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Abstract
In the study of determining vertical displacements of the Earth's crust, GNSS is the technology that enables the highest accuracy in 
displacement measurement. Moreover, with GNSS time series data, it is possible to identify patterns of displacement over time. An 
existing issue to address is the detection of outliers and discontinuities within the measurement series. This study investigates outlier 
detection methods within GNSS time series data to serve the purpose of determining vertical displacements and predicting altitude 
component values over time. Methods such as IQR, Z-Score, and Percentile were implemented using data from CORS stations named 
HYEN, QNAM, and CTHO within the VNGEONET network in Vietnam. The data from these stations were initially analyzed using 
Gamit/Globk software to obtain daily coordinate components of the points. Results from outlier detection and analysis with the 
Multiple Linear Regression Model indicate that with approximately 2% of measurements identified as outliers, displacement may 
vary by 0.4mm/year. The LSTM+ICA artificial intelligence model demonstrated excellent performance in prediction with QNAM and 
CTHO datasets. However, prediction with the LSTM+ICA model raises ongoing research questions, particularly regarding the data 
collected by the HYEN station.

1. Introduction and literature review
The time series of GNSS data not only allows for precise 

determination of values, but also reveals patterns of Earth's 
crustal movements. The results in determining vertical 
crustal displacement are significant not only for geological 
deformation studies but also for sea level rise research [1]. 
In cases where land surfaces subside, the impact of typical 
sea level rise becomes more severe, as seen in the Mekong 
Delta region [2]. To determine land surface displacements, 
GNSS technology [3] can be utilized, combined with InSAR 
[4], integrated with GRACE data [5], or employing precise 
leveling methods [6].

One significant advantage of GNSS technology in mon-
itoring vertical displacements, specifically, and Earth crust 
movements, in general, is its capability to determine these 
displacements with high accuracy [3]. Given the demand for 
precision in processing GNSS data, software packages like 
Bernese, Gamit/Globk, Gipsy-Oasis are utilized [7]. When 
applying GNSS technology for monitoring Earth crust move-
ments, both traditional static relative measurement methods 
and continuous measurement solutions with CORS station 
networks can be employed. The advantage of data collected 
from CORS station networks is the ability to determine dis-
placements over time. Consequently, accurate displacement 
patterns, including trends and seasonal variations, can be 
identified when analyzing time series data [8] [9].

Outliers in GNSS data series arise from various causes 
such as the effects of multipath phenomena, influences from 

atmospheric layers, or errors caused by hardware and soft-
ware of the receiver.

There are various methods for outlier detection in gen-
eral such as Statistical, Distance-based, Density-based, Clus-
ter-based. If employing statistical methods, they can be further 
categorized into groups such as based on Gaussian distribu-
tion, regression analysis, using charts, or Kernel methods 
[10]. The Bayesian method has been utilized to detect cycle 
slips when using carrier phase measurements based on adap-
tive Gibbs sampling [11]. The JN-test method, belonging to 
the minimum separable bias methods, has been applied to de-
tect outliers in the positioning problem solving process [12]. 
This method proves effective when the correlation coefficient 
of the data to be detected is high. Also, aiming to enhance 
the accuracy of GNSS positioning, a contrario model has been 
proposed to detect outliers in measurements significantly im-
proving the accuracy of positioning results [13].

The method of Mean Absolute Deviation (MAD) has been 
applied to analyze GNSS data series over time. The authors 
experimented with outlier values ranging from 3 to 5 times 
the standard deviation [14]. The approach using WA_MIN-
QUE has been proposed and shown to be more effective than 
the traditional LS_MINQUE method [15].

In addition to traditional methods, many research works 
have applied artificial intelligence in detecting and eliminating 
outliers. The authors [16] utilized models such as GBDT, LSTM, 
SVM for outlier detection and elimination. Experimental re-
sults showed that applying these methods improved accuracy 
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by 30% compared to traditional methods. The rigorous statisti-
cal method of Theta was applied for outlier detection, resulting 
in a 3.22% increase in accuracy compared to the contrasting 
artificial intelligence models [17]. The authors [18] surveyed 
the ability to detect outliers using models such as Isolation For-
est, O-C SVM, LOF, with the best performance achieved by the 
Isolation Forest model. The Multi-Layer Perceptron Neuron 
Network model was applied to analyze altitude components in 
GNSS data series over time, with an RMSE result of 0.006 for 
both the training and testing datasets [19]. 

The objective of this study is to evaluate the effectiveness 
of outlier detection methods including Interquartile Range, 
Z-Score, and Percentile in determine vertical displacements 
and of the Earth's crust and predict the Up component of the 
point using artificial intelligence from continuous GNSS mea-
surement data series.

2. Methodology
This study conducts an investigation into the results 

when applying outlier detection methods to determine the 
vertical displacement of the Earth's crust and forecast the 
altitude component of the point using artificial intelligence. 
The process of applying outlier detection methods in deter-
mining the vertical displacement of the Earth's crust is illus-
trated in Figure 1.

Prediction is a crucial aspect in time series data analysis. 
In this study, an artificial intelligence model is used to predict 
the Up-component value, which is the LSTM + ICA function. 

The process of predicting the Up component of the point us-
ing artificial intelligence is illustrated in Figure 2.

2.1. Interquartile Range method (IQR)
The Interquartile Range method (IQR) is a statistical tech-

nique used to measure the spread or dispersion of a dataset. 
IQR is particularly useful for identifying outliers or extreme 
values in the dataset, with low sensitivity to the presence of 
outliers, as it relies only on the central part of the distribution 
to calculate IQR [20]. IQR consists of three values: the first 
quartile Q1 (25% of the data), the second quartile Q2 (50% 
of the data), and the third quartile Q3 (75% of the data). The 
dataset is divided into 4 equal parts with an equal number of 
data points. IQR is determined from Q1 and Q3: IQR = Q3 - 
Q1. From there, upper and lower bounds are established to 
exclude outliers (Figure 3). However, the effectiveness of the 
IQR method is better when used to identify outliers in data-
sets with a large number of data points [21].

Furthermore, an adjusted version of the IQR method 
is proposed to account for the influence of the data point 
count. The interquartile range is calculated as 4.IQR, denot-
ed as 4IQR[1+0.1log(n/10)], and the upper and lower bounds 
are recalculated as Q1–k.IQR[1+0.1log(n/10)] and Q3+k.
IQR[1+0.1log(n/10)] respectively [21].

2.2. Z-Score method
The Z-Score is a statistical method used to determine the 

position of a value within a dataset relative to the mean and 

Fig. 1. Method for determining ground displacement with integrated outlier exclusion

Fig. 2. Prediction of the Up-component value with the LSTM+ICA model

Rys. 1. Metoda określania przemieszczenia gruntu ze zintegrowanym wykluczeniem wartości odstających

Rys. 2. Przewidywanie wartości składowej górnej za pomocą modelu LSTM+ICA
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standard deviation of that dataset. It measures the distance 
of a value from the mean of the dataset in terms of standard 
deviations [22].
In which:
x: The value for which Z-Score is to be calculated.
μ: The mean value of the dataset.
σ: The standard deviation of the dataset.

The Z-Score method effectively detects outliers in datasets 
that follow a normal distribution. However, it is inefficient for 
datasets that are skewed left or right. Nevertheless, the mean 
and standard deviation of the dataset can be heavily influ-
enced by one or a few extreme values. Therefore, the median 
value and the Median Absolute Deviation (MAD) are used in 
the adjusted Z-Score method [23].

 	 (1)

In which:  The median of the dataset.

2.3. Percentile method
Percentiles are a commonly used algorithm in machine 

learning for calculating percentages. The Percentiles algo-
rithm, commonly used in statistics, is a descriptive measure 
of certain percentage values of values lower than it. 

When a dataset is unevenly distributed with values 
skewed to one side, as shown in the diagram below, Percen-
tile methods are used to remove these values. This method 
removes outliers by considering the ratio between the values 
within the 90th percentile and removing outliers beyond the 
10th percentile.

2.4. Evaluation methods
In evaluating the accuracy of artificial intelligence models, 

various criteria are considered, including Root Mean Square 
Error (RMSE), Mean Square Error (MSE), and Mean Absolute 
Error (MAE). RMSE measures the square root of the aver-
age of the squared differences between predicted and actual 
values, providing insight into the model's overall accuracy. 
MSE calculates the average of the squared differences, giving 
a quantitative assessment of prediction errors. MAE computes 
the average of the absolute differences, offering a clear under-
standing of the model's average prediction deviation. These 
metrics collectively aid in assessing the effectiveness and pre-
cision of AI models in various applications.

 	 (2)

 	 (3)

 	 (4)

3. GNSS CORS data and analysis
The data used in this study were collected by 3 CORS sta-

tions belonging to the VNGEONET network in Vietnam. In-
formation about the data collected at each station is provided 
in Table 1 below.

The collected data is converted to RINEX format and pro-
cessed using Gamit/Globk software to ensure the accuracy of 
the determined daily coordinate components [24, 25] follow-
ing the procedure described by [26].

During processing, data from permanent IGS stations, 
precise ephemeris, as well as other necessary auxiliary data, 
are automatically downloaded by the Gamit/Globk software. 

Fig. 3. Chart illustrating the IQR method

Fig. 4. Chart illustrating the Z-Score method

Fig. 5. Chart illustrating the Percentile method

Rys. 3. Wykres ilustrujący metodę IQR

Rys. 4. Wykres ilustrujący metodę Z-Score

Rys. 5. Wykres ilustrujący metodę percentylową
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Information about the data from permanent stations is pro-
vided in [27].

The result of processing GNSS data is the daily coordinate 
components of the point, with a graph depicting the coordi-
nate components of point QNAM as shown in Figure 2.

4. Results and discussion
By utilizing the outlier detection process as presented in 

Figures 1 and 2, the number of outlier measurements can be 
determined as shown in Table 2.

4.1 Determine vertical displacement value
The outliers identified will be removed from the original 

dataset to obtain a new input dataset. Subsequently, the mul-
tiple linear regression model (formula 5) will be utilized to 
determine the vertical displacement of the ground in milli-
meters per year.

 	 (5)

In formula 4, a, b, c, d, e, f are the parameters to be deter-
mined; y is the value of the daily coordinate component. The 
determined displacement amounts under various scenarios 
are presented in Table 3.

The results in Table 3 indicate that, with approximately 2% 
of total measurements identified as outliers, the determined 
amount of shift may vary at a rate of 0.4mm/year.

To assess the performance of the multiple linear regres-
sion model, statistical metrics including R-squared, F-statis-
tic, and Durbin-Watson have been identified. The computed 
results are statistically summarized in Table 4.

The data in Table 4 indicates that the data from station 
HYEN is the most suitable, while the data from station 
QNAM is the least suitable for the Multiple Linear Regression 
model. This could be attributed to the discontinuity of the 
QNAM station data throughout the entire observation peri-
od. The CTHO station data shows no correlation in the input 
dataset, whereas the input data of the HYEN station exhibits 
the highest level of autocorrelation.

Tab. 1. Information about the collected data

Tab. 2. Statistics of the identified number of outlier measurements

Tab. 3. Vertical displacement amounts of points

Fig. 6. Daily coordinate components of point QNAM station determined by Gamit/Globk software

Tab. 1. Informacje o zebranych danych

Tab. 2. Statystyki zidentyfikowanej liczby pomiarów odstających

Tab. 3. Pionowe wartości przemieszczenia punktów

Rys. 6. Dobowe składowe współrzędnych punktu stacji QNAM wyznaczone przez oprogramowanie Gamit/Globk
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4.2 Predicting Up component
As mentioned in Figure 2, the LSTM+ICA model has 

been employed in this study to predict the Up component. 
The dataset after outlier exclusion is divided into training and 
testing data with corresponding ratios of 80% and 20%, re-
spectively. During processing, the batch size value is selected 
as 16, the epoch is set to 200, and the Adam optimization al-
gorithm is used. Figures 7 and 8 below illustrate the predic-

tion results with the LSTM+ICA model for the data of the 
mentioned stations.

To evaluate the effectiveness of the prediction model, 
characteristic values have been computed as described in for-
mulas (1), (2), and (3) and are summarized in Table 5.

The data in Table 5 indicates that when analyzing the 
time series of GNSS results for stations CTHO and QNAM, 
there is no apparent difference between outlier detection and 

Tab. 4. Statistical Characteristics of the Multiple Linear Regression Model

Fig. 7. Training performance of the LSTM+ICA model for forecasting Up component for (a) HYEN, (b) QNAM, (c) CTHO station

Fig. 8. Distribution of Residuals on Test Set

Tab. 4. Charakterystyka statystyczna modelu wielokrotnej regresji liniowej

Rys. 7. Wydajność treningu modelu LSTM+ICA dla prognozowania składowej Up dla (a) HYEN, (b) QNAM, (c) stacji CTHO

Rys. 8. Rozkład reszt na zestawie testowym

(a) (b)

(c)
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non-outlier detection. However, for the case of station HYEN, 
utilizing the integrated outlier detection solution allows for a 
10% improvement in model performance. 

Although the data from station QNAM is not continuous, 
with a 15% (801 out of 948 measurements) missing rate, the 
proposed model's performance is relatively good compared 
to existing publications [19]. However, the prediction perfor-
mance of the LSTM+ICA model is very poor when applied 
to the dataset of station HYEN. It needs to be investigated 
whether this is due to the model's unsuitability or the data 
collected by this station not being properly processed in pre-
vious stages. 

5. Conclusion
The research highlights the importance of accurately de-

termining vertical displacements and predicting altitude com-
ponents, particularly in the context of understanding sea level 
changes and land subsidence or uplift. The research methodol-
ogy involves evaluating outlier detection methods such as In-
terquartile Range, Z-Score, and Percentile, alongside utilizing 
artificial intelligence models like LSTM+ICA for prediction. 
The process includes comprehensive data analysis and statis-
tical evaluation to assess the effectiveness of these approaches.

The outlier detection results indicate that the Percentile 
method allows for the detection of outliers with the highest 
number of detected measurements, reaching approximate-

ly 10% of the total input measurements. With the identified 
number of outlier measurements as mentioned above, the 
vertical displacement of the Earth's crust at the specified sta-
tions varies, with the maximum value being 0.4mm/year. Sta-
tistical results show that the CTHO dataset has the lowest lev-
el of autocorrelation, while the HYEN dataset has the highest.

When applying the LSTM+ICA model, it demonstrates 
very good predictive performance for the QNAM and CTHO 
station datasets, with statistics including RMSE = 2.1 mm, 
MAE = 1.5 mm, even though the QNAM station data is not 
continuous (with 15% missing data). However, when applied 
to predict the HYEN station dataset, the model yields poor 
results, highlighting the need for further research to address 
issues related to the high autocorrelation of the HYEN station 
data.
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Zastosowanie metod wykrywania wartości odstających w analizie szeregów czasowych GNSS
W  badaniach nad określaniem pionowych przemieszczeń skorupy ziemskiej GNSS jest technologią, która umożliwia najwyższą 
dokładność pomiaru przemieszczeń. Co więcej, dzięki danym z szeregów czasowych GNSS możliwe jest zidentyfikowanie wzorców 
przemieszczeń w czasie. Istniejącą kwestią do rozwiązania jest wykrywanie wartości odstających i nieciągłości w serii pomiarowej. 
W niniejszym badaniu zbadano metody wykrywania wartości odstających w danych szeregów czasowych GNSS w celu określenia 
przemieszczeń pionowych i przewidywania wartości składowych wysokości w czasie. Metody takie jak IQR, Z-Score i Percentile zostały 
zaimplementowane przy użyciu danych ze stacji CORS o nazwach HYEN, QNAM i CTHO w sieci VNGEONET w Wietnamie. Dane 
z tych stacji zostały wstępnie przeanalizowane przy użyciu oprogramowania Gamit/Globk w celu uzyskania dziennych składowych 
współrzędnych punktów. Wyniki wykrywania wartości odstających i  analizy za pomocą modelu wielokrotnej regresji liniowej 
wskazują, że przy około 2% pomiarów zidentyfikowanych jako wartości odstające, przemieszczenie może różnić się o 0,4 mm/rok. 
Model sztucznej inteligencji LSTM+ICA wykazał doskonałą wydajność w  przewidywaniu dla zbiorów danych QNAM i  CTHO. 
Jednak przewidywanie za pomocą modelu LSTM+ICA rodzi ciągłe pytania badawcze, szczególnie w odniesieniu do danych zebranych 
przez stację HYEN.

 ruch pionowy lądu, tektonika płyt, Gamit/Globk, analiza danych GNSS, uczenie maszynoweSłowa kluczowe:




