
Uncertainty errors affect our confidence in trend estimates. The figure below depicts the distribution of 
the trend-to-trend-uncertainty ratio, which is often used to quantify trend significance.  

On the uncertainty of the uncertainty of long-term trends derived
from geophysical and climate time series 

Functional and stochastic models of the time series

Functional model

Deterministic variations can be modeled with 
mathematical functions described in a 
functional model. In this case, these are the 
long-term linear trend and the seasonal 
variations (in red in the figure on the left). 

The amplitudes of variations are estimated 
from the time series and therefore 
contaminated by noise.

Stochastic model

Stochastic variations can be modeled using 
stochastic processes to obtain realistic 
uncertainties on the functional parameters.

Here, we consider a combination of white and 
power-law noises with unknown noise 
amplitudes and spectral index. Just like 
functional parameters, these parameters are 
only estimated and subject to estimation 
errors.

Introduction & problematic
Quantifying the uncertainty associated with parameter estimates is crucial for many geophysical and climate applications. This is 
important for interpreting the long-term trends of quantities of interest, such as gravity changes, sea level, and water storage. 
Unfortunately, our imperfect understanding of measurement error sources and of the intrinsic stochastic behavior of the quantities of 
interest makes it difficult to realistically assess the uncertainty of long-term trend estimates.

To compensate for this lack of noise source information, stochastic processes are often empirically adjusted along with the long-term 
trend and other deterministic variations. These stochastic processes mimic the stochastic variations (or noise) observed in the time 
series. Propagating the variance associated with these processes to the estimated parameter allows for obtaining more realistic 
parameter uncertainties.

One issue with this approach is that the parameters governing these stochastic processes are only estimated and, therefore, subject to 
estimation errors. The literature does not discuss the impact of these estimation errors on the uncertainties of parameters of interest. 
Thus, in this poster, we investigate the influence of these stochastic process estimation errors on long-term linear trend uncertainties.

1 – How to obtain realistic long-term trend uncertainties? 

2 – The problem of noise parameter uncertainties

3 – How do noise parameter uncertainties 
affect trend uncertainties? 

4 – What is the practical issue with this 
uncertainty of the uncertainty?

Let’s take the example of a synthetic 
GRACE-like Equivalent Water Height 
(EWH) time series, with noise properties 
close to that of a continental time series 
in the COST-G solution: a combination of 
white and flicker noises (that is a 
power-law process with a spectral index 
equal to 1.0).
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Noise parameter
estimation errors

The white noise amplitude is often 
estimated at 0.0 mm, because it is 
“hidden” by the dominant power-law 
noise.

This is not a significant issue, as white 
noise has a marginal influence on 
long-term trend uncertainties.

The power-law amplitude and the spectral 
index are subject to a strong dispersion.

The uncertainty of the spectral index 
reflects a strong uncertainty of the 
auto-correlation structure.

This is much more problematic as the 
power-law noise parameters strongly 
influence long-term trend uncertainties.

Estimating unknown noise parameters (here, white and power-law noise amplitudes and the spectral 
index of the power-law noise) from finite time series can be statistically challenging. This results in 
noise parameter estimation uncertainties.

To evaluate the uncertainty of noise parameter estimates, which don’t have analytical probability 
density functions, we compute empirical probability densities from the noise parameters adjusted to 
3000 realizations of simulated synthetic time series using Restricted Maximum Likelihood Estimation 
(RMLE) method. These distributions are presented in the figure below.

Impact on trend estimates

Estimated noise parameters influence trend 
estimates through inverse variance weighting.

The effect here is however negligible as the 
empirical distribution remains very close to that 

of Best Linear Unbiased Estimator.

5 – Next steps

We will assess the uncertainty of the uncertainty of trends derived using other geodetic or climate 
datasets.

Then, we will evaluate strategies to mitigate the uncertainty errors, through a-priori information or 
constraints on the power-law parameters, such as the spectral index.

Finally, we will develop a metric to assess the reliability of estimated uncertainties.

Impact on trend uncertainty estimates

Estimated noise parameters influence trend 
uncertainties through variance propagation.

The effect here is dramatic as the uncertainty 
estimation errors range between about -50% and 
+200%, the most likely estimate being about -20% !

The important dispersion of the noise parameter estimates impact both the estimation of 
long-term trends and their uncertainties. This impact is illustrated in the two figures below.
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Impact on trend significance estimates

Uncertainty errors induce a distortion of the trend-to-uncertainty ratio distributions. In this case, the 
number of (absolute) trends above the 3σ level is 35% times higher than it would be if we used the 
true uncertainty.

This observation implies that uncertainty estimation errors make false positive trend detections much 
more likely. This observation could impact most geophysical climate and geophysical applications.

Generating realistic synthetic GNSS station position time series 
to evaluate automatic discontinuity detectors

Introduction

The adjustment of trajectory models to GNSS station position time series is an essential step in the establishment of terrestrial reference 
frames, but also in a wide range of geophysical studies investigating glacial isostatic adjustment, tectonics, or coastal sea-level change. 
This trajectory modeling step is complicated by occasional discontinuities in the time series, including outliers, mean offsets (jumps), and 
changes in velocity (to only name a few). With the increasing number and longevity of GNSS stations, traditional manual trajectory 
modeling of position time series by an experienced operator becomes increasingly time-consuming and even impossible for large 
datasets. For this reason, automatic discontinuity detection approaches are increasingly appealing for many geodetic and geophysical 
applications.

A central concern with automatic modeling approaches is their reliability. While past studies suggest that automatic approaches are less 
reliable than human experts, this situation may change with advances in artificial intelligence. One limitation to monitoring progress in 
automatic trajectory modeling is the absence of a standardized benchmarking approach for discontinuity-detection algorithms. In 
practice, each research group publishes performance measures based on different data sets of either human-labeled or synthetic time 
series. Unfortunately, data sets of human-labeled time series are limited in size and may be incomplete because humans are unlikely to 
detect the smallest discontinuities. Synthetic time series are not necessarily reliable either, as they may lack realism with respect to 
length, gaps, frequency, and amplitude of discontinuities, and noise properties. To address these benchmarking issues, we will present a 
generator of realistic synthetic GNSS station position time series. Building upon the characterization of real data sets, this generator will 
contribute to the development of a standardized benchmarking approach for automatic discontinuity detection algorithms. In the long 
run, this generator may also be employed to train new machine learning algorithms.
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Step 1 : study of labeled dataset: the IGS repro3 
combined solution station trajectory models

Conclusion

“Once-per-revolu
tion”

Fig. 4  Expected power spectra of the nonlinear errors in the 
vertical position time series of a fictive station in Matera, Italy, for 

1 ≤ n ≤ 2 and 1 ≤ k ≤ 4

“Twice-per-revol
ution”

• cos(kβ) and sin(kβ) 
modulations lead to 
different error patterns 
in station position time 
series.

• For “once-per-rev” 
errors (n=1), cos(kβ) 
modulations generate 
periodic errors at the 
odd harmonics of the 
GPS draconitic 
frequency (1.04 cpy) 
whereas sin(kβ) 
modulations generate 
periodic errors at the 
even harmonics of the 
GPS draconitic 
frequency.

• For “twice-per-rev” 
errors (n=2), it is the 
opposite.

• This may explain why 
errors at odd and even 
draconitic harmonics 
often have different 
powers in actual GNSS 
products.

• The Fourier coefficients 
that lead to errors at 
even draconitic 
harmonics also 
generate very 
low-frequency errors.   

Fig. 2 Radial differences 
between JPL and TUG repro3 

orbits of GPS satellite G030 as a 
function of ∆u and β

Differences between orbit estimates from different analysis centers 
often exhibit coherent patterns when expressed as a function of the 
Sun angles ∆u and β (see Fig. 1 and 2).

Propagated errors in individual station positions

WIth this variance propagation scheme, one can derive the 
expected power spectra of nonlinear position errors for any station 
and any a
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 coefficient. Hereafter, we present the 

results obtained for a fictive station located in Matera, Italy, with 1 
≤ n ≤ 2 and 1 ≤ k ≤ 4.

• Simple sub-daily periodic orbit errors generate intricate error 
patterns in station position time series.

• These errors are large-scale and propagate to the origin and 
scale (and orientation, not shown) of station positions.

• Additional work is needed to link these patterns with the 
nonlinear variations observed in actual GNSS station position 
time series.

Charatectrizing of the repro3 combined solution 
trajectories

Modeling spatio-temporally correlated noise

The problems with real station position time series:

• Real and high-quality station position time series trajectories are rare. 
• High-quality trajectories are not necessarily a suitable “validation” dataset 

for discontinuity detector validation because they miss small discontinuities 
and are subject to modeling choices

The problems with synthetic station position time series:

• Synthetic position time series are often limited in scope and not fully 
realistic.

• They are often limited to one discontinuity type: offsets (usually).
• They often neglect outliers, velocity changes, post-seismic signals, transients, 

missing data ...
• Synthetic position time series does not have a spatial structure: this does not 

allow testing the capacity of detectors to exploit the existence of common 
mode components for improved detection.

Proposed solution: develop a simulator of 
highly realistic spatio-temporally correlated 

station position time series

Fig X: Empirical spatial correlation estimates of white and flicker 
noise expressed as functions of inter-station distance. Grey dots: 
empirical pairwise correlation estimates derived using variance 
component estimation for 12,591 selected station pairs. Black 
line: median correlations calculated within pre-defined classes of 
interstation distances. Red solid line: multiscale spatio-temporal 
correlation model used in this work (Gobron et al., 2026, 
submitted to JGR: Solid Earth). Red dashed line: large-scale 
spatio-temporal correlation model presented in Rebischung and 
Gobron (2024).

Common problems with 
discontinuity detector validation

Step 2: model the properties of the repro3 station 
position time series with analytical or empirical 

distributions

Generating realistic synthetic GNSS station position time 
series to evaluate automatic discontinuity detectors

1 - Introduction:

Trajectory modeling of GNSS station position time series plays a central role in the establishment of 
terrestrial reference frames and in a wide range of geophysical studies. Unfortunately, trajectory 
modeling is complicated by the presence of unrecorded discontinuities in the time series, e.g., 
outliers, mean offsets (jumps), and changes in velocity (to name a few). With the increasing number 
and longevity of GNSS stations, traditional manual trajectory modeling of position time series by an 
experienced operator becomes increasingly time-consuming and even impossible for large datasets. 
For this reason, automatic discontinuity detection approaches are increasingly appealing for many 
geodetic and geophysical applications. However, a central concern with automatic modeling 
approaches is their reliability. While past studies suggest that automatic approaches are less reliable 
than human experts, this situation may change with advances in artificial intelligence. To address 
current performance assessment issues, this study presents efforts to develop an improved 
benchmark for discontinuity detection algorithms.
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5 - The IGS repro3 station 
position time series and 

trajectory models:

6 - Modeling the properties of IGS 
repro3 station position time series with 

probability density functions:

The problems with real station position time series:

• Real, high-quality station position time series trajectories are rare. 
• Manual trajectory models are not necessarily an ideal validation dataset for discontinuity 

detectors because (1) they miss small discontinuities and (2)  they are subject to the operators’ 
modeling choices.

The problems with synthetic station position time series:

• Synthetic position time series used for benchmarks are often limited in scope and not fully 
realistic.

• They are often limited to one discontinuity type (usually offsets).
• They often neglect outliers, velocity changes, post-seismic signals, transients, missing data ...
• Synthetic position time series do usually not have a spatial structure: this does not allow testing 

the capacity of detectors to exploit the existence of common mode components for improved 
detection.

3 - Proposed solution:

“ A simulator of realistic spatiotemporally correlated station position time series 
whose properties are derived from real and reliable datasets. ”

-> Multiple benefits!

✔ More realistic synthetic series: more realistic performance assessment.
✔ Unlimited number of series: exhaustive detector performance and uncertainty 

assessment.
✔ Spatially correlated series: assessment of approaches that exploit spatial 

correlations for improved discontinuity detection.
✔ Fully adaptable generator: explore and identify the strengths and weaknesses of 

different algorithms.
✔ Allow the development of new machine learning approaches.
✔ Towards an updated version of Gazeaux et al. (2013)’s benchmark?

Fig 3: Empirical spatial correlation 
estimates of white and flicker noise 
expressed as functions of inter-station 
distance. Grey dots: empirical pairwise 
correlation estimates derived using 
variance component estimation for 
12,591 selected station pairs. Black line: 
median correlations calculated within 
predefined classes of inter-station 
distances. Red solid line: multi-scale 
spatio-temporal correlation model used 
in this work (Gobron et al., 2026, 
submitted to JGR: Solid Earth). Red 
dashed line: large-scale spatio-temporal 
correlation model presented in 
Rebischung and Gobron (2024).

2 - Common problems with discontinuity detector validation:

4 - How to generate more realistic synthetic station 
position time series?

1. Generate trajectories whose data structure properties mimic a real and 
reliable dataset in terms of: 

• Time series length 
• Length of data segments and data gaps
• Offset amplitudes and occurrence frequencies
• Velocity change amplitudes and occurrence frequencies 
• Outlier amplitudes, occurrence frequencies, and cluster sizes
• Post-seismic signal properties
• Transients

→ Study of the IGS repro3 station position time series trajectories.

2. Generate station position noise that mimics real datasets in terms of:

• Variance(s)
• Temporal correlation (reproduce the white and flicker noise observed in the station 

position time series)
• Spatial correlation (correlation between different stations of a network).

→Employ the white and flicker noise spatial correlation model developed 
by Rebischung and Gobron (2024) and Gobron et al., (2026, submitted).

9 - Conclusion & perspectives:

• We are building an improved benchmark for 
automatic discontinuity detectors.

• We are able to generate networks of 3D 
synthetic station position time series with 
realistic gaps, offsets, velocity changes, and 
spatiotemporally correlated noise. 

• Work in progress to add realistic outliers, 
post-seismic signals, and transients.

• Interested in testing your discontinuity 
detection algorithm? Please contact us at 
gobron@ipgp.fr.

7 - Simulate synthetic station position noise using a newly 
developed white noise and flicker noise spatial correlation model 

(Gobron et al., 2026, submitted):

Fig 1: Example of IGS repro3 station position 
time series (black) and trajectory models (red) 
used in this study to characterize the 
properties of « normal » station position time 
series.  

Fig 2: Examples of empirical distributions of certain 
properties of the IGS repro3 station position time 
series, and of analytical models of these distributions.

8 - Example of two randomly generated
 synthetic station position time series:

With this approach, it is very easy to simulate multiple cross-correlated 3D station position time 
series. As an illustration, we present two randomly generated cross-correlated time series of vertical 
station positions. 

Fig 4: Example of two simulated vertical station 
position time series.

Fig 5: Example of the simulated noise for the two 
vertical station position time series presented in Fig 4.
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