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Abstract

The development of Global Navigation Satellite Systems (GNSS) results in large spatial geodetic networks with a distinct
range of accuracy. Thus, classification of the GNSS stations is needed to determine which stations are appropriate for geodetic
applications. Additionally, advanced Machine Learning (ML) techniques have been proposed. However, ML algorithms may
sometimes be less sensitive due to a lack of samples or anomalies in input data. Therefore, this study introduces an approach
in which human-based supervision is integrated into ML processes to improve the ML model’s performance in classifying
the continuous GNSS stations. The human factor influences the ML processes through two sampling strategies: “suggest-
decide” and “correct-retrain”, where the accuracy of ML models will be improved via human-based corrections. The idea
is that the unsupervised ML-based clustering techniques are driven by human-based supervision to create samples for train-
ing the supervised ML-based classification models. In this study, we develop a MATLAB app to automate the clustering
and labeling processes. Our finding demonstrates that applying these sampling strategies can enhance the accuracy of the
ML-based classification models from under 50 % up to ~99 % after re-training. Also, this study categorizes almost 9000
continuous monitoring stations in the Nevada database, of which 1900 stations in Europe serve as samples for training the
ML-based classification models. Furthermore, the methodologies developed in this study can be applied to warning systems,
which utilize internal and external human resources to correct errors, address unusual situations, and provide timely feedback
for better performance of ML-based forecasts.

Keywords GNSS - GNSS station classification - Machine learning - Integrated machine learning - Human and machine
learning combination

Introduction Intelligence (AI) was first pronounced in 1956 and later

quickly evolved into the global scientific and technologi-

In the 1930s, the concept of a machine being able to think
and learn like a human began to take shape (Ross 1933;
Silaparasetty 2020). As a realization of this idea, Artificial
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cal revolution (Silaparasetty 2020). Together with data sci-
ence, Al has been developed and plays an essential role in
data mining, such as modeling, clustering, classification,
and anomaly detection (Kantardzic 2020; Bali et al. 2022).
Also, advanced algorithms have been suggested to train Al
(Mazinan 2013; Carrino and Giove 2021; Hagendorff 2021;
Moura et al. 2021). However, despite operating on super-
computers, Al is still limited in some aspects; especially,
errors and biases in decision-making (Welser and Osoba
2017), or potential risks to society and cybersecurity, like
deepfakes (Schick 2020; Kalpokas and Kalpokiene 2022),
lie Al bots (Braun et al. 2020), and out of control of Super
Al (Alfonseca et al. 2021; Choi 2021). Thus, to enhance
AT’s performance, the notion of combining humans and
Machine Learning (ML) emerged in various applications,
e.g., image segmentation, entertainment, biomedicine, or
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robots (Amershi et al. 2014; Natsume et al. 2018; Hagen-
dorff 2021; Arslan et al. 2022). The synergy of natural and
artificial intelligence has been optimized through human-
based supervision to correct Al-made errors. Motivated by
this research stream, we implement the Human and Machine
learning (H&M) combination approach in the applied geo-
detic domain to address a specific topic of classifying contin-
uous Global Navigation Satellite Systems (GNSS) stations.
Thus, the aim is to concretize an existing approach for the
first time in the geodetic field.

As a part of space geodesy, GNSS is widely employed not
only in general geodetic applications but also in deformation
tracking, which enables determining motions in 3-dimen-
sional space with high accuracy and integrating flexibly with
other techniques (Saria et al. 2013; Kreemer et al. 2014;
Yu et al. 2020; Serpelloni et al. 2022). Also, a significant
increase in worldwide GNSS stations over the last decades
has yielded high-space-resolution networks (Vollerthun and
Wieser 2002; Ge et al. 2006; Wang et al. 2022). These sta-
tions cover an extensive range of accuracy (Altamimi et al.
2013). Moreover, the instability of reference stations and
the accuracy inequivalence of monitoring stations can lead
to bias in deformation analyses due to systematic errors
in observations obtained from these stations (Bastos et al.
2014; Karaim et al. 2028). Hence, it is necessary to classify
GNSS stations for two main purposes: (1) identifying high-
precision reference stations and (2) selecting appropriate
monitoring stations for better interpretations of deforma-
tion information.

So far, only ~400 stations from the EUREF Permanent
GNSS Network (EPN') in Europe have been classified into
seven orders and provided by the Royal Observatory of
Belgium (ROB). Their classification tool® is programmed
based on a traditional approach that uses statistical criteria
and thresholds (Bruyninx et al. 2019; Legrand and Bruy-
ninx 2020, 2021; Legrand 2022). It is designed to special-
ize in categorizing the EPN-GNSS network with the fixed
criteria’. Thus, applying ML will be an alternative solution
that can perform flexibly on datasets and criteria without
adjusting algorithms or core codes of tools. However, one
challenge arises in applying this ML approach: the 400 sam-
ples derived from these EPN-GNSS stations for training ML
models are not yet big enough, resulting in low classifica-
tion performance with <50 %. Further details will be dem-
onstrated in Sect. 3.3. Hence, overcoming the limitation in

L https://epncb.oma.be/

2 https://www.epncb.oma.be/_productsservices/ReferenceFrame/
Tool.php

3 https://www.epncb.oma.be/_productsservices/ReferenceFrame/Stati
on_Classification.php
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sample size promotes the actualization of the human and ML
combination approach in this study.

Below is the implementation of the H&M approach,
where both the unsupervised and supervised ML techniques
are employed to cluster data and train ML models. The clas-
sification performance of the ML models will be enhanced
step by step via two sampling strategies: “suggest-decide”
and “correct-retrain”, in which human-based supervision
will be integrated into the ML processes. We structure this
article as follows. Section 2 presents experimental data and
methodologies. Section 3 shows results and discussions
about the sampling, clustering, and classification techniques
in ML. Finally, conclusions and outlook are summarized in
Sect. 4.

Data and methodologies
Data

We obtain the GNSS coordinate time series from 8975 mon-
itoring stations in the Nevada database* (Blewitt et al. 2018)
to generate features for classifying the GNSS station quality
(Fig. 1a). These stations were observed continuously from
January 1994 to December 2022. The longest continuous
monitoring period is 29.5 years with 10729 daily coordi-
nate solutions, and the shortest is 2.0 years with 688 daily
solutions. Of those, we select 1900 European stations as
samples for training the ML-based classification models,
with an average monitoring timespan equal to 12.7 years
(Fig. 1b). These European stations are selected in this study
so that comparative investigations can be conducted based
on ~400 EPN? stations, which have been classified by the
Royal Observatory of Belgium.

In addition, we use the auxiliary data, including seismic
activities (Fig. 2) and GNSS metadata (e.g., antenna changes
and firmware installation), to detect anomalies and correct
discontinuities in the GNSS coordinate time series. These
data are accessible at the United States Geological Survey
(USGS®), GEOFON’, and Semisys (Bradke 2020) archives.
Please notice that the earthquake occurrence frequency is
currently denser, especially after 2010 (Fig. 2b, d). Accord-
ing to NASAS, climate changes can trigger earthquakes
(i.e., weather earthquakes). Another reason is the increas-
ing number of global seismological stations and advanced

http://geodesy.unr.edu/

> https://www.epncb.oma.be/_networkdata/stationlist.php

5 https://www.usgs.gov/.

7 https://geofon.gfz-potsdam.de/.

8 https://climate.nasa.gov/news/2926/can-climate-affect-earthquakes-

or-are-the-connections-shaky/
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Distribution of the global continous GNSS stations
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Fig. 1 Almost 9000 globally continuous GNSS stations obtained from the Nevada database were investigated in this study (a), in which 1900

European GNSS stations were used as samples to train the ML models (b)

75°N

45°S

75°S

75°N

60°N

45°N

30°N

15°N

Distribution of the global earthquakes

L . J
7 3
. ~ d ?
By o asaall
2 o P
1 2 < i
L. i ¥ AR ELE S g o2l
| 5 . Xl
B T | 1
°
10000 km {
5000 mi } 2 i |
0° 90°E 180°E 270°E 360°E

(a)
Distribution of earthquakes in Europe

|
2000 km
1000 mi

60°W

30°W 0% 60°E 90°E

IS

Magnitude [Mw]

Magnitude [Mw]

Magnitude [Mw]

Magnitude [Mw]

7.5

6.5

5.5

Global earthquake histogram

2000

2005 2010

(b)

European earthquake histogram

2015

2020

500

450

400

350

300

Frequency [event/yr]

250

200

150

5
1995

2000 2005 2010

(d)

2015 2020

Fig.2 The magnitude and frequency of the global earthquakes (a & b) and in the European region (¢ & d)

50

45

8 & 8
Frequency [event/yr]

N
o

20

@ Springer



44 Page4of15

GPS Solutions (2025) 29:44

monitoring techniques, enabling the tracking of more seis-
mic events (Li 2021). These will predict more GNSS stations
might be found in the effect radii of earthquakes after 2010.
For example, on average, ~1800 earthquakes (>5 Mw) per
year were recorded globally after 2010, compared to only ~
1500 earthquakes per year before 2010. A similar data pat-
tern was observed in European countries, where earthquake
events were recorded, with 96 events of >5 Mw per year
after 2010, compared to only 76 events per year before 2010.

Methodologies

The workflow of classifying GNSS stations is divided into
three main steps: preprocessing, clustering, and training ML
models (Fig. 3). In the first step, the GNSS coordinate time
series will be processed to gain features for training ML. The
outputs, including monitoring timespans, velocity vectors,
accuracy, discontinuities, and outlier records, together with
the auxiliary data, will be tested to determine the best-fit
features. The GNSS time series processing techniques in
the preprocessing step have been addressed in our previ-
ous study (Le et al. 2024). Thus, this study will describe in
detail the methods to classify the GNSS stations based on
the H&M approach. Human interactions will influence ML
processes by setting statistical thresholds (e.g., cleaning and

clustering data), selecting features, and tuning hyper-param-
eters (e.g., cross-validations, hidden layers, and iterations).

Clustering data is conducted in the second step to create
samples for training the ML-based classification models.
The unsupervised ML can cluster the data, but it assigns
labels arbitrarily for these clusters. Hence, the sampling
strategy of “suggest-decide” will be implemented. Here,
depending on the data characteristics, human-based super-
vision is to label the clusters. More explicitly, ML “sug-
gests” on how the data is clustered, while humans “decide”
on which classes these clusters belong to based on users’
experience or knowledge of stations. Moving clusters into
actual classes can be performed manually or automatically
but must be under human-based supervision. Labels are
clustered manually by examining the outcomes and record-
ing them on datasheets. On the other hand, the automatic
approach is based on the distance from the origin to the
centroid of the clusters. Based on the characteristics of fea-
tures and the origin-centroid distances, we then rearrange
the order of clusters. In our application, together with error
correction and decision-making, hyper-parameter tuning is
also done by humans, as usually done when working with
machine learning (Fig. 3). This step finishes by categoriz-
ing the sample GNSS stations, i.e., clustering and labeling
samples.

S
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Fig.3 Flowchart of the GNSS station classification using the H&M approach
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We develop a MATLAB application named “GNSS_Clus-
ter” to automate both tasks: clustering and labeling (Appen-
dix A). Five unsupervised ML methods: K-means, Fuzzy
C-means, Hierarchy, Spectrum, and Gaussian, have been
coded in the App, which are among the most commonly used
classification methods (e.g., Shi and Malik 2000; Kanungo
et al. 2002; Nayak et al. 2015; Gordon 2018; Villacampa-
Calvo et al. 2021). Additionally, based on our previous
investigations of ~1300 EU-GNSS stations in the GFZ-
GNSS database (Le et al. 2022), K-means, Fuzzy C-means,
and Hierarchical clustering are best suited for clustering data
with evenly distributed stratification, while the Spectral and
Gaussian methods are more effective for detecting anomalies
and outliers. Therefore, this study focuses on three meth-
ods: K-means, Fuzzy C-means, and Hierarchical clustering.
GNSS users can set hyper-parameters for ML models, shown
on the left-hand side of the App’s interface (Appendix A).
The options of the clustering models are also found on the
right-hand side, corresponding to Tab “Network architec-
ture” (Appendix B). The “Sort_data” option enables users
to re-order input data and assign clusters’ labels as desired.
In the case users do not alter input settings, the “default”
mode will be executed. For example, the “default” mode of
“Sort_data” is “Off’, where the Boolean value (so-called
logical variable) is equal to “0” or “False”. That means the
data structure will remain as the original input, and the clus-
ters will not be sorted. Optimization processing, considering
both accuracy and convergence speed, is applied to deter-
mine the convergence point (Appendix C). To achieve this,
iterative loops are performed to identify the convergence
point that offers an optimal solution with high reliability
and rapid outcomes. The determination of the convergence
point involves counting the number of consecutive iterations
executed (using a “moving window”) where the loss per-
centage after each loop remains below the “convergence”
threshold. The classification of GNSS stations into groups
is determined by analyzing the confidence interval and loss
percentage for each cluster. The GNSS stations are assigned
to the cluster with the highest confidence level (expressed in
percentage). In this approach, we can also mitigate human
biases in setting hyper-parameters for the ML processes.
Further details will be described in Sect. 3.2.

The last step involves building ML-based classifica-
tion models and categorizing ~9000 GNSS stations in the
Nevada database. These outcomes can also be considered
as samples to serve similar tasks. This study categorizes
the Nevada-GNSS stations into three classes, with Class 1
representing the highest quality and Class 3 the lowest. The
second sampling strategy of “correct-retrain” is involved in
this step for better performance of the ML models. Human
intervention is required to correct the stations assigned to
inappropriate classes, and then the ML models are retrained
to achieve better accuracy. That means the outputs of the

previous loop will become the inputs of the next loop. In this
way, the sample size for training ML models increases after
each loop, depending on the number of stations utilized. In
this study, 1900 stations are employed in the training phase,
after which the trained model is applied to the remaining
7075 stations. Should additional data become available in
the future, subsequent work will involve training the models
with the full set of 9000 stations, and the newly added sta-
tions will be adopted in the application phase. Alternatively,
the entire workflow can be applied to the combined dataset
of existing and newly updated data via two or three loops.
As aresult, the accuracy of the ML models will be enhanced
step by step. More details will be shown in Sect. 3.3.

Results and discussions
Feature selection

Forty-six parameters are obtained from the ~9000 GNSS
time series processing in the three-dimensional coordinate
system, e.g., observation frequencies, outliers, disconti-
nuities, variations, velocities, Root Mean Square Errors
(RMSE), Standard Deviations (SD), and entropy of the
GNSS time series are regarded as features. Figure 4 shows
four specific features used for training ML models. On aver-
age, each station coordinate time series has 13 outliers per
year (Fig. 4a). Outliers are potentially linked to the observa-
tion tracking state at the GNSS stations (e.g., weather condi-
tions or the stability state of measurement devices). Thus,
they will be considered as a criterion for the GNSS station
classification. We would note that the number of identified
outliers depends on the filtering thresholds and the GNSS
coordinate solutions. For this reason, all observations should
be processed consistently on the same statistical threshold
and GNSS coordinate solution.

This study divides discontinuities in the GNSS time series
into two types: (1) those caused by measurement devices,
e.g., antenna changes, and (2) those associated with seismic
activities, e.g., earthquakes. The GNSS metadata obtained
from the Nevada database is used to verify the causes of
discontinuities. In ~9000 global stations, there are ~4900
stations with 17924 discontinuities in all three coordinate
components of the time series (Fig. 4b). Among that, 1596
stations are identified within the earthquake-perception radii.
Please see our previous study in Le et al. (2024) for further
details on the method to detect discontinuities and how to
distinguish the two types of discontinuities.

We extract four parameters, including the amplitude of
the annual variations, the number of extreme values in the
GNSS time series, the range of the extreme variations, and
noise (Fig. 5). Figure 4c illustrates the annual variations
of the GNSS stations. We combine the sine functions to
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Outliers in the GNSS time series

E

12%
o
>

108
Q
4

8 o
s

6 ©

4

2

0

0° 90°E 180°E 270°E
(a)
Annual variations 5

45

4

35
T

3 E
3

253
B

2 g

Discontinuities in the GNSS time series

45°N E
38
E
0° £
c
[}
o
2.0
45°S aQ
755 !
e
10008 km
5000 mi 3
. . 2 6
0° 90°E 180°E 270°E
The number of extreme values in the GNSS time series
75°N
45°N
E
£
o> g
X
w

75°S
‘e

10000 km
5000mi

0°

(d)

Fig.4 Four specific features for training the classification ML models, including outliers (a), discontinuities (b), annual variations (c), and

extreme values (d) in the station coordinate time series

determine the amplitude of these variations. As seen clearly
on the map, the GNSS stations located in active tectonics,
like the Ring of Fire region’, will measure a larger ampli-
tude than other regions. Globally, the average amplitude is
~3.1 mm. Furthermore, the uncertainty of the GNSS sta-
tion coordinate time series can be presented via the entropy
index, which reflects the unpredictability of fluctuations over
a time series. Finally, Fig. 4d shows the number of extreme
values in the three components of the coordinate time series
at a moving window = 365 days. On average, 46 extreme
points are identified in each GNSS station coordinate time
series, with four stations reaching the maximum number of
112 extreme points.

The coordinate time series are processed linear regres-
sion to gain three features: RMSE, SD, and velocity vec-
tors. The monitoring timespans and observation records are
also counted in this regression process. In data mining, a

% https://en.wikipedia.org/wiki/Ring_of_Fire
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denser observation frequency is often expected to enhance
reliability, especially for long-term monitoring that requires
stable and consistent observations. Hence, the monitoring
timespan and observation frequency are included in the clas-
sification criteria. To simplify the calculation, we reduce the
data dimensionality of the 46 parameters into 15 features
for training ML models, as shown in Fig. 5. The features are
plotted in parallel coordinates corresponding to 15 y-axes,
with the feature names listed along the x-axis. The values
on the y-axes represent the data ranges of the respective
features.

Data clustering and labeling

We create samples for training the supervised ML-based
classification models using the unsupervised ML tech-
niques to cluster 15 selected features (Fig. 5) correspond-
ing to the seven categories (Table 1). Here, we grouped
features with similar data ranges or characteristics into a
single category for statistical testing at once. To achieve
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Features for training ML
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Table 1 Estimation of the feature separation by the silhouette scores
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RMS residuals of the Up coordinate, the monitoring timespan, the
number of daily observations (daily coordinate solutions) per year,
the number of outliers per year, the average entropy in the NEU coor-
dinates, the number of jumps in the NEU related to antenna changes,
the number of jumps in the NEU related to earthquakes, and the num-
ber of antenna changes

Methods Qutliers_1P Entropy_3P Timespans_2P Velocity 2P Discontinuties_3P RMSE_2P Variations_4P
Hierarchy 0.60 0.73 | 4 0.99 J0.99
K_means E E ‘ E ‘ E
Fuzzy C_means  |0:49 | lo.70 | 0.98 [0.99

robust solutions, we investigate three unsupervised ML
techniques, namely Hierarchy, K-means, and Fuzzy
C-means. The silhouette criterion is applied to test the dis-
similarity in each feature. The silhouette score ranges from
-1to 1, where 1 indicates a strong alignment between data
points and their corresponding clusters, while -1 signifies
misassigned clusters. Silhouette scores will vary based
on the number of set clusters. There is no hard thresh-
old for silhouette scores, but a common standard of >0.5
is often specified (Rousseeuw 1987; Leonard and Rous-
seeuw 1990; Campello and Hruschka 2006; Shutaywi and
Kachouie 2021). Table 1 displays a substantial variation
range in silhouette scores across the three clustering meth-
ods, with Hierarchical clustering generally yielding higher
scores than the others. The features of seasonal variations
and RMSE exhibit a significant influence, while the fea-
tures of outliers and entropy consistently register lower
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Fig.6 The loss patterns of the entropy feature over 1000 optimization
loops at the POTS station in Potsdam, Germany
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scores on all three clustering methods. Even so, all the
selected features stay at a silhouette score range from 0.47
to 0.99. This implies the features have robust statistics for
the clustering process.

Clustering the features is then executed by the optimiza-
tion process. The convergence point is determined within a
window = 5 moving across iterations. That means the clus-
tering process will stop and suggest a final solution when
the certainty percentage of the cluster does not exceed a
statistical threshold after five loops. As depicted in Fig. 6,
the entropy feature of the GNSS coordinate time series at
the POTS station in Potsdam, Germany, stays in Class 2 with
the highest confidence interval compared to Classes 1 and 3.
Here, we used an exponential function to fit the loss patterns
of the clustering process. The convergence point is observed
at the 65" iteration, regarding the accuracy and convergence
speed at its best.

Figure 7 shows the ML-based feature clustering and their
linkage correlation. The Cophenetic coefficient (C), ranging
from O to 1, indicates the levels of distinction among the
clusters. The Fi values indicate the fuzzy threshold between
two linkages. The cutoff threshold is limited within the
upper and lower boundaries. The cutoffs are determined as
the median values of the distance matrices. A greater dis-
tance between the Fi values indicates a higher reliability in
clustering. Our study sets C >0.7, regarded as a high prob-
ability, to ensure that samples are distributed almost evenly
into each cluster.

In this step, human-based supervision involves re-order-
ing and labeling the clusters assigned by the unsupervised
ML process. Based on the cluster mean values, Cluster 2, in
green scatters, will be designated Class 3 (the lowest qual-
ity). In contrast, Cluster 3, in yellow scatters, will be classi-
fied as Class 2 (Fig. 7b). This label re-order process will be

Linkage of the variation feature

performed on the “GNSS_Cluster” App via the “Sort_data”
option.

Model training

We first use the 1900 stations in European countries as sam-
ples to train ML models. Here, the “train-classify-correct-
(re)train” loops are executed (please refer to Flowchart’s
last step). The performance of the ML-based classification
models is estimated via the K-fold cross-validations, with K
= 5. The accuracy of the ML models in the first loop “train-
classify-correct” is depicted in Fig. 8. Among these, more
errors are identified in predictions related to the features of
variations and discontinuities in the coordinate time series
(Fig. 8a). That might be because these features were affected
by anomalies and/or extreme values. Even so, the average
true prediction rate, Positive Predictive Value (PPV), over
three classes still archives ~97.7 % (Fig. 8b). Class 1 reaches
the highest accuracy, with a true prediction rate of up to
99.2 %. Meanwhile, the average false prediction rate, False
Negative Rate (FNR), is ~0.8 %, with the highest wrong
prediction of only 3.4 % for Class 3.

Because of higher accuracy, the Boosted-Tree Ensemble
model is selected to classify the global 7075 GNSS stations
in the Nevada database (Table 2). As the 1900 Europe-GNSS
stations have already been involved in training the classifi-
cation models as mentioned above, they are now excluded
from the global GNSS dataset that needs to be classified.
Our findings reveal that the percentage of the high-quality
stations labeled Class 1 in the European countries accounts
for 39.7 %, slightly higher than the other global stations
with 35.9 % (Fig. 9). In contrast, the Europe-GNSS stations
labeled Class 3 account for 24.6 %, compared to 26.2 % for
the global GNSS stations. Notably, the GNSS stations in
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Training the ML model based on Tree Ensemble
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Fig.8 Training the Ensemble-based classification model using the features from the 1900 EU-GNSS stations (a) and its confusion matrix (b)
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Greenland are mainly defined as Classes 1 and 2. This is
because our classification strategy is based on 15 features/
indices, and velocity is only one of these 15 features. For
example, except for the velocity fields, the data pattern
obtained from station LBIB in Greenland shows the data
quality indices (e.g., jumps, outliers, observation frequency,
RMSE, and extreme values in the coordinate time series)
better than station POTS in Potsdam, Germany. Please
note that the GNSS stations have been observed continu-
ously; these classification results might change if the inputs
are updated (e.g., investigated timespans, observations,
and GNSS metadata) or adjusted (e.g., selected features).

However, the methodology, as well as the model training
approach, remains consistent.

To improve the classification performance, all the clas-
sified features from the ~9000 global GNSS stations above
will be inputs for retraining the ML models. Figure 10 shows
the classification outputs of the retrained ML model and
its corresponding confusion matrix. The true predictions
in this re-training round reach an average rate of ~99.2 %
(Fig. 10b), compared to ~97.7 % in the first training round
above (Fig. 8b). The average false prediction rate on all three
classes in this retraining round is ~2.4 %, in which Class 1
reaches the highest with only 0.2 %, corresponding to 18
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wrong prediction stations in the total of the classified 8975
stations.

Usually, when designing strategies for training ML
models, the goal is to balance specificity and sensitivity
(Fig. 11). However, in some cases, it may be desirable for

Table 2 The accuracy improvement of the classification models
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=
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g.10 Retraining the Ensemble-based classification model using the features from ~9000 GNSS stations (a) and its confusion matrix (b)

either the Type-I error (False Positive Rate - the ML model’s
specificity) or the Type-II error (False Negative Rate - the
ML model’s sensitivity) in each class to be more regarded.
For example, minimizing the Type-II error (False Negative
Rate) is crucial in hazard warnings. This implies that fore-
cast models should maximize sensitivity to ensure no poten-
tial risk of hazards is skipped. On the other hand, in this
study, stations in Class 1 are considered to be of high quality
to serve high-precision tasks. Thus, the Type-I error in this
class will be expected to be the lowest possible, so there will
be the least wrong decisions in selecting the high-precision
required stations. As indicated in Fig. 10b, the Type-II error
(FNR) in Class 1 is 0.8 % while the Type-I error (FPR)
remains lower, with only 1.6 %. Depending on specific tasks,
we will decide on a trade-off between either specificity or
sensitivity by selecting samples, adjusting statistical thresh-
olds, or tuning hyper-parameters of the ML models.

Training (400 EPN-ROB samples) Training (1900 Nevada samples) | Re-training (9000 Nevad les) A v
Model Type .

Accuracy (%) Total cost Accuracy (%) Total cost Accuracy (%) Total cost improvement
Naive Bayes dl 478 192 al 712 547 dl 683 2843 ¥ 28
Subspace KNN dl 416 215 dl 704 563 dal 702 2672 & 014
Subspace Discriminant dl 459 199 al 727 518 a 710 2603 ¥ 174
Linear SVM dl 446 204 4 7809 400 al 751 2238 ¥ 388
Kernel SVM dl 467 196 dl 822 338 al  8a2 1417 & 200
Fine KNN il 438 207 d 833 318 a 897 921 648
Trilayered Neural Network |l 43.8 207 dl 06 179 al 967 293 fd 616
Boosted-Tree Ensemble |4  48.6 189 al 977 43 al 989 96 & 119
Fine Tree [ 216 dal 974 50 al 991 79 & 175
Bagged-Tree Ensemble  |g]l  48.6 189 il 973 52 al 992 71 & 195
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Comparison of the ML models

Table 2 compares the ML models’ accuracy, which lists fif-
teen classification models based on the six supervised ML
techniques. The number of mathematical models is more
than that of the ML techniques because, for one ML tech-
nique, we can build different mathematical models by adjust-
ing hyper-parameters, distance matrices, or loss functions.
Using the three-class features of the ROB-EPN stations for
training the ML models gains an accuracy of only under
50 %. We would note that the low classification performance
is due to the limited sample size of only 400 stations, not
related to the ROB-EPN data quality. Our preliminary inves-
tigations also showed that the proposed method requires at
least 1000 GNSS stations to achieve stable and high-accu-
racy performance (Le et al. 2022). In addition, this study
used the features for classification derived from the high-pre-
cision time series processing, as shown in Le et al. (2024).
In comparison, the samples created by the H&M approach
can double the classification performance of ML models.
The Tree-based Ensemble models can reach an accuracy
of over 97 %, at a statistical significance, and around 99 %
after retraining.

The performance of the Tree-based models is outstand-
ing, with >97 %. Retraining these Tree-based models can
improve their accuracy from 1.2 to 2.0 %. The improve-
ment of the Fine K-Nearest Neighbor (KNN) model reaches
up to ~6.5 %. The Naive Bayes model performs the lowest
accuracy, with <70 %. The distinction of the accuracy range
between the Naive Bayes models and the others might result
from the principle of the Bayes algorithms, which is based
on a naive assumption of independence among features. This
assumption is often challenging to satisfy in real applica-
tions, especially in classification issues. For example, we can
only statistically test to exclude weak correlation features
but cannot eliminate multicollinearity among features. Here,
linear correlations exist between the pair of features, such as
the pair of discontinuities and antenna changes or the pair of
timespan and observation frequency. However, each feature
plays a specific role in estimating the GNSS station quality,
so we included these features in the classification criteria.
Thus, once this initial assumption is not satisfied, the Naive
Bayes-based models might be biased. In contrast, the condi-
tions of initial inputs for training the Decision Tree-based
models are less strict, and the branches of the Decision Tree
models are also developed flexibly. As a result, the classifi-
cation performance of the Tree-based ML models is often
higher than others.

Again, the ML-based classification models obtained
from this study can also find applications in classifying the
IGS stations or national Continuously Operating Reference
Stations (CORS). In that case, human-based supervision
in improving AI’s performance can be utilized from both

internal (i.e., GNSS station operators) and external (i.e.,
GNSS users) sources. More specifically, GNSS users can
provide feedback on the status of monuments or observa-
tions. The station operators will check the feedback’s reli-
ability and consider it as updated samples for retraining. This
approach not only enhances the accuracy of ML models over
time but also timely reflects the actual status of the GNSS
stations.

Conclusions and outlook

While AI (via ML techniques) can process big data effi-
ciently and promote an extensive application spectrum,
humans can better solve the problems associated with
anomalies and mutations. Also, in the context of potential
risks, Al is warned not to work beyond the control of natu-
ral intelligence - of human beings. This study again advo-
cates that combining natural and artificial intelligence can
enhance AI’s performance. Our findings have demonstrated
the feasibility of the H&M approach in improving the ML
models’ accuracy using two sampling strategies: “suggest-
decide” and “correct-retrain”. To mitigate humans’ biases,
we applied the optimization processing technique, which has
been included in our MATLAB app “GNSS_Cluster”. The
Decision Tree models gain outstanding accuracy among the
fifteen investigated models, with under 100 false predictions
in the ~9000 stations. The Tree-based Ensemble models
with a classification performance of up to 99.2 % are highly
recommended for applications. The ~9000 GNSS stations
have been classified, which can be considered as samples
for training other ML models and addressing similar tasks.
Finally, our methodology potentially tackles other topical
issues, such as early warning of natural hazards or cluster-
ing high-risk areas. In that case, users become a part of the
warning systems, contributing insights into data character-
istics and rectifying AI-made errors.

Appendices

A The MATLAB App for clustering
and labeling GNSS data

The “GNSS_Cluster” App is designed with five main
Tabs: “Input”, “Network architecture”, “Loss”, “Cluster”,
and “Map”. GNSS users can copy, edit, and save figures
displayed in these tabs in four formats: *.pnj, *.jpg, *.tif,
and *.pdf. The outputs can be saved in three formats: * .xls,
*.xlIsx, and *.csv. Tab “Help” is a further introduction to
the App.
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B Setting hyper-parameters in the MATLAB
App

GNSS users can set hyper-parameters for ML models,
as shown on the left-hand side of the app’s interface.
The options of the clustering models are also found
on the right-hand side, corresponding to Tab “Network
architecture”.

C Performing optimization loops
for clustering GNSS data

Optimization loops are executed to determine the conver-
gence point. This point is the optimal number of loops that
should be performed to gain the highest probability for a
certain cluster.
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