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EMPIRICAL COMPARISON OF FIVE DEEP LEARNING ARCHITECTURES
FOR GNSS TIME-SERIES DATA FORECASTING

Purpose. This study aims to propose an effective deep learning model for analyzing time series of GNSS data.

Methodology. Five deep learning models were investigated using the Adam optimization algorithm and the MSE
loss function: CNN (Conv1D), GRU, Transformer, Seq2seq, and SimpleRNN. The models’ predictive performance
was evaluated with data from three CORS stations in Vietnam: HYEN, BTRI, and CTHO. The models were con-
structed using the Adam optimization function, MSE loss function, and a batch size of 16.

Findings. The prediction results across all models were generally low. Specifically, the Seq2seq model achieved the
lowest RMSE value for the Up-component data from the HYEN station. The Transformer model was unsuitable for
analyzing GNSS data over time, and the SimpleRNN model showed poor performance with the HYEN station data.
However, the proposed CNN(Conv1D)-RF model, which integrates the RF model with the CNN(Conv1D) model,
achieved high predictive performance, with RMSE = 0.4 mm, MAE = 0.07 mm, and R-squared = 99.8 % when the
input data consisted solely of the Up-component. When the input data included all three components (N, E, and
Up), the maximum RMSE value was 0.92 mm.

Originality. This study introduces the CNN(Conv1D)-RF model, a novel integration of the RF model with the
CNN(ConvlD) model, for GNSS data analysis.

Practical value. The proposed model demonstrates promising predictive performance, indicating its potential ap-

plication in accurately analyzing GNSS data for various practical purposes.
Keywords: deep learning, GNSS time series, machine learning, algorithm

Introduction. Data from Continuously Operating
Reference Stations (CORS) play a crucial role in deter-
mining vertical displacements and land subsidence [1].
Results obtained from CORS data allow for the moni-
toring of geological changes over time. Studies indicate
that utilizing CORS data enhances the accuracy of as-
sessing vertical displacements due to factors such as
groundwater extraction, construction activities, and cli-
mate impacts [2, 3]. Furthermore, analyzing data from
CORS stations aids in predicting and managing risks as-
sociated with surface subsidence, particularly in urban
areas [4]. Therefore, most countries worldwide have
implemented CORS networks to protect resources and
mitigate damage [5].

Convolutional Neural Networks (CNN) have revo-
lutionized computer vision by employing convolutional
layers, nonlinear units, and sampling layers, proving
highly effective in tasks such as facial recognition and
autonomous driving systems. Variants like 1D-CNN are
critical for time series prediction and signal recognition,
contributing to advancements in various fields [6, 7].

Gated Recurrent Units (GRU), a variant of Recur-
rent Neural Networks (RNN), are widely used for pro-
cessing irregular time series data. GRUs effectively learn
and model complex temporal dependencies, facilitating
efficient predictions and handling missing data across
numerous fields such as healthcare, activity recognition,
and environmental monitoring [8].
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The Transformer architecture is extensively applied
in natural language processing and computer vision [9].
Recently, it has been adapted for time series analysis, le-
veraging self-attention mechanisms, positional encod-
ing, and encoder-decoder architectures [10].

Seq2Seq is a deep learning model developed to fore-
cast long time series, improving long-term time series
forecasting (LSTF) through encoder-decoder structures
to handle complex sequence data and long-range de-
pendencies [11].

SimpleRNN is a basic recurrent neural network
model, effective in analyzing time series data. Its primary
advantage lies in its ability to capture short-term depen-
dencies in sequence data, enabling faster processing with
lower computational resource requirements compared to
more complex models like LSTM and GRU [12, 13].

Machine learning has enhanced GNSS data pro-
cessing capabilities, particularly in improving accuracy
and reliability in weak signal environments [14]. LSTM-
based RNN models have successfully eliminated nearly
50 % of noise from GNSS data, achieving coordinate
prediction accuracy with a mean error of 1.1 mm [15].

Eight different machine learning algorithms have been
applied to predict changes in land surface elevation based
on GNSS position time series. Models such as multilayer
neural networks, Bayesian networks, Gaussian Processes
(GP), and five other models have been utilized for change
prediction. Results indicate that the Gaussian Processes
algorithm outperformed others, achieving high accuracy
of up to 4 mm and averaging 2 cm across the entire data
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series [16]. A radial basis function, with 200 center points
and a least squares method in batch mode, was applied for
optimal results in time series point position analysis [17].
Generalized regression neural networks have been used to
predict GNSS position time series, yielding accuracy up
to 6 cm for discrete data and 3 cm for continuous data,
outperforming the Theta method [18].

Multiscale sliding windows (MSSW) have been em-
ployed in conjunction with LSTM networks, resulting in
a reduction of RMSE from 2.1 to 23.7 % and MAE from
1.6 t0 22.2 % compared to traditional LSTM models [19].

The Quantum-inspired Long Short-Term Memory
model has been applied to develop satellite clock prod-
ucts for the BDS system, achieving an improvement in
short-term prediction accuracy of up to 80.4 % com-
pared to traditional models like ARIMA [20]. The RF
model has been implemented to detect disruptions in
GNSS position time series due to earthquakes, yielding
a best performance with an F-score of 0.77 [21].

Temporal Convolutional Networks (TCN) have
been utilized to correlate meteorological parameters
with GNSS height time series. Results indicate that
TCN reduced RMS error by 28.6 %, nearly matching
physical models [22].

The DVMD-LSTM model has been applied to pre-
dict GNSS time series data, achieving a reduction in
RMSE 0f 9.86 % and an increase in R? of 17.97 % com-
pared to the VM D-LSTM model [23].

Models such as GBDT, XGBoost, and RF have been
employed to interpolate GNSS coordinate time series,
with results demonstrating a 45 % higher interpolation
efficiency compared to traditional spline methods, with
GBDT and RF outperforming XGBoost [24].

GNSS data used to determine the deformation of ir-
rigation works has been analyzed using a combination of
CNN and GRU models, achieving an accuracy im-
provement of over 45 % [25].

The objective of this paper is to evaluate the perfor-
mance of five deep learning models- CNN (ConvID),
GRU, Transformer, Seq2Seq, and SimpleRNN — uti-
lizing the Adam optimization algorithm and the MSE
loss function to predict GNSS data in time series. Ad-
ditionally, the performance of the CNN (ConvlD)-
MAF model, which combines the CNN (ConvlD)
model with a moving average filter, will also be assessed,
along with substitutions of the Adam optimization algo-
rithm with the SGD optimization algorithm and the
MSE loss function with the Huber loss function.

Data and methodology. Data. The data used in this
study is obtained from three CORS stations (Table 1)
from the VNGEONET network established by the Viet-
nam Department of Surveying, Mapping, and Geo-
graphic Information (Fig. 1).
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Fig. 1. Locations of the three CORS stations: HYEN,
BTRI, CTHO

The data collected at the three CORS stations were
obtained over the period from August 10, 2019, to March
18, 2022. Detailed information about the stations is pro-
vided in Table 1.

Methodology. The research methodology used in this
study is illustrated in Fig. 2.

The data obtained from the CORS stations is con-
verted from raw format to RINEX format for analysis
using Gamit/Globk [26], a high-precision GNSS pro-
cessing software. The processed data is used to work
with the following deep learning models to analyze their
usage in predicting the data gaps in time series:

a. CNN(Conv1D) model. The CNN (ConvlD) model
in convolutional neural networks is widely used to pro-
cess one-dimensional sequential data, such as time series
data. This model performs convolution between the input
and filters to extract features from the data sequence. The
mathematical formula for the CNN (Conv1D) model is

k
w(1)= Y x(t+i)-w(i), e))

i=1

where x(7) is the input data; w(i) is the weight of the fil-
ter; k is the kernel size.

Table 1
Information on GNSS CORS measurement data
Time
Station name - Receiver type Antenna type Interval (second)
First epoch Last epoch

HYEN 2019/08/10 2022/03/18 LEICA GR50 LEIAR25.R4 30

BTRI LEIT

CTHO
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GNSS Raw Data

Gamit/Globk

Daily coordinate components
(n, e, u)

/{\\

| CNN(Conv1D) | | GRU | Transformer | ‘ Seq2seq | |SimpIeRNN |

Predict results

Fig. 2. Prediction Process with Deep Learning Models:
CNN(ConviD), GRU, Transformer, SeqZ2seq, Sim-
pleRNN

The output of the CNN (Conv1D) is fed into layers
such as Flatten to convert it into a flat vector, followed
by dense layers to generate the output. Conv1D is often
combined with the ReLU activation function to en-
hance the non-linearity of the model.

The process of using the CNN (ConvlD) model to
analyze data in this case is illustrated in Fig. 3.

b. GRU model. GRU is a variant of recurrent neural
networks (RNN) designed to address the gradient van-
ishing problem in processing of the long time series data.
This model utilizes an update gate (Eq. 2) and a reset
gate (Eq. 3), with the hidden layer defined as follows

L= G(szr"' Uzhr—l), 2)

where o as the sigmoid function ranging from 0 to 1; W
is the weight matrix applied to the current input x,, and
U, is the matrix applied to the previous hidden state 4,_;.

ri=o(Wx,+ Uh,_y), 3)

where W, and U, are the weight matrices for the current
input x, and the previous hidden state 4,_,.

The hidden layer represents the newly stored infor-
mation after applying the gates, as given in Eq. (4)

hy=2,0h,_+(1-z) O tanh(W,x,+r,© Ush,_,,(4)

where O represents element-wise multiplication; tanh is
the hyperbolic tangent function that limits the output
between —1 and 1; W), and U, are the weight matrices for
the input and the previous hidden state. Fig. 4 is a sim-
plistic illustration of implementing GRU in this case.

c. Transformer model. The Transformer is a deep
learning model that efficiently processes sequential data
and is widely used in natural language processing tasks.
The attention mechanism has been implemented in the

Hidden Hidden
Conv1D
(64x2)

Flatten

Fig. 3. Flowchart of the GNSS time series data analysis
process using the CNN (Conv 1D) function

| Input H Hidden layer |—{ Ouput |

Fig. 4. Diagram of the GNSS time series data analysis
process using the GRU

Transformer model to focus on different parts of the in-
put simultaneously. The mathematical formulation of
this model is given in Eq. (5)

Attention(Q,K,V) = softmax{ oK™ ]V, 5)

A

where Q, K, and V are the query, key, and value matri-
ces. After the attention mechanism, a feed-forward neu-
ral network processes the output.

Fig. 5 is an illustration of the process in implement-
ing the Transformer model.

d. Seq2seq model. Seq2seq is a bi-RNN architecture
designed for processing sequential data. The model con-
sists of two RNNs: the encoder and the decoder. The
Seq2seq model as applied in this case is as follows (6, 7)

Encoder= LSTM(100, return_sequences =
= True)(input_layer). (6)

Then, the output of the encoder is passed to the de-
coder layer, which is also an LSTM with 100 units. The
output result is then determined using

Output layer = Dense(1)(decoder). 7

Fig. 6 below describes the structure of the Seq2Seq
model.

e. SimpleRNN model. The SimpleRNN model is a
RNN structure primarily used for time series data pro-
cessing tasks. This model has the ability to remember
information from previous states due to its sequential
structure. In SimpleRNN, each input is processed
through a hidden unit, which can be described by Eq. (8)

h;=tanh(Wyh,_, + Wx,; + b), (8)

where £, is the hidden state at time #; W), and W, are the
weight matrices; x; is the input at time #; b is the bias.
The SimpleRNN model can be expanded with multiple
hidden units to improve its learning capacity.

Six statistical parameters are then used to evaluate
the individual and inter-model performances of the five
artificial intelligence architectures: Mean Square Error
(MSE, Eq. (9)), Root Mean Square Error (RMSE,
Eq. (10)), Mean Absolute Error (MAE, Eq. (11)),
R-Squared (R?, Eq. (12)), Cohen’s Kappa (Eq. (13)),
and F1-Score (Eq. (14)).

MSE =%Z<yf —), )

i=1

Input —1 Hidden layer 1 —>| Hidden layer 2 —| Output

Fig. 5. Diagram of the GNSS data analysis process over
time using the Transformer model

Input LSTM Dense
(200 units) (1 unit)

shape = (1,1)

Fig. 6. The structure of the Seq2Seq model used

Input SimpleRNN Dense
shape = (time steps, features) (200 units) (1 unit)

Fig. 7. The structure of the SimpleRNN model used
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where y, is the actual value; y; is the predicted value,
and n is the number of observations.

1& ~
RMSE =~ MSE = ;Z(yi— V)% (10)
i=1
1 n A~
MAE==%|y,~ | (11
i
Z(y[_)’})z
R? :1——’:1 , (12)
Z(y[_.)_;j)z
i=1
where ¥ is the mean of actual values.
k=tote (13)
= P ,

where Po is the observed agreement among raters (or
classification accuracy); P, is the expected agreement by
chance, calculated based on the distribution of the
classes.

F1—Score=2- Precision.Recall

(14)

Precision+ Recall’

where Precision is the ratio of true positive predictions
to the total predicted positives, calculated as

_mw
TP+ FP’

and Recall (also known as Sensitivity) is the ratio of true
positive predictions to the actual positives, calculated as

TP
TP + FN’

15)

Precision =

Recall = (16)

where TP is True Positive; FP is False Positive; FN is
False Negative.

Results and discussion. Results of GNSS data pro-
cessing using Gamit/Globk software. To process GNSS
data using GAMIT/GLOBK, first of all RINEX data
(observation and navigation files) is converted into the
GAMIT-compatible format using rinex2gamit com-
mand. Then the precise ephemeris data (e.g., IGS or-
bits) are downloaded in specific directories and re-
quired input files are prepared, including the station
information file (.sizzb/). In this file, approximate coor-
dinates of the stations are included as initial estimates.
Once the data and directories are prepared, GAMIT is
run using the command gamit to compute initial station
positions/solutions (.so/ file) and residuals (.res file).
Once GAMIT is completed, GLOBK is used with the
command globk to refine the results. It is used to com-
bine or adjust data from multiple stations over time.
For this step, precise coordinates of the IGS stations
are used in the .gk file, to provide a reference frame for
the analysis. The resulting output will consist of time-
series data of station positions and displacement ve-
locities. A detailed step-by-step methodology is ex-
plained in King and Bock. The results of the time-se-
ries of coordinates of the HYEN, BTRI, and CTHO
stations obtained using GAMIT/GLOBK are shown in
Figs. 8, 9, and 10, respectively.
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HYEN North Offset 2300578.508 m
rate(mm/yr)= -5.57 + 0.10 nrms= 0.81 wrms= 1.9 mm # 947
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HYEN East Offset 11045860.016 m
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Fig. 8. Daily coordinate components of the HYEN station
determined by Gamit/Globk software
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Fig. 9. Daily coordinate components of the BTRI station
determined by Gamit/Globk software
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CTHO North Offset 1116180.819 m
rate(mm/yr)= -6.22 + 0.11 nrms= 0.93 wrms= 2.4 mm # 929

(mm)

L
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CTHO East Offset 11594258.329 m

L
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2.8 mm # 929
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CTHO Up Offset 3.531m
rate(mm/yr)= -10.33 + 0.40 nrms= 0.80 wrms= 7.2 mm # 929

2024 Nov 01 16:06:30 p: 14

Fig. 10. Daily coordinate components of the CTHO sta-
tion determined by Gamit/Globk software

Performance statistics of the model in the case of using
the Adam optimization algorithm and the MSE loss func-
tion. In this case, all models use the Adam optimization
algorithm and the MSE loss function; the data split ratio
between the training dataset and the testing dataset is
60—40.

Adam combines the benefits of two popular optimiz-
ers, AdaGrad and RMSProp, making it adaptive to the
learning rate. It effectively handles sparse gradients,
converges quickly, and is less sensitive to hyperparame-
ter tuning. However, Adam may sometimes lead to sub-
optimal generalization compared to other optimizers,
particularly in cases with small datasets. Additionally, it
can be computationally expensive due to the storage of
multiple gradients [12].

The Mean Squared Error (MSE) loss function fa-
cilitates efficient convergence to minima for small er-
rors, as the gradient diminishes progressively. It employs
quadratic equations, which helps penalize models for
outliers effectively. The squaring of values speeds up
training; however, high loss values can lead to significant
jumps during backpropagation, which is not desirable.
MSE’s heightened sensitivity to outliers means that sub-
stantial anomalies in the data can adversely affect model
performance [27].

The data in Table 2 shows that while the Simple RN N
model demonstrates high predictive performance for
data from the BTRI and CTHO stations, it is not suit-
able for the input data from the HYEN station, as indi-
cated by a negative R’ value.

The Transformer model is entirely unsuitable for pre-
dicting GNSS time series data in this case, as indicated
by negative R? values for data from all three stations.

The Seq2seq and GRU models demonstrate very high
predictive performance for data from the BTRI and
CTHO stations, with maximum RMSE values of 0.82 and
0.07 mm, respectively. Additionally, the models show
strong alignment with the input data (as indicated by R
values) reaching between 99 and 100 %. For data from the
HYEN station, the Seq2seq model proves more effective
than the GRU model, with an RMSE of 2.41 mm, MAE
of 1.91 mm, and a model fit reaching 96 %.

The CNN (ConvlD) model demonstrates high pre-
dictive performance for data from the HYEN and
CTHO stations, with maximum RMSE and MAE val-

Table 2
Accuracy evaluation results with input data being the u component

Model Station RMSE, mm MSE, mm MAE, mm R-squared F-score Kapa
CNN(ConvlD) BTRI 5.46 29.84 0.43 0.6254 1.0 1.0
CTHO 0.70 0.49 0.59 0.9956 1.0 1.0
HYEN 1.31 1.72 0.65 0.9895 1.0 1.0
GRU BRTI 0.02 0.00 0.01 1.0 1.0 1.0
CTHO 0.07 0.00 0.05 1.0 1.0 1.0
HYEN 4.64 21.54 3.16 0.8682 1.0 1.0

Transformer BRTI 12.43 154.57 10.71 —-0.9400 0.9784 0.9569

CTHO 41.64 1,733.95 40.81 —14.4483 0.8548 0.7097

HYEN 261.97 68,628.35 248.33 —418.8853 0.7684 0.5368
Seq2seq BRTI 0.82 0.68 0.77 0.9915 1.0 1.0
CTHO 0.61 0.37 0.59 0.9967 1.0 1.0
HYEN 2.41 5.85 1.91 0.9642 1.0 1.0
SimpleRNN BRTI 1.59 2.52 1.19 0.9683 1.0 1.0
CTHO 1.67 2.80 1.20 0.9750 1.0 1.0

HYEN 17.12 293.04 11.83 -0.7929 0.7684 0.5368
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Table 3

Accuracy evaluation results with input data being n, e, u components

Model Station RMSE, mm MSE, mm MAE, mm R-squared F-score Kapa
CNN(ConvlD) | BTRI 0.69 0.47 0.15 0.9940 0.9946 0.9892
CTHO 1.60 2.56 0.73 0.9772 0.9892 0.9785

HYEN 86.55 7,491.57 63.22 -44.8353 0.5210 0.0421

GRU BRTI 0.91 0.83 0.72 0.9895 0.9892 0.9785
CTHO 1.21 1.46 1.08 0.9870 0.9946 0.9892

HYEN 13.23 175.02 11.29 -0.0708 0.8368 0.6737

Transformer BRTI 6.45 41.55 5.05 0.4784 0.83330 0.6667
CTHO 6.34 40.27 5.08 0.6412 0.8441 0.6881

HYEN 8.94 79.96 7.74 0.5108 0.9053 0.8105

Seq2seq BRTI 4.48 20.10 3.44 0.7477 0.9409 0.8817
CTHO 5.44 29.60 2.82 0.7363 0.9140 0.8280

HYEN 9.09 82.62 4.86 0.4945 0.8895 0.7789

SimpleRNN BRTI 4.80 23.05 4.17 0.7107 0.9194 0.8387
CTHO 3.73 13.95 3.01 0.8757 0.9032 0.8065

HYEN 11.59 134.31 8.09 0.1782 0.8737 0.7473

ues of 1.31 and 0.65 mm, respectively. Additionally, the
fit between the input data and the model reaches ap-
proximately 100 %. However, for data from the BTRI
station, the CNN (Conv1D) model proves less effective,
with an RMSE of 5.46 mm and an R? of 0.6254, which
is relatively low.

Overall, when using only the Up-component as in-
put data to predict this same value, the Seq2seq model
proves more effective than the other models. However,
compared to the results from existing studies [28], the
achieved results here are still not high.

The data in Table 3 shows that when using the N, E,
and Up components to predict the Up-component, the
performance of all models is very poor. For the HYEN
station, this data is unsuitable for all models, as indicat-
ed by the negative R-squared values for the CNN
(ConvlD) and GRU models. For the remaining mod-
els, the R-squared values, which indicate the fit of the
input data to the model, are very low, while error metrics
such as MAE and RMSE are high. However, the CNN
(Conv1D) and GRU models still show excellent predic-
tive performance for the input data from the BTRI and
CTHO stations.

From the data presented in Tables 2 and 3, it can be
seen that the proposed models exhibit low predictive
performance. Therefore, other approaches need to be
tested to improve prediction accuracy with these models.

Solutions to Enhance Model Performance. To enhance
the model’s predictive performance, the proposed solu-
tions include: 1) Using the CNN (Conv1D) model with
64 filters in the hidden layer, setting the batch size to 8 —
PA1; 2) Integrating the RF model with the CNN (Con-
v1D) model. Prediction results with these solutions are
presented in the following sections — PA2.

Using the CNN (Conv1D) model with 128 filters in the
hidden layer, setting the batch size to §.

From the data in Tables 2 and 3, it can be observed
that by reducing the batch size to 8, the prediction per-
formance of the CNN (Conv1D) model is significantly

improved. The maximum RMSE value decreased from
5.46 to 1.49 mm, and the model’s fit with the input data
increased from 63 to 97 %. In this case, the maximum
RMSE value is comparable to the results in study [28];
however, the MAE value is smaller (0.10 mm compared
to 1.33 mm).

The graphs representing the loss function, predicted
values on the training dataset, and test dataset in PAI
are illustrated in Figs. 11, 12, and 13.

Integration of the RF Model with the CNN (Conv1D)
Model. The Random Forest (RF) model is an ensemble
learning method used for both classification and regres-
sion tasks. It builds multiple decision trees during train-
ing and outputs the mode of classifications or the aver-
age prediction in regression. Each tree in the forest is
trained on a random subset of the data, both in terms of
samples and features, which helps reduce overfitting and
improve generalization.

For a regression task, the prediction of RF is given by
averaging the predictions of all individual trees

.14
y=72f,(X), (17)

t=1

where T'is the total number of trees; f,(x) is the predic-
tion from the #” tree; x represents the input features.

Table 4
Prediction Results with the CNN (Conv1D)
Model in PA1
E g g )
Station | K & g 5 s
2 | = = ~ 3 M
BTRI 0.15 ] 0.02 | 0.03 1.0 1.0 1.0
CTHO 0.65 | 0.42 | 0.60 | 0.9962 1.0 1.0
HYEN 1.49 | 2.23 | 0.10 | 0.9863 | 0.9947 | 0.9895
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Fig. 11. Graph representing the loss function in PAI of the
HYEN station
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Fig. 12. Graph representing the predicted values on the
training dataset of the HYEN station in PAl
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Fig. 13. Graph representing the predicted values on the
testing dataset of the HYEN station in PAl

In classification, the final output is typically deter-
mined by a majority vote among the trees. The algo-
rithm benefits from “bagging” (Bootstrap Aggregating),
which provides robustness against overfitting by creating
diversity among the trees. Additionally, Random Forest
reduces variance compared to a single decision tree,
making it highly effective for complex datasets with
noisy data. However, it can become computationally ex-
pensive with large datasets due to the training of numer-
ous trees.

The integration of Convolutional Neural Networks
(CNNgs), specifically the ConvlD variant, with Ran-
dom Forest (RF) models produces the hybrid
CNN(Conv1D)-RF model, harnessing the strengths of
both for improved predictive accuracy. ConvlD layers
in CNNs are effective at extracting localized patterns in
sequential data, making them suitable for time-series or
one-dimensional signals. However, CNNs alone can
sometimes lack interpretability. RF models, known for
their robustness and interpretability, utilize an ensemble
of decision trees to improve accuracy and handle com-
plex relationships, making them resilient to noise. By
combining CNN’s feature extraction with RF’s deci-
sion-making, the CNN(ConvlD)-RF model gains the

ability to classify or predict from sequential data with
enhanced robustness and stability, balancing deep rep-
resentation and reliable generalization.

The integrated model combining RF with
CNN(ConvlD) is named CNN(Convl1D)-RF by the
authors.

The prediction using the CNN(Conv1D)-RF model
is conducted with three approaches, including:

1. Prediction with input data as the Up-component
with a batch-size value of 16 (PA2.1).

2. Prediction with input data as N, E, and Up-com-
ponent with a batch-size value of 16 (PA2.2).

3. Prediction with input data as N, E, and Up-com-
ponent with a batch-size value of 8 (PA2.3).

The model performance statistics in Approach 2.1
are provided in Table 5.

From the data in Table 5, it can be seen that the per-
formance of the CNN(ConvlD)-RF model with input
data as the Up-component is very high, with maximum
values of RMSE, MSE, and MAE being 0.4, 0.16 and
0.07 mm, respectively (for predictions on data from the
BTRI station). The model’s fit with all input data in this
case reaches 100 %, demonstrating the effectiveness of
the proposed model.

Figs. 14, 15, and 16 below illustrate the loss function
values, predicted values on the training dataset, and pre-
dicted values on the test dataset of HYEN station in ap-
proach PA2.1.

The  performance  characteristics for  the
CNN(ConvlD)-RF model in approach PA2.2 are pre-
sented in Table 6.

From the data in Table 6, it can be seen that the
CNN(Conv1D)-RF model still demonstrates high pre-
dictive performance for the data from the BTRI and
CTHO stations. However, for the data from the HYEN
station in this case, the predictive performance is poor.

The predictive performance of the CNN(Conv1D)-
RF model in the PA2.3 approach is presented in Table 7.

From the data in Table 7, it can be seen that the pre-
dictive performance of the CNN(ConvlD)-RF model
is lowest in this case when predicting data from the
BTRI station, with RMSE =0.92 mm, MSE =0.85 mm,
and MAE = 0.67 mm. The values of R-squared, Kappa,
and F1-Score are all approximately 1. However, this still
represents a very high prediction accuracy compared to
previously published results [28, 29].

Conclusion. With the goal of identifying a suitable
deep learning model for analyzing GNSS time series
data, specifically the Up component, this paper evalu-
ates the performance of five models: CNN(ConvlD),

Table 5

Performance of the CNN(Conv1D)-RF model in
Approach PA2.1

g g g =
. - =) = = ©

Station ﬁ o o g 5 o
S|l 2| S| F | 3|5
[~ = = -2 |
BTRI 0.40 | 0.16 0.07 | 0.9980 | 1.0 1.0
CTHO 0.09 | 0.01 0.06 1.0 1.0 1.0
HYEN 0.14 | 0.02 | 0.05 1.0 1.0 1.0
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Fig. 14. Loss function values for predictions using the
CNN(ConviD)-RF model for HYEN station data in
approach PA2.1
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Fig. 15. Predicted values on the training dataset for
HYEN station in approach PA2.1

Actual vs Predicted on Test Set

Table 6

Performance of the CNN(Conv1D)-RF Model in
Approach PA2.2

=
E| E| E| B
Stati i ; g g £
ation (Lrn.l o o S 5 <
=2 | 2| |7 5
> = = o~ i3 M
BTRI 1.23 | 1.50 | 0.54 | 0.9811 | 0.9946 | 0.9892
CTHO | 0.12 | 0.02 | 0.07 1.0 1.0 1.0
HYEN | 6.61 |43.72| 5.00 | 0.7325 | 0.8789 | 0.7579
Table 7

Predictive performance of the CNN(ConvlD)-RF
model in the PA2.3 approach

Station é . . -

o | B g § =

R I I -

2 | = = o~ 23 M
BTRI 0.92 | 0.85| 0.67 | 0.9893 | 0.9946 | 0.9892
CTHO |0.49|0.24| 0.43 | 0.9978 1.0 1.0
HYEN |0.36 | 0.13 | 0.27 [0.9992 | 1.0 1.0
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Fig. 16. Predicted values on the testing dataset for HYEN
station in approach PA2.1

GRU, Transformer, Seq2seq, and SimpleRNN. The
proposed models were tested based on data from three
CORS stations in the VNGEONET network, estab-
lished and operated by the Vietnam Department of Sur-
veying, Mapping, and Geographic Information: HYEN,
BTRI, and CTHO, with data collected from August 10,
2019, to March 18, 2022. The test results show the fol-
lowing characteristics:

1. When using the above models with the Adam op-
timization algorithm, mse loss function, and a batch size
of 16, none of the models achieved the desired accuracy.
In the case of the Up-component input data, the
CNN(ConvlD) model showed poor performance with
data from the BTRI station, and the GRU model per-
formed poorly with data from the HYEN station. The
SimpleRNN model showed negative R2 values for data
from the HYEN station, indicating that this model is
not suitable for the input data. The Transformer model
is also not suitable for analyzing GNSS time series data.
The Seq2seq model performed best in this case, with a
maximum RMSE value of 2.41 mm; however, this is still
higher than previously published results. With the same
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models as above, using input data that includes all three
components include N, E, and Up, the results in poorer
predictive performance compared to using only the Up-
component as input data.

2. In the case of reducing the batch size to 8, when
the input data consists only of the Up-component, the
parameters characteristic of the model’s predictive per-
formance increase significantly. Specifically, in this case,
the maximum RMSE value reaches 1.49 mm, which is
comparable to previous publications. However, the MAE
achieved in this case is very small (0.25 mm). When the
input data includes N, E, and Up components, the mod-
el’s performance decreases slightly, with the maximum
RMSE value reaching 2.4 mm when predicting with the
BTRI station dataset. Thus, it can be seen that a smaller
batch size seems more suitable for analyzing the Up-
component of the GNSS time series data.

3. The prediction results obtained from the
CNN(ConvlD)-RF model indicate that the perfor-
mance of the proposed new model is exceptionally high.
Specifically, in the case of the lowest performance,
which occurs when analyzing data from the BTRI sta-
tion using the aforementioned model, the metrics char-
acterizing the model’s performance remain impressive,
with RMSE = 04 mm, MAE = 0.07 mm, and
R-squared =99.8 %.

In the case where the input data consists of the com-
ponents N, E, and Up-component with a batch size of
8, the predictive performance of the CNN(ConvlD)
model decreases compared to the scenario where the in-
put data includes only the Up-component. However,
the results obtained in this case remain very high, with
RMSE = 0.92 mm, MAE = 0.67 mm, and R-squared =
=98.9 %.

With the high performance achieved in predicting
GNSS data over time, as demonstrated above, the pro-
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posed CNN(Conv1D)-RF model shows promise for de-
livering effective results when applied in practical settings.
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Metoauka. byno nociiakeHo I’ SITb MoJeei Tu-
OGOKOTro HaBYaHHS 3 BUKOPUCTAHHSIM aJITOPUTMY OITTH-
wmizauii Adam i ¢pynkuii Btpatr MSE: CNN (ConviD),
GRU, Transformer, Seq2seq ta SimpleRNN. Edek-
TUBHICTh MPOTHO3YBaHHSI MojeJieil Oyja olliHeHa Ha
ocHOBI gaHux i3 Tpbox CORS-cranwmiii y B’erHami:
HYEN, BTRIi CTHO. Mogeni 6yau po3po0ieHi 3 BU-
KopHUCTaHHIM (yHKIIl onTumizawii Adam, ¢yHKIIl
Brpatr MSE i1 po3mipy makery 16.

PesynpTaTn. 3arajioM pe3yslbTaTd MPOTHO3YBAaHHS
JIJI BCiX Mojesieid Oy HU3bKUMU. 30Kpema, MoJesb
Seq2seq nocsriaa HaliHuxX4yoro 3HaueHHss RMSE s
naHux kommnoHeHTa Up 3i cranuii HYEN. Mogenb
Transformer BUSBWIacS HENPHUIATHOIO IS aHATI3y
GNSS-maHux y 4acoBoMy BHUMIpi, a Monelb
SimpleRNN nokazana cjiadbky e(peKTUBHICTh Ha JAHUX
cranuii HYEN. BonmHouac 3amporoHoBaHa MojelNb
CNN(ConvlD)-RF, mo interpye momenr RF i3

CNN(ConvlD), nponeMoHCTpyBajia BUCOKY TOUHICTb
nporHo3yBaHHs: RMSE = 0,4 mm, MAE = 0,07 mm
i koediuieHt nerepminauii R? = 99,8 % npu Bukopuc-
TaHHi Juie KomnoHeHTa Up gk BXimHux gaHux. [Tpu
BKJIIOUEHHI BCix Tpbox KomroHeHTiB (N, E i Up) mak-
cumanbHe 3HadyeHHsI RMSE cranoBuiio 0,92 mMM.

HaykoBa HoBU3HA. Y 11bOMY TOC/IIXKEHHI TPEACTAB-
neHa moaemb CNN(ConvlD)-RF — HoBa iHTerpaitis
Momemi RF i3 CNN(ConvlD) mrg anamizy GNSS-
TaHUX.

IIpakTuyHa 3HAYMMiCTb. 3ampONOHOBAHA MOJENb
JIEMOHCTPYE BUCOKY TOYHICTh TPOTHO3YBaHHS, IO
CBiTUMTH MPO ii MOTEHLiTHE 3aCTOCYBaHHS [JIs1 aHAi3y
ToyHOCTi GNSS-1aHuX y pi3HUX MPaKTUIHUX cepax.

KmouoBi ciaoBa: eiuboke Hasuanms, uacosi psaou
GNSS, mawunne HABUAHHS, ANCOPUMM
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