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Space geodesy uses satellite data to describe the Earth's surface, gravity field, and orientation. This discipline is essential for both geosciences and numerous civil applications. Indeed, it allows the measurement of deformations of various origins, ranging from deformations at tectonic plate boundaries and within plates (Kreemer et al., 2014) to elastic deformations induced by the redistribution of fluid envelopes (White et al., 2010), including post-glacial rebound. Space geodesy also plays a crucial role in establishing (inter)national references for precise positioning, including the International Terrestrial Reference Frame (ITRF) (Altamimi et al., 2023), which provides a stable and precise global reference for expressing the coordinates of objects on and around the Earth.

In practice, most space geodesy products are disseminated as geolocated time series. However, for scientific applications, such time series often need to be modeled using trajectory models (Bevis and Brown, 2014). These trajectory models are based on a set of parametric mathematical functions, typically including a long-term trend, periodic and transient signals, and discontinuities caused by earthquakes, instrumental changes, or data problems. The parameters of these functions, which represent, for example, the tectonic velocities of stations or coseismic displacements, are the quantities of interest for various geophysical applications.

For several decades, we have faced a significant increase in the number of time series to analyze, and several services provide databases containing thousands, or even millions, of series for study. The growing number of available series renders the classic “manual” approach obsolete, which consists of visually analyzing each geodetic series to define an appropriate trajectory model. To fully exploit this massive dataset, it is becoming essential to develop automated modeling methods.

Despite decades of effort, no automated approach has yet achieved widespread acceptance for modeling geodetic time series. On the contrary, existing automated approaches consistently underperform compared with an experienced operator (Gazeaux et al., 2013). A key challenge with these approaches lies in the automatic detection of discontinuities in the time series. However, recent advances in artificial intelligence are opening new avenues toward more efficient automated approaches.
Thesis Objectives:

The main objective of this thesis is to develop an innovative automated approach to modeling geodetic time series, aiming to match or even surpass the performance of a human operator. The geodetic series targeted in this thesis will be GNSS station position series. However, the longer-term objective is to develop a methodology adaptable to other types of time series (InSAR displacement series, GRACE(-FO) gravity variation series, or climate variables).

Machine learning-based models rely heavily on training and evaluation data. However, for GNSS time series, existing labeled datasets are limited in size (to a few thousand stations) and by human accuracy (the smallest discontinuities are not necessarily detected). To overcome these problems, we are currently developing a simulator of realistic synthetic GNSS station position series. This generator benefits from recent advances in GNSS time series modeling by the geodesy team at IGN and IPGP. Based on this realistic synthetic series generator, we propose a three-stage thesis:

1. Evaluation of existing automatic modeling approaches

This step aims to objectively evaluate and compare existing approaches, which is currently impossible due to the lack of a standardized comparison bench. This initial work is all the more crucial given that the only standardized intercomparison campaign of discontinuity detection methods in GNSS station position series took place nearly 13 years ago (Gazeaux et al., 2013). Furthermore, this evaluation will define a performance target to be exceeded with alternative approaches developed during this thesis (Part 2). This work will also highlight specific weaknesses in existing approaches and guide the training of the model developed in this thesis to address them.

2. Development of a New Machine Learning-Based Approach

The second stage of this thesis will involve developing an alternative machine-learning-based approach to modeling geodetic time series. The doctoral candidate will explore various machine learning paradigms to develop a model capable of simultaneously analyzing multiple time series exhibiting potentially correlated random variations. This additional work will allow us to exploit the spatial dependencies of geodetic series to improve discontinuity detection and potentially surpass human performance. Finally, the doctoral candidate will validate the developed algorithm using labeled real-world datasets. If the algorithm is deemed effective, it will be used to model station position time series disseminated online.

3. Application of the approach to real-world data

The objective of this final line of work will be to demonstrate the value of the developed algorithm by modeling unlabeled GNSS time series, such as those from the SPOTGINS project (Santamaría-Gómez et al., 2025) or those produced by the Nevada Geodesy Laboratory (NGL). The resulting trajectory models can be made available to the community and also used to produce derivative products easily usable by non-specialist researchers, such as series corrected for undesirable effects (discontinuities, spurious periodic signals, etc.) or maps of parameters of interest (velocities, seasonal displacements, co- and post-seismic displacements, etc.).
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