presented consistency in the
interpolation precision for the NEU components, with the best effect for the N component
and the worst effect for the U component. However, the XGBoost model had the worst
interpolation effect for the E component, and the MAE was about twice that of the GBDT
and RF models.

Principal component analysis (PCA) was performed on the GNSS time series of the
interpolated NEU components; cumulative contribution rates of the first m (m = 1, 2, 3)
principal components for NEU components are presented in Table 7.

Table 7. Cumulative contribution rate of principal components for different interpolation models.

Component Interpolation Model
Cumulative Contribution Rate

m = 1 m = 2 m = 3

N
GBDT 93.67% 96.71% 98.69%

XGBoost 87.11% 93.97% 96.96%
RF 93.87% 96.51% 98.12%

E
GBDT 97.54% 98.87% 99.48%

XGBoost 94.03% 99.82% 99.90%
RF 99.28% 99.58% 99.77%

U
GBDT 96.04% 97.53% 98.65%

XGBoost 94.77% 96.47% 97.89%
RF 95.57% 97.25% 98.49%

The cumulative contribution rate of the first 1~3 principal components of the time
series for the NEU components interpolated by the GBDT and RF models were higher, the
retained variance was larger, and the interpolation effect was better, while the interpolation
effect of the XGBoost model is the worst among the three models.

4. Discussion

Missing data in the GNSS position time series can significantly impact data processing
and analysis. Therefore, accurately interpolating missing data is crucial for the GNSS
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position time series. High precision interpolation of non-stationary the GNSS position time
series requires consideration of spatio-temporal correlation. The GBDT, XGBoost, and RF
algorithms discussed in this study utilize the correlation between the GNSS position time
series to construct regression problems. One key advantage of these machine learning
algorithms is that they can take into account the spatio-temporal correlation among GNSS
reference stations reflected in the GNSS position time series. Therefore, the regression
method is more appropriate for non-stationary GNSS position time series. Moreover,
compared with the traditional cubic spline interpolation method, The GBDT, XGBoost,
and RF algorithms can obtain interpolation results with higher correlation. As a result,
the GBDT, XGBoost, and RF algorithms are robust and efficient alternative methods for
interpolation of the GNSS position time series. By analyzing the interpolation results,
we also found that the model error is mainly concentrated in summer. Thus, we will
try to deal with this problem by considering more physical factors (e.g., polar motion,
temperature, and atmospheric pressure) in subsequent studies. In this study, the average
distance between each pair of the selected GNSS reference stations is about 184 km, and
the data sampling rate is 30 s, in which case we obtain highly accurate interpolation results.
Therefore, We need to further examine the performance of machine learning methods
and traditional methods in the interpolation of the GNSS position time series with high
frequency (1 s sampling rate) in a small area (within 10 km2).

5. Conclusions

The GNSS position time series has played a fundamental role in geophysics and
geodynamics studies, which has been conventionally modeled in the time domain and
frequency domain over the past few decades. Taking into account the spatial correlation
of GNSS reference stations, this study uses GBDT, XGBoost, and RF machine learning
algorithms for modeling the GNSS time series. To form the machine learning problem, we
turn the GNSS position time series to be modeled into outputs and the GNSS position time
series from the remaining GNSS reference stations into input variables. The interpolation
experiments of discrete points reveal that GBDT, XGBoost, and RF models always outper-
form the traditional cubic spline interpolation method, and the relative improvements of
MAE averaged over five stations are 48.61%, 45.86%, and 49.67%, when 20% of the samples
are interpolated.

Three machine learning models were then successfully used to interpolate GNSS
vertical time series containing continuous missing data. Our results demonstrate that the
interpolation precision of the models does not decline with increasing consecutive missing
days within 180 days and maintains excellent stability. In addition, the experimental results
show that the interpolation precision of the three models can be further improved by
increasing the number of stations, and these added GNSS reference stations need to have a
strong spatial correlation with the initial stations.

To verify whether the interpolation precision is influenced by seasonal oscillations of
the GNSS vertical time series, we then perform interpolation for different seasonal data. The
experimental results indicate that under the influence of temperature, the GNSS reference
stations will experience larger amplitude oscillations and more random position changes
in the elevation direction during summer. This phenomenon can affect the training of the
three machine learning models, causing the interpolation precision of the models to decline
during the summer.

Finally, we interpolate the GNSS position time series for the NEU components by the
GBDT, XGBoost, and RF models. The experimental results reveal that the three models have
the best interpolation effect for the N component, GBDT and RF have the worst interpolation
effect for the U component, but the XGBoost model has the worst interpolation effect for
the E component and appears to have a significant decrease in precision. Meanwhile,
principal component analysis is performed on the interpolated time series of the five GNSS
reference stations, and the analysis results show that GBDT and RF models were more
suitable for interpolation of the GNSS position time series than the XGBoost model. In
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addition, considering the results related to different scenarios, the GBDT model is the best
among the three models.
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