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High-accuracy Global Navigation Satellite System (GNSS) height time series and predictions
provide essential references for international terrestrial reference frame establish, crustal
deformation monitoring, sea level change assessment and other geodynamic process. In this
research, 11 machine learning models with 5 signal decomposition algorithms on GNSS time
series prediction are comparatively investigated. For this purpose, we used 25-year GNSS height
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time series from 13 globally distributed IGS stations with less than 2 % data gaps in the dataset
for prediction experiments. Firstly, Performance evaluation based on the evaluation error metrics
was conducted on the selected 11 single-models, the Support Vector Machine (SVM)
outperformance to the rest models, as an example of BGIS, it was found to be 2.45 mm, 0.05 mm,
3.12 mm, 0.74 and 1.23 for the MAE, MAPE, RMSE, R? and WQE respectively. Secondly, by
integrating five signal decomposition algorithms—Singular Spectrum Analysis (SSA), Ensemble
Empirical Mode Decomposition (EEMD), Variational Mode Decomposition (VMD), Complete
Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN), Empirical Mode
Decomposition (EMD)—with the SVM model (the optimal standalone model), this study
demonstrates that signal decomposition substantially enhances the prediction accuracy of GNSS
height time series. Experimental validation identifies the SVM-SSA model as the top performer
for long-term prediction; for instance, at the BGIS station, it achieves a WQE of 0.11 and an R? of
0.99, markedly outperforming the standalone SVM model (WQE = 1.23, R? = 0.74). Finally, this
study supplements experiments on hybrid models combining signal decomposition algorithms
with (Convolutional Neural Network) CNN and Transformer models, and comparative analysis
across 13 globally distributed IGS stations shows that the SVM—SSA model attains the optimal
performance, with a mean R? 0f 0.98 and a mean WQE of 0.20, compared with other hybrid models
(e.g., EEMD-CNN, WQE = 0.46; EEMD-Transformer, WQE = 1.28). These results collectively
indicate that the SVM exhibits more stable learning capability and stronger generalization within
the decomposition—prediction framework, rendering it suitable for high-accuracy GNSS height
forecasting across diverse global scenarios.

1. INTRODUCTION

Klos et al., 2018; Savchuk et al., 2023). The primary

Over the past three decades, the field of GNSS
height time series prediction has seen remarkable
advancements, largely driven by the enhanced
capacity of machine learning to capture complex
temporal features (Siemuri et al., 2022; Gao et al.,
2022; Zhou et al., 2025; Jiao et al., 2025; Wang et al.,
2026). As a critical data source for monitoring
geophysical phenomena such as vertical crustal
deformation (Richter et al., 2016), sea-level change
(He etal., 2025), and surface mass redistribution (Wen
etal., 2023), high-accuracy prediction of GNSS height
time series is of significant importance for studying
glacial isostatic adjustment and relative sea-level rise
in coastal regions (Bogusz et al., 2019; Zhou et al.,
2022; Huang et al., 2025). Numerous studies have
indicated that GNSS time series exhibit pronounced
seasonal variations, encompassing annual and semi-
annual fluctuations (Chen et al., 2013; He et al., 2017;

drivers include seasonal mass loading from the
atmosphere, oceans, and terrestrial water within the
Earth system, along with long-period solid Earth tides,
which induce periodic station displacements (Li et al.,
2025a; Li et al., 2025b). These signals are further
superimposed by seasonally correlated errors from the
station environment (e.g., vegetation, temperature)
and satellite orbit artifacts. This complex interplay of
multiple geophysical and technical signals triggers
corresponding variations, rendering traditional time
series prediction methods—such as ARIMA and
Kalman filtering—inadequate in both accuracy and
adaptability to satisfy the multifaceted demands of
GNSS vertical displacement prediction (Forootan et
al., 2021; Gao et al., 2022).

To overcome the limitations of conventional
approaches on GNSS Height Time Series Prediction,
a range of machine learning and machine learning
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models have been progressively adopted and refined
in the field of time series prediction. Among these,
decision tree (DT) methods emerged in the 1980s the
development of algorithms such as ID3 (Quinlan,
1986). In the 1990s, SVM overcame linear limitations
through kernel functions (Boser et al., 1992), enabling
their systematic application to time series prediction.
By leveraging their ability to model nonlinear,
non-stationary  series  with  unknown  prior
distributions, SVM delivered reliable predictions for
power load, weather, and environmental state
monitoring. The results demonstrated that SVM could
achieve more accurate forecasts for time series
generated by complex systems without requiring
a predefined system model (Sapankevych and Sankar,
2009). The generalized regression neural network
(GRNN), in contrast, enables rapid predictions based
on statistical learning theory. Following the year 2000,
ensemble learning entered a period of rapid
development: Random Forest (RF) enhanced model
stability through bagging (Breiman, 2001), while the
least-squares boosting (LSBoost) algorithm optimized
performance by sequentially correcting residuals
(Laurent and Massart, 2000). Against the backdrop of
the machine learning revolution, CNN transformed
image-processing tasks through  convolutional
operations and weight-sharing mechanisms (LeCun et
al., 2002). CNN was introduced for energy time-series
prediction, utilizing four sets of solar photovoltaic
generation and power load data from three countries to
predict next-day values. In comparative assessments
with long short-term memory (LSTM) networks, CNN
exhibited superior prediction accuracy and shorter
training times, establishing them as an effective
predictive model in this domain (Koprinska et al.,
2018). Subsequently, LSTM networks, gated recurrent
units (GRUs), and bidirectional long short-term
memory (BILSTM) networks were successively
developed to address the vanishing gradient problem
and enhance sequential dependency modeling in
recurrent neural network (RNN). In 2017, the
Transformer model redefined the approach to
sequence modeling through its self-attention
mechanism (Vaswani et al., 2017). In 2018, the
temporal convolutional network (TCN) overcame the
parallel-processing limitations of sequential data by
employing dilated convolutions (Bai et al., 2018).
A model based on the TCN was proposed for energy-
related time-series prediction, with results on Spanish
national electricity demand and electric vehicle
charging station datasets showing that TCN achieved
the lowest WAPE values of 0.0093 and 0.4228,
respectively, establishing it as the optimal model
(Lara-Benitez et al., 2020). However, single prediction
models often face limitations in accuracy and
robustness when dealing with the nonlinearity,
nonstationarity, and noise interference inherent in
GNSS time series. Beyond the optimization of
individual models, hybrid strategies that integrate
predictive models with data decomposition methods
have increasingly emerged as a research focus,

demonstrating superior performance across multiple
domains. Meanwhile, GNSS-derived data has been
effectively paired with advanced machine learning
strategies to improve geoscientific prediction
reliability. Su et al. (2026) demonstrated this by
developing a GNSS-PWV-based rainfall forecast
model, integrating a multi-algorithm  fusion
framework and rainfall event constraint to enhance
accuracy. A hybrid model combining CEEMDAN and
LSTM was proposed for financial time-series
prediction. Evaluated on the daily closing prices of
four major global stock indices, including the S&P500
and the Hang Seng Index from 2007 to 2017, the
CEEMDAN-LSTM model achieved the highest
accuracy in one-step-ahead prediction (Cao et al.,
2019). An enhanced EMD-SVM model was
developed for monthly runoff prediction. Applied to
monthly runoff data from hydrological stations in the
Wei River Basin, including Huaxian, Lintong, and
Xianyang stations, the EMD-SVM model yielded the
lowest RMSE, MAE, and MAPE values across all
three stations, demonstrating its robustness and high
consistency (Huang et al., 2014). A hydrological time-
series analysis and prediction model based on SSA
was proposed, using hydrological data from the Vouga
River Basin in Portugal, covering three time series:
annual precipitation, monthly runoff, and hourly water
temperature. Since SSA overcomes the limitations of
models like ARMA regarding data stationarity and
normality, it accurately extracts precipitation trends,
runoff trends and oscillatory components, as well as
the complete water temperature signal, while
demonstrating high predictive accuracy for the
extracted components (Marques et al., 2006).

To address the limitations of these methods, we
propose a novel framework that, we make
a performance evaluation on different machine
learning models on GNSS height time series
prediction with various signal decomposition
algorithms. A validation experiment was conducted by
randomly selecting 13 global GNSS stations with
long-term observations. The structure of this paper is
organized as follows: Section 2 provides a brief
description of the GNSS and environmental loading
data, along with the relevant models used in our
analysis. Section 3 presents the results and discussion,
including the comparative analysis. Finally, Section 4
draws the conclusions of this study.

2. DATA AND METHODS

2.1. GNSS HEIGHT TIME SERIES AND

PREPROCESSING

To evaluate the prediction performance of
integrated signal decomposition and machine learning,
we selected long-period GNSS time series for
experiments. The Combined JPL and GIPSY GNSS
daily height time series from Extended Solid Earth
Science ESDR  System (ES3, available at
http://garner.ucsd.edu/pub/measuresESESES product
s/Timeseries/, Bock et al., 2022; Huang et al., 2025),
which recorded between 2000.0 and 2025.0 were used
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Fig. 1  Distribution of the selected 13 GNSS stations analyzed in this work.
Table 1 Basic Information of the 13 Selected GNSS Stations.
Station Lat (°). Lon (°). Date Gap
BGIS 33.97 33.97 1.03 %
BUCU 44.46 26.13 154 %
CAS1 -66.28 110.52 1.56 %
CLGO 64.87 212.14 0.09 %
COLA 34.08 278.88 1.90 %
DRAO 49.32 240.38 0.30 %
FLIN 54.73 258.02 0.59 %
KIRO 67.88 21.06 0.42 %
KTPM 19.34 204.84 1.74 %
MARG 60.60 17.26 0.11%
REYK 64.14 338.04 1.05 %
TSKB 36.11 140.09 0.63 %
YELL 62.48 245.52 0.06 %

to evaluate performance comparison of different
machine learning algorithms. The locations of the
selected 13 global distributed GNSS stations are
shown in Figure 1 and such a selection is based on the
following considerations. Firstly, each GNSS station
should have at least 25 years of continuous time series
data between 2000.0 and 2025.0. Secondly, GNSS
height time series must exhibit low data gaps of less
than 2 % to eliminate the effect of data gapping on
prediction accuracy, and the average rate of data
gapping is about 0.85 % for the 13 GNSS sites (see
Table 1). Thirdly, to validate the generalizability of
different prediction algorithms, we randomly selected
GNSS stations worldwide, ensuring that the chosen
sites are approximately globally distributed.

In addition, the combined JPL and GIPSY GNSS
daily height time series were processed with gross

error elimination with 3IQR (He et al., 2020) and
offset correction, which mitigated the impacts of
certain local effects. The corrected GNSS height series
are presented in Figure 2.

2.2. MACHINE LEARNING ALGORITHMS FOR TIME
SERIES PREDICTION

2.2.1. LSTM

As an improved variant of RNN, LSTM
networks are designed to address the problems of
vanishing gradients, exploding gradients, and
insufficient long-term  memory retention that
conventional RNN suffer from when modeling long-
term dependencies (Hochreiter and Schmidhuber,
1997). Generally, an LSTM network is composed of
three gating units: the forget gate, the input gate, and
the output gate. Specifically, the forget gate
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Fig.2  Height Time Series from REYK.

determines whether to retain or discard historical
information; the input gate regulates the extent to
which new information is written into the cell state;
and the output gate governs how the current cell state
contributes to the final output (Liu et al., 2022; Landi
etal., 2021).

2.2.2.BILSTM

The deep-bidirectional LSTMs (Schuster and
Paliwal, 1997) are an extension of the described
LSTM models. The BIiLSTM covers two parallel
LSTM layers in both the forward and backward
propagation directions. One layer performs is the
operations following the same direction of the data
sequence and the other layer applies its operations on
in reverse direction of the data sequence. It has been
reported that using BIiLSTM models outperforms
regular LSTMs (Baldi et al., 1999).

2.2.3.GRNN

The GRNN, first proposed by Specht (1991), is
a neural network architecture designed to model the
nonlinear functional relationships between a response
variable and a set of independent explanatory
variables. The training process of the GRNN is
designed in such a way to allow for the free parameters
to be chosen automatically. The automatic
optimization of the free parameters is achieved by
iteratively training and testing the network on a wide
range of potential values for each free parameter and
selecting the value that gives the smaller accuracy
error.

2.24.DT

The DT method is a widely used data mining
technique, which can be applied to develop
classification systems based on multiple covariates or
construct predictive algorithms for target variables
(Song and Lu, 2015) Similar to other analytical
methodologies, the DT approach is not without
inherent limitations. A primary drawback lies in its
susceptibility to overfitting and underfitting, a concern
that becomes particularly pronounced when dealing

. | .
2000 2005 2010
Time (Year)

2015 2020 2025

with small-scale datasets. Moreover, this method
simplifies intricate relationships between input
variables and the target variable by partitioning the
original input variables into distinct, meaningful
subgroups, which may potentially overlook nuanced
or non-linear interdependencies inherent in the data.
Loh (2014) and Strobl (2014) provided
a comprehensive review of the statistical literature of
classification tree methods.

2.2.5.LSBOOST

LSBoost (Pragati et al., 2024), is a member of the
boosting algorithm family in machine learning. It
enhances the overall performance of the model by
iteratively fitting weak learners (typically DTs) to the
residuals generated from the previous iteration. This
algorithm minimizes the least squares loss function,
which quantifies the squared deviation between the
predicted values and the actual values.
Mathematically, it can be represented as the
minimization of the sum of squared deviations
between the observed values and the predicted values.

minimise Y, (y; — F(x;))? 4

2.2.6.TCN

The TCN approach was initially developed to
examine long-range patterns via a hierarchy of
temporal convolutional filters (Lea et al., 2017). As
aspecialized CNN variant, TCN  features
convolutional layers that maintain consistent input-
output dimensionality. Using one-dimensional
convolution for sequential data, it integrates dilated
and causal convolution to enable residual connections
and capture long-range dependencies—designs that
enhance network depth while mitigating gradient
vanishing. Notably, causal convolution constrains
outputs to depend only on current and historical input
features, eliminating look-ahead bias and information
leakage in predictive tasks. Extended convolution, by
contrast, expands causal convolution’s scope,
improving performance on long-period time series and
facilitating effective learning.
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2.2.7.RF

RF, or random decision forest, proposed by
Breiman (2001), is an ensemble learning method for
both of classification and regression problems. The RF
forms the so-called "forest” by ensembling multiple
DTs, and there are several widely used ensemble
strategies, such as Bagging (Breiman, 1996), Boosting
(Freund and Schapire, 1997), and random subspace
technique (Ho, 1998). Unlike global machine learning
models such as artificial neural networks (ANNS) and
support vector regression (SVR)—which strive to
construct a single global model directly from data—
ensemble  learning models  (with RF as
a representative) operate by building a set of base
models and then integrating them. This paradigm
enables ensemble learning models to often exhibit
superior performance, especially when addressing
complex systems.

2.2.8.CNN

A CNN is a biologically-inspired deep neural
network (DNN). It is widely used in fields including
image and video recognition, image classification,
medical image analysis, and natural language
processing, and also exhibits significant advantages in
processing time-based streaming data (Sainath et al.,
2013; Schmidhuber, 2012; Brocardo et al., 2017).
Structurally, a CNN consists of sequential
convolutional layers, where each layer’s output
connects only to local regions of the previous layer’s
input. A filter (or weight matrix) is slid over the input
data, with the dot product (i.e., convolution operation)
calculated at each position, enabling the model to learn
filters that recognize specific input patterns.

2.2.9.GRU

The GRU networks fall into the category of
RNN, i.e., neural networks whose underlying topology
of inter-neuronal connections contains at least one
cycle. GRU model was proposed by Cho et al. (2014).
on statistical machine translation. It combines with the
forget gate and the input gate into a single update gate.
It is also mixed with cellular state and hidden state.
GRU can thus keep knowledge and delete it as needed.
This method performs quite well in time series. The
equations controlling the GRU’s updating mechanism
consist as follows (Jia et al., 2025):

1y = o(Wexy + Urhe_y + by)

zy = o(Wyxy + Ushe_y + by)

he = tanh(Wy,x, + U,(r; X he_q) + b)) (5)
he =1 —=2)Xhey + 2, X Iy

X, represents input vector; A,_, is previous time step
memory state; %, is current time step memory state; 7,
represents reset gate state; z, is update gate state; /
represents current candidate state; W, represents
weight matrix for reset gate; W, is weight matrix for
update gate; W, represents weights matrix for the
candidate state; o represents sigmoid activation
function

2.10. TRANSFORMER

The  Transformer architecture, originally
proposed by Vaswani etal. (2017), Devlin et al. (2019)
and Han et al. (2021, 2022) is a class of machine
learning models that take self-attention or scaled dot-
product operation as the primary learning mechanism.
It has revolutionized time series prediction by utilizing
self-attention to capture long-range dependencies
without relying on recurrent or convolutional
structures. A key advantage of the Transformer in
these fields is its ability to enhance prediction power
by increasing model size, where model capacity is
typically controlled by the number of layers,
commonly set between 12 and 128.

The canonical self-attention in (Vaswani et al.,
2017) is defined based on the tuple inputs, query, key
and value, which performs the scaled dot-product as

- _ oK™
Attention(Q,K,V) = Soft max(Jd_k)V (6)

Where Q, K, V are query, key, and value matrices,
Q € Rkex4 | K e Rlkxd y e RvXd and d is the
input dimension d; is the dimension of the key
vectors, QKT computes similarity scores between

queries and keys, the scaling factor ./d, prevents
gradient vanishing in Soft max.

2.2.11. SVM

SVM and SVR are based on statistical learning
theory, or VC theory (VC-Vapnik, Chervonenkis),
developed over the last several decades (Sapankevych
and Sankar, 2009). Unlike most of the traditional
neural network models which implement the empirical
risk minimization principle, SVMs implement the
structural risk minimization principle which seeks to
minimize an upper bound of the generalization error
rather than minimize the training error.

SVM is linear learning machines which means
that a linear function (y = f(x) = wx + b) is always
used to solve the regression problem. The best line is
defined to be that line which minimize the following
cost (Thissen et al.,2003):

N
1
Q=52 Il +C ) 1 Gy )
i=1
yi—wx;—b<e+¢;
subjectto{wx; +b—y; < e+ ¢/ ()

$u$i 20

The first term C%Z?zlLs(di,yi)+% is the
empirical error (risk). They are measured by the
€ —insensitive loss function. The second term

rLe(diy) +%||w|| on the other hand, C is the
regularization term. C is called the regularization
constant and it determines the trade-off between the
empirical risk and the regularization term. Increasing
the value of C leads to an increase in the relative
importance of the empirical risk with respect to the
regularization term.
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2.3. TIME SERIES DECOMPOSITION METHODS
2.3.1.EMD

EMD is a signal preprocessing algorithm that
was introduced by Huang et al. (1998). The EMD is an
adaptive data processing technique tailored for
decomposing nonlinear and nonstationary time series,
with extensive applications across diverse research
domains. It is based on the simple assumption that any
signal consists of different subtasks. Non-linear and
non-stationary time series can be decomposed into
agroup of zero mean and quasi-periodic signals,
where each component is called IMF and a residue
component, as follows:

x() = X1 hi(0) + (D) ®)

where x(t) represents the IMF components, and #; (t)
is a residual component. The residual r(t) could be
a constant, or a function that contains only a single
extremum from which no additional IMFs can be
extracted.

2.3.2.EEMD

EEMD is an extended form of the EMD method.,
in which EMD is performed on an ensemble of initial
signals, each perturbed by low-amplitude white noise
(Wu and Huang, 2009). EEMD was improved from
EMD to overcome modal aliasing problems by adding
white noise (Wu and Huang, 2004), and it has been
widely used for the decomposition of nonlinear and
nonstationary signals. EEMD has the advantages of
robust self-adaptability and local variation. This
method adds white noise of finite amplitude to the
signal  x;(t) = x(t) + w; ().
where x(t) represents the original pure target signal
function as a function of time, x;(t) represents the i —
th noise added signal f unction varying with time, and
w; (t) represents i — th Gaussian white noise function
that changes over time.

2.3.3.VMD

Dragomiretskiy and Zosso (2013) proposed the
VMD method VMD makes full use of variational
models to produce a given number of discrete
subcomponents. The VMD algorithm for evaluating
the bandwidth of a one-dimensional signal proceeds as
follows: firstly, the Hilbert transform is applied to each
mode to derive the associated analytic signal, thereby
obtaining a unilateral frequency spectrum; secondly,
the frequency spectrum of each mode is mixed with an
exponential function tuned to its corresponding
estimated center frequency, which shifts the spectrum
to the baseband; finally, the bandwidth is estimated via
Gaussian smoothness (e.g., the squared L2-norm of
the gradient). Then, the constrained variational
problem is given by Dragomiretskiy and Zosso:

0, Kc?(t) + lj *U, (t)}e"wk'
7t

s.t.iuk(t) = 1)

U, Wi

min={§

} ©)

where K is the number of models. t represents the time
script, f(t) is the signal needed to be decomposed, §
implicates the Dirac distribution respectively. j is
complex square root of —1, and * denotes the
convolution operator.

2.3.4.CEEMDAN

CEEMDAN is a new noise-aided data analysis
method proposed by Torres et al. (2011). As an
improved version of EEMD, it addresses the issue
where the EEMD algorithm cannot completely
remove Gaussian white noise after signal
reconstruction, which in turn leads to reconstruction
errors. This method can more effectively eliminate
mode mixing, with reconstruction errors close to zero
and significantly reduced computational costs. Define
the operator E;(-) that produces the jth mode obtained
by EMD, The final residue can be expressed as:

Ru(t) = S(t) — 3L, T, (10)

In this case, M denotes the total number of IMFs.
The IMFs together represent the characteristics of the
original signal at different time scales. The residue
clearly shows the trend of the original sequence; it
exhibits greater smoothness and effectively reduces
the prediction error.

2.3.5.SSA

SSA is a non-parametric time series signal
analysis method used to extract trends, periodic
components, and noise from signals (Hassani, 2007).
Combining the ideas of Principal Component Analysis
(PCA) and time series analysis, SSA serves as
a powerful signal decomposition tool.

The basic process of SSA decomposition
consists of the following four steps:

The first step called the embedding step, Convert
the original time series x(t) into a Trajectory Matrix.
First, select a window length L, then constructa K = L
trajectory matrix X, where K =N —L+1 and N is
the length of the time series.

X1 XZ XL
X X X

X — 2 ? L+1 (11)
X X X

Among them, each column of the trajectory
matrix corresponds to a segment of the original time
series, referred to as a delay vector.
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The next step is the Singular Value
Decomposition (SVD) of the trajectory matrix into
a sum of rank-one bi-orthogonal elementary matrices

X=X1+"'+XL (12)

The elementary matrices X;are given by X; =
s;U;V;". The collection (s;, U;, V;) is called the i — th
eigentriple of the SVD.

In the third step, the grouping step. It is made
apartition of the indices set into m disjoint
subsets I,...,1,,, corresponding to split the
elementary matrices into m groups. Let [ =
{is,...,i,}, then the resultant matrix X,is defined as
Xy =X;, +-+X,. The resultant matrices are

computed for I=1,...,I,,and substituting in
Equation (13) one obtains the new expansion

X:X11+"‘+X1m (13)

where the trajectory matrix is represented as a sum of
m resultant matrices. The choice of the sets [;,..., I,
is called the eigentriple grouping.

The last step in Basic SSA transforms each
resultant matrix of the grouped decomposition (13)
into a new one- dimensional series of length N, and is
called diagonal averaging. Diagonal averaging
transfers matrix Y to a series go,...,gn—1 DYy the
formula:

1 k+1

k +1Z y*m,k—m+2

m-1

0<k<L*-1

1 &
g, = ;Zv*m,w L*-1<k<K*  (14)
m=1

1 N-k+1

* K*<k <N
N _ k m:§*+z y m,k-m+2

For proper choices of L and the sets I,..., I, it
is possible to associate the components F, with the
trend, oscillations or noise of the original time series
F. For a sufficiently vast class of series, its
continuation can be successfully accomplished if
a number of conditions are gathered. Namely, if the
time series has a structure, an algorithm identifying
this structure is achieved, a method for the time series
continuation is available, and the structure of the time
series is preserved for the time period that is to be
continued.

2.3.6.PREDICTION ERROR METRICS

We employed the Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), We adopted
Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), Mean Absolute Percentage Error
(MAPE), and Coefficient of Determination (R?)
evaluation metrics to assess the performance of the
proposed SVM-SSA prediction model. RMSE, MAE,
and MAPE were utilized to quantify the discrepancy
between predicted values and actual values. R? was

applied to assess the fitting quality and predictive
capability of the model. The following are the equation
expressions of these evaluation metrics (Shen et al.,
2025):

RMSE = [~31,(5 = »)? (15)

MAE = -39 - yil (16)

MAPE =37, |%| x 100% 17)
2 _ 4 _ i @i-y)?

R =1-Hetets (18)

Where, n denotes the number of data points, y; stands
for the observed value, y; represents the predicted
value, and y; is also the average of the observed
values.

To provide a more thorough assessment of the
model, we adopt the weighted quality evaluation
(WQE), a recent and comprehensive evaluation index
proposed by Zhou et al. (2025). The WQE is
formulated as follows:

X
woE = 2 (5 tnue ),
X
+3 (ﬁ)+MAPE+4(1—R2) (19)
Where, X, and X,  represent the

maximum and minimum values of the dataset,
respectively. A lower WQE value signifies superior
performance, and WQE is dimensionless.

3. RESULT AND DISCUSSION

In this section, we systematically compare and
analyze the prediction accuracy of different machine
learning single models and ensemble models with 13
globally distributed IGS time series.

3.1. GENERAL PARAMETERS SETTING FOR

DIFFERENT PREDICTION MODELS

The models related in machine learning for
GNSS height time series prediction was developed
and trained on the MATLAB 2023b platform. To
ensure an objective evaluation, all models were
assessed using chronologically partitioned training
(80 %), validation (10 %), and test (10 %) sets. To
eliminate the impact of varying parameter settings, we
adopted a consistent parameter configuration based on
empirical values, allowing for a more systematic
comparative analysis of the accuracy of different
prediction models. Its architecture consisted of a fully
connected neural network with two hidden layers,
each containing 16 neurons (Charco et al., 2020). The
model was optimized using the Adam optimizer with
an initial learning rate of 0.001 (Tabar and Sisman,
2025; Chen et al., 2024). Training was conducted for
70 (Gao et al., 2024) epochs with a batch size of 90,
and a Dropout rate of 0.2 (Chen et al., 2024) was
applied as presented in Table 2.
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Table 2 Parameter Settings.

Type Parameter settings

Optimizer Adam

Learning Rate 0.001

Training Epochs 70

Batch Size 90

Hidden Layers 2

Hidden Units [16, 16]

Dropout Rate 0.2

Table 3 Comparative Analysis of Single-Model Results at the BGIS Station.
Single model Example of BGIS
MAE MAPE RMSE R? WQE
SVM 2.45 0.05 3.12 0.74 1.23
RF 2.54 0.05 3.20 0.73 1.29
CNN 2.73 0.05 3.43 0.69 1.40
TCN 2.66 0.05 3.37 0.70 1.41
BiLSTM 2.96 0.06 3.71 0.64 1.69
LSTM 3.05 0.06 3.81 0.62 1.78
GRU 3.06 0.06 3.81 0.62 1.78
Transformer 3.06 0.06 3.82 0.62 1.78
GRNN 3.25 0.06 4.04 0.57 1.99
DT 3.33 0.07 4.19 0.54 2.13
LSBoost 3.32 0.07 4.20 0.53 2.14
Table 4 Comparative Analysis of Single-Model Results at the FLIN Station.
Single model FLIN
MAE MAPE RMSE R? WQE

SVM 4.33 0.08 6.27 0.83 1.00
TCN 4.86 0.09 6.70 0.80 1.13
Transformer 5.19 0.09 7.06 0.78 1.23
RF 5.18 0.09 7.14 0.78 1.25
BiLSTM 5.62 0.10 7.55 0.75 1.38
CNN 5.38 0.10 7.62 0.75 1.40
DT 6.06 0.11 7.93 0.73 151
GRU 6.44 0.11 8.33 0.70 1.64
LSBoost 6.31 0.11 8.48 0.69 1.69
GRNN 6.92 0.12 8.97 0.65 1.87
LSTM 7.17 0.12 9.21 0.63 1.96

3.2. COMPARATIVE ANALYSIS OF SINGLE-MODEL

PREDICTIVE PERFORMANCE

To evaluate the performance of different
machine learning models in predicting GNSS height
time series, this study constructed eleven distinct
models—namely SVM, GRU, LSTM, BIiLSTM, RF,
LSBoost, TCN, CNN, DT, GRNN, and
Transformer—based on GNSS time-series listed in
previous Figure 1. The evaluation of eleven single-
model methods revealed that for all stations, the SVM
model yielded the smallest WQE values. This
indicates that, among the 13 long-term GNSS height
time series analyzed, SVM achieved the highest
prediction accuracy. Table 3 and Table 4 present the
comparative analysis prediction evaluation error
metrics under different models for BGIS and FLIN
stations by random.

As shown in Tables 3 and 4, the SVM model
achieved the best predictive performance at both
stations. For BGIS the SVM model attained an R? of
0.74 and a WQE of 1.23, followed by the RF model
(R? = 0.73, WQE = 1.29). The relatively strong
performance of the RF model can be attributed to its
ensemble learning mechanism, which leverages
multiple DTs to capture multi-scale information
within GNSS height time series in parallel, thereby
offering certain advantages in robustly fitting complex
temporal patterns. However, the inherent piecewise
linear fitting characteristic of DTs limits their capacity
to accurately capture continuous and highly nonlinear
deformation processes, resulting in slightly lower
accuracy compared to the SVM model. In contrast, the
LSBoost model demonstrated relatively poor
predictive performance (R?* = 0.53, WQE = 2.14).
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Compared to LSBoost, the SVM model achieved
a39.62 % improvement in R? and a reduction of 0.91
in WQE. At the FLIN station, the SVM model attained
an R? 0of 0.83 and a WQE of 1.00. The TCN achieved
the second-best performance (R2=0.80, WQE =1.13).
While its temporal convolutional architecture enables
efficient capture of local temporal patterns, the fixed
receptive field of the convolutional layers restricts its
ability to adequately represent long-term trends
spanning multiple years in the sequence, ultimately
resulting in slightly lower overall accuracy compared
to the SVM model. In contrast, the LSTM model
exhibited relatively poor predictive performance (R? =
0.63, WQE = 1.96). Compared to the LSTM model,
the SVM model achieved a 31.75 % improvement in
R? and a reduction of 0.96 in WQE.

These results demonstrate that the RBF kernel of
the SVM holds a significant advantage in
distinguishing between valid signals and noise. It not
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only adapts effectively to the non-stationary and
strongly nonlinear regime observed at the BGIS
station, but also maintains robust fitting under the
conditions of periodic noise and stable long-term
trends present at the FLIN station. Although the RF,
CNN, TCN, and Transformer models exhibit slight
advantages in their respective strengths—such as
feature extraction or dependency modeling—their
overall performance in predicting GNSS height time
series is generally inferior to that of the SVM model,
due to limitations in their adaptability to specific
scenarios inherent in their respective architectures.

In addition, to further validate the model
performance in practical time-series fitting, Figure 3
visualizes the residual time series (predicted values
minus observed values) for the SVM, CNN, and
Transformer models across twelve GNSS stations.
The results indicate that the SVM model more
accurately captures both the overall trends and local
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Table 5 Comparative Analysis of Hybrid Model Results at the BGIS Station.

Hybrid model BGIS Station

MAE MAPE RMSE R? WQE
SSA-SVM 0.59 0.01 0.74 0.99 0.11
EEMD-SVM 1.22 0.02 1.55 0.94 0.35
VMD-SVM 1.39 0.03 1.77 0.92 0.44
CEEMDAN-SVM 1.72 0.03 2.08 0.89 0.59
EMD-SVM 1.75 0.03 2.23 0.87 0.67
SVM 2.45 0.05 3.12 0.74 1.23

Table 6 Comparative Analysis of Hybrid Model Results at the FLIN Station.

Hybrid model FLIN Station

MAE MAPE RMSE R? WQE
SSA-SVM 0.93 0.02 1.27 0.99 0.09
VMD-SVM 2.34 0.04 3.16 0.96 0.34
EEMD-SVM 2.07 0.04 3.62 0.94 0.39
CEEMDAN-SVM 3.31 0.06 4.57 0.91 0.59
EMD-SVM 3.38 0.06 4.88 0.90 0.66
SVM 4.33 0.08 6.27 0.83 1.00

fluctuations of the series at most stations,
demonstrating superior stability and generalization
capability.

3.3. COMPARATIVE ANALYSIS OF SVM HYBRID
MODELS INTEGRATED WITH FIVE SIGNAL
DECOMPOSITION ALGORITHMS

Recent studies have shown that preprocessing the
original series using signal decomposition methods
can effectively enhance the predictive performance of
GNSS height time series. For example, adaptive SSA
has been used to accurately extract periodic signals
from GNSS height time series, while a VMD-LSTM
model demonstrated strong performance in handling
GNSS sequences with complex noise (Li et al., 2024;
Chen et al., 2023). Given that the SVM demonstrated
the best predictive performance in the single-model
comparison (Section 3.2), this study further developed
a hybrid modeling framework based on "signal
decomposition-SVM  prediction."  Five signal
decomposition methods—SSA, VMD, EEMD,
CEEMDAN, and EMD—were employed to isolate the
effective components (trend and periodic terms) from
the noise in GNSS height series, thereby reducing the
interference of random noise on the SVM fitting
process and enabling an investigation into the
predictive performance of different decomposition-
SVM hybrid frameworks. Based on data from the
BGIS and FLIN stations, a quantitative evaluation of
the SVM model and various hybrid models was
conducted using five metrics: MAE, MAPE, RMSE,
R?, and WQE. The results are presented in Tables 5
and 6.

Combined with the data in Tables 5 and 6, the
analysis demonstrates that incorporating
signal-decomposition methods significantly improve
the predictive accuracy of the standalone SVM model.

To visually illustrate the advantage of the "signal
decomposition—prediction” hybrid framework over
the single-model approach, Figures 4 and 5 present the
prediction residuals (predicted values minus observed
values) for the standalone SVM and various hybrid
models (SSA-SVM, VMD-SVM, EEMD-SVM,
CEEMDAN-SVM, and EMD-SVM) at the BGIS and
FLIN stations, respectively.

Moreover, the results presented in Tables 5 and 6
indicate that the SSA-SVM hybrid model achieved the
best predictive performance among all hybrid models.
At the BGIS station, the EMD-SVM hybrid model
demonstrated relatively poor predictive performance
(R2=0.87, WQE =0.67). In contrast, EEMD-SVM,
which introduces Gaussian white noise to alleviate the
mode-mixing problem inherent in EMD, achieves
a preliminary separation of useful components from
noise, leading to improved prediction results
(R2=0.94, WQE =0.35). However, the noise-added
process introduces residual noise, resulting in slightly
lower accuracy compared to the SSA-SVM model. By
comparison, the SSA-SVM model delivered the best
performance, attaining an R? of 0.99 and a WQE of
only 0.11. Relative to the EMD-SVM model, this
represents an improvement of 13.79 % in R? and
a reduction of 0.56 in WQE. At the FLIN station, the
EMD-SVM hybrid model showed relatively poor
predictive performance (R?=0.90, WQE =0.66). In
comparison, the VMD-SVM model, benefiting from
its adaptive mode decomposition capability,
performed more effectively in extracting periodic
components such as annual and seasonal signals
(R2=0.96, WQE =0.34). However, it still exhibits
limited coverage of long-period trends spanning
multiple years, resulting in slightly lower accuracy
than the SSA-SVM model. By comparison, the
SSA-SVM model achieved the best predictive
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performance, with an R? of 0.99 and a WQE of 0.09.
Relative to the EMD-SVM model, this corresponds to
an improvement of 10.00 % in R? and a reduction of
0.57 in WQE.

These results demonstrate the superior predictive
performance of the SSA-SVM model for GNSS height
series. By leveraging the singular value decomposition
mechanism, SSA accurately separates the effective
components (trend and periodic terms) from the noise
in the GNSS height time series. This provides the
SVM model with feature inputs that are characterized
by low noise interference and high integrity of the

signal components, thereby enabling the RBF kernel
of the SVM to fully exploit its capability to learn
complex temporal dependencies.

To systematically evaluate the global
applicability of hybrid models, this study further
calculated the average performance of different hybrid
models across thirteen GNSS stations, with the results
presented in Table 7.

As indicated in Table 7, the SSA-SVM hybrid
model achieved the best average performance across
all stations (R?=0.98, WQE =0.20), with all of its
error metrics consistently lower than those of the other
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Table 7 Comparison of Average Hybrid-Model Performance Across 13 Stations .

Hybrid model MAE MAPE RMSE R? WQE
SSA-SVM 1.25 0.09 1.50 0.98 0.20
EEMD-SVM 2.08 0.13 2.80 0.93 0.50
VMD-SVM 2.56 0.18 3.09 0.92 0.57
EMD-SVM 3.47 0.24 4.33 0.83 1.05
CEEMDAN-SVM 4.89 0.26 5.46 0.70 1.60
MAE SSA-SVM
EEMD-SVM
429 VMD-SVM
EMD-SVM
—— CEEMDAN-SVM
WQE 16 .27 MAPE
R? RMSE
Fig.6  Radar Chart Comparison of Hybrid Models Across Multiple Metrics.

hybrid models. The EEMD-SVM (R?>=0.93,
WQE=0.50) and VMD-SVM  (R*=0.92,
WQE =0.57) models performed second best, while
the EMD-SVM (R*=0.83, WQE=1.05) and
CEEMDAN-SVM (R2=0.70, WQE = 1.60) models
exhibited relatively poor average performance.
Among them, the SSA-SVM model showed an
improvement of 40.00 % in R? and a reduction of 1.40
in WQE relative to the CEEMDAN-SVM model.

To provide a more intuitive visualization of the
comprehensive performance of different hybrid
models across multiple evaluation metrics, Figure 6
employs a radar chart format to compare the
multi-metric values derived from the average
performance of each model across all stations.

The above comparative results convincingly
demonstrate that signal decomposition methods
significantly enhance the predictive accuracy of the
standalone SVM model, with the SSA-SVM hybrid
framework exhibiting superior generalizability—it
maintains stable predictive performance across
globally distributed stations covering diverse
geographic and geophysical characteristics, thereby
offering a reliable technical solution for long-term
GNSS height prediction.

3.4. COMPARISON OF SVM, CNN, TRANSFORMER
WITHIN A DECOMPOSITION-ENSEMBLE
FRAMEWORK

Besides, we conducted a supplementary
experiment using hybrid models that combine signal
decomposition methods with other machine learning
models. Due to space constraints, only the results of
CNN and Transformer are presented, and the average
performance metrics of each hybrid model across all
13 GNSS stations are summarized in Table 8. The
experimental results show that SVM-SSA still
achieves the smallest WQE, further confirming our
conclusion.

As shown in Table 8, SSA-SVM outperformed
all other hybrid models. For example, the SSA-SVM
model showed an improvement of 4.26 % in R? and a
reduction of 0.26 in WQE compared to the
EEMD-CNN model; compared to the
EEMD-Transformer model, it achieved an
improvement of 27.27% in R? and a reduction of 1.08
in WQE. Synthesizing the analyses from Sections 3.2
to 3.4 reveals that although machine learning models
such as CNN and Transformer exhibit relatively
strong performance at specific stations, the SVM-
based hybrid framework—when integrated into
a “decomposition-prediction” structure—Ilearns the
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Table 8 Comparison of Average Hybrid Model Performance.
Hybrid model MAE MAPE RMSE R? WQE
SSA-SVM 1.25 0.09 1.50 0.98 0.20
EEMD-CNN 1.88 0.12 2.60 0.94 0.46
VMD-CNN 2.28 0.14 291 0.92 0.57
SSA-CNN 2.41 0.12 3.07 0.90 0.61
CEEMDAN-CNN 2.70 0.17 3.33 0.90 0.66
EMD-CNN 2.60 0.18 3.40 0.88 0.79
SSA-Transformer 3.71 0.17 4.24 0.79 1.13
CEEMDAN-Transformer 3.54 0.18 4.20 0.79 1.15
VMD-Transformer 3.79 0.21 4.55 0.79 1.18
EEMD-Transformer 3.85 0.22 4.70 0.77 1.28
EMD-Transformer 4.16 0.19 5.01 0.63 1.81
more well-defined temporal components (trend and reduced to 0.11 and 0.09, respectively,

dominant periodic terms) extracted via SSA
decomposition in a more stable and efficient manner,
thereby achieving optimal global robustness. In
contrast, machine learning models with more complex
parameterization are prone to overfitting the residual
fluctuations in the decomposed subsequences of
GNSS height time series, thereby compromising their
generalization ability. Thus, this study confirms the
distinct advantage of SVM as the predictor in hybrid
models for processing GNSS height time series.

4. CONCLUSION

Based on height time series data from 13 globally
distributed GNSS stations, this study systematically
compared the performance of eleven machine learning
models and “decomposition-prediction”  hybrid
models for long-term GNSS height prediction. First,
the robustness and generalization capability of each
standalone model were evaluated across different
stations. Subsequently, a hybrid framework based on
“signal  decomposition-SVM  prediction”  was
constructed to verify the accuracy improvement by
signal decomposition. Finally, by comparing the
performance of SVM, CNN, and Transformer within
the same decomposition framework, the SVM coupled
with SSA decomposition was found to have stable
predictive capability and strong generalization. Based
on the above analysis, the following conclusions are
drawn:

1. Among the eleven machine learning models, the
SVM exhibited the best robustness and
generalizability for GNSS height time series
prediction, with a superior average WQE of 1.31
across 13 stations, reflecting its strong ability to
distinguish valid signals from noise and adapt to
site-specific temporal characteristics.

2. The “signal decomposition—-SVM prediction”
hybrid  framework significantly  improved
prediction accuracy. The SSA-SVM hybrid
model performed best, achieving an R? of 0.99 at
both the BGIS and FLIN stations, with WQE

demonstrating excellent fitting capability and
effective noise suppression.

3. By comparing SSA-SVM with CNN- and
Transformer-based hybrid models, the SVM was
confirmed to have distinct advantages as
apredictor in the decomposition-prediction
framework. The SVM stably learns the trend and
periodic components extracted by SSA, while the
more parametrically complex CNN and
Transformer are prone to overfitting high-
frequency  fluctuations in  decomposed
subsequences, weakening their generalization.
This study demonstrates that the SSA-SVM

hybrid model effectively captures the trend and
periodic components in GNSS height time series,
providing a high-accuracy and reliable technical
solution for long-term GNSS height prediction. Future
research ~ will incorporate  additional  signal
decomposition methods, investigate the influence of
multivariate inputs, and advance model light
weighting and real-time prediction capability to
further enhance its practical value in dynamic crustal
deformation monitoring and disaster early warning.
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