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international environment. The experiences, challenges, and opportunities | encountered during my
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Working at DLR has been my first real experience in the world of research. It has allowed me to apply
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my professional career. DLR gave me an opportunity when no one else had done so, something | will
always value immensely.

Finally, | would like to thank my family and friends. To my parents, my brother, and the rest of my family,
thank you for always encouraging me to become a better version of myself and for teaching me never
to give up, regardless of the challenges encountered along the way. Your support, confidence, and
sacrifices have made all of this possible. To my friends, thank you for your encouragement throughout
these years. A special thanks goes to Alvaro, whose friendship and support have been invaluable
during my time in Germany.

I hope that the work presented in this thesis contributes, even in a small way, to the advancement of ma-
noeuvre detection and orbit prediction capabilities, and serves as a foundation for future developments
in Space Situational Awareness and satellite operations.

Guillermo Alejandro Orihuela Gémez
Hannover, July 2026
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summary

Satellite manoeuvres represent one of the main sources of uncertainty in orbit prediction. While modern
orbit-propagation techniques are capable of accurately modelling the nominal evolution of spacecraft
trajectories, even relatively small orbital corrections can introduce significant discontinuities that rapidly
degrade prediction accuracy when not taken into account. This challenge is particularly relevant within
the context of Space Situational Awareness (SSA), where reliable orbit prediction is essential for con-
junction assessment, collision avoidance, mission planning, and space traffic management.

The objective of this thesis is to develop and validate a framework capable of detecting satellite ma-
noeuvres, characterizing satellite manoeuvring behaviour, and incorporating manoeuvre awareness
into orbit-prediction processes using only publicly available Two-Line Element (TLE) data. The work
was conducted within the Improving Satellite Orbit Prediction Accuracy (ISOPA) framework developed
at the German Aerospace Center (DLR).

The proposed methodology is based on the analysis of TLE consistency. Multiple historical TLEs are
propagated to a common reference epoch and compared against the current orbital state. The re-
sulting residuals are expressed in the Radial-Transverse-Normal (RTN) reference frame and used to
construct a set of anomaly scores designed to highlight inconsistencies associated with manoeuvre
events. Several score formulations are investigated, ranging from simple propagation-error metrics to
innovation-based representations that explicitly exploit information from multiple historical TLEs. Addi-
tional refinements include normalization and whitening procedures, as well as machine-learning-based
approaches designed to improve the discrimination between nominal and manoeuvre-affected orbital
behaviour.

The results demonstrate that meaningful manoeuvre detection and satellite behavioural characteriza-
tion can be achieved using only publicly available TLE data despite the inherent limitations, noise,
and estimation uncertainties associated with these orbital products. The most significant performance
improvements are obtained through innovation-based multi-backstep residual representations, which
substantially outperform the original baseline formulation. Physically motivated whitening and normal-
ization techniques further improve score stability and threshold transferability across satellites and time
periods. Machine-learning refinements provide additional gains, although the results indicate that the
maijority of the exploitable information is already captured by the underlying physically based score
formulations.

The final detection framework achieves high precision and recall in manoeuvre detection while main-
taining consistent behaviour across the majority of the analysed satellites. The results further indicate
that a significant fraction of the remaining detection errors originate from limitations in the underlying
TLE data rather than from deficiencies in the detection methodology itself.

A second major contribution of this thesis is the development of a behavioural-classification framework
that characterizes both long-term satellite behaviour and individual manoeuvre events. By analysing
the temporal frequency and directional structure of detected manoeuvres, satellites can be grouped
according to their operational behaviour and manoeuvring patterns. In addition, each detected ma-
noeuvre can be analysed individually and classified according to its temporal regularity and directional
characteristics. This enables the identification of manoeuvres that are consistent with station-keeping
activities, while manoeuvres that do not exhibit a sufficiently structured pattern are classified as be-
ing of undetermined nature. Although the proposed methodology provides meaningful insight into the
likely operational purpose of detected manoeuvres, the true intent behind a manoeuvre cannot be de-
termined with certainty from orbital data alone and ultimately requires information from the satellite
operator. Furthermore, the framework can be applied to previously unseen satellites using only their
NORAD identifier and the desired analysis period, enabling operational behaviour assessment even in
the absence of reference manoeuvre databases.
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The final stage of the work focuses on the integration of manoeuvre awareness into the ISOPA pipeline.
Detected manoeuvre epochs are used to identify and remove manoeuvre-contaminated samples from
the orbit-prediction training process. This manoeuvre-aware strategy consistently improves prediction
performance when compared with the original behaviour-agnostic implementation. For several satel-
lites, reductions exceeding 35% in the Root Mean Square (RMS) fourteen-day position prediction error
are achieved. These results demonstrate that the value of manoeuvre detection extends beyond event
identification itself and can be translated into tangible improvements in operational orbit-prediction per-
formance.

Overall, this thesis demonstrates that TLE consistency analysis provides a viable foundation for ma-
noeuvre detection, behavioural characterization, and manoeuvre-aware orbit prediction. The devel-
oped framework successfully combines physically motivated modelling techniques with machine-learning
refinements and establishes a practical pathway towards more robust and reliable orbit-prediction sys-
tems for future Space Situational Awareness applications.
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Introduction

The rapid growth of satellites in Earth orbit has made the space environment increasingly crowded
and operationally demanding. Both Low Earth Orbit (LEO) and Geostationary Orbit (GEQO) host large
numbers of active spacecraft, with LEO containing the vast majority of satellites and GEO hosting
several hundred operational spacecraft [1]. This number continues to rise as commercial and institu-
tional activity expands. Fragmentation events, particularly from explosions of derelict spacecraft and
upper stages, have historically been a major source of debris, while accidental collisions, although
less frequent, remain a critical contributor due to their high debris-generation potential. As a result,
maintaining up-to-date and accurate catalogues has become essential for safe and sustainable opera-
tions. Because orbit prediction errors can accumulate quickly and compromise collision avoidance or
planning activities, reliable orbit determination (OD) and propagation frameworks are critical.

Traditional orbit prediction relies on physical force models and numerical or semi-analytical propagators.
These approaches model the main perturbations, such as atmospheric drag, solar radiation pressure
(SRP), Earth’s geopotential, and third-body effects, but face inherent limitations: atmospheric density
uncertainty, SRP variability, measurement noise, unmodelled forces, and biases in data products such
as Two-Line Elements (TLEs). While these models perform reasonably well over short time scales,
their accuracy deteriorates rapidly, especially in LEO where environmental variability is greatest [2].

An alternative approach consists of complementing conventional orbit propagation models with data-
driven correction techniques. Instead of explicitly modelling every perturbation source, Machine Learn-
ing (ML) methods learn systematic residual patterns between predicted and reference trajectories and
use them to improve propagation accuracy. Following this philosophy, the Improving Satellite Orbit Pre-
diction Accuracy (ISOPA) framework [3], developed by the Ground Segment of the Deutsches Zentrum
fur Luft- und Raumfahrt (DLR) Responsive Space Cluster Competence Center (RSC?3), learns residuals
between Simplified General Perturbations (SGP4)-propagated Two-Line Element (TLE) states and sub-
sequently released TLE updates. These residuals are then used to correct future predictions, yielding
significant improvements in orbit prediction accuracy.

However, current ML-based systems, including ISOPA, implicitly assume smooth residual behaviour
driven only by model imperfections. In reality, many satellites perform station-keeping, attitude, orbit-
maintenance or collision avoidance manoeuvres that introduce abrupt trajectory changes. These dis-
continuities severely degrade both classical and ML predictions if manoeuvres are not detected, as the
algorithms cannot distinguish manoeuvring from nominal behaviour.

To address this, the present thesis develops a manoeuvre-detection and behaviour-classification mod-
ule that identifies anomalous orbital changes using historical orbital data. The method classifies satel-
lites according to their long-term manoeuvring behaviour and characterizes individual manoeuvres
based on their operational nature. Manoeuvres performed to maintain a prescribed orbital configuration
are distinguished from other types of orbital adjustments. The TLE epochs affected by the detected
manoeuvres are subsequently removed from the ISOPA training database, preventing manoeuvre-
contaminated observations from degrading orbit prediction performance.



The thesis is structured as follows. Chapter 2 presents the relevant information from the existing lit-
erature. Chapter 3 identifies the gap that the thesis aims to fill and presents the research questions.
Chapter 4 describes the methodology used to achieve the objectives described. Chapter 5 presents

the results after the evaluation of the pipeline. Chapter 6 presents the conclusions of the whole project
and answers the research questions.



[Literature Review

2.1. Orbit prediction in the context of Space Situational Awareness

2.1.1. Role of orbit prediction

Space Situational Awareness (SSA) refers to the capability to detect, track, characterize, and predict
the behaviour of objects and events in the space environment in order to ensure the safe and sustain-
able use of outer space [4]. Two core capabilities of SSA are orbit determination, which estimates the
current state of Resident Space Objects (RSOs) from observations, and orbit prediction, which propa-
gates these estimated states into the future. Orbit prediction therefore enables catalogue maintenance,
conjunction assessment, and collision avoidance. To support these operations, prediction frameworks
must deliver reliable and frequently updated orbital states. However, widely used catalogue propaga-
tors (such as SGP4) often rely on simplified drag, gravity, and SRP models, causing prediction errors
to grow rapidly with propagation time, especially in LEO [5].

As the number of tracked objects in Earth orbit continues to grow, operational centres must maintain
increasingly large catalogues and generate a greater number of orbit predictions every day. Figure 2.1
illustrates the steady increase in the population of tracked space objects, which places a growing burden
on orbit determination and catalogue maintenance systems. Since observations are not continuously
available, the true state of many RSOs must be estimated by propagating their most recent known
state between measurement updates. Therefore, maintaining the same observation cadence for every
object becomes increasingly challenging. This results in longer intervals between measurements and a
greater dependence on orbit propagation to estimate future states. Prediction errors accumulated dur-
ing these intervals can significantly degrade state estimation accuracy, increasing the need for precise
and computationally efficient orbit prediction methods [6, 7].
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Figure 2.1: Evolution of the number of tracked space objects in Earth’s orbit by object type [1].

Since the early days of spaceflight, multiple orbit prediction frameworks have been developed to ad-
dress these challenges [8]. Early analytical methods captured only dominant perturbations, enabling
low-resolution long-term estimates but performing poorly in strongly perturbed regimes such as LEO
[9]. As understanding of orbital dynamics improved, more advanced numerical and semi-analytical
techniques were introduced. Among these, Semi-Analytical Satellite Theory (SAT) combines analytical
formulations of the dominant orbital perturbations with numerical integration of slowly varying orbital ele-
ments, providing a compromise between computational efficiency and prediction accuracy. SAT-based
propagators have been widely adopted for catalogue maintenance, orbit determination, and large-scale
space surveillance applications, where the propagation of thousands of objects must be performed ef-
ficiently [10]. However, their accuracy still depends strongly on force-model fidelity and the quality of
tracking data.

To better understand the limitations and capabilities of these approaches, the following subsections
review orbit prediction (OP), orbit determination (OD), and filtering methods in greater detail.

2.1.2. Classical orbit prediction frameworks

Classical orbit prediction methods aim to estimate the future state of a satellite by propagating a known
initial state under a prescribed force model. Depending on how the equations of motion are represented
and solved, orbit propagators are commonly classified into three categories: analytical, semi-analytical,
and numerical methods [8]. Each approach offers different trade-offs between accuracy, computational
cost, and robustness.

Analytical and semi-analytical propagators use explicit mathematical formulations of perturbing forces
to model satellite motion. Analytical propagators, such as the SGP family (particularly SGP4) compute
trajectories from closed-form expressions based on simplified dynamics. They are extremely fast and
suitable for large-scale catalogue operations. Nevertheless, their truncated perturbation models limit
long-term accuracy, especially in strongly perturbed regimes [9].

Semi-analytical methods bridge analytical and numerical approaches by expressing the equations of
motion in orbital elements and averaging out short-period perturbations, while in some formulations also
partially accounting for long-period effects. This allows the long-term orbital evolution to be propagated
more efficiently [2]. Perturbations are incorporated through analytical or semi-empirical models, while
the resulting mean-element equations are integrated numerically. These approaches typically rely on a
truncated dynamical model, for example by retaining only a limited number of spherical harmonic terms
in the geopotential expansion. Frameworks such as HEOSAT [11], a mean-element orbit propagator for
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highly elliptical orbits developed by Lara, San-Juan, and Hautesserres, follow this philosophy, but their
prediction accuracy remains strongly dependent on the fidelity of the force models used to represent
atmospheric drag, solar radiation pressure, and other perturbations.

Numerical propagators solve Newton’s equations of motion using full, high-fidelity force models, making
them the most accurate class of classical orbit prediction techniques. Their performance depends on
the integrator formulation over computed states and used steps. These choices lead to trade-offs
between accuracy, robustness, and computational cost.

Atallah et al. compare several numerical integrators across different orbital regimes and show that
accuracy is highly sensitive to the method used, drag, and model inaccuracies [12]. Additional stud-
ies reinforce these conclusions: Montenbruck finds that single- and multi-step integrators have com-
parable efficiency in many scenarios, while multi-step schemes excel when dense ephemerides are
required [13]. Papanikolaou et al. show that performance varies substantially across LEO regimes,
especially under drag [14]. Alternative formulations based on non-Cartesian element sets have also
been proposed to improve the efficiency of numerical propagation. For example, Bau et al. introduced
the EDromo propagator, which employs a regularized set of orbital elements and demonstrates supe-
rior accuracy-to-cost performance compared to several established propagation schemes, particularly
for highly eccentric and perturbed orbits [15]. More advanced techniques, such as Sobolev polynomial-
based integrators, have demonstrated substantial accuracy improvements over conventional numerical
schemes, achieving up to 72 times lower propagation errors than adaptive Gaussian integration and
more than two orders of magnitude improvements over commonly used Runge—Kutta methods [16].
However, these gains often come at the expense of increased computational cost, which has so far
limited their widespread operational adoption.

2.1.3. Classical orbit determination and state estimation frameworks

Orbit determination is the process of estimating the current state of a spacecraft from tracking observa-
tions. Unlike orbit prediction, which propagates a known state into the future, orbit determination com-
bines measurements with a dynamical model to reconstruct the most probable state and associated
uncertainties. Since measurements are available only intermittently, all orbit determination methods
rely on orbit propagation models to relate observations acquired at different epochs.

Estimation-based orbit determination frameworks combine a dynamical model with observational data
to estimate a satellite’s state and its uncertainties, effectively rectifying a nominal dynamical prediction
through measurement updates. Two main estimator families dominate: Batch Least Squares (BLS)
and Kalman Filter (KF).

Batch Least Squares processes measurements simultaneously to obtain a globally optimal solution,
offering high accuracy and robustness to noise and data gaps. When combined with high-quality Global
Navigation Satellite System (GNSS) data, it can achieve great precision [17]. However, its latency and
computational cost limit its suitability for real-time or large-scale catalogue operations.

Kalman Filters, including Extended KF (EKF) and Unscented KF (UKF), update the state recursively
as new observations arrive, making them well suited for real-time navigation. They can accommodate
some nonlinearities and modelling errors [18], but their performance is highly sensitive to the quality of
the initial conditions and to the assumed process and measurement noise statistics [19].

Hybrid estimators combine the strengths of both approaches. Batch-sequential filters integrate batch
solutions into recursive updates to improve stability in nonlinear regimes [20], while unscented-trans-
formation batch filters improve robustness in strongly perturbed environments [21]. Recent Bayesian-
adaptive and second-order KF variants further improve resilience to modelling errors and measurement
uncertainty, particularly during manoeuvres [22]. In all cases, these estimators improve performance
by repeatedly using observations to rectify the evolving state. The resulting state estimates are sub-
sequently incorporated into operational catalogues and are often distributed in the form of Two-Line
Elements (TLEs). Since the manoeuvre detection algorithm developed in this work operates exclu-
sively on TLE data, the quality and update frequency of these orbit determination solutions directly
influence its performance.
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2.1.4. Limitations of classical orbit prediction and determination frameworks
Despite decades of development, classical orbit prediction and determination frameworks still face
fundamental limitations that constrain their reliability in modern environments. These limitations arise
from imperfect environmental modelling [5, 8, 23], incomplete knowledge of RSO physical properties
[24, 25], intermittent and noisy tracking data [6, 18, 26], and the inability of traditional propagators
to accommodate unannounced manoeuvres or anomalous behaviour [7, 17]. As these uncertainties
accumulate, prediction accuracy deteriorates rapidly, particularly in LEO [12, 27], where orbital dynam-
ics are strongly influenced by atmospheric drag and highly variable thermospheric density driven by
space weather conditions. These effects introduce significant time-varying perturbations that are diffi-
cult to model accurately and lead to faster divergence of propagated states compared to higher-altitude
regimes. In operational settings, scalability constraints further require trade-offs between accuracy and
computational cost [21, 28].

A concise overview of the main limitations of classical frameworks and their qualitative impact on orbit
prediction is provided in Table 2.1. Together, these challenges motivate the development of data-driven
approaches, such as ISOPA, that can learn object-specific residual patterns and improve prediction
performance beyond what classical models can achieve. These methods will be further investigated in
the following section.

Limitation Impact

Incomplete environment modelling

Systematic propagation errors that grow with prediction horizon.

Unknown object properties

Persistent modelling biases affecting both state estimation and
prediction.

Sparse or noisy observations

Reduced orbit determination accuracy, leading to poor initial
state estimates.

Propagation of initial-state and model errors

Errors in all position and velocity components increase with
propagation time, with along-track errors typically growing the

fastest.
Unmodelled manoeuvres or anomalous Large and often unpredictable deviations between predicted and
behaviour actual trajectories.

Table 2.1: Main limitations of classical orbit determination and orbit prediction frameworks.

2.1.5. ML-based and hybrid orbit prediction

Classical orbit prediction frameworks are constrained by the limitations shown in Table 2.1. Several
ML-based enhancement approaches have been shown to reduce these shortcomings by learning sys-
tematic residual errors of classical propagators and by modelling correction terms that capture effects
that are difficult to represent explicitly [29, 30, 31, 32]. Such methods have also been demonstrated to
improve prediction performance when tracking data are sparse, thereby extending the practical validity
horizon compared to purely classical propagation [29, 30, 33]. More information about ML theory can
be found in Appendix B.

Various data-driven architectures have been explored: recurrent neural networks, including Long-Short
Term Memories (LSTMs), Gated Recurrent Units (GRUs), and Temporal Convolutional Networks (TCNs)
variants, often outperform purely physics-based propagators [30, 33, 34, 35]. Classical ML approaches
such as Support Vector Machines (SVMs) and Gaussian Processes (GPs) have also been used to cor-
rect TLE-based predictions, showing strong robustness under noisy or sparse tracking conditions [30,
31]. More recent studies investigate feature-based models such as Random Forests (RFs) [36].

In most of the cases, hybrid physics—ML approaches are used. They combine classical propagation
with data-driven correction, addressing limitations that neither method can resolve on its own. In these
frameworks, a traditional propagator (e.g., SGP4) provides a baseline trajectory, while an ML model
learns and compensates for the resulting systematic residuals. This allows the ML component to cap-
ture unmodelled perturbations while preserving the physical consistency of the underlying model [29,
37]. Such hybrid error-correction schemes have shown good accuracy improvements across LEO and
MEO [30, 33]. DLR RSC?’s ISOPA [3] system follows this approach by learning residuals from TLE-
based predictions.
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More advanced designs integrate ML directly into the estimation process, for example through hybrid
neural-network/Kalman-Filter architectures that use learned corrections to improve state estimation and
trajectory prediction [38]. Similar ideas have also been explored through deep-learning and ensemble-
learning approaches for orbit-error prediction and correction [39, 40].

Despite their demonstrated accuracy gains, ML-based orbit prediction frameworks still face limitations
in certain operational scenarios. Most challenges arise not from ML itself, but from the characteristics of
SSA training data. Purely data-driven models depend on historical residual patterns, so sparse or noisy
tracking can reduce generalisation and increase the risk of overfitting [24, 32]. ML predictors also ex-
trapolate poorly to objects or orbital regimes not represented in the training set [41]. Furthermore, while
prediction improvements can be quantified straightforwardly through aggregate performance metrics,
identifying the root causes of degraded performance is often considerably more difficult. A model may
achieve significant accuracy gains for most objects in a catalogue while performing poorly for a small
subset, making it challenging to determine whether the degradation originates from data quality issues,
unmodelled dynamical effects, insufficient training samples, or limitations of the learning architecture
itself.

An overview of all orbit prediction approaches (classical and ML-based) is provided in Table 2.2.

Approach Data required Advantages Disadvantages Typical use
. - : Very fast,. Limited force-model fidelity, Large
Analytical Initial orbital elements catalogue-wide
) lower long-term accuracy catalogues
propagation
SSA and

Good balance

. . Initial state + simplified Dependent on force-model catalogue
Semi-analytical between accuracy . .
force models - quality mainte-
and efficiency
nance
Initial state + . ; High-fidelity
Numerical high-fidelity force ngf;((e;tu?:é/smal Computationally expensive orbit
models y prediction
Hybrid Classical propagator + Improved accuracy Requires representative
- L ; through learned e L Modern SSA
physics—ML historical residuals training data and retraining

corrections

Table 2.2: Comparison of classical and ML-enhanced orbit prediction approaches.

Another limitation emerges during uncooperative manoeuvres or abrupt dynamical changes. Existing
ML propagators are trained on nominal behaviour and therefore cannot anticipate trajectory shifts, caus-
ing prediction errors to grow rapidly [33]. Incorporating a dedicated manoeuvre detection and event
behaviour classification module addresses this gap by enabling ML propagators to re-initialise or adapt
their strategy when the satellite transitions to a new dynamical state [42]. The creation of such a module
will be investigated in this thesis.

The following figures illustrate the effect of an apogee-raising manoeuvre on orbital evolution. Prior to
the manoeuvre, both trajectories are identical and share the same position and velocity state. The im-
pulsive velocity increment modifies the orbital energy and geometry, resulting in a new orbital trajectory
with different orbital elements. As the spacecraft progresses along its orbit, the effect of this perturba-
tion accumulates, causing the separation between the nominal and manoeuvred trajectories to grow.
Consequently, even a relatively small manoeuvre can lead to significant deviations after propagation.
Figure 2.2 depicts the resulting change in orbital geometry, while Figure 2.3 shows the evolution of
the position-vector difference between both trajectories as a function of true anomaly. The latter illus-
trates how the divergence increases as the spacecraft moves away from the manoeuvre location and
the differences in orbital shape become more pronounced. If an orbit propagator is unaware that a
manoeuvre has been performed, it will predict an orbit shape which matches the previous trajectory,
diverging with respect to the actual one.
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Figure 2.2: Orbit shape before and after a manoeuvre has been performed (manoeuvre point=red dot).
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Figure 2.3: Evolution of difference in position vector magnitude between circular and elliptical orbits with respect to true
anomaly. The values are provided for reference only and should not be interpreted as exact measurements.

2.2. Manoeuvre-detection frameworks

2.2.1. Motivation

Many modern SSA applications rely on continuous and accurate orbit prediction of RSOs. Many satel-
lites are now actively manoeuvring (GNSS, large LEO constellations, etc.), so timely awareness of ma-
noeuvres is of vital importance. RSOs in popular orbits such as GEO or Inclined Geostationary Orbit
(IGSO) are required to perform frequent station-keeping manoeuvres because their missions depend
on maintaining a very specific orbital geometry. GEO satellites, for example, are designed to remain
fixed with respect to a point on the Earth’s surface, enabling continuous broadcasting and communi-
cations services, while IGSO satellites must preserve their ground-track characteristics to guarantee
navigation performance. Orbital perturbations gradually alter this geometry, causing deviations from
the desired operational configuration unless corrective manoeuvres are performed [43, 44]. While co-
operative systems, such as GNSS constellations, typically broadcast updated ephemerides following
manoeuvres, these updates may be delayed or unavailable to all users. For satellites such as those in
the BeiDou constellation that provide products to the International GNSS Service (IGS) or the Interna-
tional GNSS Monitoring and Assessment System (iGMAS), rapid recovery of accurate post-manoeuvre
orbits remains essential to restore service availability [45].

Another aspect that makes manoeuvre detection important is catalog maintenance. Undetected ma-
noeuvres can complicate updating satellite catalogues due to the creation of track association failures,
with uncorrelated tracklets and/or duplicated objects. In some of the study cases, authors use TLE
analysis to inspect satellite manoeuvre behaviour [46, 47] due to its public and near-real-time availabil-
ity, at the expense of a lower accuracy that may hide small manoeuvres. In some other cases, authors
use optical or radar measurements to detect orbital manoeuvres [48, 49], enjoying a higher accuracy
that can even show small thrust events, at the expense of limited coverage and sensor availability.

When it comes to identifying orbital manoeuvres, some observable signatures are abrupt changes in
orbital elements, residual spikes in TLE consistency checks [46, 47], filter innovation jumps (far outside
the expected covariance) [50, 51, 52] or distributional anomalies in curve-fitting metrics [53].
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Despite this, detecting manoeuvres in a reliable and accurate way poses several challenges. Some
methods require large datasets to perform well, and observational data may suffer from long gaps or
partial arcs due to tracking geometry limitations, sensor availability, or signal quality constraints [48,
49, 50]. Optical observations are further affected by weather and illumination conditions. Another key
difficulty arises from environmental and model uncertainties (particularly atmospheric drag variability
and solar radiation pressure changes) which can produce signatures similar to small thrust manoeuvres
[46, 54].

2.2.2. Classical methods

2.2.2.1. Residual- and consistency-based methods

The core approach that this kind of classical manoeuvre detection methods follows is that predicted
and observed states are compared. If there is a large difference between them, then a manoeuvre
could be its cause.

TLE-based manoeuvre detection methods include TLE Consistency Checking (TCC), which is based
on the idea that the spatial difference between a propagated state and the following published state
should remain small in the absence of manoeuvres [46]. This approach is effective for detecting im-
pulsive manoeuvres that produce abrupt state discontinuities, but it is less sensitive to continuous
low-thrust activity, whose effects accumulate gradually and can be partially absorbed by the SGP4
fitting process. TLE Time-Series Analysis (TTSA), by contrast, compares consecutive TLEs to iden-
tify systematic changes in mean orbital elements or derived quantities. It relies on robust statistics
and harmonic analysis to separate periodic variations (such as those induced by Earth’s oblateness)
from secular trends that indicate sustained perturbations [46]. As a result, TTSA is well suited to de-
tect continuous thrust manoeuvres, which manifest as slow, persistent drifts in orbital elements, but its
effectiveness degrades when TLE update intervals are long, limiting temporal resolution.

Closely related approaches follow the same residual-based logic, but check how orbital elements evolve
over time rather than comparing individual state differences.

Moving-window curve-fitting (MWCF) methods rely on the assumption that orbital elements evolve
smoothly in the absence of manoeuvres. A sliding time window of TLE data is used to fit low-order
polynomials to the element evolution. As the window advances, successive fits are compared, and
significant changes in fit parameters or residual statistics are interpreted as evidence of a manoeuvre.

Gui et al. employ two adjacent windows (one before and one after a candidate detection epoch) and
compare curve-fit parameters such as slopes or constant offsets [53]. If the mismatch exceeds a
predefined threshold, a manoeuvre is flagged.

In general, these methods are computationally efficient, robust to noise, and sensitive to both abrupt
and gradual changes. However, they require careful feature and threshold tuning, and detection is
inherently post-event, as it relies on windows that include observations after the manoeuvre epoch.

2.2.2.2. Gaussian uncertainty-based filtering methods

Kalman-filter-based methods provide sequential orbit estimation. The underlying principle is that a
manoeuvre causes the predicted state and covariance to become inconsistent with the incoming mea-
surements, resulting in increased residuals that can be used for manoeuvre detection.

One of the first works to show this approach is the one by Kelecy and Jah. They focus on the de-
tection of low-thrust manoeuvres (very small, continuous accelerations) using an Extended Kalman
Filter (EKF) applied to radar and optical tracking data. The EKF applies the standard Kalman filtering
framework to a nonlinear dynamical system by linearising the equations of motion about a reference
trajectory and updating this reference using the estimated state, thereby extending the validity of the
linear approximation [50]. It performs well when the dynamics are only mildly nonlinear and the sam-
pling rate is sufficiently high, but may fail in highly nonlinear regimes, such as high-eccentricity orbits.
To improve performance under such conditions, Zhang et al. employ a Strong Tracking Filter (STF), a
variant of the EKF that adaptively inflates the state covariance to maintain filter responsiveness during
manoeuvres. While this approach mitigates filter divergence and improves manoeuvre tracking capa-
bility, it can lead to large post-manoeuvre error spikes and slow filter reconvergence, degrading orbit
determination performance during the recovery phase [52].
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Bergmann et al. use a nonlinear Kalman Filter, named Unscented Kalman Filter (UKF), over optical tele-
scope observations [51]. The UKF approximates distributions, not functions, making it more suitable
for the highly nonlinear dynamics of the cases above mentioned. Nevertheless, it is computationally
more expensive and it may struggle with sudden large impulses.

In general, KF-based approaches are powerful, because they allow real-time detection and work with
high-accuracy data (much more accurate than TLE), at the expense of being very sensitive to noise
tuning (the selection of process and measurement noise covariance matrices) and requiring good OD
initial conditions and high-cadence sensor data.

2.2.2.3. Uncertainty propagation/non-Gaussian methods

The methods discussed above rely on the assumption that state uncertainty can be adequately rep-
resented by a single Gaussian distribution. However, manoeuvres can lead to skewed or multimodal
uncertainty structures that violate this assumption. To address this limitation, several approaches ex-
tend the same principle by propagating the full uncertainty distribution through the nonlinear orbital
dynamics.

Yang et al. represent the initial uncertainty using a Gaussian Mixture Model (GMM), allowing multi-
modal distributions. Each Gaussian component is then propagated independently and the propagated
Probability Density Function (PDF) is compared with incoming measurements. Significant deviations
between the measurements and the predicted distribution indicate a likely manoeuvre [54].

Montilla et al. introduce two GMM-based detection metrics. The Mixture Standard Innovation Statis-
tic extends the classical Normalized Innovation Squared (NIS) by evaluating innovation consistency
over all Gaussian components rather than a single one [55]. The mixture-control metric follows the
control-distance framework proposed by Holzinger et al., using the estimated minimum control effort
required to reconcile the predicted and observed states as an indicator of manoeuvre likelihood [56].
This method performs well under intermittent observations and detects subtle deviations earlier than
KF-based approaches.

In general, these approaches, by propagating the full probability distribution, detect manoeuvres earlier
and with fewer false positives. However, the number of mixture components may need to be controlled
through merging or pruning strategies to limit computational growth during uncertainty propagation.

2.2.2.4. Control-distance and optimal-control methods

The main idea behind this approach is that, given two orbital states, the minimum impulse required to
“connect” them under known dynamics is computed. If this control effort is too large to be explained by
natural perturbations or modelling errors, a manoeuvre is flagged.

Holzinger et al. define a control-distance metric, namely the minimum Awv required to transfer a space-
craft between two observed states. Besides manoeuvre detection, the method is also applied to object
correlation and catalogue maintenance [56].

Lubey and Scheeres later extended this concept into the Optimal Control Based Estimator (OCBE) [57].
The OCBE operates similarly to a Kalman Filter, but augments the estimation process by computing,
at each update step, the optimal control input required to connect the prior state estimate to the current
measurement. These estimated control inputs represent unmodelled dynamics, and manoeuvres are
detected whenever the inferred control effort exceeds a statistically defined threshold.

More recently, Jaunzemis et al. extended the control-distance concept through a binary hypothesis
framework (manoeuvre/no manoeuvre) and introduced a combined detection metric based on both the
control cost (minimum Awv) and the Mahalanobis distance [43]. By incorporating the Mahalanobis dis-
tance, which quantifies how many standard deviations the observed state deviates from the predicted
state while accounting for uncertainty, the method provides a more robust discrimination of ambiguous
cases.

2.2.3. ML-based methods
As shown in the previous subchapter, traditional detection methods rely on thresholds, filter innovations
or model mismatches. Nevertheless, orbital behaviour is often nonlinear, multimodal and non-Gaussian.
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ML provides flexible tools capable of capturing these elements. More information about the mentioned
methods can be found under Appendix B.

The value of ML has been demonstrated across several SSA tasks. “Pattern-of-life” classification, i.e.,
the identification of typical long-term behavioural patterns of a satellite, has been successfully applied
in GEO [58], supported by behavioural datasets and benchmarks [59]. Sequence-based models have
been used for manoeuvre detection in catalog maintenance [60] and for continuous-thrust OD [61].
Feature-based models such as Convolutional Neural Networks (CNNs) have also shown good effec-
tiveness when manoeuvres show certain spatial or temporal structure [62], while unsupervised meth-
ods such as anomaly detection based on Generative Adversarial Networks (GANs) capture deviations
when known examples are scarce [63].

Despite these promising results, manoeuvre detection cannot yet be considered a solved problem.
Most existing ML-based approaches are developed and validated on specific datasets, orbital regimes,
or manoeuvre types, making their generalisation to large and heterogeneous satellite catalogues chal-
lenging. Furthermore, many methods rely on tracking data that are not consistently available in op-
erational SSA environments. As a result, there remains a need for robust and scalable detection
frameworks capable of operating directly on available catalogue data and providing information for
orbit prediction systems.

2.2.3.1. Supervised learning methods
Supervised manoeuvre detection requires labelled examples, such as a manoeuvre list provided by
the satellite operator, for the algorithm development.

Sequence-based models, such as LSTMs, GRUs or Recurrent Neural Networks (RNNs), treat manoeu-
vre detection as a time-series classification problem. They learn temporal signatures that correlate with
manoeuvres based on that data. They perform manoeuvre detection by analysing the temporal evolu-
tion of the input data and identifying patterns associated with manoeuvring behaviour.

Some of the first works employing LSTM networks for manoeuvre detection were those by Cipollone et
al. and Ying et al. [60, 64]. These approaches leverage sequential neural networks trained on orbital
or observation-derived time series (e.g. TLE-based features or optical observation residuals), demon-
strating that temporal models can effectively capture manoeuvre signatures even in the presence of
noisy catalogue data. In particular, they highlight the capability of LSTM architectures to learn complex
temporal patterns directly from data, reducing the need for manually tuned detection thresholds.

As briefly mentioned before, LSTM-based approaches have also been explored in orbit determination
contexts for objects undergoing continuous thrust [61], showing that data-driven temporal models can
complement, or even enhance, classical estimation filters.

The main strengths of this family of methods lie in their ability to model temporal dependencies and
automatically learn manoeuvre-related features from raw sequential data. However, they typically re-
quire large amounts of labelled manoeuvre data for training, and their performance may degrade when
applied to satellites with different dynamical regimes or limited historical data. Furthermore, their in-
tegration into operational pipelines remains non-trivial due to their data dependency and limited inter-
pretability.

On the other hand, feature-based ML classifiers such as RFs, Deep Neural Networks (DNNs), and
decision trees, operate on features derived from the available data. These features summarize relevant
characteristics of the orbital dynamics and are used to identify patterns associated with manoeuvring
and non-manoeuvring behaviour [65].

The main strength of this family of methods is that their training is generally simpler and their deci-
sion process is often more interpretable than that of deep sequential architectures. However, their
performance is highly dependent on the quality and relevance of the engineered features, and they are
generally less effective at capturing long-range temporal dependencies. In addition, their ability to gen-
eralize across different satellite populations, orbital regimes, and manoeuvre types can be limited, as
the selected features are often tailored to the characteristics of the training dataset. As a result, signif-
icant feature redesign or retraining may be required when applying these methods to new operational
scenarios.
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2.2.3.2. Unsupervised learning methods
These methods operate without labeled manoeuvre events: they detect anomalies by identifying devi-
ations from clusters, densities or norms.

Bai et al. used unsupervised clustering of TLE-derived residual features. They have shown good quality
isolating manoeuvre-related behaviour by building clusters using different methods over changes in
orbital elements obtained from the difference between predicted and observed states [47].

Some of the techniques used in clustering and density-based approaches are further explained in
Appendix B, like k-means, GMM, Hierarchical Density-Based Spatial Clustering of Applications with
Noise (HDBSCAN) or autoencoders.

With respect to generative and anomaly-detection approaches, GAN-based detectors like the one de-
veloped in [63] can learn how to model nominal (non-manoeuvring) behaviour such that anomalies will
arise when the discriminator identifies significant deviations.

Some of the strong points of this family of approaches are that no labelled data are required and that
outliers are naturally detected. On the other hand, it is often difficult to assign a physical meaning to
the resulting clusters, many methods require manual interpretation of the discovered patterns, and they
are not typically optimized for operational decision thresholds.

2.2.3.3. Hybrid physics-ML learning methods

As outlined in Appendix B, hybrid physics—ML approaches do not constitute a separate learning paradigm
(such as supervised or unsupervised learning). Instead, they represent a new modelling dimension in
which physical models (such as SGP4 or KF) and data-driven components are combined within a single
framework, getting the best of both worlds by analyzing behaviour on top of dynamical models. Their
relevance in this work stems from the nature of the available data: the datasets primarily consist of prop-
agated states, residuals, and innovation sequences, which naturally lend themselves to physics-guided
correction rather than purely data-driven prediction.

For instance, in [61] an example of physics-informed sequence models can be observed. An LSTM
is embedded directly within the OD pipeline to compensate for unmodelled continuous thrust. Instead
of predicting full trajectories, the network learns to infer manoeuvre signatures from residual patterns
and then estimates representations of the unknown accelerations. These learned corrections are fused
with a classical filter, so that the OD process benefits simultaneously from the physical dynamical model
and the data-driven prediction of unmodelled forces.

Likewise, in [60] the LSTM manoeuvre-detector is built on top of propagation residuals, using se-
quences of orbital elements to identify temporal structures that deviate from the nominal propagated
behavior.

Table 2.3 shows an overview of all revised manoeuvre detection frameworks (classical and ML-based),
showing its working principle, required data, and strengths and limitations.



2.3. Synthesis and remaining gaps

14

Approach Principle Data required Advantages Disadvantages
Residual or . Low accuracy, poor
consistency (incl. Propagated vs. published Elements or states Simple, fast continuous-thrust

states; detect jumps

(e.g., TLEs)

MWCF) detection
Filtering-based L - — _
(Gaussian & Innovation jumps indicate | Measurements (e.g., Real-time, high accuracy Sensitive to tuning

non-Gaussian)

inconsistencies

radar/optical/GNSS)

and initialisation

Control-distance

Compute minimum Awv to
connect states

States (precise
estimates with
uncertainty)

Physical interpretability

Expensive

Supervised ML

Learn labeled manoeuvre
signatures

Labeled data
(elements or states
and/or
measurements)

High accuracy

Needs labels, heavy
training

Unsupervised ML

Learn nominal behaviour;
flag anomalies

Unlabeled data
(elements or states
and/or
measurements)

No labels, flexible

Harder to interpret

Hybrid
physics—ML

Physics propagation +
learned residuals or
features

Elements or states +
learning signal
(residuals, OD

outputs, or
measurements)

Physically consistent,
adaptive

Requires training
and operational
integration

Table 2.3: Comparison of manoeuvre detection approaches (classical and ML-based)

2.3. Synthesis and remaining gaps

The reviewed literature highlights that orbit prediction, manoeuvre detection and data-driven residual
analysis have all evolved into substantial research areas. Classical propagators provide the backbone
of operational SSA, while ML-based methods improve their performance. In parallel, a wide range of
manoeuvre detection frameworks exist, relying on thresholds, filtering, or even ML.

Despite the clear conceptual link between orbit prediction and manoeuvre detection, relatively few
works explicitly integrate both capabilities within a unified operational framework. ML-based predictors
typically assume smooth dynamical evolution, whereas manoeuvre-detection methods focus on identi-
fying deviations from expected behaviour without directly adapting the prediction process. Figure 2.4
illustrates the relationship between orbit prediction, residual generation, and manoeuvre detection. A
propagation algorithm first estimates the future trajectory of a spacecraft. The differences between the
predicted and observed states are then computed in the form of residuals, which contain information
about potential orbital discontinuities. These residual time series can subsequently be analysed to iden-
tify manoeuvre events. While orbit prediction and manoeuvre detection are often treated as separate
problems, the present work aims to connect both processes by integrating residual-based manoeuvre

awareness into the ISOPA orbit-prediction framework.
‘ Manoeuvre detection
Classical
ML-based

Orbit prediction

e S e
dicted — d stat
Hybrid physics—ML (e.g. ISOPA) (predicte observed state)

Classical

Gap addressed
Manoeuvre detection and behaviour h
characterization for adaptive orbit prediction in ISOPA !

prediction not manoeuvr

detection not integrated into prediction pipeline

Figure 2.4: Conceptual relationship between orbit prediction and residual-based manoeuvre detection.

Several gaps have been identified in the existing literature about this topic:
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» No study analyses how manoeuvre-awareness could influence the operation or configuration of
ML-based orbit prediction pipelines.

+ Existing manoeuvre detection methods operate at the event level and do not provide a structured
characterization of satellite manoeuvring behaviour over longer time scales.

* No study analyses manoeuvres according to their underlying operational purpose, as inferred
from their frequency and directional patterns.

The literature provides no clear assessment of which residual-based features and time-series
representations are most informative for manoeuvre detection.

» The amount of historical data required for reliable manoeuvre identification is not quantified.

» The robustness and consistency of detection performance across satellites with different dynam-
ical regimes is not systematically analysed.

The next chapter formulates the research questions that arise naturally from these observations.



Research Objective

Building on the literature review presented in Chapter 2, it is clear that ML techniques are increasingly
being adopted across SSA applications because of their demonstrated ability to improve orbit prediction
accuracy and manoeuvre detection performance. However, these two research directions have largely
progressed in parallel.

A common limitation across both strands of literature is the lack of manoeuvre awareness in hybrid
orbit prediction. ML-based residual correctors, such as ISOPA, typically assume smooth residual evo-
lution driven by modelling imperfections. Conversely, manoeuvre detection frameworks are primarily
designed to flag individual events or estimate manoeuvre magnitude, rather than provide a characteri-
zation of said manoeuvres and integrate it in an orbit prediction pipeline.

To the best of the author’s knowledge, no existing framework jointly detects sudden changes in orbital
behaviour from residuals, classifies their manoeuvres according to behaviour categories, and adapts
an ML-based orbit prediction pipeline accordingly. Furthermore, the literature does not provide a sys-
tematic assessment of which residual-based representations are most informative for both manoeuvre
detection and their characterization, nor how many post-manoeuvre observations are needed to ensure
reliable identification. This latter aspect is particularly critical, as it directly determines detection latency
in near-real-time applications.

Therefore, the objective of this MSc thesis is to develop and evaluate a manoeuvre detection and
classification module based on residual patterns between observed and predicted orbital states, and
to integrate it into the ISOPA orbit prediction pipeline. This involves extracting informative residual
features that capture manoeuvre signatures, and assessing the impact of the proposed extension on
prediction accuracy.

To achieve this objective, the following research questions are formulated:

RQ1: Manoeuvre Detection Analysis

How can data-driven analysis be used to identify manoeuvre events and characterise
satellite manoeuvring behaviour?
» Which TLE consistency representations provide the most informative features for manoeu-
vre detection?
* How do different residual-based score representations influence the performance and re-
liability of manoeuvre detection?
» How does the presence of outliers affect detection performance, and how can outliers be
mitigated?
* How many subsequent observations (or TLE updates) are required after a manoeuvre to
reliably detect its occurrence?
* How consistent is the detection performance across different satellites?
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RQ2: Manoeuvre-Aware Orbit Prediction

How can manoeuvre awareness be incorporated into a hybrid orbit-prediction framework
to improve operational performance?
* How should detected behaviour classes be used to adapt the prediction strategy within

the ISOPA pipeline?
» To what extent does manoeuvre-aware adaptation improve prediction accuracy compared

with a behaviour-agnostic orbit-prediction model?




Methodology

This chapter describes the methodological pipeline used to detect manoeuvres, classify them and inter-
face with ISOPA. The chapter is structured as follows. Section 4.1 provides an end-to-end overview of
the pipeline. Section 4.2 motivates the final methodological decisions. Section 4.3 details the residual
generation process from orbit products, the dataset construction, and chronological splits. Section 4.4
defines the passive satellite exclusion, score capping and manoeuvre detection methodology. Section
4.5 shows the event detection logic. Section 4.6 describes satellite-level behaviour classification, both
according to frequency and nature, and manoeuvre nature classification. Section 4.7 provides an ex-
planation of how the behaviour of unknown satellites is evaluated. Section 4.8 shows the integration
of the output of the algorithm into ISOPA.

4.1. End-to-end pipeline overview

The overall pipeline is designed to detect manoeuvre-related behaviour changes from orbit products
(TLE) and to provide both satellite and manoeuvre behavioural classes suitable for downstream orbit
prediction within an already created framework (ISOPA). At a high level, residuals are generated from
input orbit products, organized according to their reference epoch, and used to generate scores ac-
cording to the discrepancy with respect to a nominal (non-manoeuvre-affected) orbit. Manoeuvres are
identified as temporally coherent deviations from this nominal baseline.

Figure 4.1 summarizes the main processing stages and outputs: historical TLEs are propagated to
the epoch of a target TLE, transformed from TEME to EME2000 and RTN, and converted into TLE-
consistency metrics. These time series are annotated with manoeuvre ground truth, split chronologi-
cally, converted into anomaly/consistency scores, and processed through event-detection logic to pro-
duce final manoeuvre detections and both satellite-level and manoeuvre-level behaviour indicators.
Finally, the algorithm acts as a supervisory layer for ISOPA by identifying manoeuvre-contaminated
epochs and excluding them from the training dataset, ensuring that the orbit-prediction framework is
trained on nominal orbital evolution.
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4.2. Problem framing and methodological decisions

4.2.1. Unsupervised vs supervised modelling

Manoeuvre events are sparse relative to the total number of available samples, and their effects extend
over multiple subsequent epochs with an a priori unknown duration. This results in highly imbalanced
datasets and blurred class boundaries, making it difficult to define consistent labels at the sample level.

An initial approach based on supervised learning using nominal (non-manoeuvre) windows was ex-
plored. While the models themselves were able to fit the training data, it became evident that the main
limitation did not lie in model capacity, but in the quality and consistency of the underlying TLE data. In
practice, TLEs exhibit irregular noise patterns that vary across satellites and time periods, leading to
inconsistencies that are not related to manoeuvres. As a result, models trained on nominal data tend to
overfit satellite-specific or epoch-specific artefacts, reducing their ability to generalize across different
objects and operational conditions. Moreover, the lack of enough labelled data made it also difficult to
follow this kind of approach.

This observation motivates a shift towards a behaviour-centric formulation, in which manoeuvres are not
learned explicitly from labels, but are instead identified as deviations from internally consistent orbital
behaviour. By focusing on relative inconsistencies between TLEs rather than absolute classification,
the method becomes more robust to the intrinsic noise (as these effects are largely shared across
propagated states), and lack of enough labelled manoeuvre information.

4.2.2. TLE-based vs CPF-based residuals

An alternative approach to residual generation would consist of comparing TLE-derived states againsta
high-precision external reference, such as Consolidated Prediction Format (CPF) ephemerides (which
are used within ISOPA to assess the quality of the generated output), or even comparing high-accuracy
ephemerides against each other. While this would provide physically meaningful residuals, it introduces
strong dependencies on external data sources that are only available for a limited subset of satellites
and time periods, and are therefore not suitable for large-scale or fully automated processing. In con-
trast, TLE data provide global coverage and continuous availability across a wide range of objects, at
the cost of higher and less structured uncertainty.

In contrast, the adopted approach relies exclusively on TLE-based consistency metrics, computed from
internal discrepancies between multiple TLEs propagated to a common epoch. This choice ensures
that the method remains fully self-contained and directly applicable to publicly available data, without
requiring access to high-precision orbit products.

Moreover, restricting the pipeline to TLE-based inputs is essential to meet the operational objective
of near real-time applicability. Since TLEs are continuously updated and widely accessible, a method
based solely on TLE data can be deployed in a scalable and timely manner across large satellite
populations.

4.2.3. Real-time and generalization constraints

A central design requirement of the methodology is the ability to generalize across a wide range of
satellites and time periods while maintaining near real-time performance. In contrast to approaches
tailored to specific missions or relying on high-fidelity orbit determination, the objective is to develop a
unified framework that can be applied consistently to any object for which TLE data is available.

This requirement introduces a trade-off. On one hand, the method must remain lightweight and compu-
tationally efficient to support large-scale processing and rapid updates. On the other hand, it must be
robust to the heterogeneous and sometimes inconsistent nature of TLE data, which varies significantly
across satellites and time periods.

The combination of these constraints makes generalization one of the main challenges of the problem.
4.2.4. Final methodological choice

Based on these considerations, manoeuvre detection is formulated as a consistency-based anomaly
detection problem. The methodology can be summarized as follows:
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1. Construct TLE-to-TLE consistency features by propagating historical TLEs to a common target
epoch and measuring their discrepancies with respect to the most recent orbit solution.

2. Convert these discrepancies into scalar anomaly scores that quantify deviations from nominal
behaviour.

3. Identify manoeuvres as temporally coherent excursions of the anomaly score through threshold-
based event detection logic calibrated on validation data.

Figure 4.2 shows a representation of how the score is expected to behave when a manoeuvre is de-
tected: after a threshold has been obtained through the optimization logic, scores above that value will
be identified as manoeuvres.

Score

-- Obtained threshold

Anomaly Score (-)

Time (s)

Figure 4.2: Representation of how a score anomaly would be identified as a manoeuvre.

4.2.5. Relation to other manoeuvre detection approaches

In the available literature, several works address satellite manoeuvre detection using strategies that
are conceptually related to the one adopted in this thesis. Within the TLE-only category, Kelecy et al.
[67] analyze the effect of thresholds and window lengths when constructing detection filters based on
polynomial fits to orbital energy or inclination variations extracted from raw TLE data. Mukundan and
Wang [68] similarly rely on previous-to-following TLE propagation and study how the choice of window
size and threshold affects detection performance. Lemmens and Krag [46] propose two complementary
TLE-based approaches, namely a consistency check based on the discrepancy between a propagated
TLE and the subsequent published one, and a time-series analysis framework based on robust statistics
and harmonic analysis of orbital-element histories. Bai et al. [47] also operate on historical TLE data,
but formulate the problem from a data-mining perspective through unsupervised clustering of nominal
and manoeuvre-related behaviour patterns.

Although these approaches share the use of TLE-derived information, the proposed methodology dif-
fers from them in several relevant aspects. First, most previous analyses are conducted on one or a
few active satellites with relatively clear manoeuvre signatures, whereas the present framework is eval-
uated on a broader and more heterogeneous set of 17 satellites, including active and passive objects.

A second difference concerns the data assumptions underlying the detection problem. In addition to
TLE-based methods, a substantial part of the literature relies on richer sources of information, such as
radar or passive-optical measurements, reconstructed orbital states, or state uncertainty information
[50, 51, 52, 54, 55, 56, 69]. These approaches benefit from physically consistent state estimates and,
in many cases, explicit uncertainty characterization, but they require tracking infrastructures or orbit-
determination pipelines that are not generally available. By contrast, the methodology proposed here
is deliberately constrained to a TLE-only setting in order to preserve scalability, public-data applicability,
and near-real-time usability.
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A similar distinction applies to machine-learning-based methods. Some TLE-only learning approaches,
such as those of Wang et al. [70] and Li et al. [62], formulate the problem as classification over
temporal windows or dynamical regimes rather than as the detection of discrete manoeuvre events.
Other learning-based works rely on richer or alternative data sources, including historical orbital infor-
mation from catalog-maintenance pipelines [60], simulated optical residuals [64], measurement-based
orbit-determination data [61], synthetic orbital trajectories [63, 65], or high-accuracy ephemerides and
astrometric time series for pattern-of-life characterization [58, 59]. While these methods show the po-
tential of machine learning for manoeuvre-related analysis, they are generally less aligned with a strictly
causal, TLE-only, event-level detection setting.

Another important difference lies in parameter selection. In several previous TLE-based approaches,
the analysis is centered precisely on how detection performance changes as thresholds, window lengths,
filtering settings, or related design parameters are varied [67, 71]. Even in more systematic methods
such as those of Lemmens and Krag [46] or Bai et al. [47], the final behaviour still depends on method-
ological choices that are fixed in advance and not always optimized in a strictly forward generalization
setting. In contrast, the methodology proposed in this thesis selects its main parameters exclusively on
a validation subset and evaluates them on a later chronological split, without using explicit knowledge
of future manoeuvres. This makes the pipeline fully causal and more representative of the conditions
under which it would operate in practice.

A further key distinction concerns detection latency. Existing TLE-based methods often rely on temporal
windows or broader consistency patterns that require several TLEs after the manoeuvre epoch before
an event can be robustly identified [46, 67, 68]. Learning-based methods based on temporal windows
exhibit similar limitations, since they typically aggregate context over multiple observations. By contrast,
the present method is designed to detect a manoeuvre as early as the first TLE immediately following
the event, since each sample is constructed exclusively from past information and the score is evaluated
directly at the current epoch.

Finally, the detection logic adopted in this thesis is intentionally strict. A true positive is declared only
when the anomaly score exhibits a clear spike at the first TLE immediately after the manoeuvre epoch;
otherwise, the event is counted either as a false positive or as a false negative, depending on the
location of the response. However, a limited tolerance window is introduced to account for TLEs whose
epochs lie very close to the manoeuvre epoch. In such cases, the orbit-determination process used
to generate the TLE may not yet fully reflect the orbital discontinuity, causing the corresponding score
increase to appear one or a few updates later. Even with this tolerance, the adopted criterion remains
considerably stricter than those used in approaches that allow manoeuvre signatures to be detected
over much broader post-manoeuvre intervals [46, 67].

From this perspective, the proposed method should be regarded not merely as a manoeuvre-detection
algorithm, but as an operational framework for causal, near-real-time, event-level manoeuvre detection
based exclusively on TLE data.

4.3. Residual generation and feature construction from orbit prod-

ucts

4.3.1. Purpose

This section summarizes how reference orbits are propagated and how residuals between observed
and predicted states are computed. Residuals form the primary model input, encoding the cumula-
tive effect of unmodeled dynamics (including manoeuvres). Compared to raw states dominated by
nominal orbital motion, residuals isolate behavioural deviations and are therefore more informative for
manoeuvre detection.

4.3.2. Satellites feeding the dataset

The satellites selected for the dataset comprise those for which manoeuvre episodes and corresponding
descriptions are available, excluding satellites whose datasets were majorily based on 1990’s data
[66]. After removing them, there are 13 satellites together with 4 additional passive satellites (AJISAI,
LAGEOS1, LAGEOS2, and STARLETTE).
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Including as many satellites as possible, with different manoeuvre frequencies and structures in the
input dataset is essential to ensure that the pipeline is exposed to a range of dynamical behaviours.
This design enables the method not only to distinguish between different types of active satellites but
also to correctly identify the absence of manoeuvres, thereby allowing the classification produced at
the output to reflect the same structure present in the input data and ensuring a closed evaluation of
the system.

4.3.3. Orbit products and native reference frames

The orbit products to feed the model are TLEs, a compact representation of satellite orbits distributed by
NORAD [72], designed to be propagated with SGP4. Propagation yields Cartesian states in the True
Equator, Mean Equinox (TEME) frame, which is associated with SGP4 but is not a formally defined
IAU/IERS inertial frame.

4.3.4. Residual definition and preprocessing
The adopted residual family corresponds to spread-only consistency metrics, defined as internal incon-
sistencies between historical TLEs when propagated to a common target epoch.

For each satellite, let {TLE;} denote the chronological sequence of available TLEs. For a given target
TLE TLE; with epoch t;, a set of previous TLEs TLE; ; with k = 1,...,7 is selected. Each of these
historical TLEs is propagated forward to the common epoch ¢; using SGP4, generating a set of predicted
states

Xi—k—i = SGP4(TLE¢_]€, ti), (41)

expressed initially in the TEME frame.

The most recent TLE TLE; at its own epoch corresponds to the reference state:

xif = x(TLE;, t;). (4.2)

T

where x:*f denotes the reference state associated with the target TLE at its own epoch.

All states are then transformed from TEME to EME2000 and subsequently projected into the RTN
frame, as described in the following subsection. Residuals are defined as the difference between each
propagated historical state and the reference state at the same epoch:

AX;_f = X jpyi — X, (4.3)

In RTN coordinates, this yields position and velocity residual components

AR AVg
Ar,_p = | AT |, Av,_p, = |AVp |, (4.4)
AN AVn

which quantify discrepancies in radial distance, along-track motion, and orbital plane orientation, as
well as their corresponding velocity components. The generation of this coordinate frame will be further
explained in the following subsection 4.3.5.

A total of seven historical TLEs are considered for each target epoch (resulting in eight states including
the reference). This choice reflects a trade-off between information content and robustness. Older
TLEs tend to diverge more strongly in the presence of manoeuvres, providing a clearer separation
between nominal and manoeuvre-affected behaviour. However, excessively long propagation intervals
introduce large model-driven errors (on the order of several kilometres after a few days) [71], which
can dominate the residual signal and degrade its interpretability. Limiting the number of backsteps
therefore ensures that residuals remain informative while avoiding contamination from long-term SGP4
propagation errors. The exact number of 7 is chosen because it is still a light algorithm to be run and
older TLEs do not diverge much, but it contains enough information so that manoeuvre signatures are
undoubtedly identifiable.

Finally, additional scalar consistency metrics such as ||Ar| and |Av|| are derived from the RTN com-
ponents to summarize the magnitude of the discrepancies.
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4.3.5. Common inertial analysis frame and local orbital plane

To enable residual computation, TLEs are converted into a common inertial frame: Earth Mean Equator
and Equinox of J2000.0 (EME2000), the standard Earth-Centered Inertial (ECI) frame provided by
Orekit, an open-source space dynamics library developed by the French Space Agency (CNES) and
widely used in both operational and research astrodynamics applications [73]. An ECI frame avoids
artificial periodicities caused by Earth rotation.

For interpretability, residuals are also represented in a local orbital frame, chosen as the Radial-Transverse-
Normal (RTN) frame. In the RTN frame, radial residuals primarily capture geometric position errors

in the direction of the radius vector, often associated with altitude and eccentricity-phase deviations.
Transverse residuals are mainly sensitive to along-track errors, which can accumulate over time due

to mean motion mismodelling and therefore indirectly reflect semi-major axis or energy-related errors.
Normal residuals are associated with out-of-plane dynamics and are linked to inclination and node
variations.

Let the satellite position and velocity in EME2000 be denoted by

-l

The local RTN frame is constructed from the instantaneous orbital geometry. The radial unit vector is
defined as

w ey

ép=-— (4.6)
([l
The orbital angular momentum vector is
h=rxv, 4.7)
from which the normal unit vector is obtained as
h
ey = —. (4.8)
[
The transverse unit vector completes the right-handed orthonormal triad:
éT = éN X éR. (49)
Using these basis vectors, the rotation matrix from EME2000 to RTN is written as
eh
CeME2000RTN = | €7 | (4.10)
ey

In this work, the RTN basis is constructed from the reference state associated with the target TLE at its
own epoch. The residuals are computed as the difference between the state obtained by propagating
an earlier source TLE to the target epoch and the state obtained from the target TLE at that same
epoch. Figure 4.3 shows the RTN basis.
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Figure 4.3: Representation of RTN basis.

These position and velocity residuals, initially expressed in EME2000, can then be projected into RTN
as

Argry = CEME2000—RTN ATEME2000; (4.11)
AvrrN = CEME2000—RTN AVEME2000- (4.12)
In component form, this yields
AR AVg
ArRTN = | AT s AVRTN = AVT . (413)
AN AVn

4.3.6. Feature representation and per-epoch dataset structure
The dataset is structured at the level of individual target epochs, each representing the discrepancy
between a reference TLE and the 7 previous TLEs propagated to the same epoch.

For a given target index i, let {Axi_k.},i(:l denote the residuals obtained from K = 7 previous TLEs
propagated to t;. From these residuals, a set of scalar and component-wise features is constructed.
These include:

+ Component-wise residuals in RTN: AR, AT, AN, AVg, AVr, AVy for each backstep £,
* Norm-based metrics: ||Ar|| and ||Av||,
» Temporal separation features: time difference between source and target TLE epochs.

These features form a vector representation
f; e R, (4.14)
where N; = 63 in the selected configuration.

Each dataset entry therefore corresponds to a single target epoch and contains:
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« the feature vector f;,

+ a binary label y; € {0,1} indicating whether the epoch is affected by a manoeuvre (based on
ground-truth intervals), used exclusively for evaluation purposes and not as input to the algorithm,

* metadata such as satellite identifier and epoch timestamp.

4.3.7. Chronological split strategy

To ensure a realistic evaluation scenario, the dataset is partitioned chronologically for each satellite. All
samples are first ordered by their epoch, and then divided into two disjoint subsets: a validation set and
a test set. The validation subset corresponds to the first half of the time series, while the test subset
contains the rest of the epochs, thus preserving the natural temporal ordering of the data.

This chronological split is essential to avoid information leakage from future observations into the cali-
bration process. In particular, all model selection steps, including threshold calibration, passive-satellite
identification, and configuration optimization, are performed exclusively on the validation subset. The
test subset is kept completely unseen during this process and is used only for the final evaluation of
the method.

Observations about this partition and the impact it has on the outcome of the algorithm will be discussed
in the results section.

4.4. Manoeuvre detection via consistency-based anomaly scoring

4.4.1. Overview of the scoring framework

Given the feature representation described in the previous section, manoeuvre detection is formulated
as a scalar scoring problem at the level of individual target epochs. For each epoch ¢;, a feature vector
f; encodes the discrepancies between the current TLE and the 7 previous TLEs propagated to the
same epoch.

The objective of the scoring function is to map f; into a scalar anomaly score
Si = g(f;), (4.15)

such that nominal behaviour corresponds to low scores, while manoeuvre-affected epochs produce
significantly higher values.

Rather than adopting a single fixed formulation, multiple scoring strategies have been developed and
evaluated progressively, ranging from simple physically motivated baselines to more advanced data-
driven approaches.

4.4.2. Passive satellite exclusion

The exclusion of passive satellites is based on the simplest propagation scheme available in the frame-
work, namely a baseline previous-to-following TLE propagation approach, which will be described in
Subsection 4.4.4.1. The underlying criterion is defined using the position discrepancy between consec-
utive TLEs propagated with a one-step backstep, quantified by the Euclidean norm

Si = g(fi) = |Ar; ], (4.16)

which provides a direct measure of the consistency of the orbit propagation between successive TLE up-
dates. For each satellite, the validation subset is extracted using the same chronological split adopted
throughout the pipeline. A robust upper-envelope statistic is then computed from this subset as a high
percentile of the residual distribution:

4 = Qoos (V1) (4.17)

where V\(I;f denotes the set of ||Ar; ;|| values corresponding to the validation rows of satellite s. A
satellite is classified as passive if
gs < 1.2 km. (4.18)

This rule is intentionally robust: by relying on a high percentile rather than the absolute maximum, the
classification is not affected by a small number of isolated spikes. As a result, satellites that are almost
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always dynamically quiet are correctly identified as passive even if occasional anomalous TLE rows are
present. Physically, this reflects the characteristic behaviour of passive satellites, whose propagation-
consistency residuals remain close to zero over long time spans, with only sporadic outliers that do not
alter the overall structure of the signal.

In the present dataset, this procedure yields a 100% classification accuracy, consistently separating
AJISAI, LAGEOS1, LAGEOS2, and STARLETTE from the active subset. Figures 4.4 and 4.5 illustrate
this difference: Figure 4.4 shows the residual evolution for a passive satellite (AJISAI), characterized
by low values and some few spikes. This satellite has a ¢, value of 0.648 km. Figure 4.5 shows the
behaviour of an active satellite (SEN3B), where larger and more frequent spikes are observed over a
comparable time span. SEN3B shows a ¢, value of 22.696 km.
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Figure 4.4: AJISAI score evolution on the passive satellites exclusion test for the validation set
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Figure 4.5: SEN3B score evolution on the passive satellites exclusion test for the validation set, after zooming in

The passive list obtained in this way is stored and excluded from the subsequent optimization and
event-detection stages.

4.4.3. Adaptive score capping for cross-satellite comparability

Due to limitations in SGP4 propagation and TLE generation, certain epochs exhibit extremely large
residual outliers. Since the detection logic relies on percentile-based thresholds computed from the
validation set, the presence of such extreme values leads to an artificial inflation of the thresholds. As
a result, the method becomes less generalizable across satellites and more difficult to interpret.

To mitigate this issue, a capping strategy is introduced to suppress extreme outliers. Specifically, the
99th percentile of the residual distribution within each validation split is used as an upper bound, effec-
tively removing only the most extreme values. This ensures that the detection logic is driven by the
nominal orbital behaviour rather than being dominated by spurious outliers. Consequently, threshold
values are reduced and become more consistent across satellites, significantly improving the robust-
ness and generalization capability of the method.

A clear illustration of this motivation is provided in Figures 4.6 and 4.7. The former shows the evolution
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of the HY-2D validation-split residuals prior to outlier capping in the baseline case, while the latter
depicts the same data after applying the capping strategy. These plots represent the score evolution
available to the detection algorithm and therefore directly illustrate the effect of the capping strategy on
the input used for threshold definition. The second figure not only offers a clearer and more interpretable
representation, but also enables the use of more meaningful threshold values, as the thresholds are
defined relative to the maximum score observed in the corresponding validation set for each satellite.
Consequently, when extreme outliers are present, the thresholds are determined by exceptionally large
values, whereas capping the scores reduces the effective maximum, as illustrated in the second figure,
and allows thresholds to be set at more meaningful levels.

Importantly, this approach does not negatively impact satellites that do not exhibit extreme outliers. In
such cases, the residual evolution is already smooth, and removing the highest values has a negligible
effect. After incorporating this strategy, a noticeable improvement in the results was observed, further
confirming its effectiveness.
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Figure 4.6: Evolution of HY-2D residuals for the validation split of the baseline configuration before capping
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Figure 4.7: Evolution of HY-2D residuals for the validation split of the baseline configuration after capping

4.4.4. Progressive development of the scoring function

All subsequent scoring-function developments are carried out on the active-satellite subset (with pas-
sive objects excluded) and on capped residuals, thereby mitigating the influence of outliers. Rather
than adopting existing formulations from the literature, the scoring functions proposed in this thesis are
designed from first principles, guided by the expected behaviour of TLE-to-TLE propagation residuals
before, during, and after manoeuvre events.

4.4.41. Baseline consistency score

The first scoring formulation, as briefly mentioned before, uses only the consistency magnitude asso-
ciated with the shortest propagation gap, namely backstep £ = 1. Following the definitions of Sec-
tion 4.3.4, for a target epoch ¢; let

rie, k=1, K, K=T, (4.19)
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denote the scalar position-consistency feature at the target epoch ¢; associated with backstep , i.e. the
magnitude ||Ar;_.|| of the RTN position residual obtained by propagating TLE;_j, to ¢, and comparing
it with the reference state of TLE;. Here the epoch index i always denotes the target epoch under
evaluation: all features r; ;, share the same target epoch ¢; and the same reference TLE;, and differ
only in the backstep k, i.e. in how many TLEs back the propagated source element set is taken. The
shortest gap corresponds to k£ = 1. The baseline score is therefore simply defined as

SV . (4.20)

This is the most direct formulation: manoeuvres are expected to produce large discrepancies already
in the immediate TLE-to-next-TLE position vector magnitude comparison. However, this score is highly
sensitive to local TLE noise, since it relies on a single backstep only and does not exploit the redundancy
available in the historical TLE sequence.

4.4.4.2. Median back-innovation score

From this point onward, all score formulations are presented for the position residuals only. The velocity
residuals are incorporated through an identical processing chain, and the final score is obtained as the
equally weighted combination of the position- and velocity-based contributions.

The second stage introduces the idea of back-innovation. Instead of using only the shortest backstep
3,1, its consistency is compared against the typical consistency observed across the K — 1 = 6 older
backsteps r; 1, k = 2,..., K. A row-wise predictor is built as the median of these older backsteps:

7; = median{r; 2,..., 7 Kk }. (4.21)

The innovation is then defined as
wp = |rin — 7. (4.22)

Finally, the innovation is normalized per satellite using a robust scale estimated from the fit segment of
the shortest-backstep consistency values:

S(z) _ U

— 7 4.23
v MADﬁt (rm) ( )

where MAD denotes the median absolute deviation, a measure of statistical dispersion based on the
median of the absolute deviations from the median. This stage is more robust than the raw baseline
because it compares the shortest backstep against the local historical pattern rather than evaluating
it in isolation. As a result, the score becomes sensitive to sudden changes in consistency behaviour,
which are more indicative of manoeuvres than persistently large residuals.

4.4.4.3. Whitened vector innovation score

The third stage replaces the scalar innovation by a vector-valued innovation across the older backsteps.
This vector is associated with the target epoch ¢; and, by construction, has exactly K — 1 = 6 compo-
nents: one per older backstep, each contrasting the shortest backstep r; ; against one older backstep
Tik» k‘=2,...,Ki

Ti1 — T2
Ti1 — 7,3

Vi = . e RE-L (4.24)
Ti1 —Ti,K

s )

This vector is robustly whitened using the median and MAD estimated from the fit subset:

~ v; —medy(va)
Vi= —

N[AD/c (Vﬁt) (425)

with the division understood component-wise. Extreme values are clipped to a fixed range to avoid
domination by isolated outliers:

‘77? — Chp({’u —Zmax Zmax)a Zmax = 20 (426)
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The score is then obtained from the norm of the whitened innovation vector. In the default formulation,
this is an unweighted L,-type aggregation over the K — 1 components:

(4.27)

where ¥; ;, denotes the component of v; associated with older backstep k. As before, this raw score
is normalized per satellite using the MAD of the fit segment. This stage is more informative because
it captures the full innovation pattern across multiple backsteps, allowing the method to distinguish
systematic deviations from isolated noise fluctuations.

4.4.4.4. Tuned whitened vector innovation score
The fourth stage keeps the same whitened-vector structure but introduces three important refinements
that were found to improve performance.

First, older backsteps are not treated uniformly. A decreasing weight is assigned according to their
recency, so that more recent older backsteps count more:

1

m, k:2,.‘.,K, (428)

W X

with p,, = 0.1 in the selected configuration, so that the most recent older backstep (k = 2) receives
the largest relative weight. This weighting scheme was introduced empirically during the validation
campaign. The underlying rationale is that more recent backsteps are expected to be slightly more
representative of the current orbital behaviour than older ones, while still preserving information from
the full propagation history. The relatively small value of p,, ensures that the weighting remains mild,
avoiding excessive reliance on any single backstep. In addition, the weights are normalized such that

K

> w =1, (4.29)

ensuring that the resulting score remains on a comparable scale to the unweighted formulation and
can be interpreted as a weighted average contribution from all older backsteps. The specific chosen
value was the result of an iterating process in which all values from p,, = 0.1 to p,, = 0.5 were tried in
intervals of 0.1, yielding p,, = 0.1 the best outcome.

Second, the clipping level is decreased to z,,., = 15, instead of the default value of z,,, = 20 used
by the initial whitened-vector innovation score. This still allows strong manoeuvre signatures to remain
visible while applying a slightly more restrictive cap to extreme normalized innovations.

Third, a consensus factor is introduced to reward epochs for which several backsteps simultaneously
exhibit large normalized innovations. Let

K

1 _
¢i = K_1 kZ_QH (|9i,k

> 20), (4.30)

where I(-) denotes the indicator function, equal to 1 when the condition inside the brackets is satisfied
and 0 otherwise, and where z; = 3 in the selected configuration after an optimization process. The
consensus fraction ¢; € [0, 1] therefore represents the fraction of older backsteps whose normalized
innovations exceed the selected significance threshold.

The raw score becomes

(4.31)

The first term corresponds to a weighted norm of the whitened innovation vector, while the second
term increases the score when multiple backsteps simultaneously indicate anomalous behaviour. This
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consensus mechanism was introduced to favour coherent multi-backstep signatures over isolated large
innovations.

After per-satellite MAD normalization, this becomes the final tuned score:
S(4,raw)

SW = i .
2 MADﬁt(S(ZL,raW))

(4.32)

This formulation constitutes the best purely physical score found during development, where “purely
physical” refers to a score based exclusively on algebraic transformations of the historical residual
evolution, without the use of machine-learning models, additional transformations specifically designed
to enhance sharp rises (reflecting the behaviour expected for most manoeuvres) or satellite-specific
tuning. The present formulation subsequently serves as the baseline on top of which the learning-
based ranker is built.

4.4.45. ML-corrected whitened vector ranker

The fifth stage starts from the tuned whitened vector score described above and applies a conserva-
tive learning-based correction. In the implementation, this is done by a plugin whose physical core is
explicitly fixed to the best tuned whitened-vector configuration described in the previous subsection.

The first step is therefore unchanged:
s = g1, (4.33)

The objective of the learning-based stage is not to replace the physical detector, but to exploit infor-
mation that is difficult to capture through a single handcrafted score. While the tuned whitened-vector
score provides a robust summary of the innovation magnitude, different innovation patterns may still
lead to similar physical scores. The learning-based component therefore attempts to identify combi-
nations of innovation features that are statistically associated with manoeuvring and non-manoeuvring
behaviour, allowing candidate epochs to be ranked more effectively.

Importantly, machine learning is not used as the primary detection mechanism. Instead, it is deliber-
ately introduced as a second-stage refinement after the physical scores have been optimized. The
reasoning is that physically interpretable metrics should explain as much of the manoeuvre signature
as possible before moving on to data-driven methods. The learning-based model is therefore tasked
with capturing residual patterns that are not adequately represented by the physical scores, combining
the interpretability of physics-based detection with the capabilities of machine learning.

Additional descriptive features are then extracted from the absolute whitened innovations |v;|, including:

« the full absolute innovation vector,

+ the largest three components,

» the mean and standard deviation across backsteps,
« the fractions of components above fixed thresholds.

These features are robustly scaled and passed to a small satellite-aware multilayer perceptron, which
outputs a probability-like correction term sM™ € [0, 1], based on the first 30% of nominal epochs. The
output sM can be interpreted as a confidence measure indicating how strongly the observed innovation
pattern resembles manoeuvring behaviour according to the examples seen during training. Values
above 0.5 increase the physical score, whereas values below 0.5 reduce it. Rather than replacing the
physical score, the model only applies a bounded multiplicative correction:

Ml =145 (2sM — 1), (4.34)

where
k= (1—amL). (4.35)

In the selected configuration, ay;r, = 0.9, so the learning-based branch only perturbs the physical
baseline mildly. The final score at this stage is

Si(5) _ Szphys ML, (4.36)
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The purpose of this stage is not to let the neural model dominate the decision, but to learn small correc-
tions that improve the ordering of candidate epochs according to their likelihood of corresponding to a
manoeuvre. In practice, the physical score already captures most manoeuvre signatures, but different
innovation patterns may still produce similar score values. The learning-based correction exploits addi-
tional information contained in the innovation features to slightly increase the scores of epochs whose
patterns resemble previously observed manoeuvres and decrease those that are more consistent with
nominal behaviour. As a result, manoeuvring epochs tend to be ranked ahead of nominal epochs while
preserving the robustness and interpretability of the physical score. Once again, the specific numerical
values were obtained through validation experiments, keeping the configuration that yielded the best
overall performance.

4.4.4.6. Onset-sensitive ranker

The sixth stage augments the previous score with a causal onset correction designed to increase sen-
sitivity to sharp score rises. This stage was introduced after observing that some satellites did not
perform well not because the adopted scoring strategy was incorrect, but rather because their scores
were inherently high. For each satellite, the physical score thys is compared against the strictly past
rolling median over a backward window of length W:

m; = median{S;_w,...,Si—1}, (4.37)

where m; is the local baseline level of the score (its recent past median) and W is the length of the
strictly-past window.

A robust scale estimate o; is obtained from the rolling median absolute deviation (MAD) over the same
past window, scaled by a factor of 1.4826 to make it comparable to the standard deviation for normally
distributed data.

The onset statistic is then the standardized excursion of the current score above its recent past level,

phys

onset __ Sz mq

7 - b
;i

(4.38)

zZ

clipped to a maximum magnitude z,... Only positive excursions are rewarded, yielding the onset
prominence:

onset

max(0, clip(z§ ,0, Zmax)) (4.39)

onset __

Y2

Zmax
The onset prominence p{™°t € [0, 1] is thus zero whenever the current score does not exceed its recent
past median, grows with the size of the rise, and saturates at 1 for excursions of z,,,, robust standard
deviations or more. It produces a multiplicative correction factor

C?nset =14+ ﬂonsct (2p(i3nset _ 1) , (440)

where Sonset € [0, 1] is the correction strength, so that the factor lies in the interval [1 — Sonset, 1+ Bonset]-
With the selected parameters, W = 41, Bonset = 0.1, and zyax = 3. The score becomes

Sz(ﬁ) _ Siphys C%:\/[L conset (441)

K3

Specific numerical values were again obtained through an optimization process. This stage improves
responsiveness at manoeuvre onset while remaining causal and therefore compatible with near real-
time operation.

4.5. Event detection from anomaly scores
4.5.1. Main logic

Once the anomaly score sequence {S;} has been computed, manoeuvre detection is performed directly
at the level of individual target epochs.

A binary detection variable is first defined as

di = ]I(S, Z Thigh) s (442)
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where 7,;gn is the main decision threshold. In order to introduce hysteresis and avoid unstable switching
once an event has started, a lower maintenance threshold is also defined as

Tiow = Ot Thigh, Where 0<a<l. (4.43)

The event extraction logic is therefore based on two thresholds only:

* Thigh, Used to initiate a detection,
* Tlow, Used to maintain the detection while the score remains elevated.

A candidate event is initiated when the score exceeds the upper threshold m,;.1,. Once initiated, the
event remains active as long as the score stays above the lower threshold 7, .

In the final implementation, the persistence parameters for event initiation and confirmation are fixed
to one sample:
Kenter = 17 Kconﬁrm =1. (444)

such that event initiation and termination are effectively determined by a single-sample hysteresis crite-
rion. This choice is motivated by the fact that each score already aggregates multi-backstep temporal
information, making additional temporal persistence unnecessary and potentially detrimental for short-
lived manoeuvre signatures. Consecutive samples within the same hysteresis region are grouped into
a single detected event defining the manoeuvre interval.

4.5.2. Ground-truth event construction and one-to-one matching

In the evaluation stage, ground-truth (GT) manoeuvres are treated as representative point events de-
rived from the manoeuvre ground truth data [66]. Each manoeuvre record is first parsed from the
corresponding satellite text file, and the manoeuvre start epoch is retained as the reference timestamp.

Because some manoeuvres occur in closely spaced sequences, GT events that are separated by less
than
Atmerge = 2000 min (445)

are merged into a single GT event. In the final implementation, the representative epoch of the merged
GT event is chosen as the /ast event of the merged group. Thus, if a merged group contains start times

b <tg <--- <ty (4.46)
such that
tk+1 — 1t < Atmergev k= L...,n—1, (447)
the resulting GT representative time is
tar = tn. (4.48)

This choice is consistent with the final detection objective, since the score is expected to react most
clearly once the full manoeuvre sequence has been completed.

Predicted events are built from the binary detection mask obtained from the thresholding and hysteresis
logic described above. Since the final implementation uses just one sample for starting and confirming
the event, each predicted event corresponds to one or more consecutive detected epochs. Each epoch
is associated with the real interval

[ti—1,ti], (4.49)
where t;_, and t; are the epochs of two consecutive TLEs. Therefore, a predicted event is represented
by its start and end times in Unix format:

[tstart tcnd } (450)

pred > “pred

In the most common case of a single detected epoch, this interval is simply the TLE-to-TLE interval
immediately associated with that score.



45. Event detection from anomaly scores 34

The correspondence between GT and detected events is established through one-to-one matching. For
each GT event with representative time t¢, |, a direct match is first attempted: the event is considered
detected if there exists a predicted interval such that

d
tored < tar < thca- (4.51)

Since each predicted row represents the interval between two consecutive TLEs, this criterion effec-
tively checks whether the manoeuvre is captured in the first TLE interval immediately following the
representative GT epoch. In that sense, the method does not require waiting for several future TLEs:
the intended detection is the first post-manoeuvre interval.

If no direct overlap exists, a secondary snap-forward rule is applied. The GT timestamp is shifted to
the start time of the next predicted event, provided that this forward shift does not exceed

Atgnap = 60 h = 3600 min. (4.52)
After this shift, overlap is tested again. Formally, if

B>t (4.53)

is the nearest predicted-event start after the GT timestamp, the snapped time is accepted only if

5] — tar < Atgnap. (4.54)

This rule makes the matching slightly more tolerant to small timing mismatches while still preserving
the near-real-time interpretation of the detector. In practice, this accounts for cases in which the first
post-manoeuvre TLE interval is too short for the score to develop a sufficiently strong anomaly, despite
the manoeuvre already having occurred. Results show that this small fix is necessary to avoid missing
detected manoeuvres on satellites with long TLE update cadence, but it was not a decisive increase in
the performance of the algorithm.

Once the possible GT-to-predicted correspondences have been built, the final assignment is solved
through a one-to-one bipartite matching. This ensures that each predicted event can explain at most
one GT event, and each GT event can be matched to at most one predicted event. If Ngr denotes the
number of GT events, Nprgp the number of predicted events, T'P a true positive, F'P a false positive,
and F'N a false negative, the event-level metrics are then computed as

TP = Nmatcha FP = NPRED - Nmatch» FN = NGT - Nmatch» (455)

where Naien IS the number of successful one-to-one matches.

4.5.3. Configuration selection and evaluation metrics
Event-level performance is quantified through precision, recall, and the F score:

. TP
Precision = TP TP (4.56)
TP
Recall = m, (457)
Fy=(1+ 5 Precision - Recall (4.58)

B2 Precision + Recall

The score used throughout model selection is F», which assigns greater importance to recall and there-
fore penalizes missed manoeuvres more strongly than false alarms. This choice reflects the operational
requirements of ISOPA, where retaining manoeuvre-contaminated data is considered more harmful
than unnecessarily eliminating a small number of clean observations. Consequently, the detector is
intentionally optimized to favour manoeuvre detection over the reduction of false positives.

The optimization is performed in two stages. In the first stage, a coarse grid of threshold percentiles
and hysteresis factors is evaluated on the validation set [30]. The high threshold is derived from the
validation score distribution as

T = @ <{S§S)}i€VAL> , (4.59)
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where p is the candidate threshold percentile. For each candidate pair (p, «), the validation-set perfor-
mance is evaluated and the best configuration is chosen according to the global F; score.

Once the best first-stage configuration has been identified, per-satellite validation metrics are used to
divide the active satellites into two groups:

+ high-performing satellites, for which recall and precision are both acceptable,

* low-performing satellites, which systematically exhibit poorer behaviour under the same scoring
logic.

In the implementation, a satellite is assigned to the high-performing group if
Recall > 0.50 and Precision > 0.30, (4.60)

and to the low-performing group otherwise. These threshold values were selected heuristically based
on engineering judgement, with a deliberate bias towards recall over precision, reflecting the operational
priority of avoiding missed manoeuvre detections over reducing false alarms.

This separation is introduced because a small set of difficult satellites which do not perform well due
to intrinsic TLE problems can dominate the global metric and bias the optimization towards overly
conservative settings that do not maximize performance on the majority of the dataset. The second
optimization stage therefore uses a weighted objective that evaluates both groups separately. The
following Figures 4.8 and 4.9 illustrate this effect. In the case of the problematic satellite, the optimiza-
tion process tends to increase the detection threshold in order to miss false manoeuvres that would
otherwise be detected, despite the fact that the underlying scoring function already exhibits a large
number of false positives. However, this threshold increase may simultaneously suppress weaker but
real manoeuvre signatures in the high-performing satellite, causing additional false negatives. As a re-
sult, the global optimum becomes biased by the behaviour of a small number of problematic satellites.
By introducing satellite-performance labels and, as discussed later, performance-dependent weighting
factors, the influence of these satellites on the optimization process can be reduced, leading to a more
balanced threshold selection across the entire dataset.
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Anomaly Score (-)

Score
== Obtained global threshold
Satellite specific optimal threshold

Real manoeuvres

Time (s)

Figure 4.8: Example of scoring function for a problematic, low-performing satellite.
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Score
== Obtained global threshold
Satellite specific optimal threshold

Real manoeuvres

Anomaly Score (-)

Time (s)

Figure 4.9: Example of scoring function for a nominal, high-performing satellite.

Let F, 8" e and [,V P! denote the validation-set F, scores obtained on the corresponding subsets.
To make both terms comparable, each metric is normalized over the full second-stage validation grid
using percentile-based scaling:

o z—2®
Tr = Cllp(w, 0, ].) s (461)

where z(®) and (95 are the 5th and 95th percentiles of the metric across all second-stage configura-
tions.

The final objective function maximized during the refined search is

J = 0.6 B Pt 4 0.4 BV P (4.62)

The parameter grid used during the refined search was defined around the optimal values identified
during the initial search, allowing a finer exploration of the most promising region of the parameter
space. The two factors multiplying the F5* values were established arbitrarily, so that larger weight was
given to high-performing satellites without making low-performing satellites completely irrelevant.

The only free detection parameters that remain to be calibrated are the threshold percentile p and the
hysteresis factor a. The percentile p determines the primary detection threshold 7., from the score
distribution, while « defines the lower maintenance threshold according to

Tlow = & Thigh- (463)

Consequently, each candidate configuration is fully specified by the parameter pair

(p, ), (4.64)
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which uniquely determines the corresponding hysteresis thresholds

(Thigh, Tlow )- (4.65)

4.6. Behaviour representation and satellite and manoeuvre classi-
fication

4.6.1. Purpose

Beyond detecting manoeuvre-like intervals, the objective is to characterize satellite behaviour over
extended time horizons by analysing both the frequency and the operational nature of the detected ma-
noeuvres. To achieve this, individual manoeuvre and non-manoeuvre episodes are first identified and
subsequently aggregated into satellite-level descriptors. These descriptors are then used to classify
satellites into three behavioural categories based on their manoeuvring frequency: “non-manoeuvring”,
“occasional-manoeuvring”, and “frequent-manoeuvring” satellites.

A second classification level focuses on the nature of the manoeuvres themselves. Additional features
are extracted to distinguish satellites that primarily perform regular station-keeping activities from those
that predominantly execute larger orbital adjustments. Finally, each detected manoeuvre episode is
analysed individually and assigned to one of these two categories, enabling both satellite-level and
manoeuvre-level behavioural characterization.

4.6.2. Behavioural clustering using hierarchical agglomerative clustering based

on Ward's linkage
To perform the satellite-level behavioural classification described in the previous section, a Hierarchical
Agglomerative Clustering (HAC) approach based on Ward’s linkage criterion was employed [74]. This
unsupervised statistical method groups observations according to their similarity without requiring pre-
defined class labels. Unlike partitioning algorithms such as K-means, hierarchical clustering constructs
a nested tree-like structure, known as a dendrogram, which provides a visual representation of how
clusters are progressively merged throughout the clustering process.

The algorithm begins by considering each observation as an individual cluster. At every iteration, the
two clusters that result in the smallest increase in within-cluster variance are merged. This procedure is
repeated until all observations belong to a single cluster, producing a hierarchy of cluster relationships
at different levels of granularity.

Ward'’s linkage criterion determines which clusters should be merged by minimizing the increase in the
total within-cluster sum of squares, also referred to as the error sum of squares. Given a cluster C
containing nc observations o;, the within-cluster variance can be expressed as

WCSS(C) =Y floi— pcl?, (4.66)

o;eC

where p, represents the centroid of the cluster. When two clusters A and B are considered for merging,
Ward’'s method evaluates the increase in variance produced by the union of both clusters:

A(A,B) = WCSS(AU B) — WCSS(A) — WCSS(B). (4.67)

The pair of clusters yielding the smallest value of A(A, B) is merged at each step. Consequently, Ward’s
linkage tends to create compact and internally homogeneous clusters while avoiding the formation of
elongated or poorly separated groups. The parameters included in o; depend on the specific clustering
task and are defined in the following two subsections (Subsections 4.6.2.1 and 4.6.2.2).

4.6.2.1. Clustering according to frequency of manoeuvres

In the first case, namely the analysis of manoeuvre frequency, the only feature provided to the clus-
tering algorithm is the average number of manoeuvres per year. Using the total number of detected
manoeuvres is deemed inappropriate, as the available observation period varies significantly among
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satellites: some have more than fifteen years of data, whereas others have less than ten. To assess the
impact of detection errors on the resulting classification, the clustering procedure is applied both to the
reference manoeuvre catalogue and to the manoeuvres identified by the proposed detection algorithm,
allowing the differences between the two classifications to be analysed.

4.6.2.2. Clustering according to nature of manoeuvres

Another way of clustering the satellites and their manoeuvres is according to their operational nature.
Satellites typically perform manoeuvres following two distinct patterns. On the one hand, station-
keeping activities are usually executed at relatively regular intervals and with a consistent direction
in the orbital reference frame in order to maintain a desired orbital geometry. On the other hand, satel-
lites may also perform manoeuvres for mission-specific purposes, collision avoidance, orbit transfers,
or other operational requirements, which generally exhibit less temporal and directional structure. To
distinguish between these behaviours, two complementary indicators were introduced: the frequency
index and the directionality index.

The frequency index quantifies the regularity with which manoeuvres occur over time. Let ¢; denote
the starting epoch of manoeuvre event ¢, ordered chronologically. The temporal spacing between
consecutive manoeuvres is defined as

Aty = tin —ts. (4.68)

For a set of N manoeuvre events, the mean and standard deviation of the inter-manoeuvre intervals
can be computed as

1 N—-1
bay = N_1 ; At;, (4.69)
1 N—-1
oar= | g Do (Bt — pan)? (4.70)

i=1
From these quantities, the coefficient of variation is defined as

OAt

CcV=—, (4.71)
Hnat

which provides a normalized measure of the dispersion of the manoeuvre intervals. The frequency
index is then computed as

1
F= .
1+CV

4.72)

This formulation constrains the metric to the interval [0, 1]. Values close to one indicate highly periodic
manoeuvre patterns with nearly constant temporal spacing, whereas values close to zero correspond
to irregularly distributed manoeuvres. Consequently, satellites performing regular station-keeping ac-
tivities are expected to exhibit significantly higher frequency indices than satellites executing sporadic
operational manoeuvres.

The second metric, referred to as the directionality index, characterizes the consistency of the manoeu-
vre directions throughout the observation period. For each detected manoeuvre event, a directional
vector is constructed in the RTN reference frame.The relative contribution of each RTN axis is repre-
sented by a non-negative, normalized vector

PR,i
Pi = |Pri| » DR, +PTi + PN =1, DR,i, PT,i» PN, = 0, (4.73)
DPN,i
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where pr;, pr; and py ; describe the fraction of the manoeuvre activity attributed to the radial, trans-
verse and normal directions, respectively.

This directional vector is an axis attribution derived from the same TLE-differencing residuals used
for detection. For each epoch inside a detected event, and separately for each RTN axis, the back-
innovations of both the position residual components (AR, AT, AN) and the velocity residual compo-
nents (AVg, AV, AVy) are robustly standardized (median/MAD from the fit segment, with clipping)
and aggregated across backsteps through a weighted root-mean-square. The position and velocity
contributions are then blended into a single per-axis activity magnitude ar;,ar:,an; > 0. Because
these magnitudes are built from squared (RMS) quantities, they quantify how much residual energy is
associated with each axis. Aggregating over the event and normalizing by the total activity yields the
vector p; above.

To evaluate the overall directional consistency, all event vectors p; are first normalized to unit length,
and their mean direction p is computed (and likewise normalized). The similarity between each event
vector and this mean direction is then evaluated through the cosine similarity, and the directionality
index is defined as the mean cosine similarity between all event vectors and the group mean direction,

N
1
D= ;cos(ei), (4.74)

where 0; is the angle between manoeuvre vector p; and the average manoeuvre direction p.

Because every p,; has non-negative entries and lies on the probability simplex, all event vectors reside
in the non-negative octant of R®. Consequently, the angle between any two of them is at most 90°, so
that cos(9;) € [0,1] and 6; can never approach 180°; values close to unity indicate that all manoeuvres
repeatedly excite nearly the same RTN axis (or axis combination), while lower values indicate a larger
directional dispersion.

Together, these two indicators provide a compact representation of manoeuvre behaviour. Satellites
exhibiting both high frequency and high directionality indices are strong candidates for station-keeping
behaviour, while satellites with low values in one or both metrics are more likely to perform manoeuvres
driven by operational or mission-specific requirements. The results of this clustering procedure can be
found under 5.6.1.2.

4.6.3. Individual classification of manoeuvres

As discussed previously, these two long-term satellite classifications provide a useful high-level charac-
terization of satellite behaviour. However, from the perspective of an orbit-prediction framework, they
offer limited operational information. For ISOPA, it is particularly important to determine whether a
detected manoeuvre belongs to a larger, structured sequence of planned manoeuvres exhibiting con-
sistent frequency and directional patterns, or whether it corresponds to an isolated orbital adjustment
performed for purposes such as collision avoidance, orbit transfer, or other mission-specific objectives.

This distinction is relevant because the appropriate prediction strategy may differ between both cases.
If a manoeuvre forms part of a recurring station-keeping pattern, future orbital evolution may be par-
tially predictable once the underlying manoeuvring behaviour has been identified. Conversely, isolated
manoeuvres typically introduce a discontinuity that is more appropriately handled by reinitializing the
prediction process using post-manoeuvre data.

To enable this functionality, an additional classification layer was incorporated into the proposed frame-
work. For each detected manoeuvre, a frequency index and a directionality index are computed and
compared with those of neighbouring manoeuvres. A station-keeping manoeuvre sequence is declared
when at least six consecutive manoeuvre episodes exhibit a frequency index within a factor of 0.5 to 2
of the median value of the group, and a directionality index within £12° of the corresponding median
directionality. These criteria are intended to identify groups of manoeuvres that display both temporal
regularity and directional consistency, which are characteristic features of station-keeping operations.

It should be noted that the three parameters defining this classification procedure (the minimum se-
quence length, the allowable frequency-index deviation, and the allowable directionality-index devia-
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tion) were selected empirically and may be refined in future work if additional validation data become
available.

4.7. Evaluation of unknown satellites

Once trained and validated on the reference satellite set, the algorithm can be applied to previously
unseen satellites. In this operational mode, the user specifies the satellite name, its NORAD identifier,
and the time interval to be analysed. The algorithm then performs manoeuvre detection and behavioural
characterization using the methodology described in the previous sections.

The outputs generated by the framework are:

* An anomaly-score time series covering the requested analysis period.

» The detection threshold associated with that score.

» The number of detected manoeuvre events.

* A classification of the detected manoeuvres according to their operational nature.

* A long-term behavioural label for the satellite, based on both the frequency and nature of its
manoeuvres.

To improve robustness, the detection threshold is not computed exclusively from the requested analysis
interval. Instead, it is estimated using a substantially longer historical period, extending up to ten years
before the end of the selected time span whenever data are available. This approach reduces the
sensitivity of the threshold estimation to short-term anomalies, isolated score spikes, or unusually quiet
periods that could otherwise bias the detection process.

4.8. Output representation and integration into ISOPA

The proposed manoeuvre-detection pipeline is designed to operate alongside the TLE-based ISOPA
framework. Its primary role is to provide complementary information that enables the prediction process
to account for dynamical discontinuities and satellite-dependent behaviour.

The underlying motivation is that standard orbit-prediction approaches assume a continuous dynamical
evolution of the spacecraft state. This assumption is violated whenever a manoeuvre occurs, since the
post-manoeuvre trajectory is no longer fully represented by information contained in pre-manoeuvre ob-
servations. Consequently, training data affected by manoeuvres may degrade prediction performance.
The proposed method therefore acts as a supervisory layer: once a manoeuvre has been detected,
the TLE epochs affected by its influence are identified and excluded from the ISOPA training dataset,
ensuring that the prediction model is trained primarily on nominal orbital behaviour. The effectiveness
of this strategy can then be assessed by comparing the prediction accuracy of manoeuvre-aware and
behaviour-agnostic versions of ISOPA.

To support this integration, the pipeline provides three types of outputs.

First, a binary manoeuvre-detection signal is generated at the TLE epoch level, indicating whether
manoeuvre-like events have been identified within a given time interval. This information is subse-
quently used to determine which TLE epochs should be considered manoeuvre-contaminated and
therefore excluded from the training process.

Second, all detected manoeuvres within the analysed time span are classified according to their op-
erational nature. In particular, the method distinguishes between manoeuvres associated with routine
station-keeping activities and larger orbital-adjustment manoeuvres. Although such information could
be used to adapt the prediction strategy to different manoeuvre types, this functionality is beyond the
scope of the present work. Consequently, all detected manoeuvres are treated identically during the
integration with ISOPA.

Third, the algorithm produces a long-term behavioural characterization of the satellite. Based on the fre-
quency and nature of its manoeuvres, the satellite is assigned to the corresponding behavioural classes
derived from the training population, providing a high-level description of its operational behaviour.



Results and discussion

5.1. Experimental protocol

This chapter presents the results obtained with the manoeuvre detection pipeline described in Chap-
ter 4. All experiments were conducted on the same set of 17 satellites, including 13 active satellites
and 4 passive satellites. Passive satellites were automatically identified and excluded from the detec-
tion optimization stage, so that the reported event-detection results correspond to the active subset
only. The passive set remained constant across all configurations and consisted of AJISAI, LAGEOS1,
LAGEOS2, and STARLETTE.

The results are organized according to the seven successive score formulations introduced in Sec-
tion 4.4:

1. baseline consistency score,

median back-innovation score,
whitened vector innovation score,

tuned whitened vector innovation score,
ML-corrected whitened vector ranker,

o gk~ DN

onset-sensitive ranker,
7. onset-sensitive ranker with a satellite-specific (SARAL) temporal refinement.

The final configuration includes an additional satellite-specific refinement motivated by the analysis of
SARAL, which exhibited a localized validation failure despite showing significantly better behaviour in
the test period. Unlike the previous score formulations, this refinement does not introduce a general
modification of the detection strategy, but rather addresses a clearly identifiable period of degraded
TLE consistency affecting this specific satellite. The details of this analysis and the motivation for the
refinement are discussed in Section 5.3.6.

The main evaluation metric is the event-level F; score, which prioritizes recall over precision. The code
reports four main aggregate views:

+ validation performance on all active satellites,

« test performance on all active satellites,

+ validation performance on the high-performing subset,
* test performance on the high-performing subset.

The last configuration should be interpreted separately from the previous ones, as it incorporates a
targeted refinement derived from the failure-case analysis of SARAL rather than a global modification
of the scoring formulation.

Table 5.1 summarizes the global evolution of the method across the seven configurations.
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Configuration VAL F, | TEST F» | VAL HIGH-PERF F, | TEST HIGH-PERF F, | High-perf./Low-perf.
Baseline 0.5909 0.6699 0.7120 0.7845 6/7
Median innovation 0.6613 0.7249 0.7725 0.8092 9/4
Whitened innovation 0.7045 0.7596 0.7415 0.7942 1/2
Tuned whitened innovation | 0.7070 0.7691 0.7434 0.8000 1/2
ML-corrected WVI 0.7094 0.7666 0.7484 0.8022 1/2
Onset-sensitive ranker 0.7143 0.7794 0.7527 0.8070 1/2
Onset + SARAL refinement | 0.7359 0.7892 0.7510 0.8134 12/1

Table 5.1: Global evolution of the manoeuvre detection performance across the seven score formulations.

A first general trend can already be observed from Table 5.1. The transition from the baseline repre-
sentation to innovation-based representations provides the largest performance improvement, while
subsequent refinements yield smaller but still meaningful gains.

A second important observation, briefly introduced earlier, is that the test performance is consistently
higher than the validation performance across all configurations. This behaviour supports the robust-
ness of the optimization procedure and suggests that the selected thresholds do not overfit specific
characteristics of the validation interval. Instead, they generalize well to unseen future data, which is a
desirable property for operational deployment.

It is worth noting that the primary objective throughout the optimization process was to maximize the
validation (F3) score. As shown in Table 5.1, the final configuration achieves the highest (F3) values
on both the validation and test sets.

However, the same trend is not observed for the (F») scores of the high-performing satellites. In some
cases, intermediate configurations achieve slightly better results on this subset than the final config-
uration. This behaviour is expected. As the detection framework evolves, an increasing number of
satellites are reassigned from the low-performing group to the high-performing group. Consequently,
the high-performing subset gradually incorporates more challenging satellites, which can reduce the
aggregate (F») score of that group despite the overall improvement in global detection performance. In
other words, the apparent degradation is primarily a consequence of the changing composition of the
subset rather than a deterioration of the detector itself.

5.2. Baseline detection performance

The baseline experiment uses the simplest possible score, namely the raw consistency magnitude
associated with backstep 1. Its purpose is to establish a physically interpretable reference against
which all later refinements can be compared.

The baseline achieves
FYARALE — 05909,  FESTARE — 6699, (5.1)

with corresponding high-performing-subset values

FQVAL,HIGHfPERF — 0.7120, FQTEST,HIGH*PERF — (0.7845. (5.2)

These numbers already indicate that even the simplest consistency score is able to capture a substan-
tial fraction of manoeuvre events. However, its main weakness is precision. On the validation set,
the baseline produces 1342 predicted events for 572 GT events, with 913 false positives. This large
number of false alarms reflects the fact that the raw score is highly sensitive to isolated TLE noise and
does not exploit the redundancy available in the backstep structure.

At the satellite level, the baseline produces a strongly heterogeneous behaviour. Some satellites al-
ready perform reasonably well: CRYO2, SARAL, SEN3A and SEN3B all exceed F; = 0.63 on validation,
while HY-2A and SWOT1 remain particularly challenging. On the test set, several satellites improve
markedly, including JASO3 (F> = 0.931), SARAL (F; = 0.921) and SENGA (F> = 0.957). This already
illustrates one of the key properties of the dataset: detection difficulty is strongly satellite-dependent.
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Figures 5.1 and 5.2 illustrate two examples of the baseline configuration. From this point onward,
the black curve represents the anomaly score evolution, dashed vertical orange lines indicate ground-
truth manoeuvres that were not detected (False Negatives, FNs), whereas dashed vertical green lines
indicate correctly detected ground-truth manoeuvres (True Positives, TPs). The dashed horizontal
red line represents the optimized high detection threshold (74:4,) corresponding to the configuration
under study, with score values exceeding this threshold classified as manoeuvres according to the
logic described previously.

Figure 5.1 illustrates the behaviour of a well-performing satellite, SEN3B. Although the score exhibits a
consistent noise floor during nominal periods, most ground-truth manoeuvres coincide with clear score
excursions, with peaks exceeding the detection threshold and therefore being successfully identified by
the detector. This good temporal agreement between score increases and known manoeuvre events
explains the high validation performance achieved by this satellite.

In contrast, Figure 5.2 shows the behaviour of a challenging case, SWOT1, for which the validation I3
score is only 0.254. During the initial part of the validation interval, the score presents a persistently
elevated and irregular behaviour, making it difficult to distinguish genuine manoeuvre signatures from
nominal fluctuations. Later in the sequence, the score decreases significantly and remains most of the
time below the detection threshold. As a consequence, many manoeuvres indicated by the ground-
truth annotations do not produce sufficiently large score increases and are therefore missed by the
detector.
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Figure 5.1: SEN3B score evolution for the validation set on the baseline configuration
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5.3.1. From the baseline to median back-innovation
The first major improvement is obtained by replacing the raw backstep-1 magnitude by the median
back-innovation score. This raises the global validation performance from
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Figure 5.2: SWOT1 score evolution for the validation set on the baseline configuration

0.5909 — 0.6613 (5.3)
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and the test performance from
0.6699 — 0.7249. (5.4)

On the high-performing subset, the score improves from 0.7120 to 0.7725 in validation and from 0.7845
to 0.8092 in test.

This confirms that comparing the current behaviour to the recent historical pattern is already much
more robust than using a single raw consistency magnitude. The number of high-performing satellites
increases from 6 to 9. The gain is therefore not limited to the aggregate metrics: it also indicates a
more consistent detection performance across different satellites.

5.3.2. Whitened vector innovation
The introduction of the whitened vector innovation score produces the next major jump in performance.
The global F; increases to

FYALALL _ 7045 FIESTALL _ ) 7506, (5.5)

while the high-performing-subset values become

FVAL,HIGH—PERF = 0.7415 FTEST,HIGH—PERF = 0.7942 (5 6)
5 =0. , 5 =0. . .
The number of high-performing satellites rises again, reaching 11, while only HY-2A and SARAL remain
in the low-performing subset.

By jointly considering the innovation pattern across multiple backsteps and normalizing each compo-
nent according to its nominal variability, the score becomes less sensitive to raw scale differences and
more responsive to genuinely anomalous multi-backstep behaviour. The improvement is therefore both
quantitative and methodological.

The validation performance of several previously difficult satellites improves substantially. For example,
HY-2A reaches F, = 0.541, a clear increase with respect to the baseline (where it showed F» = 0.199),
and SWOT1 reaches F; = 0.714, becoming one of the best-behaved satellites in validation. On the test
set, the method achieves very strong results for several satellites, including CRYO2, SARAL, SEN3A,
SEN3B and SENGA. Figures 5.4 and 5.6 illustrate the improvement on the test set of SWOT1 satellite
when transitioning from the median back-innovation score to the whitened vector innovation formula-
tion.

As shown in Figures 5.3 and 5.4, the score distribution in the validation set for the SWOT1 satellite in the
median back-innovation approach differed significantly in scale from that in the test set. Since detection
thresholds are calibrated exclusively on validation and directly transferred to test, this mismatch leads
to a complete failure in detection for the test set, resulting in £, = 0.

In contrast, Figures 5.5 and 5.6 show that the whitened vector innovation produces a much more
consistent score distribution across validation and test. As a result, the thresholds learned on validation
remain meaningful when applied to the test set, yielding a substantially improved performance of F; =
0.895.

This example highlights that the main advantage of the whitened formulation is not only an improvement
in separability, but also a significantly enhanced robustness to distributional shifts between validation
and test.
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Figure 5.3: SWOT1 score evolution for the validation set for the median back-innovation approach
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Figure 5.4: SWOT1 score evolution for the test set for the median back-innovation approach
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Figure 5.5: SWOT1 score evolution for the validation set for the whitened vector innovation approach
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5.3.3. Physically tuned whitened innovation
The tuned whitened innovation introduces weighted backsteps, stricter clipping bounds and a consen-
sus factor. This produces a modest but consistent further improvement:

FYARALL — o 7070, FFESTAME — 07691, (5.7)
The corresponding high-performing-subset scores are

FyARHIGH=PERE _ 7434 pIESTHIGH-PERE _ ) g0, (5.8)

This stage produces the best-performing score formulation based solely on the physically motivated
residual information, before introducing machine-learning corrections or additional refinements based
on observed temporal behaviour. While the improvement on the validation set is relatively small, the
larger gain observed on the test set suggests that this formulation enhances generalization to previously
unseen data, rather than simply yielding a better fit to the validation set.

5.3.4. Hybrid physical--ML correction
The ML-corrected whitened score introduces a conservative neural correction on top of the tuned phys-
ical score. The resulting aggregate metrics are

FYARALL — 0 7094, FFESTALE — 0 7666, (5.9)

with
FYALHIGH-PERF _ 74y F BST-HIGH=PERE _ 8399 (5.10)

Compared with the tuned physical score, the hybrid score slightly improves validation performance but
slightly degrades test performance:

0.7691 — 0.7666 on TEST (ALL). (5.11)

This finding suggests that most of the useful structure is already captured by the physical score, and that
the data-driven correction is only able to provide marginal refinements. In other words, the ML branch
remains helpful, but only as a bounded correction rather than a dominant component, confirming that
most of the exploitable structure is already captured by the physical formulation. Since model selection
is driven by validation (F3), this configuration remains preferable despite the small reduction in test-set
performance, as it provides the highest score according to the optimization criterion adopted in this
work.

5.3.5. Onset-sensitive refinement
The onset-sensitive ranker produces the best general score formulation prior to the SARAL-specific
refinement. Its performance becomes

FYARALL — 7143, FFESTALL — 0 7794, (5.12)

with
F2VAL,HIGH—PERF — 0.7527, F2TEST,HIGH—PERF — 0.8070. (5.13)

This stage slightly improves both validation and test performance compared to the plain ML-corrected
score. The gain is not dramatic, but it is consistent across all four aggregate views. This suggests that
explicitly favouring sharp score rises helps align the detections more closely with manoeuvre onset
without damaging the stability of the overall score.

5.3.6. Failure-case analysis and SARAL refinement

Among all satellites, SARAL represents the clearest example of a time-localized failure mode. In the
general configurations, SARAL performs very poorly in validation despite behaving much better in test.
In the plain whitened and hybrid formulations, it remains one of the two low-performing satellites, to-
gether with HY-2A. For instance, in the best, final innovation configuration, SARAL reaches only

FYAL = 0.427, (5.14)
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with 21 true positives and 34 false negatives in validation out of 55 GT events, even though its test
performance is already much stronger in the later interval.

The observed behaviour on the validation set motivated a dedicated failure-case analysis. The following
interpretation is introduced here, after the global methodology has already converged, because it is
not part of the general score design but rather a refinement driven by a specific satellite-dependent
anomaly.

Therefore, the resulting score can still be expressed in the same generic form as

Sl(’?) _ S%Jhys ci'\/IL conset (515)

K2

More specifically, for the SARAL satellite, a portion of the dataset spanning from February 2013 to
October 2015 was excluded from the analysis. During this period, the TLE-derived signals exhibit
unusually large noise spikes and manoeuvres that are significantly harder to detect using the proposed
method.

This behaviour is consistent with the operational history of the mission. SARAL operated in a 35-day
repeat orbit with active station-keeping during its nominal phase, and from March 2015 onward, the
satellite experienced reaction wheel degradation, leading to non-nominal orbit control and increased
ground track deviations [75, 76].

After this period, the satellite transitioned towards a regime with reduced orbit control, eventually en-
tering a drifting phase in 2016, where routine station-keeping manoeuvres were no longer performed
[77].

From late 2015 onwards, the TLE behaviour becomes significantly more regular, and manoeuvres are
more clearly detectable, resulting in improved performance of the proposed detection method.

The effect of the refinement is very evident at the satellite level. After applying the SARAL-specific
filtering strategy, the satellite achieves perfect recall on the validation interval, detecting all ground-
truth manoeuvres:

TP =9, FP = 3, FN =0, (5.16)

which corresponds to

Precision = 0.750, Recall = 1.000, Fy, =0.937. (5.17)

With respect to the global effect of the change, the SARAL refinement produces the best result of all
seven configurations:
FYARALL — 7359 pIESTALL _ (7899, (5.18)

The validation gain is especially pronounced with respect to the onset-sensitive configuration without
SARAL filtering:
0.7143 — 0.7359, (5.19)

while the test gain is smaller but still positive:

0.7794 — 0.7892. (5.20)

A particularly important effect is that the number of high-performing satellites increases from 11 to 12,
leaving only HY-2A in the low-performing subset. This confirms that a substantial portion of the residual
error was driven by a localized and identifiable data-quality issue rather than by a fundamental limitation
of the score itself. Most satellites exhibit different behavioural regimes over their time spans which, if
carefully accounted for, could potentially improve the overall detection performance. Nevertheless, the
SARAL case is the only one in which such a refinement is considered justified. This is because its
score structure clearly reveals a specific temporal interval that systematically degrades performance,
rather than a general limitation of the method. In contrast, for the remaining satellites, the observed
variability is either less structured or more uniformly distributed over time, making it difficult to isolate a
well-defined segment whose exclusion would be both meaningful and consistent.
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Figures 5.7 and 5.8 show the change in the score evolution of the validation set of SARAL satellite
before and after the refinement.
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Figure 5.7: SARAL score evolution for the validation set for the pre-refinement approach
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Figure 5.8: SARAL score evolution for the validation set for the post-refinement approach

The last satellite that remains classified as low-performing is HY-2A. It has been observed that its
behaviour is not driven by a single localized anomaly, but rather by broader changes in the statistical
properties of its TLE time series, as it will be shown in a dedicated subsection 5.5.3.

In particular, a clear regime shift is identified around March 2014. Before this date, the TLE sequence is
relatively stable, whereas afterwards it becomes significantly noisier. The typical absolute mean-motion
variation between consecutive TLEs increases by approximately one order of magnitude (from ~ 106
to ~ 107° rev/day), and the fraction of TLEs with large drag-related coefficients (e.g. |BSTAR| >
5x 1074 REl) rises from below 3% to more than 40% in certain periods. Additionally, the temporal
spacing between TLE updates also changes, increasing from roughly 7 h to about 8.7 h during the
degraded phase.

This behaviour suggests that the issue is a loss of short-term consistency in the TLE sequence itself.
From the perspective of a propagation-consistency-based detector, this results in persistently elevated
residuals that are difficult to distinguish from genuine manoeuvre signatures.

Unlike the SARAL case, however, this degradation cannot be attributed to a single well-defined tempo-
ral interval, but instead spans multiple periods (e.g. 2014-2018 and 2019), interleaved with more stable
phases. For this reason, applying a similar temporal filtering strategy would not be straightforward or
well justified.

As a result, HY-2A is retained as a difficult satellite within the general evaluation, and its behaviour is
interpreted as a limitation of the underlying TLE data quality rather than of the detection methodology
itself.
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5.4. Event detection performance

All the attempted configurations use a percentile-based thresholding strategy applied separately to
each satellite, such that the same threshold percentile is used across the dataset while the numerical
threshold value is computed from the score distribution of each individual object. In the best case,
the optimized event-detection performance was obtained with a threshold percentile of 46.25 and a
hysteresis coefficient a = 0.48.

Under this configuration, the event-level performance on the validation set reaches a precision of 0.5609,
arecall of 0.7981, and an F3; score of 0.7359, corresponding to 419 correctly detected manoeuvre events
out of 525 ground-truth events, with 328 false positives and 106 false negatives. When the same con-
figuration is transferred to the test split, performance improves further, reaching a precision of 0.6347,
a recall of 0.8404, and an F; score of 0.7892, with 516 true positives, 297 false positives, and 98 false
negatives over a total of 614 test events.

Figure 5.9 shows the per-satellite precision—recall distribution on the validation set for the final selected
configuration. Several satellites cluster in a region of both high recall and moderate-to-high precision,
whereas others exhibit a more asymmetric behaviour.
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Figure 5.9: Per-satellite precision—recall scatter plot on the validation set for the final selected event-detection configuration.

The same picture for the test split is shown in Figure 5.10. The overall distribution shifts favourably
with respect to validation, with several satellites moving closer to the upper-right region of the plot. The
figure confirms that a small subset of satellites remain responsible for most of the residual degradation
in precision, which again points to the presence of object-specific dynamical or data-quality effects that
cannot be completely removed by a single global configuration.
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Figure 5.10: Per-satellite precision—recall scatter plot on the test set for the final selected event-detection configuration.

Figure 5.11 compares the final F, performance of each satellite between the validation and test in-
tervals. Most satellites lie above the diagonal line, indicating that their performance improves when
the optimized configuration is applied to the unseen test period. This behaviour suggests that the se-
lected thresholds do not overfit the validation interval, but instead capture generalizable properties of
the score distributions. The absence of a systematic degradation in test performance is particularly
relevant for an operational detection framework, where future unseen observations must be processed

without additional tuning.
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Figure 5.11: F5 values for validation and test splits for all active satellites

Figure 5.12 provides a direct comparison of the final F;, performance across all active satellites. All
analysed objects achieve F; > 0.5, indicating that the detector consistently performs above a random
decision baseline for every satellite considered. Furthermore, only five satellites remain below F; = 0.7,
while several objects achieve values close to F;, = 0.9. Considering that the same percentile-based
thresholding strategy is applied across satellites with different missions, orbital characteristics, and
data-quality conditions, these results demonstrate the general applicability of the proposed approach.
The remaining performance differences are therefore attributed mainly to satellite-dependent TLE char-
acteristics rather than to a lack of robustness of the detection framework itself.
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Figure 5.12: Final F> values for for all active satellites, on validation and test splits combined

Specific metrics, such as the number of TP, FP, FN, as well as final values for precision, recall, and F5
can be observed in Appendix C.

5.5. Satellite-level qualitative analysis

The aggregate metrics show a clear progression, but the per-satellite plots provide essential insight into
why the different configurations behave as they do. Three broad classes of behaviour are observed.

5.5.1. High-performing satellites

Satellites such as CRYO2, SEN3A, SEN3B and, in later stages, JASO3 exhibit a regular residual
structure, clear score spikes around manoeuvre epochs, and relatively few false alarms. These objects
tend to enter the high-performing subset already in early configurations and remain there throughout
the progression. Their plots typically show that the main limitation of the early methods is not recall
but excessive background variability, which is gradually reduced by the innovation-based and whitened
scores. Figures 5.13 and 5.14 show the evolution of the score of the test set of CRYO2 on the baseline
and final approaches, and Figures 5.15 and 5.16 show the evolution of the score on the validation set
of SEN3B for the baseline and final approaches. As it can be observed, the behaviour is already good
enough to yield a good result on the baseline approach, but the evolution on the pipeline keeps most
of the detected manoeuvres while reducing substantially background noise.
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Figure 5.13: CRYO2 score evolution for the test set for the baseline approach
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Figure 5.14: CRYO2 score evolution for the test set for the final approach
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Figure 5.15: SEN3B score evolution for the validation set for the baseline approach
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Figure 5.16: SEN3B score evolution for the validation set for the final approach
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5.5.2. Intermediate-performing satellites

Satellites such as ENVI1, JASO1 and JASOZ2 occupy an intermediate regime. Their manoeuvres are
detectable, but the background score is noisier and the balance between precision and recall is more
sensitive to threshold choice. These satellites benefit substantially from the move from the baseline to
the innovation-based scores, which suppress a large number of false positives while preserving most
true detections, but still struggle to perform as well as the well-behaved satellites, even for the best-
working approach. The improvement is especially visible in ENVI1 and JASO2, as it can be observed in
Figures 5.17 and 5.18, showing the improvement between the baseline and the best-working approach
for the validation set of ENVI1 satellite, and between 5.19 and 5.20, which show a similar improvement
for the validation split of JASO2 satellite.
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Figure 5.17: ENVI1 score evolution for the validation set for the baseline approach
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Figure 5.18: ENVI1 score evolution for the validation set for the final approach
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Figure 5.19: JASO2 score evolution for the validation set for the baseline approach



5.6. Behaviour modelling results 56

—— score  —~— detection threshold = 12.8
20 \

RN SR o O ----ﬁ- -4t

| LG, b AL

o N i\ g g I o
2 2 2 2 S S 2

29° A 8 9

g i\ g o
2 2 2 2> > o 2> 4

o
® 2>

Epoch

Figure 5.20: JASO2 score evolution for the validation set for the final approach

5.5.3. Low-performing satellites

HY-2A and SWOT1 are the clearest difficult cases. HY-2A remains problematic throughout the full
progression and is the only low-performing satellite left after the final SARAL refinement. Its scores
are strongly affected by background variability, which produces many false positives even in the later
formulations. As it can be observed in Figures 5.21 and 5.22, the evolution from the baseline to the
final approach doesn’t make a great performance improvement. SWOT1 behaves differently: it is poor
in the baseline but becomes much more tractable once the innovation-based scores are introduced, as
it was shown before. This contrast illustrates that not all difficult satellites fail for the same reason.
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Figure 5.21: HY-2A score evolution for the validation set for the baseline approach
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Figure 5.22: HY-2A score evolution for the validation set for the final approach

5.6. Behaviour modelling results

5.6.1. Hierarchical agglomerative clustering based on Ward's linkage
The behavioural characterization framework introduced in Section 4.6 is applied to the detected ma-
noeuvre dataset. The objective is twofold: to classify satellites according to their manoeuvring fre-
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quency and to distinguish between station-keeping activities and larger orbital adjustments. The re-
sulting satellite-level and manoeuvre-level classifications are presented and discussed in the following
sections.

5.6.1.1. Clustering according to frequency of manoeuvres

The first analysis focuses on manoeuvre frequency. Figure 5.23 presents the dendrogram obtained
from the reference manoeuvre dataset, which provides the baseline classification against which the
clustering results obtained from the detected manoeuvres will later be compared.
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Figure 5.23: Dendogram for the real manoeuvres

Moreover, in the detected manoeuvre case, the following dendogram is obtained (see Figure 5.24):
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Figure 5.24: Dendogram for the detected manoeuvres

As it can be observed in the previous two figures, there is a mismatch in 4 of the active satellites: HY-
2A, HY-2C, HY-2D and JASO1 satellites are labelled as frequently manoeuvring in the detected case
and as sparsely manoeuvring in the real case. This is understandable, since the number of real and
detected events per year differ very much in these 4 satellites, as it is shown in the following plot (see

Figure 5.25):
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Figure 5.25: Real and detected events per year

The clustering obtained from the detected manoeuvres agrees with the reference classification for 9
of the 13 active satellites. Of the four mismatches, three correspond to satellites whose estimated
manoeuvre frequencies lie close to the boundary separating the sparse- and frequent-manoeuvring
groups. In these cases, relatively small differences in the estimated number of manoeuvres per year
are sufficient to alter the cluster assignment. The remaining mismatch corresponds to HY-2A, whose
manoeuvre activity is substantially overestimated due to the same TLE-consistency issues discussed
in Section 5.5.3.

Furthermore, the observed misclassifications are largely driven by an overestimation of manoeuvre
activity rather than by missed manoeuvres. From the perspective of orbit prediction, this is generally
the more acceptable type of error, since falsely identifying additional manoeuvres may lead to the
exclusion of some nominal data, whereas failing to detect actual manoeuvres can leave manoeuvre-
contaminated observations in the training dataset and potentially degrade prediction performance.

5.6.1.2. Clustering according to nature of manoeuvres

The frequency and directionality indices are subsequently combined to characterize the operational
nature of each satellite’s manoeuvring activity. Figure 5.26 presents the resulting dendrogram, which
reveals the natural separation between satellites dominated by regular station-keeping operations and
those primarily performing larger operational manoeuvres.
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Figure 5.26: Dendogram of nature of detected manoeuvres

Moreover, the following Figure 5.27 shows the frequency and directionality indices for each of the
satellites:
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Figure 5.27: Frequency and directionality indices for each satellite

Although the hierarchical clustering identifies a group of satellites exhibiting more regular and frequent
manoeuvring behaviour, the separation is noticeably less pronounced than in the frequency-based
classification presented previously. Several satellites lie close to the boundary between both groups,
indicating that the frequency and directionality indices alone do not always provide sufficient discrimi-
nation to unambiguously classify the long-term operational nature of a satellite.

This behaviour is not entirely unexpected. Both indices compress more than a decade of manoeuvring
activity into only two scalar quantities, inevitably discarding temporal information about changes in
operational behaviour throughout the mission lifetime. As a result, satellites that alternate between
different operating regimes may appear similar to satellites exhibiting a single, consistent manoeuvring
strategy.

For this reason, the satellite-level classification should be interpreted primarily as a high-level be-
havioural indicator rather than as a definitive categorization. From an operational perspective, the
manoeuvre-level classification developed in the following section is considerably more informative,
since it characterizes each detected manoeuvre individually and can therefore support propagation
strategies that adapt to the nature of each event rather than assigning a single label to an entire multi-
year mission.

5.6.2. Individual classification of manoeuvres

The previous satellite-level classification provides a general characterization of the dominant manoeu-
vring behaviour over the complete observation period. However, assigning a single operational label to
an entire satellite lifetime can be limiting, as spacecraft may undergo different operational phases and
execute manoeuvres with different purposes throughout their mission. Therefore, a second analysis is
performed at the individual manoeuvre level, where each detected event is characterized according to
its own temporal spacing and directional behaviour.
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The following examples (Figures 5.28-5.33) illustrate groups of consecutive manoeuvres that exhibit
consistent temporal spacing and similar RTN-directional signatures, indicating that they likely corre-
spond to recurring station-keeping strategies. These cases are not intended as a replacement for the
satellite-level classification, but rather as evidence that individual manoeuvre sequences can reveal
operational patterns that may be hidden when analysing the complete mission history with a single
global descriptor.

The selected examples are chosen because they provide clear visual evidence of this behaviour across
different satellites. In all cases, the identified manoeuvres appear as distinct score peaks emerging from
relatively low and stable noise floors, with comparable magnitudes and consistent directional character-
istics within each group. The fact that similar patterns are observed for several independent satellites
suggests that the proposed event-level classification captures physically meaningful behaviour rather
than satellite-specific artefacts.
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Figure 5.28: Station-keeping group of manoeuvres for CRYO?2 satellite, with a median frequency of 21 days in the T direction
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Figure 5.29: Station-keeping group of manoeuvres for HY-2C satellite, with a median frequency of 43 days in the R+T direction
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Figure 5.30: Station-keeping group of manoeuvres for HY-2D satellite, with a median frequency of 26 days in the T direction
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Figure 5.31: Station-keeping group of manoeuvres for JASO3 satellite, with a median frequency of 108 days in the T direction
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Figure 5.32: Station-keeping group of manoeuvres for SENGA satellite, with a median frequency of 91 days in the T direction
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Figure 5.33: Station-keeping group of manoeuvres for SWOT1 satellite, with a median frequency of 41 days in the R+T
direction

It is important to note that some of the satellites shown in these examples were previously classified at
the satellite level as primarily performing non-station-keeping manoeuvres. This does not represent a
contradiction, but rather highlights the aforementioned limitation of assigning a single behavioural label
to an entire mission lifetime. A satellite may perform different types of manoeuvres during different
operational phases, and a global frequency-directionality descriptor cannot fully capture this temporal
variability. The individual event-level classification therefore provides a more flexible and physically
meaningful representation, which is potentially more useful for future orbit-prediction frameworks where
the propagation strategy could be adapted according to the nature of each manoeuvre rather than
according to a fixed satellite-level category.

Nevertheless, despite the promising results obtained, the proposed analysis cannot unambiguously
determine the true operational purpose of an individual manoeuvre using TLE data alone. The clas-
sification presented here should therefore be interpreted as a behavioural characterization based on
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orbital consistency, temporal recurrence, and directional patterns, rather than as a definitive identifica-
tion of manoeuvre intent. The only way to determine whether a manoeuvre was actually performed for
station-keeping or for another operational purpose would be to have access to the mission operator’s
intent and planning information.

5.7. Evaluation of unknown satellites

Finally, the trained framework is applied to previously unseen satellites in order to assess its behaviour
in a realistic operational scenario. Although no reference manoeuvre catalogue is available for these
objects, the resulting classifications can be compared against the known operational characteristics of
the satellites. In addition, the evolution of the semi-major axis and inclination is analysed to provide an
independent indication of whether detected events correspond to physically meaningful orbital changes.
The following examples illustrate three representative cases: a passive satellite, a satellite exhibiting
irregular operational manoeuvring activity, and a satellite dominated by recurring station-keeping be-
haviour.

STELLA is a passive geodetic satellite with no expected manoeuvring activity. The resulting anomaly-
score profile, shown in Figure 5.34, agrees with this expectation, as the score remains below the detec-
tion threshold throughout the complete analysed period and no manoeuvre events are detected. This
indicates that the framework is capable of not generating spurious detections for objects without active
orbital control.

This behaviour is also consistent with the semi-major axis and inclination evolution shown in Figure 5.35.
Both orbital parameters exhibit smooth secular variations, with no abrupt discontinuities associated with
impulsive orbital corrections. Therefore, the absence of detected manoeuvres is supported both by the
score evolution and by the direct analysis of the orbital elements.
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Figure 5.34: Score plot for STELLA satellite from 01/01/2018 to 31/12/2022
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Figure 5.35: Semi-major axis and inclination evolution for STELLA satellite from 01/01/2018 to 31/12/2022

SENTINEL-2B is an Earth-observation satellite operating in a Sun-synchronous LEO, for which orbit-
maintenance manoeuvres are expected during nominal operations. The anomaly-score evolution shown
in Figure 5.36 presents clear score excursions above the nominal noise level, indicating epochs with be-
haviour inconsistent with the surrounding TLE sequence. However, unlike satellites dominated by reg-
ular station-keeping, these events do not exhibit a constant temporal spacing. Therefore, the detected
pattern is not classified as a recurring station-keeping sequence according to the criteria introduced in
the previous chapter.

The comparison with the orbital-element evolution in Figure 5.37 provides additional insight. While most
of the detected score increases coincide with visible variations in semi-major axis or inclination, others
do not produce clearly identifiable discontinuities in these parameters. This illustrates that TLE-based
residual analysis can detect changes in orbital consistency that are not always directly observable
through simple inspection of individual orbital elements.
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Figure 5.36: Score plot for SENTINEL-2B satellite from 01/01/2025 to 31/12/2025
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Figure 5.37: Semi-major axis and inclination evolution for SENTINEL-2B satellite from 01/01/2025 to 31/12/2025

HY-2B provides an example of a satellite exhibiting behaviour consistent with regular station-keeping
operations. The spacecraft is an operational ocean-observation satellite in a Sun-synchronous LEO,
requiring orbit maintenance to preserve its mission orbit. The score evolution shown in Figure 5.38
reveals a clear repetitive pattern: manoeuvre events appear as isolated score peaks emerging from
a relatively stable noise background. According to the event-level classification criteria introduced
previously, this regularity in temporal spacing and directional behaviour is consistent with a station-
keeping manoeuvre sequence.

The physical interpretation is further supported by the evolution of the orbital elements shown in Fig-
ure 5.39. Most of the identified events coincide with abrupt changes in semi-major axis, indicating that
the detected score excursions correspond to modifications of the orbital state rather than random TLE
inconsistencies.
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Figure 5.38: Score plot for HY-2B satellite from 01/01/2025 to 31/12/2025
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5.8. Integration into ISOPA

The final stage of the evaluation consists of integrating the manoeuvre-detection framework into the
ISOPA orbit-prediction pipeline and assessing its impact on prediction accuracy. For each satellite,
ISOPA was executed both in its original configuration and in its manoeuvre-aware version, where
epochs affected by detected manoeuvres were excluded from the training dataset. The resulting orbit-
prediction errors were then compared against the available CPF reference ephemerides [78, 79]. All
accuracy figures reported in this section refer to the root-mean-square (RMS) of the 14-day-horizon
position error, which penalizes the large error excursions around manoeuvres more strongly than a
simple average and is therefore the more representative metric for this application.

It is worth noting that the ISOPA implementation includes a built-in consistency check that discards
epochs for which no CPF data are available. Since both forward and backward propagations are used
by the algorithm, a single CPF gap may remove up to approximately 28 days of data from the analysis.
Consequently, some flat segments or discontinuities may appear in the following plots and should not
be interpreted as algorithmic effects.

Another important aspect concerns the different temporal signatures of the developed manoeuvre de-
tection algorithm and ISOPA’s orbit-prediction degradation. The proposed detector is designed to iden-
tify the first TLE update affected by a manoeuvre, resulting in a localized response: after the residual
calculation, normalization, and whitening procedures, the manoeuvre typically appears as a sharp score
increase concentrated around a single epoch. In contrast, the ISOPA error metric is not associated with
a single TLE-to-TLE transition, but evaluates the average prediction error obtained from the propaga-
tion of 14 initial conditions at each epoch, with a cadence of 1 day. Consequently, before a manoeuvre
occurs, several consecutive ISOPA predictions are affected, since propagations initiated before the
manoeuvre continue to accumulate the manoeuvre-induced error until the corresponding information
is incorporated into the initial TLE. This produces a more extended increase in the ISOPA error metric,
which is temporally shifted and spread over several epochs compared with the localized response of
the manoeuvre detector.

To account for this difference in temporal behaviour, each detected manoeuvre was expanded by five
epochs on either side before removing the corresponding training data. In addition, the centre of the
contaminated window was shifted by eight TLE epochs backwards with respect to the detected manoeu-
vre epoch. Both the expansion size and the temporal shift were determined empirically by analysing
the typical extent and alignment of manoeuvre-induced error growth observed in the ISOPA outputs.
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The first evaluation was performed on satellites for which the manoeuvre detector had already demon-
strated good performance during the validation phase: HY-2C (2025), HY-2D (2025), SENTINEL-6A
(2024), and SWOT (2025). Table 5.2 summarizes the accuracy gains obtained by the manoeuvre-
aware version of ISOPA for these four satellites, expressed as the reduction in the RMS position error,
both in absolute terms and relative to the baseline.

Satellite Year | Absolute reduction [m] | Relative reduction [%]
SWOT 2025 730 38
HY-2D 2025 515 32
HY-2C 2025 326 34
SENTINEL-6A | 2024 74 11

Table 5.2: Reduction in the RMS of the 3D position prediction error over the 14-day horizon achieved by the manoeuvre-aware
ISOPA with respect to the baseline, for the four validation satellites.

The integration of manoeuvre awareness into ISOPA produced consistent RMS improvements across
all four satellites. The largest gains were obtained for SWOT (730 m, 38%) and HY-2D (515 m, 32%),
with HY-2C also benefiting substantially (326 m, 34%). SENTINEL-6A showed a more modest but still
clearly positive reduction (74 m, 11%). In every case the manoeuvre-aware version outperformed the
baseline, confirming that removing manoeuvre-contaminated epochs from the training set is beneficial
regardless of the magnitude of the effect.

To illustrate the typical behaviour behind these figures, SWOT and HY-2D are examined in detail as
representative examples of satellites known to perform well. For each of them, three plots are shown:
the evolution of the RMS error for both ISOPA configurations (Figures 5.40 and 5.43), the corresponding
RMS improvement (Figures 5.41 and 5.44), and the RMS improvement broken down into the three
RTN components (Figures 5.42 and 5.45). In the second set of plots, detected manoeuvre epochs are
indicated by dashed green lines; since the associated data are removed from the manoeuvre-aware
training set, the prediction error is not defined at those epochs.
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Figure 5.40: Evolution of the RMS of the 3D position prediction error over the 14-day horizon, for the baseline and
manoeuvre-aware ISOPA, for the SWOT satellite in 2025.
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Figure 5.41: Evolution of the reduction in the RMS position error (baseline minus manoeuvre-aware) over the 14-day horizon,
for the SWOT satellite in 2025.
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Figure 5.42: Evolution of the reduction in the RMS position error per RTN component (baseline minus manoeuvre-aware) over
the 14-day horizon, for the SWOT satellite in 2025.
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Figure 5.43: Evolution of the RMS of the 3D position prediction error over the 14-day horizon, for the baseline and
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Figure 5.44: Evolution of the reduction in the RMS position error (baseline minus manoeuvre-aware) over the 14-day horizon,
for the HY-2D satellite in 2025.
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Figure 5.45: Evolution of the reduction in the RMS position error per RTN component (baseline minus manoeuvre-aware) over
the 14-day horizon, for the HY-2D satellite in 2025.

The component-wise decomposition (Figures 5.42 and 5.45) reveals a consistent pattern: the largest
error reduction occurs in the along-track (transverse) direction. This is both expected and desirable, for
two complementary reasons. First, the orbit-maintenance manoeuvres performed by these low-Earth-
orbit satellites are predominantly tangential, as they are designed to counteract atmospheric drag and
to maintain the semi-major axis, and therefore act mainly along the velocity vector; the manoeuvre-
induced contamination of the training data is thus concentrated in the along-track component. Second,
the along-track direction is precisely the one along which orbit-prediction errors grow fastest: an er-
ror in the semi-major axis, or equivalently in the mean motion, translates into an along-track position
error that accumulates secularly with propagation time, whereas radial and cross-track errors remain
bounded and oscillatory. Over the 14-day horizon considered here, the along-track component there-
fore dominates the total position error.

As observed throughout these examples, manoeuvre awareness not only improves prediction accuracy
around manoeuvre epochs by removing manoeuvre-contaminated training data, but also reduces the
error during nominal orbital evolution. This suggests that training the prediction model exclusively
on non-manoeuvring periods leads to a cleaner representation of the underlying perturbation-driven
dynamics and therefore to improved predictive performance.

In addition to the satellites used during the manoeuvre-detection validation phase, the proposed frame-
work was also evaluated on previously unseen satellites. As an illustrative example, Figures 5.46-5.48
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present the results obtained for HY-2B during 2025: the evolution of the RMS error for both ISOPA
configurations, the corresponding RMS improvement, and the per-component breakdown of that im-

provement.
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Figure 5.46: Evolution of the RMS of the 3D position prediction error over the 14-day horizon, for the baseline and
manoeuvre-aware ISOPA, for the HY-2B satellite in 2025.
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Figure 5.47: Evolution of the reduction in the RMS position error (baseline minus manoeuvre-aware) over the 14-day horizon,

for the HY-2B satellite in 2025.
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Figure 5.48: Evolution of the reduction in the RMS position error per RTN component (baseline minus manoeuvre-aware) over
the 14-day horizon, for the HY-2B satellite in 2025.

HY-2B achieves an RMS error reduction of 252 m, corresponding to an improvement of approximately
31% with respect to the baseline ISOPA implementation. The fact that a comparable gain is obtained
on a satellite that did not take part in the detector validation confirms that the framework generalizes
beyond the specific objects used to tune it. As for the validation satellites, the component-wise de-
composition (Figure 5.48) shows that the along-track direction concentrates most of the reduction, in
agreement with the reasoning above.

The benefits of the proposed approach are also visible for satellites whose manoeuvring behaviour
is more difficult to characterize. In these cases, the detected manoeuvre intervals are not always as
clearly defined as in the previous examples, and the resulting epoch removal may therefore be less
accurate. Nevertheless, the overall improvement remains positive for a large fraction of the analysed
period, indicating that the manoeuvre detector is still capable of identifying and filtering a significant
portion of the manoeuvre-affected observations.

A representative example is provided by SWARM-B. Figures 5.49-5.51 show the evolution of the RMS
error for both ISOPA configurations, the corresponding RMS improvement, and its per-component
breakdown. Although the detected manoeuvre intervals are less sharply defined than in the previ-
ous cases, the manoeuvre-aware solution still outperforms the baseline for most of the analysed time
span. Manoeuvre awareness decreases the position error by an RMS value of 283 m, corresponding to
an improvement of approximately 3% with respect to the baseline ISOPA implementation. Even in this
more challenging case, the component-wise decomposition (Figure 5.51) shows that the along-track
direction remains the one where most of the (smaller) reduction is concentrated, consistent with the
dynamical argument discussed above.

It is also worth noting that the error peaks observed for SWARM-B are both more numerous and sub-
stantially larger than those seen in the previous satellites. This behaviour is likely related to the relatively
high manoeuvre frequency of the satellite. Since each detected manoeuvre removes ten days of train-
ing data, satellites performing manoeuvres every few weeks can rapidly lose a significant fraction of
the available training set. As a result, the amount of nominal data available to ISOPA becomes limited,
potentially reducing the effectiveness of the prediction process. Addressing this trade-off between ma-
noeuvre filtering and training-data availability constitutes an important area for future improvements of
the framework.
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Figure 5.49: Evolution of the RMS of the 3D position prediction error over the 14-day horizon, for the baseline and
manoeuvre-aware ISOPA, for the SWARM-B satellite in 2024.
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Figure 5.50: Evolution of the reduction in the RMS position error (baseline minus manoeuvre-aware) over the 14-day horizon,
for the SWARM-B satellite in 2024.

Per-component improvement (agnostic - aware) over 14-day horizon

—5000 -

E —— Radial (R)

S 15000 —— Along-track (T)

N —— Cross-track (N)

E Suppressed manoeuvre/reset epochs
>

3

3 10000

~

.

@

>

o

o

@ 5000

£

[

>

<

: \ J |
g L
@

<

<]

a

£

o

S

0

=

4

T T T T T T T T T T T T
2024-02 2024-03 2024-04 2024-05 2024-06 2024-07 2024-08 2024-09 2024-10 2024-11 2024-12 2025-01
TLE epoch

Figure 5.51: Evolution of the reduction in the RMS position error per RTN component (baseline minus manoeuvre-aware) over
the 14-day horizon, for the SWARM-B satellite in 2024.



Conclusions and answers to Research
Questions

6.1. Conclusions
The results presented in Chapter 5 support several main findings.

With respect to the algorithm training
» The results demonstrate that meaningful manoeuvre detection can be achieved using only publicly
available TLE data. Despite the inherent noise, estimation errors, and limited physical information
contained in TLEs, the proposed methodology is able to identify manoeuvre-related signatures
with sufficient reliability to support downstream orbit-prediction applications.

A significant fraction of the remaining detection errors appears to be attributable to limitations
in the underlying TLE data rather than to the detection methodology itself. This is particularly
evident in the case of SARAL, where the exclusion of a known problematic interval leads to a
substantial increase in performance. After applying this refinement, the framework reaches its
best overall results,

FYALALL _ 7359 FTBSTALL _ ( 7399 (6.1)

while the high-performing/low-performing partition improves to twelve high-performing satellites
and only one low-performing satellite, apart from the four correctly identified passive satellites.
These results suggest that future gains may depend as much on improvements in the quality of
the available orbital data as on further algorithmic refinements.

» The dominant performance gains originate from progressively richer physical representations of
TLE-consistency information. Moving from the raw baseline score to innovation-based formu-
lations, and subsequently to normalized multi-backstep representations, accounts for most of
the improvement observed on both validation and test datasets. These gains demonstrate that
manoeuvre signatures are more effectively captured when the long-term consistency of multiple
propagated TLEs is explicitly exploited rather than summarized through a single residual mea-
sure. In particular, the tuned whitened innovation score constitutes the best purely physics-based
formulation and provides strong generalization performance, since it offers the most complete rep-
resentation of the information contained in the historical sequence of propagated TLEs.

* The machine-learning branch provides only incremental gains beyond the best physical scores.
Under the current TLE noise regime, the physical representations already capture most of the
exploitable manoeuvre-related information, while the learned correction acts primarily as a mod-
est refinement. This behaviour is consistent with the fact that the model is trained on nominal
epochs that remain affected by TLE noise, orbit-determination errors, and other sources of vari-
ability unrelated to manoeuvres. As a result, the learning algorithm does not observe a perfectly
clean representation of nominal behaviour, limiting its ability to extract highly discriminative fea-
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tures. Nevertheless, the onset-sensitive formulation provides a further consistent improvement
and becomes the best general configuration prior to any satellite-specific refinement.

» The most successful score formulations are those that achieve scale consistency between val-
idation and test datasets. Early approaches, such as the median back-innovation score, may
produce significant discrepancies in score magnitude across data splits, leading to poor thresh-
old transferability and, in extreme cases, complete detection failure. In contrast, the whitened
vector innovation introduces an implicit normalization that stabilizes score distributions over time
and makes threshold-based detection considerably more robust.

 Test performance is consistently higher than validation performance across all evaluated config-
urations. This reinforces the conclusion that the selected parameters do not overfit the validation
subset and that the proposed methodology generalizes well to unseen future samples.

With respect to the long-term behaviour modelling, manoeuvre classification,

and evaluation of unknown satellites
» The behavioural-classification framework successfully separates satellites according to their ma-
noeuvring activity and operational nature, providing a meaningful characterization of long-term
satellite behaviour.

» The algorithm is able to distinguish between frequently manoeuvring, infrequently manoeuvring,
and passive satellites in most cases. When misclassifications occur, they are generally associ-
ated with an overestimation of manoeuvre frequency rather than with missed manoeuvres. From
an orbit-prediction perspective, this represents the most desirable failure mode, since false ma-
noeuvre detections are generally less harmful than undetected manoeuvres.

» The algorithm is able to identify manoeuvre patterns according to both their temporal regular-
ity and directional structure. At the long-term satellite level, however, this classification can be
insufficiently informative in some cases, as summarising several years of manoeuvre activity
using only two aggregate values may conceal significant variations in the characteristics of in-
dividual manoeuvres over time. The classification of individual manoeuvres therefore provides
a more informative level of analysis, as it allows the temporal and directional characteristics of
specific events to be examined directly. Nevertheless, the true operational purpose of an indi-
vidual manoeuvre cannot be determined with certainty from orbital data alone. Distinguishing
between station-keeping activities, collision-avoidance manoeuvres, orbit transfers, and other
mission-specific operations ultimately requires information from the satellite operator. Even so,
the consistency observed across all analysed station-keeping cases is encouraging: the individ-
ual manoeuvres systematically appear as pronounced score peaks emerging from relatively low
and stable noise floors, while also exhibiting clear temporal and directional regularity. Although
not conclusive, these recurring patterns provide the strongest indication of manoeuvre nature that
can be obtained from publicly available orbital data alone.

» The framework is not only designed for supervised evaluation on satellites with known manoeuvre
histories, but can also be applied to previously unseen satellites using only their NORAD identifier
and the desired analysis period. Although quantitative performance assessment is not possible
in the absence of reference manoeuvre data, the resulting classifications remain consistent with
the known operational characteristics of the analysed satellites.

With respect to the integration into ISOPA
» The ultimate value of the proposed framework lies not only in its manoeuvre-detection capability
but also in its operational impact. The integration into ISOPA demonstrates that the detected
manoeuvre information can be translated into measurable improvements in orbit-prediction accu-
racy.

By identifying manoeuvre-contaminated epochs and excluding them from the training process,
the manoeuvre-aware version of ISOPA consistently outperforms the original behaviour-agnostic
implementation. For several satellites, substantial reductions in the RMS of the 14-day position
prediction error were achieved, reaching up to 38% (for SWOT).

» When manoeuvres occur very frequently, the removal of affected epochs may substantially re-
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duce the amount of training data available to the orbit-prediction framework. This can limit the
effectiveness of the prediction process, particularly for satellites performing manoeuvres every
few weeks. Future work could address this issue by refining the way manoeuvre effects are
represented and localized in time by ISOPA, thereby reducing the amount of data that must be
discarded.

The availability of CPF reference ephemerides constitutes a limitation for the evaluation of the
proposed framework. Missing CPF data create extended gaps in the accuracy assessment,
since ISOPA cannot generate valid reference-based prediction-error scores for a significant pe-
riod around each missing epoch. This limits the temporal coverage over which the accuracy of the
resulting predictions can be quantitatively assessed. Nevertheless, this limitation does not affect
the operation of the proposed method itself. CPF ephemerides are used exclusively as reference
truth for evaluating prediction accuracy and are not provided as input to either the manoeuvre-
detection or orbit-prediction stages. The manoeuvre detector operates exclusively on TLE data,
while the manoeuvre-aware training strategy relies only on the detected manoeuvre epochs, apart
from TLE data. Consequently, the complete pipeline, comprising manoeuvre detection followed
by manoeuvre-aware orbit prediction, remains fully operational in the absence of CPF data.

Building on this distinction, a natural direction for future work is the integration of additional or alter-
native sources of reference truth into the evaluation of ISOPA. Operator-provided ephemerides
or GNSS-based precise orbits could complement or replace the CPF ephemerides, extending
the temporal coverage of the accuracy assessment and reducing the evaluation gaps caused by
missing CPF data. A broader and more continuous set of truth sources would enable a more
robust and representative quantification of the improvements achieved by the manoeuvre-aware
approach, and would also make it possible to validate the framework on satellites for which CPF
data are not available. Where several truth sources overlap, suitable interpolation or fusion strate-
gies could be applied.

6.2. Answers to Research Questions

All research questions and subquestions proposed in Chapter 3 have been successfully addressed
through the development, validation, and operational integration of the proposed manoeuvre-detection
framework.

RQl: Manoeuvre Detection Analysis
How can data-driven analysis be used to identify manoeuvre events and characterise satellite
manoeuvring behaviour?

The results demonstrate that manoeuvre events can be identified from publicly available TLE data
through the analysis of propagation residuals. By combining physically motivated anomaly scores with
machine-learning refinements, the proposed framework is capable of detecting manoeuvre-related sig-
natures and characterising satellite behaviour according to both the frequency and operational nature
of the detected manoeuvres.

* Which TLE consistency representations provide the most informative features for manoeu-
vre detection?

The results indicate that the most informative features are the residuals obtained by propagat-
ing seven historical TLEs to a common reference epoch and comparing their predicted states
with the current TLE. The resulting position- and velocity-difference vectors are projected onto
the RTN frame defined by the reference TLE, ensuring that the residuals are expressed in phys-
ically meaningful radial, transverse, and normal directions. These residuals provide information
about the consistency of the orbital evolution over time and are significantly more informative for
manoeuvre detection than the absolute orbital parameters contained in the TLEs themselves.

Furthermore, the results show that manoeuvre signatures are better captured when the complete
temporal structure of the residual history is retained rather than reduced to a single aggregate
statistic. The largest performance improvements were obtained when moving from the baseline
representation to multi-backstep residual representations, and subsequently from simple sum-
mary statistics to formulations that explicitly exploit the full set of historical residuals. Therefore,



6.2. Answers to Research Questions 77

the most effective time-series representations are those that preserve the relative behaviour of
multiple historical backsteps simultaneously, allowing the detector to identify temporal consis-
tency breaks rather than relying solely on the magnitude of individual residuals. In the proposed
framework, a history of seven backsteps was found to provide sufficient temporal context for
effective manoeuvre detection.

* How do different residual-based score representations influence the performance and re-
liability of manoeuvre detection?

The results show a clear progression in performance as more physically meaningful score for-
mulations are introduced. Raw propagation-error scores provide limited discriminative capability,
whereas innovation-based representations substantially improve detection performance by explic-
itly measuring inconsistencies between historical and current orbital states. Additional gains are
obtained through whitening and normalization procedures, which improve score stability across
satellites and time periods. The machine-learning refinement further improves performance, al-
though its contribution remains relatively modest compared with the gains achieved through the
physical score formulations, suggesting that most of the exploitable manoeuvre information is
already captured by the innovation-based features. Finally, onset-sensitive formulations provide
the best general performance by emphasizing the abrupt score increases that typically accom-
pany manoeuvre events. A further improvement is obtained through the SARAL-specific refine-
ment; however, this modification primarily affects a single problematic satellite and has only a
minor impact on the performance of the remaining satellites. This indicates that, although satellite-
specific refinements can improve performance in individual cases, the main gains are obtained
from the general physical formulation of the score rather than from ad hoc corrections.

* How does the presence of outliers affect detection performance, and how can outliers be
mitigated?

Outliers were found to strongly influence score distributions and threshold estimation, thereby
affecting both the stability of the detection scores and the reliability of the resulting thresholds.
Their impact can be mitigated through percentile-based normalization and by separating high-
performing and low-performing satellites during the optimization process.

The SARAL case study further demonstrated that not all outlier-related problems can be effec-
tively addressed through purely statistical corrections. In this case, the anomalous data did not
consist of isolated points, but rather of extended periods of poor and erratic orbital data. These
intervals distorted the score statistics and led to spurious detections. The appropriate mitigation
therefore consisted of identifying and removing the affected periods before the detection stage, so
that score normalization and threshold estimation were based only on trustworthy TLE segments.
Once these intervals were excluded, the detection performance for SARAL, and consequently for
the overall dataset, improved markedly.

This result highlights that the appropriate treatment of outliers depends on their origin and tempo-
ral structure. Isolated anomalous samples may be mitigated through robust statistical processing,
whereas sustained periods of unreliable input data should be identified and excluded before ap-
plying the detection and orbit-prediction stages. Consequently, a data-quality pre-screening step
is recommended when extending the framework to additional satellites, as it can improve robust-
ness and reduce the need for satellite-specific corrections.

* How many subsequent observations (or TLE updates) are required after a manoeuvre to
reliably detect its occurrence?

Since the proposed scores are computed using only past information, a manoeuvre-induced dis-
continuity is expected to appear in the first TLE update following the manoeuvre. In principle,
therefore, a single post-manoeuvre TLE should be sufficient to generate a detectable increase in
the anomaly score.

However, a safety margin of 3600 minutes is introduced to account for the practical way in which
TLEs are generated. The epoch associated with a TLE may result from an orbit-determination
process that uses observations acquired both before and after the manoeuvre. Consequently,
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TLEs located very close to the manoeuvre epoch may not always reflect the discontinuity imme-
diately, and the score peak can appear one or a few updates later. For this reason, the detection
logic allows nearby post-manoeuvre score increases to be associated with the same manoeuvre
event, improving robustness against small timing offsets in the TLE sequence.

* How consistent is the detection performance across different satellites?

Detection performance varies across satellites due to differences in manoeuvring behaviour and
TLE quality. Nevertheless, the final framework achieves consistent performance for the majority
of the analysed satellites, reaching a final partition of twelve high-performing satellites and only
one low-performing satellite. Importantly, the framework is not tailored to a specific set of objects:
the residual, normalization, and scoring logic is formulated in a satellite-agnostic way and, as
demonstrated by its successful application to satellites that did not take part in the tuning, it is
expected to generalize to previously unseen satellites. This generalization should nonetheless
be interpreted with the size of the available sample in mind. The methodology was developed
and assessed on thirteen active and four passive satellites, a limitation imposed by the scarcity
of reliable manoeuvre ground-truth data rather than by the method itself. A broader validation,
enabled by the incorporation of additional satellites and more comprehensive manoeuvre refer-
ences, would be required to confirm the extent of this generalization and to further characterize
its limits.

RQ2: Manoeuvre-Aware Orbit Prediction
How can manoeuvre awareness be incorporated into a hybrid orbit-prediction framework to
improve operational performance?

Manoeuvre awareness can be incorporated by using the manoeuvre detector as a supervisory layer for
the orbit-prediction process. Once manoeuvre-contaminated epochs are identified, they are excluded
from the ISOPA training dataset, ensuring that the prediction model is trained primarily on nominal
orbital evolution. Additional behavioural information regarding manoeuvre frequency and operational
nature can also be extracted and provided to the prediction framework.

* How should detected behaviour classes be used to adapt the prediction strategy within
the ISOPA pipeline?

When a manoeuvre is identified as part of a structured station-keeping pattern, the associated
frequency and directional information can be used to infer how the orbit is expected to evolve
in the future. This information could be provided to the orbit-prediction framework to adapt the
propagation strategy and anticipate future orbital corrections. Conversely, when a manoeuvre is
classified as a larger operational manoeuvre, such as an orbit transfer, collision-avoidance action,
or other mission-specific event, the most appropriate strategy is to disregard the pre-manoeuvre
orbital history and adapt the prediction process to the new orbital configuration.

However, this behaviour-specific adaptation was not implemented within ISOPA during the present
work. Modifying the internal prediction strategy of the framework was considered beyond the
scope of the thesis. Consequently, all detected manoeuvres were treated identically during the
integration phase, and the manoeuvre-awareness information was used exclusively to identify
and remove manoeuvre-contaminated epochs from the training dataset. The results therefore
demonstrate the benefit of manoeuvre awareness itself, while the exploitation of manoeuvre-type
information for behaviour-specific prediction remains an avenue for future work.

» To what extent does manoeuvre-aware adaptation improve prediction accuracy compared
with a behaviour-agnostic orbit-prediction model?

The integration of manoeuvre awareness into ISOPA consistently improves orbit-prediction per-
formance. Depending on the satellite and time period analysed, reductions exceeding 35% in the
RMS 14-day position prediction error were achieved. The results show that the proposed frame-
work is able to identify and remove a large fraction of the epochs associated with pronounced
prediction-error peaks, which are likely caused by manoeuvre-induced dynamical discontinuities,
while preserving most of the epochs characterized by smooth nominal orbital evolution.
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Therefore, the benefits of manoeuvre awareness extend beyond the manoeuvre epochs them-
selves. By removing training samples affected by orbital discontinuities, the prediction model is
trained on a dataset that more accurately represents the nominal dynamics of the satellite. This
results in a more accurate representation of the underlying orbital behaviour and leads to im-

proved prediction performance across the entire time span, including epochs well separated from
manoeuvre events.
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Project Planning

This chapter describes the overall planning of the thesis work, including the work breakdown structure,
the project timeline (Gantt chart), milestone dates, expected deliverables, and the duration of each

project phase.

A.l. Work packages

The following Table A.1 reflects the necessary work packages (WP) for the success of the thesis, as
well as their dependencies and the phase at which they should be completed.

s
3+

Phase

Title

Dependencies

Literature Review

ML theory papers

Literature Review

Classical OD papers

Literature Review

ML OD papers

Literature Review

Classical manoeuvre detection papers

Literature Review

ML manoeuvre detection papers

Literature Review

Gap detection and algorithmic decision

Mid-Term Phase

TLE and manoeuvre labels collection

Mid-Term Phase

Residual generation and feature extraction

Mid-Term Phase

Anomaly scoring algorithm design

Mid-Term Phase

Event detection algorithm design

Mid-Term Phase

Analysis of performance and selection of configuration

Green Light Phase

HMM design

Green Light Phase

Hierarchical agglomerative clustering algorithm design

Green Light Phase

Integration of classifier and detector into ISOPA

Green Light Phase

Assessment of potential prediction improvement

ol ol B ool | 2] o] © »| N|o| o | w| N =T

Finalization Phase

Refinement of thesis report and final deliverables

Table A.1: Work packages for the thesis and their dependencies.

The work packages listed in Table A.1 are grouped into four main phases, each with clearly defined
objectives and tangible outcomes:

1. Literature Review Phase (WP 1-6): It focuses on establishing a theoretical and methodological
basis for the thesis. By the end of this phase, the relevant literature on classical and machine-
learning-based orbit determination, and classical and machine-learning-based manoeuvre detec-
tion will have been reviewed, as well as machine learning theory, in order to provide the reader
with a solid background information. This phase concludes with an identified research gap and a
justified algorithmic strategy.
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2. Mid-Term Phase (WP 7-11): It is dedicated to data preparation and the development of the core
detection methodology. During this phase, TLE datasets and manoeuvre labels are collected,
followed by the generation of consistency-based residuals and the extraction of relevant features.
Based on these inputs, the anomaly scoring framework is designed, progressively evolving from
simple physically motivated formulations to more advanced scoring strategies. Subsequently, an
event detection algorithm is developed to convert the continuous anomaly scores into discrete
manoeuvre events. The phase concludes with a systematic analysis of performance and the
selection of the most suitable configuration based on validation results.

3. Green Light Phase (WP 12-15): It focuses on extending and validating the selected methodol-
ogy, as well as integrating it into an operational context. In this phase, additional modelling layers
are explored, including the design of a Hidden Markov Model (HMM) and a hierarchical agglomer-
ative clustering approach to further structure and refine detection outputs. These components are
then integrated into the ISOPA framework, enabling end-to-end processing from TLE ingestion
to manoeuvre-aware prediction. Finally, the impact of the proposed detection pipeline on orbit
prediction performance is assessed, with the objective of quantifying potential improvements over
behaviour-agnostic baselines.

4. Finalization Phase (WP 17): It is dedicated to refining the thesis and delivering the final results.

This includes finalizing figures and tables, addressing feedback, and producing the final written
thesis and associated deliverables.

A.2. Timeline and Gantt chart

The following Figure A.1 shows the timeline and Gantt chart of all WP. LRP stands for Literature Re-
view Phase, MTP stands for Mid-Term Phase, GLP stands for Green Light Phase and FP stands for
Finalization Phase.



Dec 2025 Jan 2026 Feb 2026 Mar 2026 Apr 2026 May 2026 Jun 2026 Jul 2026 Aug 2026

LRP

11B(0 11URD pUR SUI[aWI], 7'V

0
1 MTP | 9 |
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Figure A.1: Thesis Gantt chart
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A.3. Milestones dates and deliverables

Table A.2 summarizes the milestone dates, the corresponding deliverables, and the duration of each
phase of the thesis project.

Phase Milestone date Deliverables Duration
LRP 18 Dec Written report 17 Nov — 18 Dec
(5 working weeks)
S 19 Dec - 2 Apr
MTP 2 Apr Oral presentation; written report (13 working weeks)
GLP 25 Jun Thesis drfaf_t; short. presentation 7 Apr - 25 Jun
summarizing main outcomes (11 working weeks)
Final thesis document; defence 28 Jun — 31 Jul
FP 31 Jul . .
presentation (4 working weeks)
Defence 14 Aug — —
Table A.2: Milestone dates, corresponding deliverables, and phase durations of the thesis.




ML theory

B.1. Learning paradigms and modelling dimensions

Machine-learning models can be grouped along several independent dimensions. A first axis is the
learning paradigm, which depends on whether ground-truth labels are available during training. In su-
pervised learning, the model receives input—output pairs and learns to predict a target variable, typically
by minimizing an expected risk functional [80]. Both sequence models and feature-based classifiers fall
under this category. In contrast, unsupervised learning assumes that no labels are provided; the goal
is instead to discover structure in the data. These methods learn representations, clusters or anomaly
scores from raw or engineered features without explicit supervision. Semi-supervised learning lies in
between both cases, exploiting small labelled sets together with larger unlabelled sets, although it is
not the main focus here.

A second, independent axis concerns how machine learning interacts with physical models. Hybrid
Physics—ML methods form a separate category because they combine a physics-based model with
a data-driven component that learns residuals, noise properties or latent behavioural representations.
They may internally use supervised models, unsupervised models or both. What distinguishes them is
not the presence or absence of labels, but the role of physics in structuring the learning problem and
constraining the model.

In the present thesis, hybrid Physics—ML approaches receive particular emphasis because the avail-
able datasets consist of residuals and propagated orbital states. For this reason, hybrid methods are
presented separately, as a modelling strategy that complements—rather than replaces—the standard
supervised/unsupervised taxonomy.

B.2. ML model families

B.2.1. Sequence models

B.2.1.1. Long-Short Term Memory (LSTM)

Standard Recurrent Neural Networks (RNN) suffer when dealing with long-term dependencies because
gradients tend to vanish when backpropagated through many time steps [81]. LSTMs address this
issue, introducing a cell state that carries information over long horizons and using gating mechanisms
to control information flow.

Each LSTM has a cell state (¢, long-term memory) and a hidden state (h;, short-term representation).
Three gates regulate updates: the input gate decides how much of the new candidate information enters
the cell, the forget gate decides how much of the previous cell is kept and the output gate decides how
much of the cell state becomes visible in the hidden state.

The key idea is that the cell update combines the old cell state and the new candidate in a nearly linear
way, so that gradients can propagate through time with limited decay.

Inputs for this approach could be time series of orbital elements or residuals and outputs could be pre-
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dicted future residuals, corrections, or anomaly scores. They are especially useful for orbital dynamics
because of their robust handling of long temporal context and ability to model nonlinear couplings, but
they carry a higher risk of overfitting and require higher training and inference cost compared to simpler
models [82].

B.2.1.2. Gated Recurrent Unit (GRU)

GRUs are basically a simplified alternative to LSTM, with fewer gates and a single hidden-state vector.
Input and forget gates are merged into an update gate, and a reset gate controls how much of the past
state is used when computing the candidate update [83]. The update rule mixes the previous hidden
state and the candidate state according to the update gate. This way, it retains the ability to capture
long-term dependencies while reducing the number of parameters and operations compared to LSTMs.

For SSA applications, GRUs work especially well when datasets are relatively small (compared to full
LSTM), latency constraints exist (e.g. near-real-time processing) and hardware resources are limited
(e.g. in onboard applications). In practice, GRUs often match LSTMs while being faster to train and
less prone to overfitting [82, 83].

B.2.1.3. Temporal Convolutional Networks (TCN)

This type of ML framework is tailored for sequences. They use causal convolutions, ensuring that the
output at a certain moment depends only on inputs up to that moment, and dilated convolutions, where
the convolution skips over time steps according to a dilation factor.

By stacking layers with increasing dilation factors, TCNs achieve a large receptive field using few layers.
Residual connections further improve training stability [84]. Because gradients propagate through a
feed-forward computation graph rather than through recurrent connections, TCNs tend to have more
stable gradients and can be easier to train than deep RNNs.

For orbital dynamics, they can model long-term patterns such as periodic perturbations, focus on local
deviations indicative of maneuvers and serve as residual-correction on top of a physical propagator.
Design choices determine how many orbits are effectively seen by the model. It is important to choose
the receptive field length carefully [84].

B.2.2. Feature-based models

B.2.2.1. Decision trees

A decision tree recursively partitions the feature space into axis-aligned regions. At each node, a split
is chosen (feature and threshold) to maximize reduction. Leaves correspond to regions with relatively
homogeneous labels [85].

Trees are highly interpretable: if a path is followed from root to leaf as a sequence of “if-then” rules, one
can identify a trend. For instance: “if residual RMS over 2 orbits > threshold and inferred drag proxy
is high, then classify as maneuver”.

In an SSA context, trees can serve as simple baselines for maneuver detection and interpretable mod-
els operating on features produced by representation learning. However, they tend to overfit if grown
deep without pruning [85].

B.2.2.2. Random Forest (RF)

RFs are ensembles of decision trees trained on randomly resampled versions of the dataset, where
each split considers only a random subset of features [86]. This randomness reduces variance, while
each individual tree remains a high-variance, low bias learner.

Some of the main properties of RFs are that training involves growing many trees, classification pre-
dictions are made by majority vote over the trees and regression predictions are averages over tree
outputs. Results show that RF ensembles substantially reduce variance compared to single trees [86].

In SSA applications, RFs are useful when the input is a set of hand-crafted features (like statistics of
residuals, changes in orbital elements, etc.), when the task is to classify time windows or satellites
into maneuvers vs. no-maneuvers or into maneuver types and when interpretability is needed (feature
importance scores). However, large ensembles can be memory- and computer-intensive.
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B.2.2.3. Gradient-boosted trees

Gradient boosting-e.g., eXtreme Gradient Boosting (XGBoost)-builds an ensemble of shallow decision
trees in a sequential way. Each new tree is trained to predict the negative gradient of the loss with
respect to the current ensemble prediction [87].

The objective combines data fit with regularization terms that control tree complexity. Shrinkage (learn-
ing rate), subsampling and early stopping prevent from overfitting. The fact that they are tree-based,
these methods handle heterogeneous features very well.

In the SSA context, these methods are well suited to datasets of moderate size with tabular features
derived from orbital histories. They perform reliably when the SNR is moderate, when interactions
between features are important, and when strong performance is required together with fast training
and interpretable feature contributions.

B.2.2.4. Support Vector Machines (SVM)

These methods try to find decision boundaries that best separate the classes. Specifically, the one that
leaves the largest margin between them. To do this, they solve an optimization problem that penalizes
misclassifications while keeping the boundary as simple as possible. Since it is a convex problem, the
algorithm is guaranteed to find the global optimum [88].

Kernels are a mathematical trick that let SVMs handle nonlinear data. Instead of relying on the orig-
inal features, kernels let the model work in a higher-dimensional space where classes are easier to
separate.

For SSA, SVMs work well when labelled data is limited but features are informative (summary statistics
of residuals, differences in orbital elements) or when a robust classifier is needed with few parameters.
However, kernel methods scale poorly to very large datasets due to dense kernel matrices.

B.2.3. Unsupervised learning models

B.2.3.1. K-means clustering

K-means separates data into K clusters by minimizing the sum of squared distances between points
and their assigned cluster centroids. The standard algorithm alternates between assigning each point
to its nearest centroid and recomputing centroids as means of their assigned points [89].

Theoretically, K-means converges to a local minimum, finding the global optimum is extremely compu-
tationally hard, but in practice good solutions are often obtained with careful initialization.

For orbital data, K-means is useful for features summarizing residual patterns or orbital elements over
windows. For maneuver detection, they may appear as points that fall far from any centroid. Neverthe-
less, some limitations of this method are that clusters are assumed to be roughly spherical and equally
varianced, and that they are very sensitive to feature scaling and number of clusters.

B.2.3.2. Hierarchical Density-Based Clustering (HDBSCAN)

HDBSCAN is a density-based clustering framework that builds clusters hierarchically organized. It
builds this hierarchy from mutual reachability distances and then extracts a flat clustering that optimizes
cluster stability [90].

With respect to K-means, it can find clusters of varying density and arbitrary shapes and naturally
identifies outliers as points that belong to no stable cluster. It does not require a specific number of
clusters beforehand and is more robust in the presence of irregular cluster structure.

In SSA applications, this algorithm is useful for discovering different behavioural modes in a high-
dimensional space and for automatically identifying anomalous windows or satellites as noise points
[90].

B.2.3.3. Gaussian Mixture Models (GMM)

A GMM models the data distribution as a mixture of Gaussian components, each with its own mean,
covariance and mixing weight. The learning algorithm is Expectation-Maximization (EM). The E-step
consists on computing responsibilities of each component for each data point and the M-step consists
on updating the parameters to maximize the expected log-likelihood [91].
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In a maneuver detection framework, GMM could be used to fit a distribution to nominal behaviour and
then flag samples with low likelihood as anomalies. This approach is useful due to its probabilistic
foundation and interpretable covariance structure, but a Gaussian component assumption may be too
restrictive and the algorithm is prone to converging to local optima [91].

B.2.3.4. Autoencoders (AE)

Autoencoders learn a compressed representation (latent code) of the data by training a neural network
to reconstruct its inputs. An encoder maps the input into a latent code, and then a decoder reconstructs
the original data from this code. Training minimizes reconstruction error [92].

For anomaly detection, it would be useful to train the autoencoder only on nominal data and then,
at test time, reconstruction error would serve as an anomaly score: maneuvering sequences would
reconstruct poorly.

They are also very powerful representation learners: they can form the front-end of hybrid models
where latent space is constrained by physics combined with tree-based classifiers. They are central to
representation-learning-based hybrids in SSA [92, 93].

B.2.3.5. Generative Adversarial Networks (GAN)

GANSs consist of a generator that produces synthetic samples from random noise and a discriminator
that tries to distinguish real from generated samples. Training is formulated as a game where the
generator aims to fool the discriminator, and the discriminator aims to classify correctly. At convergence,
the generator ideally learns to reproduce the data distribution. In practice, training is very challenging
due to issues like mode collapse and instability [94].

For anomaly detection, a GAN can be trained on nominal behaviour, the discriminator could be used
to define an anomaly score and maneuver sequences would tend to be scored as "unlikely” or "fail” by
the discriminator.

Conceptually, they are very powerful combined with physics constraints or residual-learning ideas, but
their complexity and instability often make simpler methods more suitable for these applications [94,
93].

B.3. Hybrid Physics-ML models
B.3.1. Residual learning (Physics-informed ML)

In residual learning, the state evolution is decomposed into a baseline physics-based model (SGP4 or
similar) and a data-driven residual that captures systematic mismodelling. Then, the true next state
is approximated as the physics propagator’s output plus an ML-predicted residual. The ML model is
trained on residuals between propagated and observed states. This turns the problem into a supervised
learning task where labels are residuals.

The benefits of this approach are that the ML model focuses on correction rather than learning the
full dynamics, it preserves physical interpretability, and it can be seamlessly integrated into existing
pipelines [95].

B.3.2. ML-assisted Kalman Filtering
The classical KF provides good estimates for linear Gaussian state-space models. Nevertheless, it
suffers when the model is not accurate for system dynamics and noise covariance.

A hybrid ML-KF approach retains the essence of KF, but uses ML to learn or adapt process and mea-
surement noise covariances based on statistics, to learn bias or unmodelled dynamics and to interpret
innovation sequences to detect maneuvers.

An example is the KalmanNet, where a neural network learns to map innovations, measurements and
predictions to corrections in the Kalman gain or state update, while preserving the KF structure. For orbit
determination, similar ideas could be used: the core propagation and update would remain physically
grounded and ML would handle unknown or time-varying components and help detect regime changes.

The proposed hybridization keeps the best of both approaches: statistical optimality and structure of
the KF and the flexibility of ML [96].



B.3. Hybrid Physics-ML models 94

B.3.3. Latent-space Physics—ML hybrid models

Unlike residual-learning or ML-assisted filtering, latent-space hybrid models operate by first learning a
compressed representation of orbital behaviour and then evaluating physical consistency in this latent
space. The hybridisation therefore occurs at the level of representation rather than in state propaga-
tion or filtering, making these methods suitable for high-dimensional time series in which manoeuvre
signatures or behavioural modes become more separable after nonlinear dimensionality reduction.

In these approaches, unsupervised models (typically autoencoders) compress windows of orbital-element
or residual time series into lower-dimensional latent codes that capture the dominant structure of nom-
inal behaviour [92, 93]. Physics-based constraints or checks are then applied to these latent codes,
and downstream ML models—often clustering methods—identify deviations from the nominal manifold.
Anomalies or manoeuvres appear as latent points lying far from the learned manifold, in density valleys,
or in regions corresponding to physically implausible state changes.



Per-satellite results of the selected
configuration

This appendix provides the detailed per-satellite results for the final selected configuration, correspond-
ing to the onset-sensitive ranker with the SARAL temporal refinement. Results are reported separately
for the validation and test splits. Table C.1 shows the results for the validation set, Table C.2 shows
the results for the test set, and Table C.3 shows the combined results for the whole timespan of each
satellite.

C.1. Validation results

Satellite | TP | FP | FN | Precision | Recall 5
CRYO2 | 97 | 31 | 18 0.758 0.843 | 0.825
ENVI1 55 | 58 | 14 0.487 0.797 | 0.707
HY-2A 30 | 87 | 5 0.256 0.857 | 0.584
HY-2C 21 | 30 1 0.412 0.955 | 0.755
HY-2D 21 122 | O 0.488 1.000 | 0.827
JASO1 26 | 37 | 11 0.413 0.703 | 0.616
JASO2 [ 29 | 20 | 9 0.592 0.763 | 0.721
JASO3 | 20 | 11 | 10 0.645 0.667 | 0.662
SARAL 9 2 0 0.818 1.000 | 0.957
SEN3A | 37 | 20 | 7 0.649 0.841 | 0.794
SEN3B | 37 | 3 8 0.925 0.822 | 0.841
SENG6A 9 7 9 0.562 0.500 | 0.511
SWOT1 | 28 | O 14 1.000 0.667 | 0.714

Table C.1: Per-satellite performance on the validation set for the final selected configuration.
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C.2. Test results

Satellite | TP | FP | FN | Precision | Recall 5y
CRYO2 | 102 | 18 3 0.850 0.971 | 0.944
ENVI1 60 56 | 34 0.517 0.638 | 0.610
HY-2A 19 (103 | 4 0.156 0.826 | 0.444
HY-2C 22 9 0 0.710 1.000 | 0.924
HY-2D 21 5 0 0.808 1.000 | 0.955
JASO1 33 46 | 24 0.418 0.579 | 0.537
JASO2 22 5 14 0.815 0.611 | 0.643
JASO3 36 0 10 1.000 0.783 | 0.818
SARAL 7 16 0 0.304 1.000 | 0.686
SEN3A 91 25 1 0.784 0.989 | 0.940
SEN3B 76 10 7 0.884 0.916 | 0.909
SENG6A 9 0 0 1.000 1.000 | 1.000
SWOT1 18 4 1 0.818 0.947 | 0.918

Table C.2: Per-satellite performance on the test set for the final selected configuration.

C.3. Overall results

Satellite | TP | FP | FN | Precision | Recall 5
CRYO2 | 199 | 49 | 21 0.802 0.905 | 0.882
ENVI1 115 | 114 | 48 0.502 0.706 | 0.653
HY-2A 49 1190 | 9 0.205 0.845 | 0.520
HY-2C 43 39 1 0.524 0.977 | 0.833
HY-2D 42 27 0 0.609 1.000 | 0.886
JASO1 59 83 | 35 0.415 0.628 | 0.569
JASO2 51 25 | 23 0.671 0.689 | 0.685
JASO3 56 11 20 0.836 0.737 | 0.755
SARAL 16 18 0 0.471 1.000 | 0.816
SEN3A | 128 | 45 8 0.740 0.941 | 0.893
SEN3B | 113 | 13 | 15 0.897 0.883 | 0.886
SENGA 18 7 9 0.720 0.667 | 0.677
SWOT1 | 46 4 15 0.920 0.754 | 0.782

Table C.3: Per-satellite performance considering the combined validation and test datasets for the final selected configuration.
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