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Abstract

GNSS position time series are essential for monitoring crustal deformation but
often contain data gaps due to equipment failures, maintenance, and qual-
ity control. Accurate gap filling is vital for reliable velocity estimation, noise
characterisation, and tectonic interpretation. This study compares three method-
ologies for gap imputation: a novel hierarchical Gaussian process regression
(GPR) approach using composite kernels to capture multiple temporal scales,
weighted principal component analysis (WPCA), and expectation-maximisation
PCA (EMPCA). Our GPR framework employs physically interpretable ker-
nels to represent distinct processes, including long-term trends (radial basis
functions), short-term correlations (Matérn), seasonal cycles (periodic), and mea-
surement /coloured noise (i.e., white and flicker), alongside station-specific noise
modelling and parallel processing for efficiency. Evaluation using synthetic gaps
and field data from 70 stations on Italy’s North Adriatic coasts shows that
GPR achieves superior accuracy, significantly reducing reconstruction error for



irregular gaps while providing robust uncertainty estimates. PCA-based meth-
ods, though faster, introduce more spurious correlations and are less reliable for
station-specific signals. Based on these findings, we provide clear guidelines for
method selection depending on gap duration, network density, and computational
constraints.

Keywords: GNSS Time Series, Gap Filling, Gaussian Process Regression, Principal
Component Analysis, Noise Modelling, Uncertainty Quantification.

1 Introduction

Global Navigation Satellite Systems (GNSS) have revolutionised our ability to monitor
crustal deformation at the millimetre scale, providing unprecedented temporal resolu-
tion [1]. In the North Adriatic region of Italy, GNSS time series have been increasingly
used to measure surface deformation associated with subsurface fluid extraction and
gas storage operations [2-4], where the extraction and injection of fluids can induce
measurable displacement [5]. This study focuses on a network of 70 continuous GNSS
stations installed there to measure deformation linked to a nearby gas storage field
[6]. The resulting data are vital for operational safety, reservoir management, and
environmental compliance.

Such anthropogenic activities can significantly impact the Earth’s crust, poten-
tially inducing seismicity and altering local stress and strain fields [7, 8]. Extracting
gas or oil reduces reservoir pressure, leading to ground compaction and subsidence
[9, 10]. In coastal areas, this may result in seawater intrusion, exacerbated flooding,
and increased storm impacts [11, 12]. The GNSS time series used to monitor these
effects, however, frequently contain data gaps due to equipment failure, scheduled
maintenance, power outages, and quality control procedures that remove unreliable
measurements [13]. These interruptions make it difficult to model deformation signals
accurately, yet continuous observations are essential for applying advanced time series
techniques that can reveal subtle changes related to reservoir behaviour and subsurface
processes.

A further challenge arises with the growing adoption of machine learning (ML)
techniques in geodesy, as these typically require complete, high-quality datasets to
function effectively [14, 15]. Missing data disrupts the inherent structure of the sig-
nal and noise on which analytical models rely. Conventional gap-filling methods,
such as linear interpolation or spline fitting, often fail to capture the complex tem-
poral correlations and noise characteristics of GNSS data [16], introducing spurious
trends and biasing key products such as velocity estimates. With the expansion of
ML applications, robust gap-filling methods that preserve statistical properties are
paramount, because artificial correlations introduced by poor imputation can degrade
model performance and generalisation capability [17].

This limitation has motivated the development of more advanced approaches to
data reconstruction. Parametric methods (e.g., least-squares fitting with heuristic
functions [18] or Kalman filtering [19]) can be limited by predefined functional forms



that may not adapt well to non-stationary industrial signals. Frequency-domain tech-
niques such as singular spectrum analysis [20] and wavelet methods [21] can struggle
with irregularly sampled data and introduce problematic edge effects. Recently, prin-
cipal component analysis (PCA) and its variants have gained popularity for GNSS
data reconstruction [22-24].
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Fig. 1 GNSS east (E) component time series: original data (blue) and reconstructed segments (red)
using WPCA, EMPCA, and GPR. Units are in millimetres.

Standard PCA leverages spatial correlation within multi-station networks to fill
missing values [25]. Weighted PCA (WPCA) incorporates uncertainty weighting for
more reliable estimation [26], and expectation-maximisation PCA (EMPCA) itera-
tively estimates missing values and principal components [27]. These methods exploit



spatial correlation but have notable limitations: they often assume stationarity and
may smooth out station-specific signals; they depend critically on having a sufficient
number of stations to estimate the spatial covariance matrix reliably; and their perfor-
mance degrades with network subsets or temporary outages. This creates a practical
paradox, the methods most reliant on network density are least reliable when the
network is incomplete, precisely when robust gap-filling is most needed.

The emergence of ML in geodesy has introduced new possibilities [17, 28, 29].
Gaussian process regression (GPR) represents a particularly promising Bayesian
non-parametric approach that provides simultaneous prediction and probabilistic
uncertainty quantification [30, 31]. A key advantage is that GPR operates indepen-
dently on each station’s time series, eliminating the minimum-station requirement
and avoiding the covariance-matrix conditioning issues that affect approaches relying
on spatial networks. This makes GPR suitable for applications with variable network
density or isolated stations. Its kernel functions can be designed to reflect known
geophysical processes, offering interpretability. While GPR has been used in geo-
physics for scale-level reconstruction [32] and geodetic time-series analysis [33-35], its
application to GNSS gap filling in settings characterised by anthropogenic deforma-
tion, where transient, often non-stationary signals make data completeness especially
critical, remains underexplored. Comprehensive comparisons with established PCA
methods in realistic operational settings are also lacking.

Several research gaps motivate this study. First, a systematic comparison between
modern GPR and established PCA variants for GNSS position time series is lack-
ing. Second, insufficient attention has been paid to how gap-filling methods affect
subsequent ML analyses. Third, methodology evaluation within operational settings
characterised by anthropogenic deformation remains underdeveloped. Fourth, there is
a lack of clear, evidence-based guidelines for practitioners who must choose a method
balancing accuracy, computational cost, and operational constraints.

To address these gaps, we pursue three objectives: i) develop a hierarchical GPR
framework using composite kernels tailored to the multi-scale temporal signatures in
industrial GNSS data, ii) conduct a comprehensive comparative assessment of this
GPR approach against WPCA and EMPCA methods using synthetic tests and field
data, and iii) evaluate all methods on criteria critical for ML preprocessing, such
as uncertainty quantification and noise preservation, alongside traditional accuracy
metrics.

This work therefore provides the first systematic comparison of WPCA, EMPCA,
and GPR for GNSS gap-filling within the context of monitoring deformation related
to subsurface fluid extraction and storage. We introduce and release an optimised,
open-source implementation of the hierarchical GPR model designed for scalability
with large networks. A suite of practical evaluation metrics is established and applied,
namely RMSE, MAE, R?, and confidence intervals, to rigorously assess the suit-
ability of gap-filled data for downstream analysis. Based on the findings, we offer
evidence-based guidelines to assist practitioners in selecting an appropriate method
according to gap duration, network density, and computational requirements. The
reconstruction performance of each method is illustrated in Fig. 1, which compares
original and gap-filled GNSS east-component time series using WPCA, EMPCA, and



GPR with a mixed kernel of radial basis function (RBF), Matérn, periodic, and noise
components.

2 Methodology

This study conducts a comparative analysis of three methods for reconstructing gaps
in GNSS time series: WPCA, EMPCA, and a hierarchical GPR framework. Each
technique was adapted to GNSS data characteristics and the needs of monitoring
deformation linked to subsurface fluid extraction and storage. A common preprocess-
ing stage (detrending) was applied to all methods, with subsequent retrending after
reconstruction to ensure fair comparison, as outlined in Fig. 2.
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Fig. 2 Comparative workflow of three gap-filling approaches: WPCA, EMPCA, and GPR.



2.1 Weighted Principal Component Analysis (WPCA)

WPCA extends standard PCA to handle missing data by assigning binary weights,
excluding missing entries from the decomposition [27]. For a data matrix X € RT*¥
with T temporal samples and N stations, the method minimizes::

T N
. 2
min > > wij (wij —ui vy) (1)

i=1 j=1

where U € RT*" contains the temporal patterns (scores), V. € R¥*" represents
spatial loadings (with VTV =1), 245 is the recorded displacement at station j at time
i, and w;; is a binary weight (1 for observed data, 0 for missing). The reconstructed
matrix is:
X=UV" (2)
The number of principal components i was selected using the cumulative explained
variance ratio (CEVR) criterion [22, 36]:

h
Y
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CEVR(h) =
where ); denotes the eigenvalues. A threshold of 85% was used for all displacement
components unless otherwise noted.

2.2 Expectation-Maximization PCA (EMPCA)

EMPCA formulates PCA probabilistically, handling missing values via an iterative
expectation-maximization (EM) algorithm [26]. The generative model is:

x; = Wz; + pu+¢€; (4)

where z; ~ AN(0,I) are the latent variables, W contains the principal axes, p is
the mean vector, and €; ~ N(0,02I) is Gaussian noise. The EM algorithm iterates
between:

¢ E-step: Compute E[z;] and E[z;z; | given current parameters.
® M-step: Update W, u, and o2 to maximize the expected complete-data log-
likelihood.

The number of components was determined using the same CEVR criterion as in
WPCA (Eqg. 3).

2.3 Gaussian Process Regression (GPR) Framework

We developed a hierarchical GPR model that operates independently on each sta-
tion’s detrended time series. The approach follows three stages: i) data preprocessing
and training set construction; ii) model fitting with a physically motivated composite
kernel; and iii) prediction with uncertainty quantification.



After detrending (subsection 2.4), the training set for each station and component
is constructed from available, non-missing data:

D= {(tu Ydetrend (tl)) | ydetrend(ti) is non-NaN} (5)

where t; denotes the time coordinate (in days) of the i-th epoch, and ydetrend(t:) is
the corresponding detrended displacement value. This yields training inputs X¢yain €
R™*! (time indices of observed points) and training targets Yiain € R™ (detrended
displacements), with n < T being the number of observed data points.

A Gaussian process (GP) is defined as a collection of random variables, any finite
number of which follow a joint Gaussian distribution [30]. It is fully characterized by
a mean function m(t) and a covariance (kernel) function k(¢,t'):

f(t) ~ GP (m(t), k(t, 1)) (6)

After detrending and normalization, we set m(t) = 0. The observed data are then
modelled as:
Ydetrend (1) = g(t) + €(t) (7)
where €(t) ~ N(0,0%,,) is independent Gaussian measurement noise.
To accurately model the multi-scale temporal signatures in GNSS data, we designed
a composite kernel combining five distinct components:

k’(t, t/) = kRBF (t, t/) + kMatérn(tu t/) + kperiodic(t7 t/) + kwhite(t7 t/) + kﬂicker (t7 tl) (8)

Each component captures specific geophysical or noise processes:

e The RBF kernel captures long-term, smooth deformations such as secular tectonic
motion [37]:

It — >

kRBF(t,t/) = 03 exp (— ) s {RBF € [50, 1000] days (9)

26%{BF

e Short-term correlations and transient deformations are modelled with a Matérn
kernel (v = 1.5) [38]:

1—v 4! v Y
kMatérn(t,t,)* 22 (m”t t ||> Kl/ <W> (10)

=0
g F(V) gMatérn ZMatérn

with fMatern € [5, 150] days.
e A periodic kernel represents annual cyclical patterns (e.g., seasonal loading) [39]:

52 (11)

periodic

2sin? (7|t — t'||/P
bt (6,) = % exp (_ sin? (|t — t/]]/ >>

Here, the period P is fixed at 365.25 days, with bounds between 350 and 380 days to
allow for minor variation, while £,erioaic € [1,50] days controls harmonic smoothness.



e Uncorrelated measurement uncertainty is represented by a white noise kernel [40]:
Ewnite(t,t') = 02 5(t,t) (12)

The noise amplitude o2 is station-specific, based on an empirical pre-analysis of the
GNSS network’s residual time series. For stations with zero or negative estimates,
o2 was fixed at 10~3mm?; otherwise, bounds of [0.162,1002] were applied.

e Flicker (or pink) noise, characterized by a 1/f power spectrum, has been widely
documented in GNSS position time series and significantly influences velocity uncer-
tainty estimates [41, 42]. Since our observed GNSS data from the North Adriatic
network confirmed the presence of this noise component, we implemented a pink
noise kernel using a Matérn covariance function with smoothness parameter v = 0.5,
a configuration mathematically equivalent to an exponential kernel. While a true 1/ f
spectrum is more complex, the Matérn family with v = 0.5 provides a computation-
ally convenient approximation that reproduces the essential power-law behaviour
and is commonly used to model flicker noise in geodetic time series [42]. This choice
directly incorporates the characteristic pink noise spectrum into the GP’s covari-
ance structure, ensuring predictive variances correctly account for this stochastic
process:

227" \@nt—tw)”m (@nt—t') 13)

kﬂic er tvt/ =0
k ( ) pF(V) < Kﬂicker gﬂicker

with v = 0.5, lgjcker € [0.1,5] days, and ag derived from station-specific pink noise
amplitudes.

The hyperparameters of the composite kernel, collectively denoted as 6 =
{02, frBr, {Matémn; Cperiodics hickers Tay 04}, were optimised by maximising the log

marginal likelihood [35]:
1+ 1 n
logp(ylt,0) = —oy Kg'y — 5 log|Ke| — 5 log2m (14)

where Ky represents the full covariance matrix including both signal and noise
components. Optimization was performed with five random restarts to avoid local
minima.

Once trained, the model predicts the mean p, and covariance ¥, at all time points
t. using standard GP equations:

—1
1 (t*; Xtrain) [K(Xtraina Xtrain) + O-gbsl] Ytrain

=K
5 1 (15)
E* = K(t*a t*) - K(t*7 Xtrain) [K(Xtrain; Xtrain) + UobsI} K(Xtrainvt*>
where K(-, ) denotes the kernel matrix and I is the identity matrix.

Predictions at all daily epochs tan = 1,2,...,7T yield the imputed mean p,y;, full
covariance X,), and predictive standard deviations o,; = +/diag(Xa.n). Gap-filled



values are then obtained by adding scaled Gaussian noise to the mean predictions and
restoring the polynomial trend (subsection 2.4).

2.4 Implementation Details for GNSS Data

All time series were detrended prior to analysis. For each station, an F-test (« = 0.05)
selected between linear and quadratic polynomial trends [43]. The detrended residual
matrix Xgetrena Was used as input for WPCA and EMPCA, with weights defined as
the inverse of formal uncertainties: w;; = ai_jz for observed data [44], and 0 otherwise.
After reconstruction, the polynomial trend was restored.

For GPR, each station’s detrended series was processed independently. Following
prediction, scaled Gaussian noise was added to gap-filled values to match observed
noise characteristics:

Yiilled [tgap] =Yacp [tgap] +n-ocp [tgap] : 57 g ~ N(Ov 1) (16)

where n = 0.2 is a scaling factor that controls the noise level added to the imputed
values. This value was determined empirically by analysing the average ratio between
the predictive standard deviation and the residuals in the training data, ensuring that
the filled gaps exhibit realistic noise characteristics consistent with the observed data.
Further testing of the n value is presented in subsection 4.2. The polynomial trend
was then added back to obtain the final reconstructed series.

Reconstruction accuracy was assessed using three standard metrics calculated
across all data points: root mean square error (RMSE), mean absolute error (MAE),
and the coefficient of determination (R?) [31]:

LM | M
RMSE = MZ(% — i) MAE = M D lyi—ail, R =1
i=1 i=1

M .
Dima (Wi — gi)? (17)
M -
> et (yi — )2
where M is the total number of data points assessed, y; is the true values, g; is the
reconstructed values, and ¢ the mean of the observed data.
For GPR, 95% confidence intervals were computed as §; + 1.960; [30, 35], and
empirical coverage probability was evaluated. Computational efficiency was compared
via average runtime per station.

3 Synthetic Data Generation

To rigorously test the gap-filling methods outlined in section 2, we generated a syn-
thetic dataset designed to replicate the statistical and geophysical characteristics of
the observed GNSS time series from the 70-station North Adriatic region (Fig. 3).
While applying the three methods directly to real time series would allow qualitative
comparison, synthetic data offer a critical advantage: they provide a known ground
truth against which reconstruction accuracy can be quantitatively evaluated. This is
particularly important for assessing performance on transient deformation signals asso-
ciated with human activities, precisely the type of signals that motivate this study, as



real-world gaps obscure the very data needed for validation. Synthetic data enable us
to introduce controlled gaps and measure exactly how well each method recovers the
original signal, including the anthropogenic components that are of primary interest
for operational monitoring.

The study area (Fig. 3) is geodynamically complex, characterized not only by
active hydrocarbon operations (five gas storage sites and eighteen production sites)
but also by natural subsidence due to sediment compaction, ongoing tectonic activity,
as well as transient signals from events such as the 2012 Emilia earthquake sequence
[45]. This combination of natural and anthropogenic deformation sources produces a
rich mixture of signals at different temporal scales, making the region an ideal testbed
for evaluating gap-filling methods.
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Fig. 3 Map of the study area in the North Adriatic Sea, showing the GNSS network alongside gas
storage and hydrocarbon production sites.

The synthetic time series were constructed to mirror field GNSS data processed via
a standard methodology [44]. The functional model incorporates the key components
identified in the processed field data:

y(t) =yo + b(t —to) + o - sin[27 (¢t — o) + 1]
+ o - sin{dn(t — to) + 2] + D(t) + ew(t) + €p(t) (18)

where y(t) is the synthetic station position at time ¢. The parameters include an
initial position bias yg, a linear rate b that varies spatially across the network, and
annual and semi-annual seasonal signals with amplitudes a;,as and phases 1, @s.
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These parameters were randomly drawn from normal distributions defined by the
median and inter-quartile range of the corresponding field data estimates. The rate b
was assigned based on the geographic location of each synthetic station, with higher
subsidence rates in areas subject to greater sediment compaction and fluid extraction,
following the spatial patterns observed in the field data. The noise terms, white noise
ew and pink noise ¢,, were generated as Gaussian noise with a power-law spectrum
[46]. Their amplitudes were randomly selected from site-specific uniform distributions
derived from the field data.
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Fig. 4 Synthetic GNSS time series for the up component at the Sabbioncello gas storage site (near
FERR station). (a) Decomposition into individual components. (b) Complete synthetic series. (c)
Series with realistic random data gaps.

The anthropogenic deformation component D(t), resulting from reservoir volume
changes, was simulated using a Mogi model [47]. This model provides a simple analyt-
ical relationship between volume change and surface displacement, making it suitable
for approximating ground movement from gas storage or hydrocarbon extraction [48].
Surface displacements were calculated based on realistic volume-change time series
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derived from operational data at the actual storage and production sites. Further
details for the GNSS station locations, noise amplitudes, and volume conversions are
provided in supplementary Appendices A and B.

To simulate realistic data imperfections, 30% of the data points were randomly set
to missing, with gap lengths ranging from 100 to 500 days. Fig. 4 shows an example of
the complete synthetic series for the vertical component at the Sabbioncello storage
site (near the FERR station). This synthetic dataset (see Data availability statement)
provides a controlled, realistic testbed for evaluating the performance of the WPCA,
EMPCA, and GPR gap-filling methods.

4 Results

4.1 Results of Synthetic GNSS Data

We first evaluate the three gap-filling methods using synthetic GNSS data from 70
stations in Fig. 3, where the true signal is known and can serve as ground truth
for quantitative comparison. The aggregate performance across the entire network,
summarized in Fig. 5, establishes a clear performance hierarchy: GPR achieves the
highest accuracy and consistency, followed by WPCA, with EMPCA showing the
largest errors and variability, particularly for horizontal components. To illustrate
the distinct signal morphologies underlying these aggregate trends, we examine two
representative synthetic stations: AMEB (east) for oscillatory, complex signals and
ANTA (up) for trend-dominated vertical motion. Validation on real GNSS data from
the same network follows in section 4.3.

Fig. 5 presents the distribution of RMSE, MAE, and R? across all stations for the
east (E), north (N), and up (U) components. For both RMSE and MAE (panels a and
b), GPR exhibits the lowest median errors and narrowest interquartile ranges (IQRs)
across all three components. Its median RMSE remains below 1 mm for the horizontal
components, with few outliers. On the other hand, EMPCA shows the highest median
errors for E and N (RMSE > 1.5 mm), with broad IQRs and numerous outliers.
WPCA occupies an intermediate position, with errors consistently higher than GPR
but lower than EMPCA for the horizontal components.

The R? distributions (Fig. 5¢) reinforce this pattern: GPR maintains the highest
median values (0.8-0.9) for E and N, while EMPCA’s R? drops sharply for these
components (median /= 0.4). Notably, for the up component, EMPCA’s performance
improves substantially, nearly matching GPR in R? (median ~ 0.9), reflecting its
suitability for trend-dominated signals.

12
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Fig. 5 Distribution of performance metrics across 70 synthetic GNSS stations. (a) RMSE, (b) MAE,
and (c) R? for the GP, WPCA, and EMPCA reconstruction methods, shown for the east (E), north

(N), and up (U) components. Red line stands for median values.

Fig. 6 presents a systematic evaluation of methods to reconstruct synthetic GNSS
signals and mitigate data gaps, focuses on the east direction component at the AMEB
station. Panel (a) exhibits pronounced temporal variability with irregular gaps between
2012 and 2014. GPR reconstruction (Fig. 6b) closely follows the original signal, achiev-
ing an RMSE of 0.507 mm, MAE of 0.407 mm, R? of 0.830 (Table 1). WPCA requires

13
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Fig. 6 Reconstruction of the synthetic East-component signal at station AMEB. (a) Original gapped
signal. (b) GPR reconstruction. (¢, d) WPCA cumulative variance and reconstruction using three
PCs. (e, f) EMPCA cumulative variance and reconstruction using one PC. Grey bands mark data
gaps; blue points and red lines show original and reconstructed data, respectively.

three principal components to explain 85% of the variance (Fig. 6¢), but its reconstruc-
tion (Fig. 6d) retains residual high-frequency noise (RMSE = 0.555 mm, R? = 0.797).
EMPCA explains the same variance with only one component (Fig. 6e), resulting in an
overly smooth reconstruction (Fig. 6f) that poorly fits the oscillatory data (RMSE =
1.215 mm, R? = 0.025). This case highlights EMPCA’s inability to capture complex,

and non-stationary dynamics.
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The synthetic vertical signal at ANTA (Fig. 7a) shows a strong, consistent linear
trend from -20 mm to -100 mm between 2010 and 2022. GPR again provides the
most accurate reconstruction (Fig. 7b), with an RMSE of 2.373 mm and R? of 0.992
(as shonw in Table 1). WPCA (using three PCs, Fig. 7d) and EMPCA (using one
PC, Fig. 7f) both perform well on this trend-dominated signal, with closely matched
results (WPCA: RMSE = 2.783 mm, R? = 0.989; EMPCA: RMSE = 3.006 mm,
R? = 0.987). The minimal performance gap here contrasts sharply with the AMEB
case, demonstrating that EMPCA can be effective when the signal is dominated by a
simple, and low-dimensional structure.
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Table 1 Performance metrics for the reconstruction of synthetic GNSS
data at stations AMEB (east) and ANTA (up).

Station (Component)  Method RMSE (mm) MAE (mm) R?

GP 0.507 0.407 0.830

AMEB (E) WPCA 0.555 0.476 0.797
EMPCA 1.215 1.040 0.025

GP 2.373 1.894 0.992

ANTA (U) WPCA 2.783 2.254 0.989
EMPCA 3.006 2.409 0.987
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Fig. 8 Residual plots (true minus reconstructed) for (a—c) AMEB east and (d—f) ANTA up, for GP,
WPCA, and EMPCA.

Residual analyses for both stations (Fig. 8) further clarify these patterns. For
AMEB, GPR residuals are tightly clustered within +1 mm, while WPCA shows oscil-
latory residuals and EMPCA exhibits large, systematic deviations. For ANTA, all
three methods produce small residuals, consistent with the strong trend that is easily
captured even by simpler methods. Collectively, the synthetic data results demon-
strate that GPR provides the most robust and accurate gap-filling across diverse signal
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types, while EMPCA is only reliable for strongly trend-dominated vertical signals,
and WPCA offers a middle-ground compromise. The following sections examine the
sensitivity of these methods to parameter choices and their performance on real field
data.

4.2 Sensitivity to Model Parameters

The robustness of any gap-filling method depends not only on its core algorithm
but also on the appropriate configuration of its key parameters. We examine how
reconstruction accuracy is influenced by two critical aspects: i) kernel composition
in GPR and the variance threshold in PCA-based methods, and ii) hyperparame-
ter bounds within the GPR framework. This sensitivity analysis reveals fundamental
characteristics of each method’s flexibility and practical tuning requirements.

Regarding kernel composition and PCA variance threshold, Fig. 9 presents a sys-
tematic sensitivity analysis for the east component at station FIUN. For WPCA,
increasing the cumulative variance threshold (and thus the number of principal com-
ponents) improves reconstruction accuracy. Raising the threshold from 0.75 (2 PCs)
to 0.95 (6 PCs) reduces RMSE from 0.734 mm to 0.658 mm and increases R? from
0.656 to 0.724 (Fig. 9a—c). This confirms that capturing more signal variance leads to
better fit for oscillatory data. In contrast, EMPCA exhibits a structural limitation:
even with a high variance threshold of 0.95, it utilizes only one principal compo-
nent (Fig. 9d), resulting in poorer reconstruction (RMSE = 0.893 mm, R? = 0.491).
This demonstrates that EMPCA’s constrained dimensionality prevents it from match-
ing WPCA’s accuracy on complex signals, regardless of threshold setting. Extended
cumulative variance plots for both methods across the entire network are available in
supplementary Appendix C.

For GP regression, the choice of kernel functions is critical. The best performance is
achieved by the full mixed kernel (Fig. 9e), which combines RBF, Matérn, periodic, and
noise components, yielding an RMSE of 0.618 mm and an R? of 0.756. Removing key
elements from this mixture degrades performance. For instance, omitting the Matérn
kernel (Fig. 9f) or the periodic kernel (Fig. 9g) increases the RMSE. The simplest
kernel, using only RBF and noise components (Fig. 9h), performs the worst among
the GP variants tested. These results highlight distinct tuning considerations for each
method. WPCA’s accuracy can be improved by increasing the variance threshold to
include more components. EMPCA’s performance is inherently limited by its use of
a single component. GP delivers optimal results only when its kernel composition
is sufficiently complex to model all relevant signal characteristics. Therefore, careful
parameter selection is essential, with GP offering the most robust performance when
properly configured.
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using the east component at station SBPO (Fig. 10). The baseline reconstruction
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(GP-Fixed) with an optimized composite kernel achieves RMSE = 0.443 mm and R?
= 0.847 (Fig. 10a). Altering individual hyperparameters while keeping others fixed
reveals a clear hierarchy of sensitivity.
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Fig. 10 Effects of individual kernel hyperparameter variations on GP reconstruction for the east
component at station SBPO. (a) Baseline (GP-Fixed) with optimised composite kernel. (b) Modi-
fied white noise bounds. (¢, d) Adjusted Matérn smoothness 7. (e) Altered RBF length scale. (f)
Modified flicker noise parameters. Performance metrics indicate that white noise calibration is most
critical. Grey bands indicate missing data; green and red represent original and reconstructed data,
respectively. Residual plots for all these hyperparameter tests (Appendix D) are provided in the sup-
plementary file.

The most significant performance drop occurs when varying the white noise kernel
parameters (Fig. 10b), where RMSE increases to 0.547 mm and R? falls to 0.767. This
indicates that accurately modeling the noise level is critical for reconstruction fidelity.
In contrast, changes to other kernel components have minimal impact. Adjusting the
smoothness parameter () of the Matérn kernel (Fig. 10c,d) or the length scale of the
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RBF kernel (Fig. 10e) results in nearly identical metrics to the baseline. Variations to
the flicker noise parameters (Fig. 10f) also cause negligible change. This demonstrates
that while a comprehensive kernel mixture is essential, not all parameters require
equally precise tuning; those governing noise modelling are the most sensitive. The
specific parameter configurations tested are detailed in Table 2.

Table 2 Parameter configurations for GP kernel sensitivity tests with fixed n = 0.2. Key:
£=length scale, P=period, v=smoothness parameter, o2 =noise variance, bounds=parameter
bounds. P,=periodicity bounds.

Configuration Kernel Parameters
RBF Matérn periodic white noise flicker noise
GP-fixed £ = 365; £ = 30.0, ¢ = 10.0, bounds: ¢ = 1.0,
bounds: (50, v =1.5; P = 365.25; (0.162,1002) v =0.5;
1000) bounds: (5.0, £y: (1.0, 50.0), bounds: (0.1,
150.0) Py: (350.0, 5.0)
380.0)
GP-vary 4 — 50.0: 3 B 3 3
RBF bounds:
(100.0,
3000.0)
GP-vary
Matérn - 0 = 45.0, - - -
v=25 v =2.5;
( ) bounds: (10.0,
200.0)
GP-vary
Matérn - 0 = 45.0, - - -
v=15 v =15
( ) bounds: (10.0,
200.0)
GP-vary
. X - — — bounds: -
white noise (0.502,202)
GP-wary
. : - - - - £ = 2.0,
flicker noise V= 0.5
bounds: (0.5,
10.0)

Additionally, we test the influence of the noise scaling hyperparameter n (which
controls the amplitude of added noise in the gap-filled values) on the up component
at station FERR (Fig. 11). As  (in Eq. 16) increases from 0.2 to 0.5, reconstruction
quality systematically declines: RMSE rises from 1.992 mm to 3.312 mm, and R?
drops from 0.888 to 0.692. Visually, the fit becomes poorer, with the reconstructed
line diverging more noticeably from the original data within gaps. This confirms that
even with an optimal kernel, inappropriate noise scaling can degrade performance; for
our data, n = 0.2 provides the best balance.
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Fig. 11 Influence of noise scaling on GP reconstruction for the up (U) component at station FERR.
(a, c, e) reconstructed signals (red) against original data (black) for n = 0.2,0.3, and 0.5. (b, d, f)
corresponding residual plots. Accuracy systematically declines with higher 7 values.

4.3 Results of Real GNSS Data

We now apply the three reconstruction methods to real GNSS observations from the
North Adriatic network (in Fig. 3). The results from field data validate and extend the
synthetic benchmarks, confirming the general performance hierarchy in an operational
setting.
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Aggregate performance across the entire network is shown in Fig. 12. For both
RMSE and MAE (panels a and b), GPR maintains the lowest median error and nar-
rowest spread for all displacement components (east, north, and up). Its performance
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is robust, with a median RMSE between 0.5 and 1.0 mm for the horizontal components
and few outliers. WPCA shows intermediate results with higher median errors and
greater outcome variability, indicating station-dependent sensitivity. EMPCA exhibits
the highest errors and greatest spread, particularly for the east and north components.

The R? distributions (Fig. 12c) corroborate this pattern. GPR achieves the highest
median values (0.8-0.9), confirming its superior signal recovery. EMPCA yields very
low R? scores for horizontal components but performs notably better for the vertical
component, a trend that directly echoes the synthetic data finding that its single-
component model is adequate for simple, trend-dominated signals but fails for complex
dynamics.
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Fig. 13 Sensitivity of GP reconstruction to kernel composition for the vertical component at station
MINE. Rows: (a, b) Full composite kernel (RBF + Matérn + periodic + white + flicker noise); (c, d)
Simplified RBF + noise kernels; (e, f) Simplified RBF + Matérn + noise kernels. Left column shows
reconstructions with 95% confidence intervals (CI, grey bands); right column shows corresponding
residuals. Performance metrics indicate that simplified kernels achieve equivalent accuracy and uncer-
tainty estimation for this real dataset, highlighting the flexibility of the GPR framework.

Fig. 13 examines whether simplified GPR kernel configurations can match the
performance of the full composite kernel when reconstructing real GNSS data. Using
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the vertical component at station MINE, we compare reconstructions from three kernel
sets: i) the full composite kernel (RBF + Matérn + periodic + white + flicker noise), ii)
a simplified RBF + noise kernel, and iii) RBF + Matérn + noise. All three yield nearly
identical accuracy (RMSE ~ 2.06 mm, R? ~ 0.945) and uncertainty bounds. This
result critically indicates that for real vertical signals dominated by long-term trends,
simpler kernels can maintain fidelity while substantially reducing computational cost,

a key practical advantage for large-scale operational processing where efficiency is
paramount.
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Fig. 14 Field data imputation for the GNSS east component at station AMEB. (a) Original series
with gaps. (b) GP-filled series using 1 = 0.2 to control added noise (see subsection 2.4), with 95%
confidence intervals shown in grey. (c¢) WPCA cumulative variance plot. (d) WPCA reconstruction
using six principal components. (¢) EMPCA cumulative variance plot. (f) EMPCA reconstruction
using a single principal component. GP achieves the most accurate result (RMSE = 0.549 mm,
R? = 0.943), confirming the conclusions drawn from synthetic tests.
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Fig. 14 compares time series modelling techniques for the east component of the
AMEB station from 2010 to 2022. Panel (a) shows the observed GNSS data, char-
acterised by strong seasonal oscillations, a notable gap between 2012 and 2013, and
missing data from 2021 onwards. Panel (b) applies a GP model with = 0.2, which
achieves the highest accuracy, with an R? of 0.943 and a low RMSE of 0.549 mm, and
effectively captures both the trend and the 95% confidence intervals.

We then turn to dimensionality reduction techniques. Panels (c¢) and (d) of Fig. 14
show the WPCA approach. The cumulative variance plot in panel (c) shows that six
components are required to explain 85% of the variance. The reconstruction in panel
(d) is reasonably accurate but noisier than the GP model, with an R? of 0.816 and
RMSE of 0.989 mm. Finally, panels (¢) and (f) present the EMPCA results. The
variance plot in panel (e) suggests that a single component meets the threshold, leading
to a highly smoothed reconstruction in panel (f). This oversimplification yields the
poorest performance, with the lowest R? of 0.637 and the highest RMSE of 1.391 mm,
indicating that one component cannot capture the complex variability of the original
signal. Additional examples for real GNSS data with vertical trends at the ANTA
station are provided in Appendix E of the supplementary materials.

Overall, the field data analysis strongly reinforces our synthetic test conclusions.
GPR provides the most accurate and reliable gap filling for real GNSS time series,
delivering well quantified uncertainties. The PCA based methods are less consistent,
with EMPCA particularly unsuitable for complex horizontal signals. GPR also offers
flexibility in kernel design, allowing simplified configurations that retain accuracy and
uncertainty quantification for trend dominated vertical components.

5 Discussion

5.1 Interpretation of Core Findings

The comparative analysis confirms that the performance of each gap-filling method is
fundamentally shaped by its underlying modelling paradigm. The hierarchical GPR
framework achieved superior accuracy, particularly for long gaps and station-specific
signals, by directly modelling multi-scale temporal processes. Its composite ker-
nel decomposes the covariance structure into physically interpretable components
namely secular trends, seasonal cycles, transient deformations, and noise, providing
a principled, station-adaptive interpolation that preserves local anomalies critical for
operational monitoring. This temporal focus enables reliable operation even on isolated
stations or during network outages, addressing a key operational vulnerability.
Conversely, the PCA-derived algorithms (WPCA and EMPCA) are fundamentally
constrained by their reliance on spatial covariance. While efficient for reconstructing
network-wide common-mode signals during periods of high station availability, they
inevitably smooth out station-specific deformation, a significant drawback near indi-
vidual extraction wells where local signals dominate. Their performance degrades with
reduced network density, creating a practical paradox: they are least reliable when
robust gap-filling is most needed. EMPCA’s further simplification to a single dominant
component, while computationally attractive, sacrifices too much fidelity for all but
the simplest vertical trends. Therefore, method selection involves a trade-off between
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statistical rigour (GPR) and computational efficiency (WPCA/EMPCA), mediated
by network density and signal complexity.

5.2 Relation to Existing Literature

Our findings align with and extend the established understanding of GNSS time
series analysis. The robust performance of hierarchical GPR supports its growing
recognition in geodesy for tasks such as sea-level reconstruction and signal decompo-
sition [31, 32, 35]. This study advances the application by developing a composite,
physics-informed kernel specifically for the gap-filling challenges of monitoring defor-
mation in anthropogenic settings, where preserving non-stationary, multi-scale signals
is essential.

Several methodological approaches for GNSS gap filling have emerged in recent
years. First, Liu et al. [49] developed a Matlab-based Kriged Kalman filter that com-
bines least squares prediction with Kalman filtering to interpolate missing data. This
hybrid approach leverages spatial correlation between neighbouring stations, similar in
spirit to PCA-based methods, but within a stochastic filtering framework. While effec-
tive for networks with strong spatial coherence, its performance naturally degrades
when stations operate in isolation or during widespread network outages, a limitation
shared with PCA methods and one that our station-wise GPR framework circumvents.
Second, the reliable performance of WPCA and EMPCA during periods of strong
spatial correlation reinforces well-documented principles about PCA-based reconstruc-
tion in dense networks [22, 25]. However, we provide critical empirical evidence of
their practical limitations, which were previously acknowledged mainly in theory [26].
Specifically, we demonstrate how the smoothing of localised deformation and acute
sensitivity to network sparsity can bias results in heterogeneous industrial settings, a
vital caveat for practitioners.

Our work builds most directly on recent Gaussian process applications in geodesy.
Xu et al. [35] proposed a GPR framework for reconstructing geodetic time series with
missing data and time-varying seasonal signals. While their study shares our focus
on GP-based imputation, several key distinctions set our work apart. First, Xu et al.
[35] emphasise the estimation of time-varying seasonal signals through quasi-periodic
kernels, whereas our composite kernel is explicitly designed to capture the multi-scale
processes characteristic of anthropogenic deformation, including a dedicated flicker
noise component informed by observed noise characteristics in our study area. Sec-
ond, their validation focuses on simulated and real GNSS data from tectonically active
regions, while we target the specific challenges of monitoring human-induced deforma-
tion, a context where transient, non-stationary signals demand particularly robust gap
filling. Third, we provide a systematic comparison with PCA-based methods (WPCA
and EMPCA) under both synthetic and operational conditions, offering practitioners
clear, evidence-based guidance that extends beyond a single methodological proposal.

Furthermore, our results underscore the substantial advantage of both GPR and
advanced PCA variants over traditional interpolation (e.g., linear splines, averaging).
Such simplistic methods fail to model the coloured noise and seasonal components
inherent in GNSS data, often introducing artefacts that compromise velocity estimates
and noise characterisation [16]. By conducting a direct, systematic comparison using
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shared metrics and realistic data, this study moves beyond isolated case studies to
provide evidence-based guidance, responding to a recognised need in recent literature
[14, 29].

5.3 Guidelines for Application

Based on our comparative findings, we propose the following practical guidelines for
operational monitoring and modern data-processing workflows.

e Operational monitoring (e.g., hydrocarbon fields, gas storage sites): The hierarchical
GPR framework provides critical advantages in resilience and risk awareness. Its
station-independent nature ensures reliable assessment continues at safety-critical
locations even during wider network outages. Its inherent uncertainty quantification
delivers confidence-bounded data, enabling risk-informed decision-making for tasks
such as subsidence forecasting or regulatory compliance.

e Network-wide processing of large datasets with predominantly short, random gaps:
For short gaps and when uncertainty quantification is not a primary concern, WPCA
remains an efficient and effective choice, especially when a strong common-mode
signal is present. EMPCA can be a suitable probabilistic alternative for similar
scenarios, offering a balance between simplicity and spatial inference.

® Data preprocessing in ML pipelines: Many ML algorithms require continuous time
series as input and cannot handle missing data natively. The choice of gap-filling
method directly influences downstream model performance. Techniques that pre-
serve the statistical and noise properties of the data, such as GPR or weighted PCA,
create a more robust foundation, reducing the risk of algorithms learning artefacts
introduced by poorer imputation methods.

e Simplified decision framework can be based on three key factors: i) For long
gaps (exceeding one year), GPR is generally preferable when the signal follows
patterns consistent with surrounding data. If long gaps coincide with periods
where unmodelled transient activity (e.g., post-seismic deformation, volcanic unrest,
anthropogenic events) is anticipated, spatial methods may offer complementary
value, though their reliance on neighbouring stations must be weighed against net-
work density; ii) For sparse or isolated stations, GPR is the only viable option,
whereas for dense networks, WPCA or EMPCA provide efficient alternatives, and
iii) If uncertainty quantification is required, GPR is essential; if computational speed
is the priority, WPCA or EMPCA are more suitable.

5.4 Limitations of the Study

Several limitations contextualise the findings of this study and warrant careful
consideration when interpreting our results and recommendations.

First, the computational demand of the hierarchical GPR framework, primarily
from optimising its composite kernel’s hyperparameters, is inherently higher than the
linear algebra underlying PCA-based methods. Despite our use of parallel process-
ing, this presents a scalability challenge for real-time processing of continental-scale
networks with hundreds of stations [30, 35].
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Second, our station-wise GPR fills gaps using only temporal patterns learned from
the target station. It cannot detect events occurring entirely within a data gap: if an
unmodelled transient (e.g., post-seismic deformation or anthropogenic signal) takes
place when a station is offline, GPR will be unaware of it. This model dependency
extends to kernel design. Our composite kernel suits signals with secular trends,
annual cycles, and specific noise types observed in the North Adriatic, but apply-
ing it to different geophysical transients would require kernel adaptation [29]. GPR
can be extended to incorporate spatial information [31], but multi-station GPR falls
outside this study’s scope. WPCA and EMPCA, by contrast, leverage spatial corre-
lations. During localised gaps, they can draw on neighbouring stations to potentially
reconstruct anomalous signals. However, this advantage depends on reliable spatial
structure, PCA methods tend to smooth away station, specific details, and the benefit
vanishes during widespread network outages, precisely when robust gap filling is most
needed.

Third, the method assumes GP priors and Gaussian residuals [50]. While flexible,
this assumption may not capture extreme non-Gaussian anomalies present in real
GNSS data, particularly during instrumental issues or rapid deformation events.

Lastly, while synthetic validation provides controlled tests, it relies on a simplified
analytical displacement model (Mogi). This model does not capture the full complexity
of poroelastic reservoir deformation and heterogeneous subsurface properties [8, 12],
underscoring that our field data validation remains an essential component of the
assessment.

5.5 Future Research Directions

Building on this work, future research should address the following interconnected
challenges:

® Scalability of GPR: Developing reduced-order, sparse, or variational approxima-
tions of the GPR framework is necessary to improve its computational efficiency for
real-time, and large-scale applications [35].

® Physics-informed kernels: Integrating more sophisticated geomechanical models of
reservoir deformation (e.g., poroelastic, fault-driven) directly into the GP covari-
ance structure would move beyond the simplified Mogi source, enhancing physical
interpretability [8, 12, 51].

® Benchmarking with emerging methods: The evaluation framework should be
expanded to include deep-learning-based imputation models (e.g., transformers,
neural processes), establishing a comprehensive benchmark for next-generation, and
data-driven techniques in geoscience [14, 17].

® (Cross-dataset generalisability: Applying the developed GPR framework to other
geodetic time series with analogous gap and noise characteristics, such as InSAR
displacement fields or GRACE/GRACE-FO gravity data [35, 52], would test its
generalisability and potentially unify processing approaches across geophysical
datasets.

® Quantitative runtime benchmarking: While our study establishes the accuracy
advantages of GPR, a systematic runtime comparison across varying network sizes
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and gap configurations would provide valuable guidance for practitioners. Prelimi-
nary tests suggest GPR is approximately 5—10 times slower per station than WPCA,
but a dedicated benchmarking study could quantify this trade-off more rigorously
and explore pathways for computational optimisation.

6 Conclusion

Methodological trade-offs in reconstructing GNSS data gaps for monitoring deforma-
tion caused by subsurface fluid extraction and storage have been clarified through
a direct, evidence-based comparison between spatially correlated two PCA variants
(WPCA and EMPCA) and a temporally focused hierarchical GPR framework.

The analysis demonstrates that the choice of method is fundamentally a choice
between modelling paradigms. Extensions of PCA are powerful for leveraging spa-
tial correlation in dense networks but are inherently limited by it, struggling with
station-specific signals and sparse data scenarios. Conversely, the GPR framework
circumvents this spatial dependency by using a physics-informed temporal model to
provide accurate, station-specific reconstructions with principled uncertainty, a critical
capability for operational risk assessment.

This work contributes an optimised, open-source implementation of the GPR
framework and establishes that advanced gap-filling is a crucial preprocessing step
that safeguards the integrity of downstream analyses, from velocity estimation to
machine-learning applications. For practitioners, the decision can be guided by a sim-
ple rule: select GPR for critical stations, long gaps, or when uncertainties matter;
apply WPCA or EMPCA for efficient, network-wide processing of short gaps in dense
arrays. Moving forward, the integration of such probabilistic, physically interpretable
models into operational processing chains represents a key step toward more resilient
and transparent monitoring of human-induced deformation.
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