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Abstract

Rendezvous and proximity operations (RPOs) are a standard class of space operation, increasingly
characterised by dual-use and adversarial potential. When conducted non-cooperatively, the intent
behind an RPO is unknown, complicating threat assessment for operators. This thesis presents a
methodology for inferring RPO intent from observable trajectory data. Five intent classes are defined
from representative mission objectives, and synthetic trajectories are generated for each via multi-
objective optimisation, spanning both low Earth orbit and geosynchronous orbit regimes. An XGBoost
classifier is trained on manoeuvre features extracted from this synthetic dataset to distinguish between
intent classes, and is benchmarked against Random Forest and SVM alternatives. On synthetic data,
the classifier reliably discriminates between intent classes, with accuracy improving as more manoeu-
vres, and thus more trajectory context, become available. Validation against real-world tracking data
shows the same trend but at lower absolute accuracy, revealing a sim-to-real gap that is traceable to
training data. This gap indicates that the synthetic training data does not fully capture the manoeuvre
behaviour of real-world, potentially adversarial chasers, and that closing it will require closer alignment
between simulated and observed RPO dynamics.
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1
Introduction

Rendezvous and proximity operations (RPOs) are a well-established and routine class of orbital activ-
ities, encompassing a broad range of mission types including resupply to space stations, commercial
life-extension services, and coordinated formation flying. However, a new subclass of RPOs is devel-
oping: non-cooperative RPOs, in which one of the actors involved does not actively participate in the
encounter, or is unaware of and does not consent to the other actor’s approach.

These non-cooperative RPOs sit within the broader context of space as a domain of both economic
and military importance. Space provides key enabling technologies, such as global communication,
positioning, and Earth observation data, and the downstream products of these applications form a sig-
nificant part of the global economy: valued at 630.0 Billion US Dollars in 2023, and projected to reach
1,790 Billion US Dollars by 2035 [1]. Space is equally a military domain. It provides critical communi-
cation services for armed forces, supports intelligence gathering and target acquisition, and, through
global navigation satellite systems (GNSS), provides the positioning and timing on which guided muni-
tions and broader military navigation depend.

This dual importance makes space infrastructure an attractive target for hostile action, a risk com-
pounded by its inherent vulnerability. Satellites face natural hazards intrinsic to the space environment,
such as solar radiation, vacuum conditions, and orbital debris, as well as deliberate harmful actions
from adversarial actors. The latter can take several forms, including kinetic physical attacks such as
anti-satellite (ASAT) missiles, non-kinetic physical attacks such as high-powered microwave weapons,
electronic warfare including spoofing and jamming, and cyber attacks such as injection attacks [2].

Non-cooperative RPOs are one such tool for hostile action. The action ultimately undertaken during
an RPO can itself be a form of attack: for instance a cyberattack conducted at close range, or a non-
kinetic disabling action such as dazzling. However, the RPOs documented to date are, for the most
part, intelligence-gathering in nature: either supporting space domain awareness, by observing what
satellites are present and characterising their capabilities, or supporting signal intelligence, by listening
in on communications sent to a target satellite [3, 4].

One of the prominent features of these non-cooperative RPOs is the ambiguity around them. The
mission of the satellite conducting the RPO (the chaser) is typically unknown to the operator of the
target satellite. Although the operator of the chaser satellite may publish a mission statement, the
observed behaviour of the spacecraft often does not align with the expected patterns of life associated
with that mission type. In other cases, the mission description itself is vague, with broad terms like
“technology demonstrator” being used, without specifying what the satellite is undertaking [4].

This ambiguity often leads to suspicion, which is further amplified by the nature of typical target satellites.
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Some of the most common targets are geostationary (GEO) communications satellites and high-value
intelligence or reconnaissance satellites [4, 3]. These systems are either military in nature or possess
dual-use capabilities, which makes operators increasingly cautious when observing any unusual prox-
imity operations.

Effort is thus put into characterising what is happening during these non-cooperative RPOs. Whereas
the detection of an RPO event becomes feasible once the chaser spacecraft has begun manoeuvring,
the timely characterisation of the intent underlying that manoeuvre remains a substantially more difficult
problem. With the inventory of documented non-cooperative RPOs continuing to grow [3], there is an
imperative to classify the intent of such encounters as early as possible. Early intent inference would
enable the operators of targeted spacecraft to assess the nature and severity of the potential threat
and, where deemed appropriate, undertake mitigating actions.

Space Situational Awareness (SSA) is the field that has increasingly turned towards resolving this
ambiguity. SSA is a broad field, encompassing research areas such as sensor design and utilisation,
conjunction analysis, re-entry prediction, and object characterisation; within it, a shift is underway away
from simply maintaining catalogues of resident space objects (RSOs) and propagating their trajectories,
towards understanding the behaviour, intent, and operational context of objects in orbit. This shift
spans the general classification and characterisation of RSOs from radar, optical, spectral, and RF
observations [5, 6, 7, 8, 9, 10], the detection and characterisation of manoeuvres [11, 12, 13, 14, 15,
16], and long-term pattern-of-life modelling [17, 18, 19, 20]. A subset of this work bears directly on non-
cooperative RPOs, such as the estimation of manoeuvre magnitude from close-proximity observations
[15] and the prediction of chaser manoeuvre timing [12].

This thesis is positioned within the field of SSA, addressing the need to understand not only that a
non-cooperative RPO is occurring, but also what it plans to do: the intent behind it.

The purpose of this thesis is to investigate inferring the intent of non-cooperative RPOs at an early
stage. To achieve this, the manuscript is structured as follows: Chapter 2 documents the literature on
the topic of RPOs and of intent inference. Then, in Chapter 3, the research questions are formulated.
Chapter 4 documents RPOs and non-cooperative RPOs alike, to define what classes there are and
how they are executed. Chapter 5 elaborates on both the synthetic and real-world data considered
for intent inference training and assessment. Chapter 6 introduces the intent inference data structure
and models used to perform inference, as well as a preliminary assessment. Chapter 7 covers the
process of matching real-world data conditions, model performance under these conditions, and the
assessment on real-world data. Finally, Chapter 8 discusses the most important results, and the report
is concluded in Chapter 9.



“Basic research is what I am doing
when I don’t know what I am doing.”

Wernher von Braun, A Random
Walk in Science - 1973

2
Literature Review

This chapter documents relevant literature to the field of non-cooperative RPO intent inference. First,
literature related to RPOs in general is document in Section 2.1. This is followed by general intent
inference literature in Section 2.2. This is followed by literature on RPO intent inference in Section 2.3
and the literature gaps on this topic in Section 2.4.

2.1. RPO Literature
Research into RPOs spans a wide field of sub-topics, not all directly relevant to intent inference for non-
cooperative RPOs. Cis-lunar rendezvous, for example, is an established research area in its own right
[21, 22], but beyond offering a potential future orbital domain in which non-cooperative RPOs might
occur, it is not relevant.

More directly relevant is machine-learning-based pose estimation [23, 24, 25, 26, 27], which underpins
a chaser’s ability to determine a target’s orientation from its own perspective – a prerequisite for RPOs
requiring engagement with a specific part of the target, such as grappling. Research into orbital target-
attacker-defender problems [28, 29, 30, 31, 32] is similarly relevant to both sides of a non-cooperative
encounter, whether pursuing a fleeing target or evading a pursuing chaser.

Where the target is not fleeing, RPO trajectory optimisation techniques become directly applicable to the
non-cooperative case. Machine learning is increasingly explored for this purpose [33, 34, 35], alongside
convex optimisation [36, 37] and optimal control formulations such as model predictive control [38, 39],
with direct methods further shown to bemore robust to initial conditions than indirect solving [40]. These
methods, however, can be computationally expensive [38] and often depend on a good initial guess to
converge [41].

Metaheuristics offer a computationally cheaper alternative [42], including Simple Genetic Algorithms
(SGAs) [43, 44], Particle Swarm Optimisation (PSO) [45, 44], and Differential Evolution (DE) [44].
These are further strengthened through hybridisation with one another or with numerical methods [41].

2.2. Intent Inference Models
RPO intent inference leans on the wider field of intent inference for its approaches. This field can be
traced through three main periods, its traditional methods (Subsection 2.2.1), early machine learning
(Subsection 2.2.2), and deep learning (Subsection 2.2.3).
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2.2.1. Rule-Based and Statistical Approaches
Traditional methods include expert systems, which employ rule-based logic to infer underlying plans
from observed facts [46, 47, 48, 49, 50]. The nature of expert systems means that their performance
depends heavily on the implementation, which can require extensive manual tuning. Furthermore,
they cannot take in information which is not part of the implementation of the expert system, and thus
unprecedented or unconventional actions cannot be taken into account at all [50].

Template-based approaches [51] classify behaviour by matching observed actions against a library of
predefined patterns. Their application is best suited to relatively simple, well-characterised contexts,
and they tend to struggle once more intricate dynamics are introduced [50].

Statistical approaches treat observations as evidence for candidate plans, with different frameworks
such as Bayesian conditional probability [52], Dempster-Shafer theory (DST) [53, 54], and Grey Rela-
tional Analysis (GRA) [55].

The strength of Bayesian networks lies in their robust causal reasoning capabilities. However, the
construction and learning process of the network structures requires expert knowledge and extensive
data. For complex plans, the scale and complexity of the network grows significantly, which can hinder
development [52, 56, 50].

DST is similar to a Bayesian framework, but instead of observations being a conditional for a plan,
observations are used as evidence for plans [50, 49]. Furthermore, the framework supports uncertain
propositions and the combination of multiple (conflicting) sources of evidence easily [53, 54]. However,
DST can produce inconsistent results under conflicting evidence and struggles to correlate evidence
across time [50].

GRA, although developed as the framework for a certain type of control system [55], is also used for
intent inference [57, 58, 50]. It works by trying to reconstruct underlying control inputs, and correlate
the control inputs to intent. While GRA allows intent to be inferred from minimal data, it can overlook
intricacies that distinguish between similar intents and needs a relation between intent and control input
[50].

2.2.2. Classical Machine Learning
Early machine learning methods gained prominence over traditional methods for two main reasons;
traditional methods scaled poorly for complex tasks requiring extensive manual configuration of the
architectures used, and the ability to deal with noisy or otherwise sub-optimal data was lacking. Machine
learning models proved to be more suited for these challenges, and could deal with more complex
tasks, and thus a new avenue was opened [50]. Several types of early machine learning models exist,
like Random Forests, Support Vector Machines (SVMs), and Clustering Methods. These methods fall
under classification algorithms, which can be applied to intent characterisation but have other uses as
well.

Random Forests are an ensemble of decision trees; Breiman [59] first developed them to overcome
the limitations of a single decision tree, which can be sensitive to small changes in the input data.
By taking the average result of multiple trees, all randomly and automatically constructed to consider
different features of the input data, a more robust architecture is developed.

SVMs operate by taking data of pre-defined classes or categories, mapping that data to another dimen-
sional space in which the features are more easily distinguished, and then finding a plane separating
the classes [60].

XGBoost is a gradient boosting algorithm, and uses an ensemble of decision trees built sequentially,
with each new tree trained to correct the errors of those preceding it, rather than being constructed
independently and averaged as in Random Forests [61]. This sequential error-correction, combined
with regularisation to control model complexity, allows XGBoost to achieve high predictive accuracy
while remaining computationally efficient.

Clusteringmethods, like K-Means [62], Hierarchical [63], andDBSCAN [64], differ fromRandomForests
and SVMs in that they do not require pre-defined class labels. Instead, they rely on generating group-
ings themselves. The methods differ in how these groupings are made: K-means establishes a ’K’-
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number of groupings based upon iterative calculation of the centroid, while DBSCAN identifies group-
ings based upon the density of data points, allowing for dynamic allocation of the number of groupings.
Their usefulness for intent characterisation is limited, however, as no predefined intent labels can be
assigned during training.

These methods can perform well on limited and structured data but struggle with larger inputs [50], but
conversely can outperform more complex deep learning methods when the input is limited [65].

2.2.3. Deep Learning
Deep learning differs from classical machine learning in that the models are more complex, though no
clear boundary exists [50].

MLPs consists of multiple layers of nodes, where each node from a layer is connected to all nodes
from the next one. At each node, a weighted addition is performed based upon the connections, the
weights for which are learned through training using backpropagation [66]. The issue with these types
of neural networks is that they struggle with input data for which the order and duration is important,
like time series [50]. Due to the limitations of MLPs, more advanced architectures are employed.

LSTMs and gated recurrent unit networks (GRUs) are recurrent neural nets designed to deal with the
ordered nature of time-series. LSTMs utilise a three-gated cell design: input, output, and forget nodes,
alongside hidden states [67]. The cells contain the information the network has about the input series up
to that point, whilst the hidden state contains the current information for this time step. The forget gate
in the cell decides what information from the last cell to forget, the input gate decides what information
from the current step is considered, and the output gate decides how these are combined and outputted
to the next layer of cells. GRUs combine the hidden states and the cells into one, simplifying the model
[68], and it is shown by Chung et al. [69] that the performance of these two methods is practically the
same, for reduced computational effort on the GRU side.

Convolutional networks add a pattern-recognition capability by encoding the input as an image-like
array, learning filters that capture local structure which are then combined into higher-level features
across successive layers [70].

Transformers dispense with recurrence and convolution entirely, instead using self-attention to weigh
every element of the input sequence against every other element directly, rather than passing informa-
tion forward step-by-step or through local filters. This allows global, long-range dependencies to be
captured within a single layer, with the relationships between elements learned from the data rather
than fixed by the architecture [71].

Improvements over base recurrent architectures are common in recent years. Bi-directionality extends
the standard RNN by processing the input sequence in both forward and reverse temporal directions
simultaneously, allowing the model to incorporate future context [72]. SA augmentation allows the
recurrent model to directly attend to any prior state rather than relying solely on the compressed hidden
vector passed between time-steps [72], alleviating the vanishing gradient problem and enabling the
model to capture long-range dependencies. The addition of a convolutional step, typically applied
before the recurrent layers, enables the model to extract local temporal features and patterns across
a sliding window of time steps, providing richer input representations that the recurrent layers then
process sequentially [73]. A transformer step, when incorporated alongside recurrent layers rather
than replacing them, typically appears as a SA sublayer applied to the output sequence, combining
the temporal locality and sequential inductive bias of the RNN with the global context aggregation of
attention [74]. These enhancements are often combined, with architectures such as a convolutional, bi-
directional LSTM with SA (CNN-BiLSTM-SA) [75]. It remains unclear whether these enhanced RNNs
are fairly compared against Transformers, however, as equivalent architectural improvements remain
comparatively underexplored for Transformer-based classification [76].

Whilst Transformers are able to assess the entire input at the same time, which has advantages over
RNNs’ sequential nature, it also limits the performance if certain temporal structures are present. RNNs
need fewer parameters for capturing local temporal patterns, and have an inductive bias preferring
recent information [77]. Transformers capture global patterns easily, but need to learn to capture the
temporal aspect [78]. If recency matters, and if not enough training data is available for the transformer
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to learn the temporal aspect of the data, RNNs will outperform Transformers.

2.3. RPO Intent Inference
The research on intent classification of RPOs is recent and ongoing, as can be observed in the overview
of papers related to the topic in Table 2.1. The papers can broadly be defined by a few aspects: their
definition of intent, how they classify said intent, and the data used for each model. The focus of papers
differs as well, with some proposing entirely new approaches to intent inference, whilst others build on
previous work, improving classification results through refined models.

Table 2.1: Overview of non-cooperative RPO intent recognition literature

Ref. Paper Year Approach Intent Definition Orbital Domain

[79] Automatic Intent Assignment through Estimation of
Proximity Maneuvers

2026 DST Mission Class Agnostic

[80] Intention Recognition of Space Non-cooperative
Targets Using Large Language Models

2026 Machine Learning Mission Class GEO

[81] Intention recognition for space non-cooperative tar-
gets using Kolmogorov-Arnold transformer

2026 Machine Learning Motion Class GEO

[82] Intention inference for spacecraft proximity maneu-
ver using cascaded neural network

2026 Machine Learning Motion Class GEO

[83] Evidential Intent Assignment using Belief States in
the Hill Frame

2025 DST Mission Class Agnostic

[31] Detecting Satellite Maneuver Intent Using Game
Theory

2025 Game Theory Threat Index Agnostic

[84] Inferring Spacecraft Maneuver Intention via Inverse
Optimal Control

2025 Inverse Optimal
Control

Mission Class Agnostic

[85] Intention inference for space targets using deep
convolutional neural network

2025 Machine Learning Motion Class GEO

[86] Orbital motion intention recognition for space non-
cooperative targets based on incomplete time se-
ries data

2025 Machine Learning Motion Class MEO, GEO

[73] Orbital Behavior Intention Recognition for Space
Non-Cooperative Targets Under Multiple Con-
straints

2025 Machine Learning Motion Class GEO

[75] An intelligent hierarchical recognition method for
long-term orbital maneuvering intention of non-
cooperative satellites

2025 Machine Learning Motion Class MEO, GEO

[87] Intention recognition method for spatial non-
cooperative target based on improved random
forest

2025 Machine Learning Motion Class GEO

[74] BiGAT: A Model for Recognizing Motion Intentions
of Space Non-cooperative Targets

2025 Machine Learning Motion Class GEO

[88] Developments for the Characterization of Space-
craft Proximity Operations for Improved Space Sit-
uational Awareness

2024 Machine Learning Mission Class Agnostic

[89] Spatial Non-cooperative Target Behavior Intent
Recognition Based on Data Generation and Deep
Neural Networks

2024 Machine Learning Motion Class LEO

[90] Research on Intent Recognition Method for Non-
Cooperative Satellite Based on LSTM Network

2023 Machine Learning Motion Class GEO

[91] Deep neural network for non-cooperative space tar-
get intention recognition

2023 Machine Learning Motion Class GEO

[72] An intention inference method for the space non-
cooperative target based on BiGRU-Self Attention

2023 Machine Learning Motion Class GEO

[92] Predicted Intent Inferred from Real-time Ren-
dezvous and Proximity Behavior

2022 Machine Learning Mission Class GEO

[93] Threat Analysis Methods of Actively Approaching
Spacecraft

2022 Game Theory Threat Index GEO

2.3.1. Definitions of RPO Intent
The definition of intent used in the papers from Table 2.1 differs from paper to paper. These definitions
can be categorised into three groups: Threat Index, Motion Class, and Mission Class.
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The simplest of these is the Threat Index, utilised by He et al. [31] and Wu and Zhang [93]. Rather than
classifying a specific behaviour or task, these papers reduce intent to a single scalar parameter. This
parameter indicates the likelihood of an RPO occurring, based upon previously observed behaviour of
a satellite relative to a target. It offers no further insight, such as when the RPO would occur or what
the chaser satellite would do once it reaches the target. Intent is thus defined simply as intending to
perform an RPO.

The most prevalent definition in the literature is that of Motion Classes, used by [81, 82, 85, 86, 73,
75, 87, 74, 90, 91, 72]. Under this definition, intent is characterised by the specific trajectory a chaser
satellite follows relative to the target. Typical motion classes include Circular Fly-around, Spiral Fly-
around, Drip-style Fly-around, Approach and Interception, Distance-based Evasion, and Follow and
Company [87], though the exact set varies considerably among authors. The number of classes defined
ranges from a handful up to 38 distinct categories [86]. Some authors further delineate their classes by
incorporating additional parameters, such as the lighting conditions used by Yu et al. [81]. For these
papers, intent is thus defined as the relative motion and is not linked directly to an action or purpose
that motion could indicate.

The Mission Class definition of intent instead focuses on inferring the operational objective of a chaser
spacecraft. The considered intents in this category differ per paper, with Balo et al. [79] and Balo, Ku-
mar, and Soderlund [83] distinguishing between five categories: Coverage, Docking, Signalling, Flyby,
and Rendezvous, whilst at the more extreme end Jing et al. [80] defines ten categories: Detection,
Surveillance, Interference, Negotiation, Observation, Assistance, Deterrence, Support, Experiment,
and Attack. Here, intent is thus defined as the actual purpose or task underlying the RPO.

Whilst all these definitions of intent have their own use, some are more useful than others. The Threat
Index is good at indicating whether a satellite is approaching a target, but insights stop there: there is
no indication of why a non-cooperative satellite approaches the target, nor any further characterisation
of what the close approach might look like. Motion Classes offer more insight into what movement the
satellite is performing, but not why it might be performing it. The usefulness of excessive distinction
between slightly different motions (such as Forward Drip-style Fly-around versus Reverse Drip-style Fly-
around in [86]), however, is not justified in the literature. This focus on minute differences has also been
criticised by Chen et al. [73], who argues that such papers miss the point of intent inference because
they are “focusing excessively on minor differences in actions while overlooking the possibility that such
actions may share the same underlying intent”. Similarly, Balo et al. [79] criticises Motion Classes as a
definition of intent because “the definition tends to conflate maneuvers and intents”, which is why their
work instead utilises Mission Classes, as these provide the most insight among the three definitions.

Mission Classes themselves, however, are not without their own shortcomings. Depending on the
intents included and the paper in question, it is often unclear why a particular behaviour is classified
under a given intent. In the works of Balo et al. [79] and Balo, Kumar, and Soderlund [83], the authors
manually link motions and approach angles to specific intents but do not justify these links against
real-world observed cases. A similar issue arises in Jing et al. [80], where it remains unclear what
meaningfully separates closely related categories such as Detection and Surveillance.

2.3.2. Approaches to RPO Intent Inference
The approaches to intent inference differ per paper and by the type of intent being classified. Once
again, three broad categories arise: derived features, probabilistic methods, and machine learning.

Derived features represent the simplest approach to intent inference and are used exclusively by the
Threat Index papers. This approach considers the theoretical time of flight and∆V required for an RPO.
He et al. [31] infer intent by tracking changes in the minimum Lambert rendezvous time achievable
under a fixed ∆V budget, increasing the threat index after a manoeuvre that decreases time of flight.
The threat index thus increases (indicating an RPO is more likely to occur) when the rendezvous time
decreases per manoeuvre, and the method can account for multiple manoeuvres. Wu and Zhang [93]
instead define the threat index as a weighted combination of the total ∆V and time of flight from two-
impulse Lambert solutions over a bounded set of feasible rendezvous times, with the index increasing
after anymanoeuvre that reduces either quantity. Whilst these derived features are central to the Threat
Index approach, they could equally be used as engineered features for other methods.
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Motion Classes and Mission Classes are typically inferred using more complex approaches that allow
for the incorporation of more data. One such approach is the use of probabilistic methods, under which
DST and Bayesian neural nets fall.

DST [53] accumulates evidence from observed chaser motions to infer intent [83, 79]. Motions defined
relative to the target spacecraft are treated as evidence supporting one or more Mission Classes, ac-
commodating conflicting evidence and shared explanations across tasks. Balo, Kumar, and Soderlund
[83] directly link motion classes to tasks and update belief based on motion persistence, although this
formulation struggles to distinguish between tasks with overlapping underlying motions. Balo et al. [79]
extend this by introducing support functions that incorporate additional attributes, including duration,
orientation, and approach angle, to improve discrimination between closely related tasks. The main
limitation of this approach is the need for manual linking of motion classes to intents; the support func-
tions also require careful expert tuning, for which Balo et al. [79] suggest machine learning as a possible
avenue of automation. In turn, Bala [88] demonstrate the use of Bayesian neural nets, which represent
a combination of probabilistic methods with machine learning.

The most common approach in the literature is machine learning, with a wide array of architectures
employed [92, 80, 81, 82, 85, 86, 73, 75, 87, 74, 90, 91, 72]. These generally employ deep learning
architectures such as RNN variants and Transformers, trained on labelled datasets to classify intent; an
overview of these model architectures is given in Table 2.2. Many of these papers share a significant
common heritage: those focusing on motion classes via machine learning trace their origin to Wu and
Zhang [93], a Threat Index paper. These papers build upon one another, differentiating themselves
mainly by the machine learning architecture used and the number of intents distinguished. Overall,
they demonstrate the considerable potential of machine learning models for classifying different intents,
with high accuracies achieved on their synthetic datasets. The relative performance of each method
within a paper can be observed in Table 2.2, with more advanced architectures generally performing
better. What remains unclear from these results, however, is their applicability to real-world operations,
and whether the synthetic datasets used are representative of real-world conditions.

A unique approach to intent inference is that of inverse optimal control by Goulet et al. [84]. In this paper,
the optimal control policy underlying an approach is inferred from observations of that approach. The
optimal control is determined for the following intents: Rendezvous, Collision, Inspection, Departure,
and V-Bar Perch, where V-Bar Perch is defined as moving to the same orbit with a phase difference.
Each intent has its own objective function, and trajectories are generated through an optimal control
policy, with combinations of intents possible. Simulated observations are made of the trajectories, from
which the optimal control policy is inferred in the form of weights for each trajectory.

2.3.3. Data used for RPO Intent Inference
The datasets used for both training and evaluating machine learning models are a fundamental as-
pect of intent inference. Owing to the limited availability of high-quality labelled data (see Chapter 4),
all reviewed studies rely on synthetic datasets. However, these datasets differ considerably in their
construction and underlying assumptions. Several characteristics distinguish the datasets used in the
literature, including the dynamic model employed, the orbital regime considered, the simulated time
frame, the source and type of observations, the quality of the generated data, and the relationship
between the generated trajectories and the assigned intent labels.

The choice of dynamic model largely determines the realism of the simulated trajectories and the ex-
tent to which they represent real-world spacecraft behaviour. The most commonly used model is the
Clohessy–Wiltshire (CW) equations, which linearise the relative equations of motion about a circular
reference orbit. Their simplicity enables the generation of deterministic trajectories from a set of initial
conditions, making them well suited for constructing Motion Classes. Furthermore, the CW framework
allows for the formulation of derived dynamics that can be exploited by optimal control approaches [84,
75]. However, the applicability of the CW equations is limited, as the linearisation assumptions are
only valid when the reference orbit is circular, the relative distances are small compared with the orbit
radius, and the time-scales considered are short [94, 95]. Consequently, datasets generated using this
model may not accurately capture long-duration or highly non-linear rendezvous scenarios.

The orbital regime represented in the datasets also varies across the literature. Most studies focus
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Table 2.2: Machine learning methods used for intent recognition; column ranking indicates relative performance within the
row’s paper.

Ref. Paper Year 1st 2nd 3rd 4th 5th 6th

Jing et al. [80] Intention Recognition of Space Non-
cooperative Targets Using Large
Language Models

2026 LLM

Yu et al. [81] Intention recognition for space
non-cooperative targets using
Kolmogorov-Arnold transformer

2026 KAT Transformer GRU RNN LSTM

Zhang et al. [82] Intention inference for spacecraft
proximity maneuver using cas-
caded neural network

2026 Cascaded TCN-
SA

TCN-SA BiLSTM-SA BiGRU-SA TCN Transformer

Li, Yang, and
Luo [85]

Intention inference for space targets
using deep convolutional neural net-
work

2025 CNN

Sun et al. [86] Orbital motion intention recognition
for space non-cooperative targets
based on incomplete time series
data

2025 BiGRU-SA BiGRU BiLSTM GRU LSTM RNN

Chen et al. [73] Orbital Behavior Intention Recogni-
tion for Space Non-Cooperative Tar-
gets Under Multiple Constraints

2025 CNN-LSTM-SA LSTM-SA CNN-LSTM CNN LSTM SVM

Yuan et al. [75] An intelligent hierarchical recog-
nition method for long-term or-
bital maneuvering intention of non-
cooperative satellites

2025 CNN-BiLSTM-
SA

CNN-BiLSTM BiLSTM-SA BiLSTM LSTM

Zhao [87] Intention recognition method for
spatial non-cooperative target
based on improved random forest

2025 Improved RF CNN GRU LSTM XGBoost RF

Sun, Zhao, and
Dang [74]

BiGAT: A Model for Recognizing
Motion Intentions of Space Non-
cooperative Targets

2025 BiGAT Transformer BiGRU-SA

Yu et al. [89] Spatial Non-cooperative Target Be-
havior Intent Recognition Based on
Data Generation and Deep Neural
Networks

2024 SAE-GRU LSTM GRU-FCN SAE MLP

Bala [88] Developments for the Characteriza-
tion of Spacecraft Proximity Oper-
ations for Improved Space Situa-
tional Awareness

2024 BNN

Zhang et al. [72] An intention inference method for
the space non-cooperative target
based on BiGRU-Self Attention

2023 BiGRU-SA BiGRU-Att BiLSTM-Att BiGRU GRU MLP

Sun and Dang
[91]

Deep neural network for non-
cooperative space target intention
recognition

2023 MLP

Yihan et al. [90] Research on Intent Recognition
Method for Non-Cooperative Satel-
lite Based on LSTM Network

2023 LSTM

Kelecy et al.
[92]

Predicted Intent Inferred from Real-
time Rendezvous and Proximity Be-
havior

2022 Transformer

exclusively on the GEO environment, while a smaller number additionally consider medium Earth orbit
(MEO), and only a single study investigates intent inference in low Earth orbit (LEO), despite both GEO
and LEO being operationally important environments for non-cooperative rendezvous and proximity
operations. The reasons for this imbalance are not explicitly discussed in the literature.

The temporal extent of the simulated data is closely related to both the adopted dynamic model and
the definition of intent. Because the validity of the CW equations is inherently limited in time, studies
relying on this model typically simulate trajectories only over relatively short durations, typically hours
(for example, four hours in [81]). As a result, approaches based on Motion Classes are generally limited
to comparatively short prediction horizons. In contrast, the Threat Index papers evaluate intent over
sequences of manoeuvres and therefore employ considerably longer simulation windows, with lead
times extending from days to months (for example, cases of two days and three months in [31], with
mixed results). The duration of the simulated trajectories directly determines how far in advance of the
closest approach intent can be inferred.

Another important distinction lies in the simulated observation source. Some studies attempt to model
the sensing process itself by generating measurements that correspond to realistic observation plat-
forms. These platforms may either be ground-based sensors or sensors located on the target space-
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craft. In the former case, both the chaser and target spacecraft are observed from the ground, with
measurements corresponding to raw observations. In the latter case, the target spacecraft performs
the observations, which naturally limits the available lead time because observations are typically as-
sumed to become available only once the chaser is within a specified range. The resulting observables
differ between studies and may include azimuth and elevation angles, range, relative velocity, or com-
plete Cartesian relative position and velocity states. Other approaches remain observation-agnostic
and instead assume that some form of processed state information is already available.

The quality of the simulated observations also differs substantially between studies. Some studies train
and evaluate their models using idealised datasets without measurement noise or observation gaps,
whereas others explicitly incorporate sensor noise, missing observations, or incomplete measurement
sequences. Since operational space surveillance data are inherently imperfect, accounting for these
effects is essential when assessing the practical applicability of intent inference methods.

Finally, the relationship between the generated trajectories and the associated intent labels differs de-
pending on the type of intent being inferred. For Motion Classes, this relationship is relatively straight-
forward, as the trajectory shape is directly determined by the initial conditions. Variations of these initial
conditions can therefore be used to generate diverse examples belonging to the same motion class.

For Mission Classes, establishing this relationship is considerably more challenging. Approaches that
infer mission intent through intermediate Motion Classes must define how combinations of motion pat-
terns correspond to higher-level mission objectives, although the literature generally provides limited
justification for these mappings. Studies that define Mission Classes independently of Motion Classes
instead employ one of two approaches: objective-function-based trajectory generation, or matching to
observed real-world behaviour. The latter is done by reproducing observed spacecraft behaviour while
simulating the corresponding measurements [92]. A key limitation of this method is the very limited
number of representative examples available for each intent class, which is likely to increase the risk
of overfitting. In contrast, other approaches generate trajectories by optimising predefined objective
functions [84]. Although the resulting trajectories are physically meaningful, the interpretation of the un-
derlying objectives in terms of operational intent is not always straightforward. For example, combining
a distance-minimisation objective, which promotes close approach, with a circling objective produces
a trajectory whose optimisation objectives can be identified by an SSA operator, yet the operational
meaning of this combination remains ambiguous.

2.3.4. Unique Contributions of Machine Learning RPO Intent Literature
Yuan et al. [75] employ Motion Classes, similar to several related studies, but extend this concept by
introducing “long-term intent”, which corresponds to a higher-level categorisation analogous to Mission
Classes. Rather than predicting Mission Classes directly, the long-term intent is inferred from combina-
tions of Motion Classes. This hierarchical relationship is reflected in their machine learning architecture,
where one network is trained to recognise Motion Classes, while a second network aggregates these
predictions to infer the long-term intent.

To enable this hierarchical classification, the trajectory data must first be divided into pre- and post-
manoeuvre segments so that the Motion Class following each manoeuvre can be identified. Although
the authors describe the resulting prediction as “long-term” intent, the prediction accuracy decreases
substantially with increasing prediction distance. The Motion Class classifier achieves less than 60%
accuracy at a distance of 16 km, while the long-term intent classifier falls below 60% accuracy at ap-
proximately 14 km.

Sun et al. [86] investigate the performance of their machine learning model under conditions of in-
complete observations. The authors argue that when both position and velocity measurements are
available, the future orbit of a target can be determined analytically, eliminating the need for a machine
learning-based approach. Consequently, they focus on scenarios in which only partial information is
available, considering datasets containing exclusively position, angular, or range measurements. The
study further evaluates the influence of the observation interval by considering three sampling strate-
gies: equal time intervals, random time intervals, and marked time intervals. In the latter case, obser-
vations are collected at random intervals, but the elapsed time between consecutive measurements is
included as an additional input feature.
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Position- and angle-based observations achieve near-perfect classification accuracy when sampled at
equal time intervals, whereas range-only observations perform poorly, never exceeding 17% classifi-
cation accuracy. Overall, equal time interval sampling yields the highest performance, while random
sampling significantly reduces classification accuracy. Including the elapsed time information largely
compensates for this degradation, producing results that approach those obtained with uniformly sam-
pled observations.

Furthermore, the authors introduce two retraining strategies, referred to as two-body training and noise
training. In both cases, a model initially trained on noise-free trajectories propagated using the CW
equations is fine-tuned for a limited number of additional epochs using a modified dataset. For two-
body training, the fine-tuning dataset is generated using two-body dynamics, whereas noise training
introduces measurement noise into the observations.

The results demonstrate that the proposed retraining strategies allow the models to adapt rapidly to
the modified data distributions, requiring only 2–5 additional training epochs compared with nearly
100 epochs for the initial training. Following two-body retraining, the classification accuracy improves
from the low-80% range to approximately 95% on a two-body testing dataset. Similarly, noise retraining
increases the classification accuracy from roughly 35% to the low-70% range for a noisy testing dataset.

Yu et al. [89] generate synthetic trajectory data differently from most prior work. Their dataset consists
of orbital trajectories representing three intent classes: orbit maintenance, rendezvous, and inspec-
tion1. Rendezvous trajectories are generated using Lambert transfers to approach the target, inspec-
tion trajectories use relative orbital elements to establish a circumnavigation orbit around the target
before transferring onto it, and orbit-maintenance trajectories are generated by temporarily offsetting
the chaser’s own orbit (through changes in altitude and/or inclination) before returning to the nominal
orbit.

The trajectories are generated by randomly sampling physically plausible initial conditions. For the
rendezvous and inspection classes, both the target and chaser orbital elements are sampled from
predefined ranges in LEO to MEO. The transfer time is randomly selected between one-third and one-
half of the orbital period, after which a Lambert transfer is computed. For the inspection class, an
additional relative orbit is defined using relative orbital elements corresponding to a circular inspection
orbit with a radius of 5 km to 10 km around the target. For the orbit-maintenance class, the same initial
orbital element ranges are used, after which the chaser is subjected to a random altitude change of
3 km to 10 km or an inclination change of 0◦ to 10◦ before returning to its nominal orbit.

The resulting dataset contains a time series of the absolute state of both spacecraft. At each time step,
the model receives the position, velocity, altitude, longitude, and latitude of both the target and chaser,
yielding an 18-dimensional feature vector. This (N, 18) vector is used for classification, with the entire
sequence being used as input.

Bala [88] is not only unique for its use of a Bayesian neural net, but also for its use of exogenous
variables. Exogenous variables in this case are properties of either the target or the chaser. In the
research, Bala [88] consider the owner of the chaser satellite, the North American Aerospace Defense
Command (NORAD) identifier (ID), and up to two payloads onboard the chaser. These exogenous
variables aid in distinguishing intent, mostly due to the payload information. Payloads including robotic
arms, cameras, or extra fuel tanks are the main driving information. The payload information allows
for discerning intent for an already identified Motion Class, bringing the paper to Mission Class intent.
What is not investigated, however, is whether the Motion Class does actually occur for the givenMission
Class. Furthermore, how this payload information would be acquired in real-world operations is not
investigated.

The intent inference approach from Goulet et al. [84] is unique among the body of literature considered.
Optimal control for data generation is also used by Yuan et al. [75], but turning the optimal control
problem around to use it for intent inference is not done elsewhere for non-cooperative RPOs, and this
approach falls under the category GRA from Section 2.2. One issue with the approach, however, is its
interpretability. Trajectories are generated according to the objective functions, but multiple objective

1Inspection is sometimes translated as “fly-by”, but from the description of the trajectory it is a circular motion around the
target.
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functions can be combined together. There is, for example, the combination of the rendezvous and
inspection intents, which produces an inward spiralling motion. An operator using this method would
get, if the method worked, an indication that the control program had a weight for inspection and for
rendezvous. But what this combination of weights means is up to the operator to discern. Furthermore,
the method does not actually work for this case, with the weight for rendezvous not converging to a
stable value.

2.4. Literature Gaps
A fundamental limitation of the current literature is the definition of intent itself. Most studies focus on
Motion Classes, which, although useful as an intermediate representation, do not represent the true
intent of a spacecraft. Rather than describing why a satellite performs a manoeuvre, Motion Classes
merely characterise how it moves. Mission Classes provide a more meaningful representation of opera-
tional intent, yet the existing literature considers them only to a limited extent, with minimal justification
as to why a given behaviour constitutes an intent. Evaluating the link between real-world observed
behaviour and the intent behind it, and building a classifier that is trained on data that tries to mimic
real-world behaviour, would constitute a significant addition to the literature.

A second limitation concerns the orbital regimes considered during model development. The existing
literature is heavily concentrated on GEO. While some studies explicitly restrict their scope to GEO,
others do so implicitly by generating training data using only GEO-representative altitude ranges. A
small number of studies additionally consider MEO (5000 km altitude in [75] and 7000 km in [86]), and
only one considers LEO [89]. This lack of literature in this regime is particularly noteworthy, as LEO
contains the majority of operational satellites and therefore represents the environment in which non-
cooperative rendezvous and proximity operations are most likely to occur. A plausible explanation is
the increased complexity of LEO dynamics, where atmospheric drag, higher-order gravitational pertur-
bations, shorter orbital periods, and a greater diversity of orbital planes could complicate both trajectory
generation and model performance. Nevertheless, real-world examples such as the Russian NIVELIR
programme (see Chapter 4) demonstrate that non-cooperative RPOs in LEO are operationally relevant.
Extending intent recognition frameworks across domains therefore remains an important research gap.

Another important limitation lies in the generation of training data. Most studies assume that both de-
tection and classification are performed onboard the target spacecraft, thereby restricting the available
observations to close-range relative state measurements. This assumption excludes operationally rel-
evant observation sources such as ground-based sensors and third-party space-based surveillance
systems. Furthermore, the majority of studies generate trajectories using either the CW equations or
two-body dynamics initialised with CW-derived conditions, neither of which fully captures the complexity
of real orbital environments. As demonstrated by Sun et al. [86], models trained using CW-propagated
trajectories exhibit a substantial reduction in performance when evaluated on trajectories generated
using two-body dynamics due the the effects of the linearisation assumption in CW-equations, illus-
trating the limited generalisability of such datasets. Kelecy et al. [92] adopt a more realistic approach
by basing their simulations on historically observed spacecraft behaviour. However, their dataset con-
tains only a small number of representative examples with limited variability, increasing the likelihood
of overfitting while also restricting the diversity of represented intent classes. Developing datasets that
incorporate higher-fidelity dynamics and longer observation windows prior to closest approach would
address several of these shortcomings simultaneously.

Furthermore, the current literature relies almost exclusively on relative state time series for intent in-
ference, using the observed trajectory as the sole source of information. Although manoeuvres are
implicitly reflected in these trajectories, no reviewed study explicitly incorporates manoeuvre detec-
tion or changes in orbital elements as model inputs, despite these quantities being directly informa-
tive of spacecraft intent. Moreover, exogenous information, including launch history, country of origin,
previous operational behaviour, and known spacecraft capabilities, is almost entirely ignored. Such
contextual information could provide valuable prior knowledge and improve classification performance,
particularly during the early stages of an encounter when relatively little trajectory information is avail-
able. However, when it is implemented, the operational availability is questionable. Full information on
the exact payloads of non-cooperative chasers is most likely not freely available in most cases.



2.4. Literature Gaps 13

Related to this is the limited attention given to early intent recognition. With the partial exception of Yuan
et al. [75], which evaluates classification performance at detection distances of up to 16 km, none of
the reviewed studies investigate how accurately intent can be inferred well before the closest approach.
From an operational perspective, however, early warning is considerably more valuable than high-
confidence classification shortly after an encounter. Future work should therefore characterise how
classification performance evolves as a function of lead time and determine the minimum observation
window required for reliable intent recognition.



“The only way of discovering the lim-
its of the possible is to venture a little
way past them into the impossible.”

Arthur C. Clarke, Profiles of the
Future: An Inquiry into the Limits of

the Possible - 1973

3
Research Questions and Thesis Scope

This chapter defines the research questions of the thesis and their currently defined scope. Section 3.1
contains the formulation of the research questions and the aim of each.

3.1. Research Question Formulation
The research conducted in this thesis is guided by the following main research question (MQ).

Main Research Question

MQ: How can the intent of a non-cooperative satellite’s rendezvous and proximity operation be
inferred early?

The purpose of the thesis relates to the intent characterisation of non-cooperative RPOs. For this, three
main things need to happen: non-cooperative RPOs need to be defined and characterised, represen-
tative data of non-cooperative RPOs needs to be generated, and a model to infer intent needs to be
trained and assessed. Once this has been done to a sufficient level, the model itself can be further
investigated, addressing questions such as what quality the input data needs to be and whether the
model can be deliberately fooled. The research questions (RQs) relate to these topics and follow in
part from the literature gaps identified in Chapter 2.

3.1.1. Characterisation of Non-Cooperative RPOs
Sub Research Question 1

RQ 1: What observable characteristics define non-cooperative rendezvous and proximity oper-
ations in Earth orbit?

The answer to this research question forms the basis for which intents to consider, how to simulate
them, and how to obtain real-world validation data.

3.1.2. RPO Data Generation and Representation
Sub Research Question 2

RQ 2: How can synthetic datasets of non-cooperative RPO trajectories be generated and rep-
resented to enable intent inference?

14
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This question arises from the observed literature, which trains models on synthetic data due to a lack of
real-world data. However, the literature shows a gap for early intent inference, partly due to the training
data used, which necessitates a different generation process and potentially a different representation
of the data to enable early intent inference.

3.1.3. Machine Learning for Intent Prediction
Sub Research Question 3

RQ 3: Which machine learning model architectures are suitable for inferring intent in non-
cooperative RPO scenarios?

Whilst the literature shows recurrent neural networks and transformer architectures performing well,
this is in part due to their data input. With a potentially new synthetic data structure, an investigation
into which model performs best on this structure is required.

3.1.4. Data Degradation
Sub Research Question 4

RQ 4: How does the performance of the intent prediction model degrade under non-ideal data
conditions?

The literature shows that degradation does hinder classification performance, but this has not been
investigated in the context of early intent inference. There is thus a need to understand the effects of
degradation on such a model.

3.1.5. Real World Performance
Sub Research Question 5

RQ 5: How does the model perform on real world (non-cooperative) rendezvous and proximity
operations?

The literature does not evaluate model performance on real-world data, cooperative or non-cooperative
alike. This is partly due to a lack of real-world data availability, but assessing performance on even a
limited number of real-world cases can give insight into how a model performs in practice and where
improvements are required.



“If you know the enemy and know
yourself, you need not fear the re-
sult of a hundred battles. If you know
yourself but not the enemy, for every
victory gained you will also suffer a
defeat. If you know neither the en-
emy nor yourself, you will succumb
in every battle.”

Sun Tzu, The Art of War - 5th
century BC 4
Characterising Non-Cooperative RPOs

To infer the intent of a non-cooperative RPO, a model requires an understanding of what such an
operation looks like in practice. This chapter builds that understanding in three steps: Section 4.1
reviews what has historically occurred, Section 4.2 examines specific RPO examples in detail, and
Section 4.3 closes the chapter by combining these observations into the intent categories used by the
model, along with the reasoning behind them.

4.1. A Non-Extensive Overview of Non-Cooperative RPOs
Information on non-cooperative RPOs is available in the open source, with extensive overviews pro-
vided by the Center for Strategic and International Studies [3, 96] and the Secure World Foundation [4].
However, these assessments rely on open-source analysis, observations from hobbyists, public state-
ments, reports from government officials, and, analyses of open-source tracking data. This reliance
limits the certainty of the assessments: what a satellite did, and how it did so, can be inferred from what
is observed, but no public confirmation of intent is available.

Drawing on this open-source record, Table 4.1 presents an overview of non-cooperative RPOs to date.
It covers both actual non-cooperative RPOs, cases where the target operator was not involved in plan-
ning the encounter, and domestic technology demonstrators, which either directly demonstrated non-
cooperative RPO behaviour or showcased dual-use technology capable of enabling it.

16
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Table 4.1: Known or suspected non-cooperative RPO satellites and programmes. Entries under Other anomalous behaviour did not conduct confirmed RPO against foreign assets but displayed activity
consistent with inspector or counter-space roles, or have uncertain classification.

Name Origin Target(s) Target Origin Years Active Description Sources

Russian GEO eavesdropping satellites

Luch / Olymp-K 1 Russia Express AM-33, Intel-
sat 901, Intelsat 905,
Intelsat 10-02, Eutel-
sat 10A, Intelsat ND,
Paksat 1R, Turksat 4A,
Eutelsat 28B, Turksat 4B,
NSS-12, Intelsat 906, In-
telsat 33E, Intelsat 17,
Intelsat 20, Eutelsat 70B,
Eutelsat 5W, Eutel-
sat 8W, ABS 3A, Az-
erspace 2, Intelsat 39,
Intelsat 37E

Russian;
Luxembourgish-
American;
French; Pak-
istani; Turkish;
Luxembourgish;
Hong Kong; Azer-
baijani

2014–2025 First Russian GEO orbit-hopper. Repeatedly manoeuvred along the GEO belt,
loitering in proximity to commercial communications satellites for extended peri-
ods. Visited approximately 30 GEO slots. Fragmented 2026.

[3, 4]

Luch / Olymp-K 2 Russia Intelsat 39, Eutelsat
KA-SAT (9A), Eutel-
sat 9B, SES 5, Astra 4A
(Sirius 4), Eutelsat 3B,
RASCOM-QAF 1R, Eu-
telsat KONNECT VHTS,
Thor 7, Intelsat 10-02

Luxembourgish-
American;
French; Lux-
embourgish;
Pan-African
(45 countries);
Norwegian

2023–present Follow-on to Olymp-K 1. Exhibited identical loitering behaviour with a larger
number of documented visits.

[3, 4]

US GEO eavesdropping satellites

PAN / Nemesis-1
(USA-207)

USA Yahsat 1B, others (uncon-
firmed)

United Arab Emi-
rates; unknown

2009–2021 US signals intelligence (SIGINT) satellite with limited publicly available data.
Observed manoeuvring along the GEO belt into proximity with commercial com-
munications satellites, behaviour consistent with the interception of satellite com-
munications downlinks in addition to a general SIGINT collection role, though
the mission has not been officially confirmed. Presumed inactive after 2021.

[4]

Mentor 4 (USA-202) USA Thuraya 2, other United Arab Emi-
rates

2009–
unknown

Part of the US Mentor/Advanced Orion GEO SIGINT programme, tasked with
broad signals collection. Initially detected collecting signals over China before
manoeuvring to the Middle East, where it loitered near Thuraya communications
satellites, suggesting the interception of satellite communications alongside its
wider SIGINT mission. Current status unknown.

[4]

US GEO reconnaissance satellites

Continued on next page
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(Table 4.1 continued)

Name Origin Target(s) Target Origin Years Active Description Sources

GSSAP (USA-253,
254, 270, 271, 324,
325; Hornet 7, Hor-
net 8)

USA Reported: TJS-1, Ex-
press AM-8, Luch/Olymp-
K 1, Paksat 1R, Nigcom-
sat 1R, Raduga-1M 3,
Raduga-1M 2, Tianlian 2-
01, B-2 G8, SJ-13, SJ-20
/ Chinasat 6A, TJS-3, SY-
12 01, SY-12 02, TJS-15,
TJS-16, TJS-17

Chinese, Rus-
sian, Pakistani,
Nigerian; others
presumed

2014–present US programme of dedicated GEO space-situational-awareness satellites. Oper-
ated similarly to Olymp-K, manoeuvring along the GEO belt to conduct close
approaches to other satellites. Individual approach events are not officially
disclosed, and the target list given here is drawn largely from Chinese open-
source reporting, which is more detailed than Western sources but is unverified
and may reflect the reporting party’s own interests; the list should therefore be
treated as indicative rather than confirmed. One satellite decommissioned to
graveyard orbit.

[90, 4]

LDPE 3A USA SJ-23 Chinese 2023–
unknown

LDPE satellites are host satellites, able to carry modular payloads and other
smaller satellites. LDPE 3A hosted an SSA payload and approached SJ-23,
presumably for inspection.

[4]

Mycroft (USA-287) USA EAGLE, S5 USA 2018–
unknown

Technology demonstrator. Mycroft was deployed from EAGLE as a subsatel-
lite and subsequently performed activities related to SSA. It later moved to S5,
which had malfunctioned, manoeuvring to determine the status of S5’s solar
arrays and antennas.

[4]

Chinese GEO reconnaissance satellites

SJ-17 China Chinasat 5A, Chi-
nasat 6A, Chinasat 20,
Chinasat 1C, Chi-
nasat 6B, Apstar 6, Ya-
mal 202, Geofen 13,
Luch 5V (not Olymp),
Beidou-2 G4, Luch 5A
(not Olymp), Horizons 3E,
VENESAT-1, Yamal 300K

Chinese; Rus-
sian; Hong Kong;
Luxembourgish-
Japanese;
Venezuelan

2016–present Developed by CAST and launched to demonstrate electric propulsion and a
robotic arm, per 2021 U.S. Space Command congressional testimony. Con-
ducted robotic RPO demonstrations across the GEO belt: circumnavigated
Chinasat-5A, carried out RPOs with Chinasat-6B (Jan. 2020), SJ-20 (Oct. 2020)
and Chinasat-20, then executed a rapid inclination change to rendezvous with
and follow the anomalous, drifting Chinasat-1C for about a week, likely to in-
spect it and monitor its recovery. Also conducted a brief RPO with the Venezue-
lan satellite VENESAT-1 (Nov. 2023) during an extended drift that carried it
above and below the GEO belt before it resettled at 178°W in late 2024.

[4, 96]

SY-12 01 and 02 China USA-270, USA-336, oth-
ers

USA 2021–present SY-12 01 and 02 are drifters in the GEO belt, occasionally stopping near satel-
lites. During the approach by USA-336, SY-12 02 manoeuvred to obtain optimal
lighting conditions to photograph the target; the same occurred during the ap-
proach of USA-270.

[4, 96]

US counter-space satellites

Delta 180 Payload
Assist System

USA Delta 2/B USA 1986 Technology demonstrator. The Payload Assist System intercepted the Delta 2/B
rocket body, which was actively thrusting at the time.

[4]

Russian suspected counter-space satellites (NIVELIR programme)

Continued on next page
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(Table 4.1 continued)

Name Origin Target(s) Target Origin Years Active Description Sources

Cosmos 2542 & 2543 Russia USA-245 USA 2019–present Cosmos 2542 is the parent vehicle of subsatellite Cosmos 2543. Cosmos 2542
manoeuvred into close proximity with the US reconnaissance satellite USA-245;
Cosmos 2543 subsequently released a projectile in its vicinity, raising concerns
about kinetic ASAT capability. Believed to form part of the NIVELIR programme.
Cosmos 2543 had previously approached Cosmos 2535 in a domestic proximity
operation (see below).

[3, 4]

Cosmos 2558 Russia USA-326 USA 2022–present Inserted directly into an orbit co-planar with US reconnaissance satellite USA-
326, then manoeuvred to maintain proximity and deployed a smaller sub-object.
Remained near USA-326 for several years, leaving after June 2025. Believed to
form part of NIVELIR.

[3, 4]

Cosmos 2576 Russia USA-314 USA 2024–present Launched directly into a co-planar orbit with US reconnaissance satellite USA-
314. Ceased orbital synchronisation approximately February 2025, with a co-
planar but lower orbit currently. Designated a “space weapon” by the US govern-
ment. Believed to form part of NIVELIR.

[3, 4]

Cosmos 2588 Russia USA-338 USA 2025–present Behaviour consistent with Cosmos 2558 and 2576; manoeuvred into proximity
with US reconnaissance satellite USA-338. Believed to form part of NIVELIR.

[4]

Cosmos 2519
(NIVELIR-L)

Russia Cosmos 2521, Cos-
mos 2523

Russia (domes-
tic)

2017–2018 Assessed to be the first NIVELIR pathfinder. Did not conduct RPO against a for-
eign asset, but demonstrated a nested deployment architecture: Cosmos 2519
released subsatellite Cosmos 2521, which in turn released Cosmos 2523.

[3, 4]

Cosmos 2543 Russia Cosmos 2535 Russia (domes-
tic)

2019–present Cosmos 2543 approached Cosmos 2535 and released an object nearby. Cos-
mos 2543 would later conduct RPO with USA-245.

[4]

Soviet counter-space satellites (IS programme)

Cosmos 185, 249,
252, 374, 375, 397,
404, 462, 804, 814,
843, 886, 910, 918,
961, 970, 1009, 1174,
1243, 1258, 1379

Soviet
Union

Cosmos 248, 373, 394,
400, 459, 803, 839, 880,
909, 959, 967, 1171,
1241, 1375

Soviet Union 1963–1982 An anti-satellite weapon programme with tests spanning multiple decades. A
chaser satellite would explode near its target to destroy it; some tests involved
multiple chasers directed at a single target. Multiple successful tests occurred.

[4]

Other anomalous behaviour

Continued on next page
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(Table 4.1 continued)

Name Origin Target(s) Target Origin Years Active Description Sources

Victus Haze Puma USA Jackal-0004 (True
Anomaly)

USA (domestic) 2026–present US Space Force tactically responsive space (TacRS) demonstrator, built by
Rocket Lab. Following a snap launch notice on 19 June 2026, Puma was de-
ployed by Electron 16 h 42 min later; True Anomaly’s Jackal-0004, already on
orbit, located Puma from 2,000 km using onboard sensors and completed a
rapid RPO intercept, circumnavigating and imaging it within 61 hours of the
action order against a 72-hour target. In a second sortie tasked 14 July 2026,
Puma manoeuvred away and Jackal-0004 pursued and imaged it, described as
the first space-to-space pursuit of an evading target. Further sorties with the two
spacecraft trading chaser and chased roles were planned over the following six
months.

[97, 98]

Cosmos 2562 Russia Resurs-P3 Russia (domes-
tic)

Resurs-P3 had been considered inactive. Over approximately one year, Resurs-
P3 manoeuvred to place itself in a close formation orbit with Cosmos 2562, be-
lieved to enable the latter to conduct an inspection. No activity observed since.

[3, 4]

Cosmos 2581, 2582 &
2583

Russia Each other Russia (domes-
tic)

2025–present Three satellites launched together that subsequently conducted mutual proxim-
ity operations of undisclosed purpose. One released an unidentified sub-object,
generating concern regarding potential ASAT capability.

[3, 4]

TJS-3 China TJS-3 AKM, Luch/Olymp-
K, USA-233, USA-263,
Chinasat 10, Chinasat 16,
SJ-20, Chinasat 12, TJS-
10

Chinese; USA;
Russian

2018–present Purpose unknown; potentially eavesdropping or reconnaissance. Demonstrated
RPO behaviour in coordination with other Chinese satellites. TJS-3 AKM ma-
noeuvred with TJS-3 to GEO and remained together for half a year. When TJS-
3 began drifting along the GEO belt, TJS-3 AKM manoeuvred to occupy its orig-
inal location, potentially complicating tracking of TJS-3. Multiple approaches
confirmed with other satellites, but at distances of order 100 km.

[3, 96]

SY-24C-01, -02 & -03 China SJ-6-05A; SJ-6-05B China (domestic) 2023–present Five Chinese satellites conducting mutual RPOs in 2024 and possibly beyond.
SY-24C-01 to -03 performed corkscrew manoeuvres around SJ-6-05B; SY-24C-
03 subsequently conducted close RPOs with SJ-6-05A. Purpose unknown.

[3]

SJ-12 China SJ-06F China (domestic) 2010–present SJ-12 was launched with the stated purpose of being a technology demonstrator
for environment probing, measurements, and communications. It manoeuvred
close to SJ-06F, believed to be an electronic intelligence satellite; based on
observed behaviour, the two satellites most likely collided. Exact purpose un-
known.

[4]

SY-7, CX-3 & SJ-15 China Each other — 2013–2016 All three satellites were launched together as part of a technology demonstrator
for “space maintenance”. SY-7 carried a robotic arm, CX-3 an optical surveil-
lance payload, and SJ-15 RPO capabilities. SY-7 most likely captured one of
the other two satellites.

[4]

Continued on next page
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(Table 4.1 continued)

Name Origin Target(s) Target Origin Years Active Description Sources

SJ-21 China Compass G2; SJ-25 China (domestic) 2021–present Launched by SAST with the stated purpose of testing space debris mitigation
technology. In January 2022, after a month of slow approach, SJ-21 grappled
the defunct Chinese navigation satellite Compass G2 and pulled it into a grave-
yard orbit above GEO, prompting a 2022 U.S. Defense Intelligence Agency
report to warn that robotic-arm technology could be used to grapple other satel-
lites. SJ-21 later conducted extended RPOs with SJ-25, including an apparent
docking from July to November 2025 followed by further RPOs until mid-January
2026.

[4, 96]
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The behaviours documented in Table 4.1 have been grouped into a few categories: reconnaissance,
eavesdropping, counter-space, and a broader category of ”other” satellites.

For the reconnaissance satellites, theGeosynchronous Space Situational Awareness Program (GSSAP)
stands out as a programme that has been active for over a decade, involves numerous satellites, and
owing to its status as a semi-classified US programme, has relatively little public reporting associated
with it. The programme is stated to track and characterise satellites in the GEO belt [4]. Other recon-
naissance activity is more fragmented: SJ-17 has conducted a sustained series of close approaches
across the Chinese GEO fleet, including an apparent inspection of the malfunctioning Chinasat-1C;
SY-12 01 and 02 have manoeuvred to obtain favourable imaging geometry against US satellites; and
LDPE 3A and Mycroft represent one-off inspection payloads hosted on or deployed from other US
spacecraft, rather than dedicated, repeat-visit programmes in the mould of GSSAP or SJ-17.

Then there are the eavesdropping satellites, the prime examples being Luch/Olymp-K(-1) and Luch/Olymp-
K-2, but also suspected activity from PAN/Nemesis-1, Mentor-4, and TJS-3. These satellites approach
other satellites in the GEO belt and listen in on the communications being sent to them. It is worth
noting that this behaviour occurring predominantly in the GEO belt makes sense: GEO is home to
stationary telecommunications satellites, each of which constitutes a single, concentrated, high-value
target carrying a large volume of traffic. In LEO, by contrast, communications satellites are far more
dispersed across a constellation, so listening in on any one satellite yields comparatively less informa-
tion. GEO satellites are also stationary relative to the ground, allowing an eavesdropping satellite to
maintain a listening position over a specific geographic location.

Then there are the counter-space satellites: weapons that have demonstrated the potential to kineti-
cally destroy a target satellite. Historically, the United States and Soviet Union conducted tests and
demonstrations with such platforms. More recently, the Russian NIVELIR programme has also been
accused of being a counter-space weapons programme: while it has not yet demonstrated the direct
destruction of a target, it has demonstrated the capability to launch projectiles and sub-satellites from
its on-orbit assets.

Finally, a broader ”other” category captures behaviours that do not cleanly fit the three roles above,
either because the purpose is unconfirmed or because the mission does not centre on reconnaissance,
eavesdropping, or destruction. Victus Haze Puma demonstrates a rapid-response inspection capability
rather than a sustained programme, while the target satellite’s own evasive manoeuvring illustrates that
non-cooperative RPO is not necessarily a one-sided activity. The SY-24C-01/-02/-03 and SJ-12/SY-
7/CX-3/ SJ-15 clusters, along with TJS-3, involve Chinese satellites conducting RPOs of undisclosed
purpose, in some cases against each other rather than against a foreign target; these are included
because the demonstrated manoeuvring and, in some cases, robotic-arm or capture capability would
be directly applicable to non-cooperative scenarios, even without confirmed use against a foreign asset.
SJ-21 sits at the sharpest edge of this category: its 2022 grapple and relocation of the defunct Compass-
G2 satellite is the clearest publicly documented instance of one satellite physically capturing another,
and its extended RPO campaign with SJ-25, including an apparent docking, suggests the demonstrator
role may be evolving into an operational one.

4.2. A Closer Look: Analysis of Real-World RPOs
Whilst the information in Table 4.1 gives an overview of the cases that have happened, insight into how
they occurred and general trends in certain groupings is lacking. What follows is a deep dive of some
real world RPOs, cooperative and non-cooperative alike.

4.2.1. Case Study: LUCH-1 and LUCH-2
As indicated in Table 4.1, LUCH Olymp K(-1) and LUCH Olymp K-2 are considered GEO eavesdrop-
ping satellites, meaning they listen in on communications sent to the target satellite they are near. This
assessment mainly comes from the satellites they approach; these are communications satellites op-
erated by either commercial or military operators [4, 3]. Their actual capabilities are unknown, as the
Russian state has never publicly acknowledged their actual purpose.

Behaviour-wise, these satellites are unusual compared to the rest of the GEO belt. Due to their nature
as eavesdropping satellites, they visit the orbital slots of other stationary satellites in the belt, resulting in
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frequent movement: K-1 visited 29 targets before it was decommissioned, and K-2 has visited 8 targets
to date. Across both vehicles, this movement follows a consistent, repeatable three-phase pattern: 1.
An initial burn to deviate from the GEO belt in terms of semi-major axis (SMA), causing a relative drift
to the belt. 2. A reduction in the difference of the chaser SMA with the GEO belt, causing a smaller drift
rate. 3. Arrival at the GEO belt, where the chaser is at an offset in the in-track direction with its target.

Reconstructing the close-in behaviour (Phase 3) from two-line element (TLE) data has notable limita-
tions. TLEs do not resolve manoeuvre timing precisely, so a manoeuvre executed between two TLE
epochs can appear as a sudden, unphysical jump in relative position rather than a smooth transition.
This is visible in several of the examples, most clearly in the Intelsat 39 (K-1) and Thor 7 (K-2) cases,
where the reconstructed relative motion is erratic. This limitation affects the fine detail of the close-in
trajectory but does not undermine the three-phase pattern itself, which is consistently observable in the
approach geometry regardless of TLE quality.

The targets were determined from mentions of targets in public sources [4, 3], checked against the
epochs at which the respective LUCH satellite’s SMA matched the GEO belt, and thus did not drift
relative to other GEO satellites. At these epochs, the instantaneous longitude of the LUCH satellite
was computed via its true longitude,

u = Ω+ ω + ν (mod 360◦) (4.1)

where Ω, ω, and ν are the right ascension of the ascending node (RAAN), argument of pericentre, and
true anomaly, respectively, and the closest target in terms of this instantaneous longitude was taken.

The movement history of K-1 is presented in Figure 4.1, with the targets listed in Table 4.2. Each start
of an RPO is indicated by a vertical Close approach line.
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Figure 4.1: Overview of visits by LUCH Olymp K.

The time spent near a target does not follow a clear pattern: for some targets K-1 remains close for
less than a month, whilst with Intelsat 37E it remained close for almost three years. The targets of each
close approach are presented in Table 4.2.
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Table 4.2: Close-approach events annotated in the NORAD 40258 overview (Figure 4.1).

# Target NORAD ID Start Date End Date Start Longitude (Chaser/Target) [◦] End Longitude (Chaser/Target) [◦]
1 EXPRESS AM-33 32478 2015-01-31 2015-02-21 52.90 / 96.46 96.41 / 96.46
2 INTELSAT 901 26824 2015-04-04 2015-06-25 95.69 / -18.05 -18.13 / -18.01
3 INTELSAT 905 27438 2015-09-24 2015-10-05 -18.07 / -24.50 -24.27 / -24.45
4 INTELSAT 1002 28358 2015-12-07 2016-01-11 -24.36 / -0.98 -1.09 / -0.98
5 EUTE 10A 34710 2016-08-29 2016-09-14 -1.08 / 10.03 9.88 / 9.95
6 INTELSAT ND 37392 2017-07-26 2017-08-17 9.79 / 32.81 32.67 / 32.81
7 PASAT 1R 37779 2017-10-16 2017-10-22 32.77 / 38.04 38.10 / 38.04
8 TURKSAT 4A 39522 2018-01-10 2018-01-16 38.06 / 42.06 41.92 / 41.98
9 TURKSAT 4A 39522 2018-02-05 2018-02-07 41.89 / 42.01 42.50 / 42.03
10 EUTE 28B 33460 2018-04-20 2018-04-26 42.57 / 48.07 47.46 / 48.10
11 EUTE 28B 33460 2018-06-04 2018-06-07 47.53 / 48.06 48.05 / 48.12
12 TURKSAT 4B 40984 2018-06-29 2018-07-02 48.00 / 49.98 49.91 / 49.98
13 NSS-12 36032 2018-10-20 2018-10-29 50.11 / 57.07 56.95 / 57.06
14 INTELSAT 33E 41748 2019-02-14 2019-02-20 57.04 / 60.02 59.93 / 59.99
15 INTELSAT 906 27513 2019-06-24 2019-07-01 59.92 / 64.19 64.05 / 64.15
16 INTELSAT 17 37238 2019-08-19 2019-08-25 64.07 / 66.02 65.92 / 65.96
17 INTELSAT 20 38740 2019-10-16 2019-10-22 66.00 / 68.51 68.47 / 68.50
18 EUTE 70B 39020 2019-11-21 2019-11-28 68.47 / 70.46 70.64 / 70.48
19 EUTE KA SAT 9A (KA SAT) 37258 2020-02-10 2020-03-16 70.55 / 8.99 9.38 / 8.97
20 INTELSAT 1002 28358 2020-04-26 2020-05-12 21.53 / -0.95 -1.21 / -1.02
21 EUTE 5W 44624 2020-09-22 2020-09-28 -1.07 / -5.03 -4.89 / -4.97
22 ABS 3A 40424 2020-11-01 2020-11-06 -4.82 / -2.94 -3.03 / -2.94
23 EUTE 8W 40875 2021-02-09 2021-02-17 -3.06 / -7.97 -8.08 / -8.02
24 AZERSPACE 2 43632 2021-04-12 2021-05-21 -8.08 / 45.13 45.19 / 45.13
25 NSS-12 36032 2021-07-12 2021-07-25 45.17 / 56.98 56.86 / 57.01
26 INTELSAT 33E 41748 2021-09-27 2021-10-04 56.97 / 60.01 59.92 / 60.04
27 INTELSAT 39 44476 2022-01-17 2022-01-24 59.94 / 61.94 61.84 / 61.95
28 INTELSAT 37E 42950 2022-07-13 2022-08-30 61.88 / -17.99 -18.32 / -18.02
29 INTELSAT 17 37238 2025-03-27 2025-08-24 -18.14 / 66.00 65.46 / 65.99

What does not become apparent from the behaviour in Figure 4.1 is the more detailed approach and
close-in behaviour underlying the three-phase pattern. Two cases are examined below.

Figure 4.2 shows K-1’s approach to Intelsat ND, which ended around 19 August 2017.
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(b) Close-in relative motion.

Figure 4.2: LUCH (Olymp-K) approach to Intelsat New Dawn, 19 August 2017.

As can be observed in Figure 4.2a, K-1 moves mainly by changing its SMA rather than its inclination,
which remains close to zero and likely fluctuates due to measurement error or orbital perturbations.
Consistent with Phase 1, the SMA is lowered gradually, over the course of a few days, to 100 km below
the GEO belt. This gradual change is consistent with the electric thrusters LUCH Olymp K is stated
to have [4]. The resulting drift decreases the distance and in-plane phase angle to the target, starting
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from a 24 ◦ difference. Consistent with Phase 2, this drift is arrested by a climb back towards GEO, with
a period spent about 40 km below the belt, before the SMA is increased once more to complete arrival
(Phase 3). Around arrival, the distance is on the order of 100 km, with the phase angle reduced to near
zero.

The close-in behaviour is shown in Figure 4.2b, a few days after arrival. A stable offset oscillating
behaviour with an in-track separation of about 100 km is observed.

A second example is shown in Figure 4.3, which was with a different target.
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(b) Close-in relative motion.

Figure 4.3: LUCH (Olymp-K) approach to EUTELSAT 10A, 16 September 2016.

The same phase structure is visible in Figure 4.3a, but with smaller magnitudes throughout: an SMA
offset of about 60 km, correlating with a smaller phase-angle difference of 11 ◦, and a slower drift rate
at some 10 km below the GEO belt lasting almost a week. The in-plane difference at arrival is again
less than a degree, at a distance on the order of 100 km. The close-in behaviour in Figure 4.3b shows
a stable average in-track offset of 50 km.

The Intelsat 39 approach in Figure 4.4 illustrates the TLE limitation discussed above more severely.
The approach itself (Phases 1–2) is unremarkable, travelling only 2 ◦ with an SMA offset of about 40 km.
However, the reconstructed close-in behaviour (Figure 4.4b) is too erratic to represent a physically
plausible orbit, and cannot be reliably attributed to either manoeuvring or TLE error alone given the
available data.
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(b) Close-in relative motion.

Figure 4.4: LUCH (Olymp-K) approach to INTELSAT 39, 25 January 2022. Example of unreliable data.

LUCH Olymp K-2 launched on 12 March 2023, almost 9 years after its predecessor, and the two satel-
lites overlapped in operation for some time. K-2 replicates the same three-phase behaviour observed
for K-1, with two notable differences: it has visited fewer targets (8 vs. 29), and its visits are longer
on average (on the order of several months), reflecting both its shorter operational history to date and
a tendency towards extended dwell periods at target slots. The visit history to date is presented in
Figure 4.5.
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Figure 4.5: Overview of visits by LUCH Olymp K-2.

The targets were determined in the same way as for K-1, with the annotated events of Figure 4.5 listed
in Table 4.3.



4.2. A Closer Look: Analysis of Real-World RPOs 27

Table 4.3: Close-approach events annotated in the NORAD 55841 overview (Figure 4.5).

# Target NORAD ID Start Date End Date Start Longitude (Chaser/Target) [◦] End Longitude (Chaser/Target) [◦]
1 WGS F2 34713 2023-03-13 2023-04-09 54.97 / 57.49 58.00 / 57.50
2 EUTE 9B 41310 2023-05-02 2023-05-22 58.02 / 9.04 8.91 / 8.98
3 EUTE 3B 39773 2023-09-25 2023-10-04 8.98 / 3.12 3.26 / 3.08
4 EUTE KONNECT VHTS 53765 2023-12-03 2023-12-06 3.17 / 2.70 2.59 / 2.72
5 ASTRA 4A (SIRIUS 4) 32299 2024-03-26 2024-03-30 2.69 / 4.82 4.65 / 4.78
6 THOR 7 40613 2024-06-22 2024-07-01 4.69 / -0.62 -0.59 / -0.69
7 INTELSAT 1002 28358 2024-09-16 2024-09-19 -0.53 / -0.97 -0.92 / -0.99
8 INTELSAT 39 44476 2025-02-06 2025-03-07 -0.95 / 61.89 62.00 / 61.91
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(b) Close-in relative motion.

Figure 4.6: LUCH (Olymp-K2) approach to EUTELSAT 3B, 5 October 2023.

The approach and close-in behaviour for EUTELSAT 3B are presented in Figure 4.6, where around 6 ◦

of separation needed to be overcome, or approximately 4100 km. Consistent with Phase 1, this was
done by increasing the SMA by some 80 km; consistent with Phase 2, it was then lowered step-wise,
spending a few days some 30 km above the GEO belt before descending into the belt. The close-in
behaviour (Phase 3) shows a stable offset oscillating behaviour, this time with an average in-track offset
of some 90 km.

The visit to Intelsat 39, the second time this satellite has been visited by a LUCH satellite, is the longest-
duration target of K-2, starting in March 2025 and ongoing as of writing.
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(b) Close-in relative motion.

Figure 4.7: LUCH (Olymp-K2) approach to INTELSAT 39, 8 March 2025.

This approach is the furthest either satellite has moved along the GEO belt, requiring slightly less than
a month and covering more than 60 ◦ of separation. The SMA was lowered by some 270 km over the
course of about a week and remained there for more than a week before gradually increasing again;
a clear Phase 2 dwell is observed at approximately 45 km below the belt, though the approach may
include multiple smaller intermediate stops. The close-in behaviour in Figure 4.7b is consistent with
the offset oscillating pattern, including a jump in the in-track direction comparable to that observed for
Intelsat ND in Figure 4.2b.

K-2 shows the same TLE-reconstruction limitations as K-1, illustrated by the Thor 7 approach in Fig-
ure 4.8.
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(b) Close-in relative motion.

Figure 4.8: LUCH (Olymp-K2) approach to Thor 7, 2 July 2024. Example of unreliable data.
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The close-in behaviour is dominated by jumps in the cross-track direction between TLEs, with smaller
jumps in the radial and in-track directions. The approach itself (Phases 1–2) is consistent with the
pattern described before.

Across both satellites, the observed behaviour consistently follows the three-phase pattern: an SMA
offset to induce drift, an intermediate dwell, and arrival with sustained in-track station-keeping. The
magnitude of the SMA offset and the duration of the drift phase scale with the required change in
relative phase angle.

4.2.2. Case Study: LEO Inspections
Victus Haze, a United States tactically responsive space mission, provides a example of inspection be-
haviour in LEO. The mission paired Rocket Lab’s Puma spacecraft, launched on 19 June 2026 under
a rapid launch notice, with True Anomaly’s Jackal-0004, already on orbit [97]. Rather than a single
chaser-target pairing, the campaign was designed so that the two spacecraft would trade chaser and
chased roles across a series of increasingly demanding sorties [99]: Jackal-0004 first located and im-
aged the newly deployed Puma, and in a later sortie pursued and imaged Puma as it manoeuvred away,
described by the operator as the first space-to-space pursuit of an evading target [98]. The publicly
stated objectives are the demonstration of space domain awareness and characterisation capabilities.
The relative behaviour of the two spacecraft is shown in Figure 4.9, which for a given time-step takes
the closest TLE (which may lie in the future), propagates that TLE to the epoch of the time-step, and
converts the result to a Cartesian state. Multiple close approaches have occurred between the two
spacecraft, and the two examples below illustrate this behaviour.
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(a) Case 1: Close approach on 2nd of July, 2026.
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(b) Case 2: Close approach on 15th of July, 2026.

Figure 4.9: Victus Haze inspection behaviour in LEO.

A persistent circling drift in the in-track direction is clearly visible in both cases. The only difference
between the two is that manoeuvres occur during the period, as indicated by the jumps in the plotted
lines.

Further examples of LEO inspection behaviour come fromRussianmissions associated with the NIVELIR
programme. Cosmos-2504 is suspected to have served as a technology demonstrator for the pro-
gramme, conducting manoeuvres relative to the upper stage that launched it. Cosmos-2521, also at-
tributed to NIVELIR, was deployed from Cosmos-2519, subsequently manoeuvred around it, and later
released a further sub-satellite, Cosmos-2523. The close-in behaviour for these missions is shown in
Figure 4.10.
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(a) Cosmos-2504 with its target sub-satellite, close approach on 26th
of June, 2015.
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(b) Cosmos-2521 with its target launch vehicle, close approach on
21st of September, 2017.

Figure 4.10: Inspection behaviour in LEO for Russian NIVELIR-programme missions.

The main difference from the Victus Haze case is the distance involved: these missions came within a
few kilometres of their targets, rather than tens of kilometres, though the same circling drift is observed.

Cosmos-2504 and the Cosmos-2519/2521/2523 behaviours can be understood as pathfinders for the
broader NIVELIR programme, whose later entriesmove beyond inspection towardsmore direct counter-
space demonstrations. Cosmos-2542 and Cosmos-2543 replicate the same close-proximity approach
behaviour as observed, with Cosmos-2543 going on to release a projectile near the US reconnaissance
satellite USA-245. Cosmos-2558, 2576, and 2588 extend this further still: each was inserted directly
into a co-planar orbit with a US reconnaissance satellite and maintained that position for an extended
period, rather than departing after a single close approach. The stalking behaviour of the remaining
NIVELIR satellites is harder to characterise, since their targets are classified and little to no data on
them is available through Space-Track.

4.2.3. Case Study: GSSAP
The only publicly documented example of inspection behaviour in GEO comes from the GSSAP, al-
though uncertainty remains on what exactly occurs during close approaches. GSSAP satellites are
GEO intelligence assets operated by the United States Space Force, tasked with performing space sit-
uational awareness by visiting and observing other satellites within the geostationary belt [3, 4]. Their
behaviour differs from signal intelligence satellites like the LUCH satellites, since they do not linger for
long periods near their targets, and have been noted to visit satellites which are not communication
satellites in GEO [4].

A significant complication in characterising GSSAP behaviour is that these are classified satellites for
which TLE update rates are comparatively sparse, averaging on the order of 8 d between updates based
on publicly available tracking data. This means trajectory accuracy near TCA can be poor: propagation
to TCA can be based on a TLE almost a week old, and in some cases closer to a month old. For cases
with a TLE only a few days old, the plots are shown in Figure 4.11.
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(a) USA 270 (GSSAP-3) with its target Shiyan-12-01, close approach
on 8th of March, 2022.
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(b) USA 271 (GSSAP-4) with its target TJS-2, close approach on 27th
of January, 2021.

Figure 4.11: Inspection behaviour in GEO for U.S. GSSAP missions.

In Figure 4.11 it can be observed that GSSAP does not exhibit circling behaviour and distances remain
in the hundreds of kilometres. In all cases, there may be a few moments during which a close approach
is suitable for imaging, but less so than the circling cases in LEO. Notably, these do not match the
open-source information either, where closer approaches are noted with distances around 10 km [4]. A
significant part of this discrepancy is how stale the TLEs are compared to their close approaches, with
typically several days between the close approach and the most recent TLE, as shown in Table 4.4,
which reports the staleness for each close approach between target and chaser. For cases reported in
the literature where no close approach below 500 km was found, no close approaches are recorded.

Table 4.4: Summary of TLE staleness across candidate GSSAP close-approach cases.

Chaser staleness [h] Target staleness [h]
Case N Min Mean Max Min Mean Max
GSSAP-3 / SY-12 01 6 2.3 432.8 1873.4 2.3 4.1 5.9
GSSAP-3 / SY-12 02 2 119.7 991.0 1862.4 2.6 4.0 5.4
GSSAP-1 / TJS-1 0 no close approach identified
GSSAP-1 / LUCH 0 no close approach identified
GSSAP-4 / TJS-2 4 161.8 304.2 445.2 0.1 2.4 4.7
GSSAP-4 / TJS-3 0 no close approach identified
GSSAP-4 / TJS-15 1 365.2 365.2 365.2 3.4 3.4 3.4
GSSAP-5 / TJS-16 1 964.1 964.1 964.1 35.8 35.8 35.8
GSSAP-5 / TJS-17 1 967.1 967.1 967.1 38.7 38.7 38.7
GSSAP-4 / SKYNET 5A 1 87.1 87.1 87.1 2.4 2.4 2.4
GSSAP-5 / SYRACUSE 3A 0 no close approach identified

4.2.4. Case Study: Docking Scenarios
Besides eavesdropping and inspection, docking is another mode of operation for non-cooperative ren-
dezvous and proximity operations. As far as is publicly known, and as reflected in Table 4.1, no dock-
ing scenario has yet taken place in a non-cooperative manner between operators of different nations.
However, demonstrators such as SJ-21 and SJ-17 highlight the potential for such scenarios to occur,
through the use of robotic arms or other mechanisms capable of capturing a satellite.
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Given the limited number of non-cooperative examples, cooperative docking scenarios are considered
here for reference. A common setup is that of a crew or service module visiting a space station, like
the International Space Station (ISS). An overview of a selection of these is presented in Table 4.5.

Table 4.5: Selected crewed docking missions to ISS and Tiangong.

Mission Docking Date Chaser Target
Shenzhou-8 2011-11-02 Shenzhou-8 Tiangong-1
Shenzhou-9 2012-06-18 Shenzhou-9 Tiangong-1
Shenzhou-10 2013-06-13 Shenzhou-10 Tiangong-1
Shenzhou-11 2016-10-18 Shenzhou-11 Tiangong-2
Soyuz MS-17 2020-10-14 Soyuz MS-17 ISS
Soyuz MS-18 2021-04-09 Soyuz MS-18 ISS
Crew-2 2021-04-24 Crew Dragon Endeavour ISS
Soyuz MS-19 2021-10-05 Soyuz MS-19 ISS
Crew-3 2021-11-11 Crew Dragon Endurance ISS
Soyuz MS-20 2021-12-08 Soyuz MS-20 ISS
Soyuz MS-21 2022-03-18 Soyuz MS-21 ISS
Crew-4 2022-04-27 Crew Dragon Freedom ISS
Soyuz MS-22 2022-09-21 Soyuz MS-22 ISS
Soyuz MS-23 2023-02-26 Soyuz MS-23 ISS
Soyuz MS-24 2023-09-15 Soyuz MS-24 ISS
Soyuz MS-25 2024-03-25 Soyuz MS-25 ISS
Progress MS-27 2024-06-01 Progress MS-27 ISS

The lead-up and close-in behaviour of Crew Dragon Endurance with the ISS are presented in Fig-
ure 4.12, showing the approach geometry (Figure 4.12a) and the close-in relative motion (Figure 4.12b).
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(a) Approach geometry in the lead-up to the close approach.
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(b) Close-in relative motion for the close approach.

Figure 4.12: Crew Dragon Endurance approach to the ISS, 11 November 2021.

In the approach geometry (Figure 4.12a), the first available TLE places the Crew Dragon spacecraft
at a semi-major axis (SMA) of 6550 km, where it remains for a few hours before increasing to 6650 km,
while the ISS was at an SMA of about 6800 km. This difference allowed for a rapid change in the in-orbit
phase angle between the two spacecraft. A further jump from 6650 km to close to 6800 km can then be
observed; this smaller difference still permits some relative drift, which compensates for the remaining
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difference in phase angle. After phasing for a few more hours, the SMA of Crew Dragon matches that
of the ISS. Throughout this period, the inclination of the two spacecraft remained essentially identical.
Overall, this behaviour took place in under 12 h.

The close-in behaviour, shown in Figure 4.12b, is difficult to observe in this case. The separation
distance closes relatively quickly compared with the eavesdropping and inspection scenarios, decreas-
ing from 2000 km to 0 km within a few hours, with no TLEs available at short range between the two
spacecraft.

The approach and close-in behaviour of Shenzhou-8 approaching Tiangong-1 are shown in Figure 4.13,
again split into the approach geometry (Figure 4.13a) and the close-in relative motion (Figure 4.13b).
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(a) Approach geometry in the lead-up to the close approach.
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(b) Close-in relative motion for the close approach.

Figure 4.13: Shenzhou-8 approach to Tiangong-1, 3 November 2011.

In the approach geometry (Figure 4.13a), it can be observed that Shenzhou-8 was launched into an
orbit with an SMA of 6650 km, compared with 6715 km for Tiangong-1. This difference enables a drift that
decreases the phase angle between the two spacecraft. Within a few hours, the SMA becomes almost
equal, resulting in a comparatively slower approach than in the Crew Dragon case. The inclination
remained relatively similar over the entire period.

For the close approach, shown in Figure 4.13b, two TLEs were available before the docking TLE. In
these, a stable offset in the in-track direction can be observed, with barely any oscillation in the radial
or cross-track directions. This aligns with [100], which identifies a proximity hold as part of standard
docking operations. Jumps between TLEs can also be observed, indicating manoeuvres.

A few points are worth noting regarding the behaviour of docking scenarios with space stations:

1. Often only a few TLEs exist for the entire RPO up to docking; 11 out of 18 cases have fewer than
four TLEs before docking.

2. Satellites are launched into a co-orbital plane with their target space station and manoeuvre to-
wards it over a time frame ranging from a few days to less than a day.

3. The launch brings the satellite to an SMA that can be a few hundred kilometres below that of its
target, a difference that is then compensated for by the chaser vehicle.

4. Close-in behaviour, including the proximity hold, cannot always be observed due to limited TLE
availability.



4.2. A Closer Look: Analysis of Real-World RPOs 34

Other examples of docking scenarios do not include a space station, but are instead satellite-to-satellite.
These include servicing missions like the Mission Extension Vehicles (MEVs) to the Intelsat geosta-
tionary satellites, non-cooperative demonstrators with a defunct satellite, or suspected dockings. An
overview of these is included in Table 4.6.

Table 4.6: Satellite-to-satellite docking missions.

Mission Docking Date Chaser Target
Orbital Express 2007-06-29 ASTRO NEXTSat
MEV-1 × Intelsat 901 2020-02-25 MEV-1 Intelsat 901
MEV-2 × Intelsat 10-02 2021-04-12 MEV-2 Intelsat 10-02
SJ-21 × Compass-G2 2022-01-21 SJ-21 Compass-G2 (Beidou-2 G2)
SJ-21 × SJ-25 2025-07-02 SJ-21 SJ-25

The MEVs have been used to prolong the life of satellites in geostationary orbit. Two of them have
been deployed, MEV-1 and MEV-2, servicing Intelsat 901 and Intelsat 10-02 respectively. It is worth
noting that these missions occupy a middle ground between cooperative and non-cooperative RPOs:
they were cooperative in the sense that the target operator had agreed to the servicing, but the target
satellites themselves were not originally designed to be serviced and lacked any dedicated docking
interface. As a result, the rendezvous and capture sequence relied on techniques closer to those used
in non-cooperative dockings, namely grappling the apogee kick motor nozzle, rather than mating with
a purpose-built docking port. However, the target did not take evasive action during this period.

The approach and close-in trajectories can be found in Figure 4.14. Reportedly, MEV-1 docked on
February 25, 2020 at 7:15 UTC.
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(b) Close-in relative motion for the same close approach.

Figure 4.14: MEV-1 approach and docking with Intelsat 901, 25 February 2020.

As can be observed, MEV-1 spent time above the GEO belt for the approach with Intelsat 901, which
reduced the phase angle. Around 1 February, TLE accuracy seems to cause issues with the relative
distance, jumping both ahead of the target and then behind the target with a phase angle of 25 ◦, or some
23 000 km, before both being reduced close to zero. A week later, a smaller jump occurs. These jumps
indicate errors in the TLEs. This is further exemplified by the close-in behaviour. Whilst the reported
docking date was the 25th of February, the closest approach found through the TLEs in this time frame
is approximately 1 km, after which it starts to increase again. No proximity hold was observed.
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Then there is the aforementioned SJ-21 non-cooperative docking with Compass-G2 through the use
of a robotic arm. The approach and close-in trajectories can be found in Figure 4.15. SJ-21 is reported
to have docked with Compass-G2 on the 22nd of January 2022, during a gap in commercial telescope
coverage; the exact time of docking has not been publicly disclosed [4].

0
10000
20000
30000
40000

Di
st

an
ce

 [k
m

]

42100

42200

42300

42400

SM
A 

[k
m

]

22 Dec 08 15 22

Time (UTC)

8.14

8.16

8.18

8.20

In
cli

na
tio

n 
[d

eg
]

22 Dec 08 15 22

Time (UTC)

−5.0

−2.5

0.0

2.5

5.0

7.5

Ph
as

e 
an

gl
e 

[d
eg

]

SJ-21 Compass-G2

(a) Approach geometry in the lead-up to the close approach.

07:12
09:36

12:00
14:24

16:48

Time (UTC)

0.050

0.075

0.100

0.125

0.150

Di
st

an
ce

 [k
m

]

Chaser
Target

−0.1 0.0 0.1
In-track [km]

−0.06

−0.04

−0.02

0.00

0.02

Ra
di

al
 [k

m
]

−0.1 0.0 0.1
In-track [km]

−0.125

−0.100

−0.075

−0.050

−0.025

0.000

0.025

Cr
os

s-
tra

ck
 [k

m
]

−0.10 −0.05 0.00
Cross-track [km]

−0.06

−0.04

−0.02

0.00

0.02

Ra
di

al
 [k

m
]

(b) Close-in relative motion for the same close approach.

Figure 4.15: SJ-21 approach and docking with Compass-G2, late December 2021 – 22 January 2022.

SJ-21 approached Compass-G2 over a period of more than a month. It spent its initial drift at an SMA
of 42 300 km, before increasing it to 42 480 km. It spent less than a week there, before reducing the
deviation from the GEO belt over the period of a month. During this approach, SJ-21 overshot its
target, requiring it to move below the GEO belt once more to reduce the remaining distance. It reached
within a few kilometres of the GEO belt a few weeks before docking, and slowly drifted towards its
target. It is hard to determine the actual docking date from the available TLE data alone; the reported
date of 22 January 2022 is used here.

For these docking scenarios in GEO, it can be concluded that the approach can take on the order
of months. Unlike LUCH or the LEO docking scenarios, for which the arrival back at the GEO SMA
marked the start of the intent, here the arrival at GEO SMA, or close to it, marks the start of the slower
drift. Why this slower drift occurs is unclear, but a possible explanation lies in the nature of the missions
themselves: all of the GEO dockings analysed here were either technology demonstrators for a state
actor or the first instance of this kind of manoeuvre performed by a commercial company. Most likely, an
operator that wants to perform a non-cooperative docking manoeuvre has some incentive to complete
it in a timely manner, so as not to give the operator of the target time to perform evasive burns.

4.2.5. General Trends
Overall, close-in behaviour can be broadly grouped by the task the satellite performs. Those that dock
with a satellite or space station tend to come close to their target, those that listen in on communica-
tions stay near the target, whilst inspections perform fly-bys that tend to circle the target. However,
these analyses are complicated by data quality. Exact docking times, for example, cannot be reliably
determined from TLEs, in contrast to the docking dates that are typically published. Furthermore, as
GSSAP shows, old TLEs can complicate matters further.

The approach phase is harder to quantify. The only grouping that shows a clear pattern is that of the
two LUCH satellites. The analysis for these satellites is made easier by the fact that they perform all of
their approaches in the GEO belt, meaning only phasing is required to move from a position to a target.
This phasing exhibits a correlation between how fast they approach a target and how far away that
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target is, as shown in Figure 4.16a. The drift rates also fall within some general bounds, as indicated
in Figure 4.16b.
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Figure 4.16: LUCH-1 and LUCH-2 relocation-campaign speed overview.

Similar groupings for other satellites are complicated by multiple factors. In GEO, the GSSAP satellites
show no clear pattern, in part due to TLE staleness. In LEO, this entire analysis is complicated by the
orbital domain itself; satellites are not in the same orbital plane and not only perform phasing manoeu-
vres, but also plane changes. Determining a relationship between starting conditions and time spent
relocating thus cannot rely only on in-plane differences. Furthermore, determining when a relocation
actually starts is complicated for satellites that have been in orbit for longer periods, as they might be
performing station-keeping burns. For satellites that are newly launched, there is also the considera-
tion of commissioning orbit, which can differ from the operational orbit of satellites already established
there.

4.3. Intent Taxonomy and Justification
The concept of intent in the context of non-cooperative RPOs is not consistently defined in the literature.
As discussed in Chapter 2, existing approaches to intent classification can generally be grouped into
three categories: Threat Index, Motion Class, and Mission Class. These categories differ in both the
information they convey and the complexity of the corresponding classification problem.

Threat indexes provide an indication of the likelihood that an RPO is going to occur. Their primary
advantage lies in their simplicity, being a scalar index crafted through derived features. However, they
provide little information regarding the purpose of the RPO, answering only whether an RPO is likely
to occur or not.

Motion classes describe the relative trajectories between the target and the chaser spacecraft. By char-
acterising the observed relative motion, they provide greater insight into how an RPO is executed. Nev-
ertheless, the relationship between a particular motion pattern and the underlying operational objective
is often ambiguous. The mapping between motion and intent is not one-to-one: a single motion class
may be observed across missions with different intents, whilst a single intent may manifest through
different motion classes. Consequently, motion alone is generally insufficient to uniquely determine
intent.

Mission classes instead categorise an RPO according to its operational objective. Rather than de-
scribing whether an RPO occurs or how it is executed, mission classes seek to identify the purpose
of the operation. As such, they provide the most informative representation of spacecraft intent. This
increased expressiveness, however, comes at the cost of a more challenging classification problem,
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since different mission objectives may exhibit similar observable behaviour. A summary of the differ-
ences between the three different approaches to intent definition is presented in Table 4.7,

Table 4.7: Comparison of intent taxonomy categories used in the literature.

Property Threat Index Motion Class Mission Class
Output Scalar likelihood Relative trajectory clas-

sification
Operational objective
classification

Basis Derived features Observed relative mo-
tion

Purpose of the opera-
tion

Information con-
veyed

Whether an RPO is
likely to occur

How an RPO is exe-
cuted

Why an RPO is being
conducted

Link to underlying
intent

None Ambiguous Direct

Classification
complexity

Low Moderate High

For the purposes of this research, intent is inferred at the level of Mission Classes. Since the objective
is to determine the purpose of a non-cooperative RPO, mission-level intent provides the most opera-
tionally meaningful information.

Although Mission Classes are covered by multiple papers in the literature, no universally accepted
taxonomy currently exists. Different studies adopt differing sets of Mission Classes, often mixing oper-
ational objectives with specific trajectory geometries or spacecraft activities. For example, one taxon-
omy defines the classes Rendezvous, Collision, Inspection, Departure, and V-Bar Perch [84]. While
the first four correspond to identifiable operational objectives, V-Bar Perch instead describes a particu-
lar relative configuration and therefore represents a trajectory rather than a mission. Similarly, another
taxonomy defines the classes Coverage, Docking, Signalling, Flyby, and Rendezvous [79]. Although
each represents a meaningful activity, the justification as to why a certain behaviour is consistent for a
given intent is lacking.

A further limitation of existing intent taxonomies is that they are frequently only loosely connected to
observed on-orbit behaviour. This is largely a consequence of the scarcity of publicly available data
describing non-cooperative RPOs. As discussed in Chapter 4, publicly accessible catalogues such as
Space-Track typically lack the temporal resolution required for accurate manoeuvre reconstruction, pro-
vide insufficient positional accuracy for analysing close-proximity dynamics, and do not include obser-
vations involving classified spacecraft. Consequently, many proposed intent definitions are necessarily
derived from theoretical considerations rather than empirical evidence.

Nevertheless, historical non-cooperative RPOs demonstrate that a number of recurring mission ob-
jectives have been executed in orbit. As summarised in Table 4.1, these operations can broadly be
grouped into several categories. Signal intelligence satellites perform prolonged proximity operations,
predominantly in geostationary orbit, to intercept or monitor communications. Reconnaissance satel-
lites conduct close inspection of resident space objects to obtain information regarding their physi-
cal characteristics, operational status, or capabilities. Counter-space systems exhibit two distinct be-
haviours: some demonstrate stalking or shadowing manoeuvres indicative of potential offensive ca-
pabilities, while others have intentionally collided with target spacecraft during ASAT demonstrations.
Finally, several technology demonstrators have performed advanced proximity operations involving ren-
dezvous, robotic capture, or docking. Although these missions are generally presented as technology
demonstrations, the precise operational objectives are not always publicly disclosed.

This work will consider the commonly observed behaviours in orbit. Four mission classes are consid-
ered:

• Inspection, representing reconnaissance missions that seek to maximise observation of a target
spacecraft.

• Eavesdropping, representing signal intelligence missions that maintain a favourable geometry
for intercepting communications.
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• Docking, representing servicing or capture missions that seek to establish physical contact with
the target.

• Collision, representing counter-space missions whose objective is to destructively impact the
target spacecraft.

In addition to these four mission classes, a No RPO class is included. This represents trajectories for
which the chaser is not conducting proximity operations with respect to the target under consideration,
for example when transiting towards another spacecraft. Including this class allows the intent infer-
ence framework to function as a binary threat index and prevents every observed trajectory from being
assigned to one of the operational mission classes.

Table 4.8: Overview of the intent classes considered in this work.

Name Description LEO Example GEO Example
Inspection A reconnaissance mission that seeks

to maximise observation of a target
spacecraft from multiple viewing direc-
tions.

Victus Haze with
Jackal-0004

GSSAP

Eavesdropping A signal intelligence mission that main-
tains a favourable relative geometry to
intercept the target’s communications.

– LUCH OLYMP K-
1 and -2

Docking A servicing or capture mission that
seeks to establish physical contact with
the target.

Docking with ISS SJ-21 with Com-
pass G2

Collision A counter-space mission whose objec-
tive is to physically impact the target
spacecraft.

Soviet IS Pro-
gramme

–

No RPO A trajectory in which the chaser is not
conducting proximity operations with
respect to the target under considera-
tion.

NA NA



“Dwell on the beauty of life. Watch
the stars, and see yourself running
with them.”
Marcus Aurelius, Meditations - 2nd

century AD

5
RPO Dataset Generation

This chapter details the data generation process of non-cooperative RPOs. Section 5.1 provides the
necessary background and an overview of the modelling approach. Section 5.2 then explains the satel-
lite population database used to define the trajectories’ starting conditions. This is followed by the two
optimisation stages: Section 5.3 covers the optimisation of the mission trajectories, and Section 5.4
covers the approach trajectories. Assessing real-world performance requires real-world data; the pro-
cess of acquiring this is detailed in Section 5.5. Finally, Section 5.6 explores the match between the
real-world and synthetic data.

5.1. Data Generation Background and Overview
Training and testing of the intent classification model requires representative data for each intent class.
In machine learning, the requisite dataset size can range from thousands to millions of data-points,
depending on the model architecture and the complexity of the classification problem [65]. For the
models employed in Chapter 6, the estimated requirement is on the order of tens of thousands of
data-points.

The use of synthetic rather than real-world data is necessitated by both the insufficient quantity and
potential inadequacy of available observational records. As documented in [3, 4], the number of con-
firmed non-cooperative RPO events numbers in the dozens, several orders of magnitude below the
threshold required for training. Moreover, even if a sufficient number of events existed, the associated
data may not meet the requirements of the training process. As discussed in Chapter 4, such events
can unfold faster than publicly available TLE update cycles, meaning that the underlying manoeuvres
cannot be reliably reconstructed. In addition, operational data may be entirely inaccessible, particularly
in cases involving classified satellites acting as either target or chaser.

These constraints necessitate training on simulated data, a choice consistent with themajority of studies
surveyed in Table 2.1. However, as noted in Chapter 2, the existing literature does not address early-
stage intent classification of non-cooperative RPOs, a limitation that is itself partly attributable to the
nature of the data used in these studies. Prior work has predominantly focused on intent detection
at close range, typically within tens of kilometres, and concerns itself with the trajectory following the
final approach manoeuvre. With the exception of [75], the effect of preceding manoeuvres is largely
disregarded. Phasing burns and orbital plane changes required to reach the vicinity of the target are not
considered, despite the possibility that the approach trajectory itself carries discriminative information
relevant to intent.

To enable early-stage detection of non-cooperative RPOs, the data generation framework is structured
around two distinct phases: the Mission Phase and the Orbital Adjustment Phase. The Mission Phase

39
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corresponds to the regime addressed in most of the existing literature, covering the period during which
the chaser operates in proximity to the target and is actively executing its intended behaviour. The
Orbital Adjustment Phase addresses the preceding segment, during which the chaser transitions from
its initial orbit to the starting conditions of the Mission Phase; this phase is introduced to facilitate earlier
inference of intent.

Each phase is driven by an optimisation of the chaser’s behaviour for the intent. Not every intent re-
quires both phases: for Docking and Collision, the target condition is a static terminal condition, fixed
for all optimisations of the approach, and no Mission Phase optimisation is performed. For Inspection
and Eavesdropping, by contrast, the Mission Phase optimiser minimises a multi-objective function de-
fined with respect to the chaser’s intent, yielding a mission trajectory that is optimal for the execution
of that intent; the initial state of this trajectory is then adopted as the target condition. In both cases,
whether a static terminal condition or the initial state of an optimised mission trajectory, this target con-
dition is passed to the Orbital Adjustment Phase optimiser, which determines the optimal transfer to it
by minimising a transfer objective that can differ per intent.

An overview of the terminal conditions at the end time (tf ) and objective functions (J) per intent is
presented in Table 5.1. The definitions of the mission objectives and approach objectives are further
elaborated on in Section 5.3 and Section 5.4, as well as the implementation of the objectives them-
selves.

Table 5.1: Overview of the target condition type, mission objective, and orbital adjustment objective defined for each intent.

Intent Type Target Condition Mission Objective Orbital Adjustment
Objective

Docking Static termi-
nal

Zero relative position
and velocity at tf

– min J∆V

Collision Static termi-
nal

Zero relative position at
tf ; relative velocity un-
constrained

– min(Jtof + J∆V )

Inspection Optimised
trajectory

Initial state of the mis-
sion trajectory enabling
multi-direction observa-
tion in close proximity

min{Jdist, Jcov} min J∆V

Eavesdropping Optimised
trajectory

Initial state of the sta-
ble mission trajectory
within the target’s com-
munications cone

min{Jstab, Jbeam} min J∆V

5.2. Satellite Population and Initialisation
Each optimisation phase requires as input satellite starting state(s). These starting states are not
generated randomly, but instead based upon the current satellite population in Earth orbit, constructed
as a database from publicly available sources. Space-Track was queried for the most recent TLEs of
satellites, collected per region. Space-Track categorises each object into four categories: Payloads
“P”, Debris “D”, Rocket Body “R”, and Unknown “U”; for the purposes of this research, only payloads
were queried. For the relevant regions, the following filters were applied:

LEO: 6678.1 ≤ a ≤ 8378.1[km],

0 ≤ e ≤ 0.25,

GEO: 41964 ≤ a ≤ 42364[−],
0 ≤ e ≤ 0.25,

The retrieved TLEs were propagated to the then-current epoch using SGP4, via the SGP4 Python library
[101], itself based on [102]. SGP4 is used as the propagator since the database contains the satellite
states as TLEs; it comprises both SGP4 and SDP4 sub-models, with one selected internally depending
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on the orbital period. It accounts for secular effects due to Earth’s zonal gravitational harmonics and
atmospheric drag, with SDP4 additionally including third-body perturbations from the Sun and Moon,
and resonance effects for 12-hour and 24-hour orbits [102]. The propagator is initialised with the most
recent TLE from each object, which is propagated to 26-06-2026 at 12:00:00 UTC. At this state, the
osculating Keplerian elements of each object are obtained and serve as input for later propagators. For
satellites in the GEO belt, the instantaneous longitude was additionally added.

To add the instantaneous longitude (λ) for satellites in the GEO database, the instantaneous longitude
is calculated by Equation 5.1. Here, θG is the Greenwich meridian’s angle with the Vernal Equinox.

λ = (Ω + ω + ν − θG) mod 360◦ (5.1)

To limit the angle to ±180◦ from the Greenwich meridian, Equation 5.2 is used. A positive angle would
be east, and a negative one west, of the Greenwich meridian.

λ′ =

{
λ− 360◦, λ > 180◦,

λ, λ ≤ 180◦.
(5.2)

The database is queried using a seed, and any other potential filters. The seed determines the random
number generation used in the selection of entries in the database, which ensures that for a given
combination of seed and filters, the same satellite states are yielded.

Two relevant filters exist: a reachability metric Vrm for all orbital domains, and in GEO the addition of
instantaneous longitude separation. The reachability metric is determined using Equation 5.3.

∆Vrm =
||h⃗1 − h⃗2||
1
2 (a1 + a2)

(5.3)

Equation 5.3 is a metric of the match between the orbital planes. Whilst its units are the same as a
velocity, it is not a true ∆V required to change orbits. However, it is useful for filtering the database
to eliminate chaser and target pairs with greater orbital differences, which is something not observed
for the missions in Chapter 4 and does not occur in general according to Samson and Brett [4]. The
instantaneous longitude filter is exclusively used in GEO, and based on the movements observed by
both Luch satellites from Chapter 4. This filter limits the phasing that the satellites in GEO can perform.
For the reachability metric, 20m s−1 is used, whilst the maximum longitude difference is set to 60◦.

Although these filters serve to match initial conditions from current non-cooperative satellite RPOs, in
future scenarios, where potentially more propellant is available and greater orbital changes are possible,
they might no longer hold and may need to be loosened.

The overall process to query the database is thus as follows. A domain, e.g. LEO, and seed (e.g. nr.
1) are specified. The seed and orbital domain give a fixed chaser satellite. For the chaser satellite, the
reachability metric is calculated for every other satellite in the database of the domain. This database
is then filtered with the standard specified max Vrm for the domain. If the domain is GEO, then the max-
imum instantaneous longitude separation is additionally used to filter the database. From the filtered
database, a random satellite and its states are selected as target. In addition to this process, if another
unique satellite for the given seed and domain is required, this is also possible. In this case, the target
satellite is removed from the database, and another satellite is queried, if the database has non-zero
entries remaining. This replacement is used for the No RPO scenario, to replace the original target.

5.3. Mission Phase Optimisation and Terminal Conditions
As indicated in Table 5.1, Docking and Collision are governed by a static terminal condition rather
than a Mission Phase optimisation, whilst Inspection and Eavesdropping require an optimised mission
trajectory. The terminal conditions for the former are given in Subsection 5.3.1, and the Mission Phase
optimisation for the latter is described in Subsection 5.3.2 onwards.
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5.3.1. Terminal Conditions
Docking
The terminal objective is a relative state between the target and chaser, requiring both the relative
position and relative velocity to be zero at the terminal time. This represents a successful physical
rendezvous suitable for docking or servicing operations.

The terminal conditions are defined as

rrel(tf ) = rc(tf )− rt(tf ) = 0, (5.4)

and
vrel(tf ) = vc(tf )− vt(tf ) = 0, (5.5)

where tf is the terminal (docking) time, rc and rt are the chaser and target position vectors, respectively,
and vc and vt are the corresponding velocity vectors.

Collision
The terminal objective is a relative state, defined as an intercept with the target, such that the relative
position converges to zero at the time of impact. Unlike docking, matching the target’s velocity is not
required, allowing for a non-zero relative velocity at the terminal state.

The terminal condition is defined as

rrel(tf ) = rc(tf )− rt(tf ) = 0, (5.6)

where tf is the terminal (impact) time, rc is the chaser position vector, and rt is the target position
vector.

5.3.2. Mission Phase Optimisation
Inspection andEavesdropping require amission trajectory rather than a static terminal condition. These
mission trajectories are determined for each seed and domain. Each case starts with the selection of
the target satellite and a given duration to execute the mission. An optimiser then determines what
the best relative position and velocity are at the start of the mission. This optimum is determined by
the evaluation of the objective functions, which differ per intent, and results in trajectories of the chaser
relative to the target.

For the satellite initialisation, the approach from Section 5.2 is used, taking only the target satellite. The
chaser’s initial state is then defined relative to the Target through six Keplerian offsets (∆a,∆e,∆i,∆ω,
∆Ω, ∆ν), which form the design vector of the optimisation problem. These offsets are added element-
wise to the Target’s Keplerian elements to construct the Chaser’s own Keplerian state. Propagation
is done through Tudatpy [103], with a point mass gravity model and no other perturbations. Integra-
tion is done using the adaptive Runge-Kutta(RK)78 propagator, with a Hermite-spline interpolator to
evaluate all optimisations on a fixed 10 000 uniform step size grid for the objective functions. Additional
parameters saved depend on the intent simulated: for Inspection, the Sun position is saved for eclipse
and lighting condition calculations. The RK78 propagator with interpolation was found to be faster than
evaluating multiple propagate_kepler_orbit calls.

Mission Phase Objectives
Each mission type is formulated as a multi-objective optimisation problem, with the objectives evalu-
ated from parameters of the propagated trajectory. Candidate solutions that fail to propagate until the
prescribed mission end time are assigned a large penalty value of 109 for both objectives.

Inspection The objective of an inspection mission is to obtain the most complete characterisation of
the target spacecraft possible. Rather than converging to a single terminal state, the mission is de-
fined by a terminal trajectory that enables observation from multiple viewing directions while remaining
in close proximity to the target. The trajectory optimisation therefore considers two objectives. The
first minimises the mean relative distance between the chaser and target throughout the inspection,
ensuring that the target remains within an effective observation range. The second maximises the an-
gular coverage of the target by encouraging observations from as many distinct viewing directions as
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possible. Coverage is quantified by discretising the viewing sphere into azimuth–elevation bins and
maximising the fraction of unique bins visited during the trajectory. To ensure physically meaningful
observations, only viewing geometries with acceptable solar phase angles are considered, excluding
configurations where the target is either fully eclipsed or viewed almost directly into the Sun.

The inspection mission intent is formulated as the following multi-objective optimisation problem,

min
u(t)
{Jdist, Jcov} , (5.7)

where Jdist minimises the mean relative distance between the chaser and target, and Jcov maximises
the angular coverage of the target. Both objectives are evaluated directly from the propagated trajectory
by post-processing the relative geometry between the Chaser, the Target, and the Sun.

1. Mean relative distance.
Jdist is computed as the mean of the relative separation over all propagated samples,

Jdist =
1

N

N∑
k=1

∥rrel,k∥ , (5.8)

where rrel,k denotes the Chaser–Target relative position vector at the kth sample. Since the
optimisation minimises this quantity directly, trajectories maintaining a smaller average separation
are preferred.

2. Angular coverage.
The second objective evaluates the diversity of viewing directions from which the Target is ob-
served. A given sample only counts towards coverage if it represents a valid observation, mean-
ing it satisfies both an illumination and an eclipse condition. This objective balances with the
distance, since it promotes diverse viewing angles, which in part is constrained by the relative
drift rate and time-of-flight (tof).

For the illumination condition, the relative position vector and the Sun–Target vector are nor-
malised,

r̂ =
rrel
∥rrel∥

, ŝ =
rSun
∥rSun∥

, (5.9)

and the solar phase angle is computed from their dot product,

θphase = cos−1 (r̂ · ŝ) . (5.10)

A sample is only retained for coverage evaluation if

θmin < θphase < θmax. (5.11)

The lower bound, θmin, prevents the target from being observed under shadowed conditions,
where insufficient illumination degrades visibility, as depicted in Figure 5.1. The upper bound,
θmax, avoids dazzling caused by (near) backlighting from the Sun, which can saturate the imaging
sensor, as depicted in Figure 5.2. Acceptable observation conditions correspond to intermediate
phase angles satisfying Equation 5.11, as depicted in Figure 5.3.

Beyond the phase-angle window, an eclipse condition on the target itself must also be satisfied,
since the target may be shadowed by the Earth regardless of the chaser’s viewing geometry.
This is evaluated through Tudatpy’s built-in shadow-function with a cannonball radiation-pressure
model for the target, with Earth being the occulting body for the Sun. Only samples for which the
target is illuminated are retained for the coverage analysis.

For each sample satisfying both the phase-angle and eclipse conditions, the viewing direction is
converted into spherical coordinates,

ϕ = tan−1
(y
x

)
, (5.12)

λ = sin−1(z), (5.13)
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Figure 5.1: Target illumination for θphase < θmin, where the target is insufficiently illuminated due to shadowing.

T

C

Figure 5.2: Target illumination for θphase > θmax, where dazzling degrades image quality.

where (x, y, z) are the components of the unit relative-position vector r̂. The azimuth and elevation
are discretised into a uniform 48× 24 grid,

iϕ =

⌊
ϕ+ π

2π
Nϕ

⌋
, (5.14)

iλ =

⌊
λ+ π/2

π
Nλ

⌋
, (5.15)

with Nϕ = 48 and Nλ = 24. The number of unique bins visited is accumulated over the complete
trajectory, and the objective is defined as

Jcov = −Nvisited

NϕNλ
. (5.16)

If no propagated samples satisfy both the illumination and eclipse conditions, the objective returns
a penalty value of 106.

Eavesdropping The objective of an eavesdropping mission is to maximise the opportunity for inter-
cepting the target spacecraft’s communications by maintaining a favourable relative geometry over an
extended period. Rather than converging to a single terminal state, the mission is defined by a stable
relative trajectory within the target’s communications cone from a ground station. Two optimisation ob-
jectives are therefore considered. The first promotes trajectory stability. This encourages the chaser to
maintain a nearly constant relative motion, reducing station-keeping requirements. The second objec-
tive maximises the time spent within the target’s communications cone. This is achieved by maximising
the fraction of the trajectory for which the chaser remains inside the specified antenna beamwhile simul-
taneously minimising the average off-axis angle (θeaves) within the beam. Consequently, trajectories
that remain close to the beam centre for extended durations are preferred.
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Figure 5.3: Target illumination for θmin < θphase < θmax, providing suitable observation conditions.

The eavesdropping mission intent is similarly formulated as a multi-objective optimisation problem,

min
u(t)
{Jstab, Jbeam} . (5.17)

where Jstab promotes a stable relative trajectory, and Jbeam maximises the quality of the communica-
tions geometry. Both objectives are evaluated from the propagated Target and Chaser state histories.

1. Relative velocity stability.

Jstab minimises deviations from constant relative velocity in the LVLH frame, for the components in
the R, S, andW-directions. The inertial relative velocity is first transformed into the Target-centred
LVLH frame, with orthonormal basis vectors constructed as

r̂ =
r

∥r∥
, (5.18)

ŵ =
r× v

∥r× v∥
, (5.19)

ŝ = ŵ × r̂, (5.20)

where r and v are the Target position and velocity vectors. The Chaser relative velocity is then
projected onto this basis,

vLVLH =

 r̂T

ŝT

ŵT

∆v. (5.21)

Each component is approximated by a least-squares linear fit,

vi(t) = ait+ bi, i ∈ {R, S,W}, (5.22)

where ai and bi are obtained using first-order polynomial regression over the propagated samples.
The objective is

Jstab =

3∑
i=1

(ws|ai|+ |bi|) , ws = 108, (5.23)

which strongly penalises drift while also discouraging persistent velocity offsets. The weighting
factor ws is required to encourage the minimisation of |ai|, which has much smaller magnitudes
than |bi|.

Two penalty functions are also defined, relating to the observed in-track offset from Chapter 4: an
in-track offset requirement penalty and an in-track crossover penalty. The first encourages the
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in-track offset to track dnominal by penalising the RMS relative deviation of the absolute offset from
this value, whilst the latter discourages sign changes in the in-track offset by penalising based
upon the fraction of samples with an opposite sign to the majority of samples’ sign of in-track
separation. The dnominal value is fixed per seed and determined by the random sample of the
cone size per Subsection 5.3.3.

2. Communications beam interception.

Jbeam favours trajectories that remain within the target’s communications cone for extended peri-
ods while staying close to the beam centre. The Earth–Target (T) and Earth–Chaser (C) position
vectors are normalised,

r̂T =
rT
∥rT∥

, r̂C =
rC
∥rC∥

, (5.24)

and the off-axis angle, illustrated in Figure 5.4, is computed as

θeaves = cos−1 (r̂T · r̂C) . (5.25)

T

C

Figure 5.4: Illustration of target–Earth–chaser phase angle θ.

Samples satisfying
θeaves < θ3db (5.26)

are considered to lie inside the communications cone, where θ3db is the ground station’s 3 dB
half-angle, illustrated in Figure 5.5.

T

Figure 5.5: Illustration of the communications cone

Let
fbeam =

Ninside

N
, (5.27)
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denote the fraction of propagated samples inside the cone, and let θ̄ denote the mean off-axis
angle of those samples. The objective is

Jbeam = −fbeam
(
1− θ̄

θbeam

)
. (5.28)

If no propagated samples fall within the communications cone, a penalty value of 106 is returned.

5.3.3. Mission Phase Inputs
For the mission simulation of the trajectories, a time-frame for each trajectory is required. As discussed
in Chapter 4, the exact execution of a non-cooperative RPO is in all cases unclear, and this holds for
the time-frame over which an intent is executed as well. For the two intents considered that require
mission trajectories, Inspection and Eavesdropping, some indications are nonetheless available. The
LUCH (OLYMP) satellites typically remain near a target for weeks to months [4]. Although multiple ma-
noeuvres can occur within such a period, this indicates that a representative Eavesdropping trajectory
should span a similar order of magnitude. For Inspection intents, GSSAP satellites are reported to
“loiter” near other satellites, though no precise duration is given in open sources [3, 4].

Besides intent, the orbital regime is an important consideration for mission duration, for two reasons.
First, a stable relative trajectory is harder to sustain in LEO than in GEO, since orbital perturbations,
primarily atmospheric drag and J2, act far more strongly at lower altitudes [104]. A simulated trajectory
in LEO would therefore require more frequent station-keeping manoeuvres for the same duration as in
GEO. Second, lighting conditions change considerably faster in LEO than GEO, owing to the shorter
orbital period (~1.5 h, versus ~24 h in GEO), which matters for intents that depend on sustained optical
geometry, such as Inspection.

A mission duration of 3 days is set for the GEO domain. This value is scaled down for the lower regime
to reflect their reduced trajectory stability and faster-changing lighting conditions, giving 1 day for LEO.
Table 5.2 summarises the adopted durations alongside the orbital characteristics motivating them.

Table 5.2: Mission duration per orbital regime, with the orbital characteristics motivating the scaling.

Orbital regime Orbital period Dominant perturbations [104] Mission duration
LEO ~1.5 h Atmospheric drag, J2 1 day
GEO ~24 h 3rd body Lunar and Solar, Solar Radiation Pressure 3 days

The Eavesdropping intent relies on receiving communications from the ground. For this, the 3 dB half-
angle of the ground station’s emissions is used. For a given wavelength and dish diameter of a parabolic
antenna, the 3 dB half-angle can be approximated using [105]:

θ3dB = 70
λ

D
(5.29)

Considering the UHF, S-band, and X-band frequency ranges across varying dish sizes, Figure 5.6 can
be generated. The figure also includes several dishes used for communication with target satellites
[106]. There is a range of realistic values, and, as with mission duration, this range differs between
orbital domains. In GEO, where high-throughput communication satellites are common, higher frequen-
cies and larger dishes are typical, such as the KSAT Svalbard X-band station with a 13m dish diameter.
In LEO, the situation differs: constellations provide the links, and with more satellites sharing the load,
each satellite requires less throughput individually. This favours lower-frequency bands and smaller
dishes.

Based on this, a half-angle range of 0.8° to 1.5° is considered representative for LEO, and 0.2° to 1.0°
for GEO.

For the stand-off distances, a range is considered where the lower bound is 10 km for GEO and 2
2 km for LEO. The GEO lowerbound is closer than what LUCH satellites have been observed to do
(Chapter 4), but within the same order of magnitude. The upper bound is scaled to the beam cone
radius at the domain’s reference range, computed as range × tan(half-angle), giving a cone radius of
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Figure 5.6: 3dB half-angle as a function of dish size for UHF, S-band, and X-band, with example ground-station dishes
indicated [106].

7.0–13.1 km for LEO and 125–625 km for GEO across the stated half-angle bounds, from which the
nominal ceiling is derived.

Lastly, the input for the Inspection intent requires information on Sun exclusion angles, since optical
sensors can be dazzled if the Sun falls within their field of view. An overview of Sun exclusion angles
for various commercial off-the-shelf sensors (both real and theoretical) is given in Table 5.3.

Table 5.3: Overview of commercial off-the-shelf optical sensors and their Sun exclusion angles (SEA).

Product SEA (deg) Application Source
HICAM – 1MP Space Detec-
tion & Navigation Camera

26 Space detection, navigation,
SSA missions

[107]

AAC Clyde Space – 4MP
Optical Imager for Nanosatel-
lites

30, 45 ‘Imaging’ [108, 109]

AuriCam line-up – D35, D80,
D8

38, 64, 45 ‘Imaging’ [110]

Sapphire Sat 45 SSA [111]

There is considerable variation between sensors, and the overview is not exhaustive; it nonetheless
provides a reasonable indication of realistic values. Based on the observed range of values, the Sun
exclusion angle for the Inspection intent is set in the range of 25° to 65°.

5.3.4. Optimiser Implementation
The multi-objective optimisation required by the multi-objective problems of Inspection and Eavesdrop-
ping is performed using the Non-dominated Sorting Genetic Algorithm II (NSGA-II). NSGA-II is a fast
and elitist multi-objective evolutionary algorithm that combines computationally efficient non-dominated
sorting with crowding-distance-based diversity preservation to approximate the Pareto-optimal front
with reduced computational complexity [112]. During each generation, individuals are ranked into suc-
cessive Pareto fronts, and selection, crossover, and mutation operators evolve the population while
maintaining a diverse set of trade-off solutions.
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NSGA-II is ran for a maximum of a hundred generations. To avoid running the full generation budget
when no further improvement is being made, an early-stopping criterion based on hypervolume con-
vergence is used. The reference point is fixed once, from the initial population at generation (g) 0, as
the component-wise maximum of the objective values with a 10% margin,

rref = 1.1 ·max
i

f
(0)
i . (5.30)

For each objective, either the minimum value for an objective is used, or the value of the reference
point itself is taken for an objective if it is the minimum,

f clipi = min
(
fi, rref − 10−12

)
, fi ∈ Pareto front(g), (5.31)

The hypervolume H(g) is defined as the multi-dimensional volume of the region jointly enclosed be-
tween the reference point and the points of the Pareto front at generation g,

H(g) = λ

(⋃
i

[
f clipi , rref

])
, (5.32)

where λ(·) denotes the Lebesgue measure and
[
f clipi , rref

]
is the axis-aligned hyperrectangle spanned

by a clipped Pareto-front point and the reference point.

Once at least 11 generations have been evaluated, the relative change in hypervolume over a trailing
10-generation window is computed,

∆k =
|H(g − k + 1)−H(g − k)|

H(g − k)
, k = 1, . . . , 10, (5.33)

with the denominator replaced by 1 when H(g − k) = 0. The optimisation is considered converged,
and terminates early, when

max
k

∆k < ε, ε = 1.0× 10−3, (5.34)

i.e. when every consecutive-generation relative change in hypervolume across the window falls below
0.1%, rather than continuing to the maximum budget of 100 generations. Across all runs, the maximum
budget of a 100 generations was never reached.

The final solution is selected from the last generation by identifying the set of Pareto-optimal individuals.
These are the solutions that are not dominated by any other solution in the population, meaning that
no other individual performs at least as well in every objective while being strictly better in at least one
objective.

Since multiple Pareto-optimal solutions generally exist in the front, a single representative solution is
chosen using the distance-to-ideal-point criterion. First, the objective values of the Pareto front are
normalised using min–max normalisation,

f̂i,j =
fi,j − fmin

j

fmax
j − fmin

j

, (5.35)

where fi,j is the value of objective j for solution i, and fmin
j and fmax

j are the minimum and maximum
values of objective j among the Pareto-optimal solutions. If fmax

j = fmin
j , the denominator is replaced

by 1 to avoid division by zero. An illustration of the normalisation process is shown in Figure 5.7.

After normalisation, the ideal point corresponds to the origin, 0, since each objective is minimised inde-
pendently. The Euclidean distance of each Pareto-optimal solution to the ideal point is then computed
as

di =
∥∥∥f̂i∥∥∥

2
=

√√√√ m∑
j=1

f̂ 2
i,j , (5.36)
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Figure 5.7: Effect of objective normalisation on the Pareto front.

where m is the number of objectives. The solution with the smallest distance,

i∗ = argmin
i

di, (5.37)

is selected as the final solution. This approach provides a balanced compromise by selecting the
Pareto-optimal individual that lies closest to the ideal point while ensuring that all objectives contribute
equally through normalisation.

5.3.5. Mission Phase Results
The mission phase optimisation results for Inspection can be found in Figure 5.8, shown in the same
format as the case studies for Inspection in GEO and LEO of Section 4.2.
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(a) Close-in relative motion for inspection, GEO.
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(b) Close-in relative motion for inspection, LEO.

Figure 5.8: Example optimisation results for inspection intents.

The Inspection trajectories for both LEO and GEO in Figure 5.8 display a similar pattern: a drifting
relative trajectory in which the chaser moves in an elliptical or circular path around the target. What
differs is that in LEO, a larger relative drift rate and shorter orbital period can be observed, as indicated
by higher frequency oscillations and the larger in-track distances.
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As compared to the cases from Section 4.2, they display similar behaviour to that observed in LEO,
whilst the case study for GSSAP in GEO showed considerably larger distances during close approach.

For Eavesdropping, these type of plots are shown in Figure 5.9 and can only be compared to the LUCH
Eavesdropping cases in Section 4.2.
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(a) Close-in relative motion for Eavesdropping, GEO.
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(b) Close-in relative motion for Eavesdropping, LEO.

Figure 5.9: Example optimisation results for Eavesdropping.

In both LEO and GEO, the general behaviour of Eavesdropping is that of an off-set, stable, oscillating
behaviour of the Chaser relative to the target. This is the same behaviour that can be observed for
LUCH in GEO as per Section 4.2. The main differences between LEO and GEO is that of the distances
involved; LEO Eavesdropping cases happen closer by, most likely due to the smaller communications
cone due to being closer to Earth and a smaller θ3db angle as per Subsection 5.3.3.

5.4. Orbital Adjustment Phase
The Orbital Adjustment Phase optimises the approach from starting conditions determined by the satel-
lite chaser and target for a seed from the database (see Section 5.2). Two objectives are considered,
depending on the intent; Inspection, Eavesdropping, and Docking all minimise only propellant through
the proxy of ∆V , whilst Collision balances ∆V and tof.

5.4.1. Simulation Pipeline
The optimiser operates on a ten-element, normalised decision vector x ∈ [0, 1]10, decoded into physical
quantities before being passed to the propagator.

The decision vector is structured as

x =
[
x0, x1, x2︸ ︷︷ ︸

∆V1

, x3, x4, x5︸ ︷︷ ︸
∆V2

, x6, x7, x8, x9︸ ︷︷ ︸
epoch fractions

]
, (5.38)

where the first six elements encode two three-dimensional ∆V vectors and the final four elements
encode the manoeuvre and termination epochs as fractions of the available time window.

Each ∆V component in [0, 1] is mapped to [−∆Vmax,∆Vmax]:

∆V1 = (x0:3 − 0.5) · 2∆Vmax, (5.39)
∆V2 = (x3:6 − 0.5) · 2∆Vmax, (5.40)
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where∆Vmax is a mission-specific bound on the magnitude of each component. Centring the encoding
on zero delta-V gives the optimiser a symmetric search range in every axis, which improved optimiser
performance. The maximum ∆V for a burn is thus

√
3∆Vmax.

The four epochs (ti) are decoded using a shrinking-window fractional gap, which guarantees strict
ordering t1 < t2 < t3 < t4 without an explicit ordering constraint in the objective. Let T denote the total
available duration and R0 = T the initial remaining window. Then, for i = 1, . . . , 4,

δi = x5+i Ri−1, (5.41)
Ri = Ri−1 − δi, (5.42)

where δi is the i-th offset andRi the remaining window after it is consumed. The absolute epochs follow
by cumulative summation from the mission start epoch t0:

t1 = t0 + δ1, (5.43)
t2 = t1 + δ2, (5.44)
t3 = t2 + δ3, (5.45)
t4 = t3 + δ4, (5.46)

with t1, t2, t3 the three manoeuvre epochs and t4 the termination epoch. By construction, the ordering
t1 < t2 < t3 < t4 ≤ t0 + T holds for any x ∈ [0, 1]10.

The decoded manoeuvre parameters drive the propagator, which advances both the target and chaser
from t0 to t4 in four legs. The target coasts passively throughout; the chaser receives the two pre-
scribed impulsive burns ∆V1,∆V2, followed by two Lambert-solved burns ∆V3,∆V4 that bring it to
the required end condition.

Each leg is propagated analytically rather than numerically integrated: the Cartesian state X at the
start of the leg is converted to osculating Keplerian elements (K(X )), advanced by the leg duration via
Tudatpy’s propagate_kepler_orbit [103], and converted back to Cartesian coordinates,

X(tk+1) = K−1
(
K
(
X(tk)

)
+∆tk

)
, ∆tk = tk+1 − tk, (5.47)

where K(·) converts a Cartesian state to Keplerian elements and K−1(·) converts back, after the mean
anomaly has been advanced by ∆tk under two-body dynamics. This applies to the target across all
four legs (t0→ t1→ t2→ t3→ t4) and to the chaser on the legs between impulsive events.

The chaser’s terminal target is defined relative to the target’s end-of-mission state XT(t4) = [rT,vT],
the state determined by themission optimisation of Section 5.3, rather than as an absolute state in the in-
ertial frame. The rotation matrixRRSW→I(rT,vT) from the radial–along-track–cross-track (RSW/LVLH)
frame to the inertial frame maps the prescribed relative offset (δr, δv) into an inertial target state:

rtargetC = rT +RRSW→I δr, vtargetC = vT +RRSW→I δv. (5.48)

The Lambert leg is solved for this target state, not for the target satellite’s state itself.

The chaser is propagated and burned sequentially, with each burn instantaneously changing velocity
but not position. Superscripts pre, i and post, i denote the chaser’s state immediately before and after
the i-th burn:

Xpre,1
C = propagate

(
XC(t0), t0→ t1

)
, Xpost,1

C = Xpre,1
C + [0,∆V1], (5.49)

Xpre,2
C = propagate

(
Xpost,1

C , t1→ t2
)
, Xpost,2

C = Xpre,2
C + [0,∆V2], (5.50)

Xpre,3
C = propagate

(
Xpost,2

C , t2→ t3
)
, (5.51)

Xpre,3
C is the departure state handed to the Lambert solver.
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Given the departure state Xpre,3
C = [rdep,vdep] at t3, the arrival position rtargetC and vtargetC at t4, and

the time of flight ∆t34 = t4 − t3, Lambert’s problem is solved for the transfer orbit connecting the two
positions in the prescribed time (subscripts dep and arr throughout refer to the departure and arrival
ends of this transfer). Izzo’s zero-revolution formulation [113] is used as the primary solver, returning
the radial and transverse velocity components at both endpoints of the transfer arc,

(
vr,dep, vt,dep

)
and(

vr,arr, vt,arr
)
. Izzo’s method is used first because it is generally fast and robust [113]; Gooding’s for-

mulation serves as a fallback because it remains valid for co-planar transfers, where Izzo’s solver is
ill-defined [114].
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Figure 5.10: Propagation pipeline

These scalar components are expressed in the
RSW (Radial–Along-track–Cross-track) frame
and must be rotated into the inertial frame. The
cross-track unit vector is obtained from the depar-
ture and arrival position vectors,

Ŵ =
rdep × rarr
∥rdep × rarr∥

, (5.52)

with the radial and along-track unit vectors at
each endpoint given by R̂ = r/∥r∥ and Ŝ =

Ŵ × R̂. The transfer velocities follow as

vtransfer = vR R̂+ vS Ŝ. (5.53)

If rdep and rarr are (near-)collinear, ∥rdep×rarr∥ →
0 and the cross-track direction is ill-defined. In
this degenerate case the solver falls back to
Gooding’s formulation and instead determines
the orbit plane from the departure position and ve-
locity, Ŵ = (rdep × vdep)/∥rdep × vdep∥, which re-
mains well-defined provided the departure state
is not itself purely radial.

The two impulsive burns follow from the differ-
ence between the transfer velocity and the actual
(pre- and post-transfer) velocities:

∆V3 = vtransfer,dep−vdep, ∆V4 = vtargetarr −vtransfer,arr.
(5.54)

With ∆V3 applied, the resulting state is propa-
gated forward under Keplerian dynamics from t3
to t4 using the same analytic method as the ear-
lier legs, and∆V4 is applied at arrival to complete
the transfer.

The total delta-V cost reported to the objec-
tive is the sum of all four burn magnitudes,
∆Vtot =

∑4
i=1∥∆Vi∥, for all intents except Col-

lision, where only the first three are summed
(∆Vtot =

∑3
i=1∥∆Vi∥). The overall pipeline is

summarised in Figure 5.10. The propagator re-
turns (

∆Vtot, tf , X
events
T , Xpre

C , Xpost
C

)
(5.55)

where {∆Vi}4i=1 are the magnitudes of the two prescribed and two Lambert-solved burns; tf is the total
transfer time; Xevents

T is the (4 × 6) array of the target’s Cartesian state at each of the four manoeuvre
epochs t1, . . . , t4; andXpre

C ,Xpost
C are the corresponding (4×6) arrays of the chaser’s state immediately

before and after each burn. Any failed run is caught and penalised, keeping the optimiser away from
infeasible regions of the search space.
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The scalar objective combines the total delta-V budget with several penalty terms:

J(x) = ∆Vtot + Pv + Pperi + Porder +

{
tf/10

3, collision scenario,
0, otherwise,

(5.56)

where ∆Vtot =
∑4

i=1 ∆Vi; Pv penalises delta-V budget violations; Pperi penalises perigee-altitude viola-
tions evaluated on Xpost

C ; and Porder penalises epoch-ordering violations (in practice unreachable given
the shrinking-window encoding, but retained for robustness). A failed propagation returns J(x) = 1010,
driving the optimiser away from that region of the search space.

5.4.2. Optimiser Selection
As discussed in Section 2.1, several different options for the optimisation of the orbital adjustment
phase are available. For the purposes of this thesis, a meta-heuristic algorithm is used due to its
flexibility, ease of implementation, and documented proof of viability for multi-burn rendezvous (see
Chapter 2). Of meta-heuristic algorithms, the SGA, SADE, PSO, and Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) algorithms were selected due to their prevalence in the literature. All of
these algorithms work with a population of individuals and evolve them based upon different rule sets.
All implementations of these algorithms are done using the pygmo library [115] and further explanation
is present in Appendix A.

SGA
The SGA algorithm is one of the first evolutionary algorithms developed and, as the name implies, one
of the simplest considered [43]. The implementation follows a generational cycle: binary tournament
selection fills a mating pool by repeatedly drawing two individuals and keeping the fitter one, after
which simulated binary crossover (SBX) combines pairs of parents into offspring, with a distribution
index controlling how closely offspring cluster around their parents. Polynomial mutation then perturbs
each decision variable independently with a small probability, maintaining genetic diversity and helping
prevent premature convergence. Population replacement follows a pure elitist strategy: parent and
offspring populations are pooled and ranked by fitness, with only the best retained, guaranteeing the
best solution found so far is never lost, at the cost of a higher risk of premature convergence since fitter
individuals can dominate the mating pool across many consecutive generations.

SADE
SADE extends classic differential evolution by self-adapting its control parameters, allowing the muta-
tion scale factor and crossover rate to evolve alongside the population rather than being fixed [116].
For each individual, a mutant vector is formed from the weighted difference between two other ran-
domly selected individuals, added to a third; a trial vector is then built by copying a contiguous block
of components from this mutant into the parent, with the crossover rate controlling how much of the
mutant is drawn in. The trial vector replaces the parent only if it improves on its fitness. Each individual
carries its own mutation and crossover settings, occasionally reinitialised at random; settings attached
to successful trial vectors are passed on to the next generation, biasing the population over time to-
wards settings that have empirically worked well. The algorithm terminates early once the population’s
spread in both fitness and decision variables falls below the specified tolerances, indicating effective
convergence.

PSO
PSO models the population as a swarm of particles moving through the search space, each carrying
a position and velocity rather than undergoing genetic operators [117]. At every generation, each
particle’s velocity is updated by combining an inertia term with a cognitive term pulling it towards its
own best-known position and a social term pulling it towards the best position found across the swarm,
with randomised weighting introducing stochasticity into the update. The inertia weight governs the
exploration–exploitation trade-off: a higher value favours continued movement in the current direction,
while a lower value lets the cognitive and social terms dominate. The updated velocity is clamped to a
maximum magnitude to prevent particles overshooting the search space in a single step, after which
the particle’s position is updated accordingly. Personal and global bests are refreshed only once all
particles have moved for the current generation, rather than incrementally, so an improved position only
becomes visible to other particles in the following generation; this cycle then repeats for the specified
number of generations.
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CMA-ES
CMA-ES departs from the other algorithms in that it maintains no population between generations;
instead, it samples an entire offspring population directly from a multivariate Gaussian distribution pa-
rameterised by a mean and covariance matrix [118]. After ranking the offspring by fitness, only the
best are retained for recombination, and the new mean is formed as a rank-weighted average of these.
Two evolution paths are then updated: a step-size path, which accumulates the direction of successive
mean shifts and adapts the step size accordingly (increasing it when steps point in similar directions,
indicating overly cautious movement, and decreasing it when steps cancel out, indicating overshoot),
and a covariance path, which accumulates

The testing of these algorithms was performed using the docking intent over 40 seeds. The initial as-
sessment involved running all four algorithms over 2000 generations g. This resulted in the evolutionary
behaviour shown in Figure 5.11a for GEO as the domain, and Figure 5.11b for LEO, with the average
runtimes presented in Table 5.4.
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Figure 5.11: Convergence of the four base genetic algorithms on the docking intent, across all seeds, in the GEO and LEO
domains.

Table 5.4: Mean optimiser runtime per domain, averaged over 40 seeds.

Domain SGA [s] SADE [s] CMA-ES [s] PSO [s]
LEO 106.8 120.1 0.9 120.9
GEO 91.5 104.6 62.7 105.6

There is no clear single best-fit solution. In GEO, PSO and SGA both risk failing to reach an optimal
solution, as suggested by their high means, whilst SADE’s higher median suggests it struggles to
approach the global optimum; on balance, SGA performs best on mean cost in GEO, whilst PSO
performs best in LEO. Furthermore, for some seeds stagnation seems to occur, with no improvement
over hundreds of generations; in these cases, early termination would be preferable. Because of this,
alternatives were investigated, constructed by taking the three genetic algorithms that performed well,
SGA, PSO, and SADE, and altering them.

First, all three algorithms get a custom early-stopping condition. As noted in Chapter 2, genetic algo-
rithms can be good at covering the search space and nearing a global optimum, but bad at converging
to it once they are close. Stopping the algorithm once it is close to the optimum and handing over
the best solution to another algorithm is a common way to improve convergence speed [41]. In this
case, each algorithm is handed over to a Nelder–Mead optimiser, which is a numerical method that
constructs a simplex on the search space and expands, contracts, or reflects its vertices to refine the
solution. This combination of early-stopping and Nelder–Mead refinement is applied throughout the
remaining tests for all algorithms.

Stagnation is investigated with different stagnation conditions, which combine the number of genera-
tions the algorithm is allowed to stagnate for and the tightness of the stagnation threshold. Table 5.5
contains the different combinations of stagnation conditions considered.
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Table 5.5: Stagnation-detection conditions tested for early termination.

Condition Stagnation window [gen] Stagnation threshold [%]
Base 100 1.0
Base Long 200 1.0
Base Short 50 1.0
Tight 50 0.5
Loose 200 2.0
Very Loose 500 5.0

In Table 5.5, the Base condition considers stagnation to have occurred if the algorithm does not improve
the objective function by one percent or more for 100 generations. When this condition is met, the
optimiser hands the optimum fitness over to Nelder-Mead, does local refinement.

Furthermore, an island optimiser is also considered, using the same set of stagnation conditions. Island
optimisers work by combining different base algorithms and running them in parallel. Once every set
number of generations (in this case, 50), the best individuals from each algorithm are migrated across
to the other algorithm. This allows the beneficial behaviours of different algorithms to be combined. For
this version, SGA and SADE are combined in an island configuration. One island is equivalent to the
base algorithm it consists of, meaning the combined islands have increased computational load per
generation as compared to the base algorithms.

The optimisation results in terms of runtime and convergence are shown as boxplots with their medians
in Figure 5.12 for GEO, and Figure 5.13 for LEO.
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Figure 5.12: Runtime and convergence of the SGA–SADE island configuration compared to the base algorithms, GEO domain.
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Figure 5.13: Runtime and convergence of the SGA–SADE island configuration compared to the base algorithms, LEO domain.
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In terms of convergence behaviour, across all stagnation conditions, the island optimiser performs best.
Across the different stagnation conditions, the convergence of the island optimisers is about the same,
meaning the choice of stagnation condition does not have much influence on the end results. This is
also the case for SGA, but not for PSO and SADE, which can vary with stagnation conditions. However,
looking at the tail ends of the distribution, other algorithms can score better for a given seed than the
island optimiser. This means that global convergence is not guaranteed.

The difference between stagnation conditions for the island optimiser appears in the runtime compar-
ison. The fastest is Base Short, whilst the longest median runtime comes from Very Loose. This is
also reflected in the convergence behaviour, where the island optimisers that took longer also score
slightly better. Notably, the island optimiser with the Tight stagnation condition performs similarly to
Very Loose, which performed best, whilst being one of the faster conditions.

For this reason, the island optimiser is used with the Tight stagnation condition. As with a mean runtime
of 74 s in GEO, the projected runtime for this domain across 40 000 runs is 34 days, whilst for Very Loose
it would be almost 70 days. Reduced run-time is achieved by running the seeds in parallel, but still lasts
about 4 days per domain.

5.4.3. Adjustment Phase Results
The results of the orbital adjustment phase are what the intent inference model is trained on, and thus
there need to be features that allow for discerning one intent from another.

The lead-up to Inspection and Eavesdropping for the same starting seed in GEO is presented in Fig-
ure 5.14. Since both have the same starting condition and lead-up objective, difference between the
two approaches arise from the difference in target conditions.
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(a) Lead-up relative for Eavesdropping, GEO.
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(b) Lead-up relative motion for Inspection, GEO.

Figure 5.14: Example lead-up optimisation results for GEO.

Two main differences can be observed: for Eavesdropping the approach is faster than for Inspection,
and the main observable difference between the Inspection and Eavesdropping ending conditions is
that for Eavesdropping the SMA is equal to that of the target, whilst for Inspection it is not. The former is
a result of the orbital adjustment optimiser, which can end the transfer faster than the maximum allotted
time. The latter is a result of the mission phase optimisation, where Eavesdropping in general has a
chaser orbit that does not drift relative to the target, whilst Inspection does.

The same plots for Docking and Collision are presented below. Unlike the Inspection/Eavesdropping
pair, whose difference can from the mission phase differences, the difference between Docking and
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Collision arises only from the orbital adjustment phase.
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(a) Lead-up relative motion for Docking, GEO.
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(b) Lead-up relative motion for Collision, GEO.

Figure 5.15: Example lead-up optimisation results for GEO.

The main observable difference between the Docking and Collision intents is the time the approach
takes, which is about a third for Collision than it is for Docking. This is due to the objective difference
between the two, where Collision is incentivised to minimise tof, along with the ∆V .

For LEO, these same plots are presented in Appendix A. They show the same general behaviour.

5.5. Real-World Data Acquisition
All real-world data are acquired through Space-Track’s TLE catalogue. Two approaches are used
to detect manoeuvres: a method tailored specifically to the LUCH-1 and LUCH-2 spacecraft, and a
general-purpose method applicable more broadly. This split is necessary for large-scale acquisition of
orbital data, since manual inspection of trajectories and manoeuvres is infeasible at scale. The LUCH
satellites are treated separately because they employ low-thrust manoeuvring, for which the general
method is not configured; their consistent behaviour (see Section 4.2) makes the specific algorithm
possible for this pair.

5.5.1. LUCH-1 and -2 Algorithm
The file-generation procedure for LUCH relies on the consistent behaviour of the LUCH satellites,
whose manoeuvres towards a target are driven by changes in SMA that induce a drift relative to the
GEO belt. Both LUCH satellites used this drift to move between the targets of successive eavesdrop-
ping periods, as shown in Chapter 4’s Figure 4.1 and Figure 4.5. Both satellites use electric propulsion,
so a single manoeuvre is not (near-)instantaneous and may last several days, with multiple TLEs falling
between its start and end. An algorithm determines the burns before each eavesdropping episode by
clusterig the burn TLEs, and taking the pre- and post-burn TLEs for the pre- and post-manoeuvre states.

The algorithm proceeds in two phases: first, the target of each eavesdropping period is identified;
second, the four manoeuvres leading up to the start of that period are detected.

An eavesdropping period is defined as a time interval during which a LUCH satellite’s SMA, a, remains
at the GEO value, aGEO = 42,164.14 km, and therefore does not drift relative to the belt. A sample at
epoch ti is classified as GEO-resident if
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|a(ti)− aGEO| ≤ ∆athresh, (5.57)

and the start and end of an eavesdropping period are taken as the first and last consecutive epochs
satisfying Equation 5.57. The threshold value athresh for SMA deviation is used to negate the effect of
noise, which causes small changes in the SMA between TLEs, and was determined qualitatively as
5 km.

At the onset of an eavesdropping period, the target is identified by comparing the instantaneous longi-
tude of the LUCH satellite to that of every candidate target at the same epoch. The longitude λ of a
satellite is obtained from its orbital elements as

λ = (Ω + u− θGAST) mod 360◦, (5.58)

where Ω is the RAAN, u = ω+ ν is the argument of latitude (the sum of the argument of perigee ω and
true anomaly ν), and θGAST is the Greenwich Apparent Sidereal Time (GAST) angle at that epoch, and
is required to get a reference from the vernal equinox and the Greenwich meridian

The target is then selected as the candidate k minimising the angular separation to the LUCH satellite’s
longitude λLUCH:

k∗ = argmin
k

∆λk, (5.59)

where
∆λk = min (|λLUCH − λk| , 360◦ − |λLUCH − λk|) , (5.60)

with the wrapped form of ∆λk in Equation 5.60 accounting for the discontinuity at ±180◦. Furthermore,
a maximum separation of ∆λman of 1.0°is used, if no target below this threshold value is found, the
episode is neglected. This algorithm produced the selected targets in Figure 4.1 and Figure 4.5, which
matches the open source information [4].

For each identified eavesdropping period, the four manoeuvres preceding its start are identified by
examining SMA evolution before the return to GEO SMA. A burn is defined as a continuous increase or
decrease in SMA, and burns are identified as the period between stable SMA plateaus, or in other words
the period between the times where the SMA is not changing. A plateau is determined by checking the
difference between subsequent samples:

|a(ti+1)− a(ti)| < ∆aplateau, (5.61)

where a sample-to-sample difference satisfying Equation 5.61 is classified as stable, and ∆aplateau is
a threshold set to distinguish genuine SMA change away from stability and orbit-determination noise
deviation from stability. It is set to 1 km. Consecutive stable samples are grouped into a single plateau.
Furthermore, a condition that a plateau must last at least 6 hours is implemented to distinguish between
TLEs with shorter update frequency, which might fall under the ∆aplateau threshold.

The burns are thus defined as the periods between stable SMA plateaus. However, a burn may be split
into separate sub-burns if a reversal in the direction of SMA change occurs during the window.

At the start of a burn period, no trend is assumed. Once the SMA has moved away from the initial value
by at least a threshold δmin, a trend is established as either rising or falling:

trend =

{
+1 (rising), ai − a0 ≥ δmin

−1 (falling), ai − a0 ≤ −δmin

(5.62)

where ai is the SMA at sample i and a0 is the SMA at the start of the burn window.
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For the remainder of the burn, the extreme aext of the SMA is tracked, which is the maximum value
reached so far during a rising trend, or the minimum during a falling trend. Each new sample is com-
pared against this extreme. If the SMA falls back from aext by at least δmin, opposite to the current trend
direction, the trend is deemed reversed and the burn is split at the extreme sample:

Following a confirmed reversal, the trend flips and the running extreme resets to the current sample, so
the process can detect further reversals within the same burn window. This threshold-based detection
prevents single-sample noise from being registered as a reversal.

Examples of the burn clustering algorithm can be found in Figure 5.16.
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(b) Manoeuvres including clustering of an intermediate plateau.

Figure 5.16: Manoeuvre clustering examples of LUCH.

Whilst the examples in Figure 5.16 show that the general algorithm functions as intended, they also
highlight its limitations. In Figure 5.16a, the reversal mechanism correctly splits the manoeuvre at the
peak of the SMA excursion. However, either due to noise or another phenomenon, a further trend
reversal is found early during the subsequent increase in SMA, despite the SMA continuing to increase
afterwards as well. In Figure 5.16b, the algorithm correctly identifies the major SMA excursions and the
plateau during which the maximum drift rate is achieved; it also shows that the intermediate plateau
is clustered with the rest of the SMA reduction, since it exhibits a slight downward trend of its own.
Having the last burn split at the beginning and end of the plateau could potentially give an indication of
the intent already at the plateau itself, but now it is neglected for the input.

General Algorithm
The general algorithmworks differently from the LUCH specific one. Instead of finding the target dynam-
ically, it needs to have chaser and target specified. For a specified time frame, the close approaches
between the target and chaser are identified using the find_peaks function from SciPy [119], applied
to the negative of the relative distance so that local minima of d(t) are returned as peaks:

ti ∈ {t : −d(t) is a local maximum}, i = 1, . . . , Napproach (5.63)

where d(t) is the chaser-target relative distance as a function of time and Napproach is the number of
candidate close approaches found. For intents where multiple close approaches are possible, such as
Inspection, all identified minima ti are kept. For intents where only a single close approach is expected,
such as Docking, only the global minimum is kept:

t∗ = argmin
ti

d(ti) (5.64)

The candidate close approaches are further filtered by the minimum distance achieved, dmin = d(ti).
A candidate is retained only if it falls below an intent-specific threshold dthresh:

dmin ≤ dthresh (5.65)

For Docking, dthresh = 1 km, whilst for Inspection it is set to dthresh = 500 km in GEO, and dthresh =
50 km in LEO. This filtering step is applied to exclude cases where a given intent was reported but no
correspondingly close approach is observed in the publicly available chaser and target data.
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For each close approach, all TLEs leading up to the close approach are considered when scanning for
manoeuvres. Manoeuvre detection is performed by propagating the state of a given TLE forward to the
epoch of the subsequent TLE. At this common epoch, the Euclidean distance between the propagated
state and the state given by the subsequent TLE is evaluated:

∆rk = ∥rk→k+1 − rk+1∥ (5.66)

where rk→k+1 is the position obtained by propagating TLE k to the epoch of TLE k+1, and rk+1 is the
position given directly by TLE k + 1 at that epoch. A manoeuvre is deemed to have occurred between
TLEs k and k + 1 if this distance exceeds a threshold value ∆rthresh:

∆rk > ∆rthresh (5.67)

The threshold is set to ∆rthresh = 1 km.

For this TLE propagation, the SGP4 python library is used [101], which in turn is based on [102].

The minima identification logic and subsequent manoeuvre scan are shown in Figure 5.17 and Fig-
ure 5.18.
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Figure 5.17: Minima identification for Victus Haze and Jackal inspections.

No RPO scenarios
The No RPO scenarios are generated using the same cases as the other intents, but replaces the
target’s states by that of a non-target. Non-targets are selected as those that are ’close’ to the real
target. In the case of Luch, the logic Equation 5.59 is used. Instead of taking the target that is closest,
the second closest one from the list is taken that still satisfies ∆λman.

For the general algorithm, a different approach is used to identify replacement targets. Candidate satel-
lites are queried from the database based on an offset in inclination and SMA relative to the reference
target:

a ∈ [a0 −∆a, a0 +∆a], i ∈ [i0 −∆i, i0 +∆i] (5.68)
where a0 and i0 are the SMA and inclination of the reference target at the epoch of interest, and∆a,∆i
are search margins. If no candidates are returned, the margins are doubled and the query is repeated
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Figure 5.18: Manoeuvres detection leading up to Victus Haze and Jackal inspections.

until at least one candidate is found. If more than 20 candidates remain, the set is further narrowed by
longitude proximity to the reference target, keeping only the 20 candidates with the smallest angular
longitude difference, similar to Equation 5.58.

For each remaining candidate, its Keplerian state at the epoch of closest approach is compared directly
against that of the reference target. Both states are obtained by converting the Cartesian position at
that epoch into Keplerian elements, [a, e, i,Ω, ω, θ], where angular differences are wrapped in their
respective range.

The six resulting differences are then normalised by their own standard deviation across all candidates,
so that elements with different scales and spreads contribute comparably to the overall distance metric:

∆̂xj =
∆xj

σ(∆xj)
, j ∈ {a, e, i,Ω, ω, θ} (5.69)

An additional weight wa is applied to the normalised SMA difference to emphasise its contribution
relative to the other elements. The candidates are then ranked by the weighted Euclidean norm of the
normalised differences:

D =

√
(wa ∆̂a)2 + ∆̂e

2
+ ∆̂i

2
+ ∆̂Ω

2
+ ∆̂ω

2
+ ∆̂θ

2
(5.70)

and the n candidates minimising D are selected as replacement targets. Depending on the case, n is
set to 2 or 5.

5.5.2. Overview of Real World Cases
Real world cases considered for the algorithms are covered in Chapter 4, and put through their respec-
tive algorithms to extract manoeuvres before RPO. This resulted in a total of 122 scenarios in GEO,
and 259 in LEO. The breakdown of the intents per chaser is shown in Table 5.6, whilst more information
on each case can also be found in Chapter 7.

5.6. Comparison Synthetic and Real Datasets
Model training is performed on synthetic data, which means that for the model to perform in real-world
operational scenarios, the synthetic data needs to match real-world data. The comparison of these
two sets is done in two ways: distribution analysis, in which it is evaluated whether the raw inputs of
the real-world data fall within the distribution of synthetic data, per input itself; and a clustering method,
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Table 5.6: Source breakdown per intent, split by orbital regime

Intent GEO LEO
Docking SJ-21 (2), MEV-1 (1), MEV-2 (1) ASTRO 4 (1), Crew Dragon Endurance

(1), Progress MS-27 (1), Shenzhou-8
(1), Shenzhou-9 (1), Shenzhou-10 (1),
Shenzhou-11 (1), Soyuz MS-23 (1)

Collision – –
Inspection USA270/GSSAP-3 (8), SJ-

17 (6), USA271/GSSAP-4 (6),
USA324/GSSAP-5 (2)

Cosmos 2521 (21), Cosmos 2504 (6),
Victus Haze (5)

Eavesdropping LUCH Olymp K-1 (29), LUCH Olymp K-
2 (8)

–

No RPO LUCH Olymp K-1 (22), MEV-2 (18),
LUCHOlymp K-2 (6), USA271/GSSAP-
4 (6), USA324/GSSAP-5 (3), MEV-1
(2), USA270/GSSAP-3 (2)

Cosmos 2521 (168), Victus Haze (45),
Cosmos 2504 (6)
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Figure 5.19: Out-of-Distribution analysis of real and synthetic test sets, compared to LEO training data.

which uses scikit-learn’s NearestNeighbors [120] per intent to investigate whether real-world intents
cluster near synthetic-world intents.

This comparison is not a direct validation of the synthetic data generation, as the real-world manoeuvre
extraction adds a layer of potential misalignment between synthetic and real data.

The features considered are the ones from Chapter 7 which have undergone noise and cadence degra-
dation. Further explanation on the features can also be found in Chapter 6.

5.6.1. Distribution Analysis
For the out-of-distribution (OOD) analysis, the 1%–99% range of values is considered for the baseline
feature range. The expected fraction of values falling OOD for a perfect match is thus 2%, whilst higher
fractions indicate a shift between the training data and the set under comparison.

The per-intent, per-manoeuvre split is presented in Figure 5.19 for LEO and Figure 5.20 for GEO,
showing OOD for both the synthetic test set and the real validation set.

Three patterns emerge from Figure 5.19 and Figure 5.20. First, the overall match between real and
synthetic data is domain-dependent and not uniformly better or worse for one domain over the other, as
it depends on the intent. No RPO, for example, has a similar OOD score to synthetic data in GEO, but in
LEO this is not the case. This can potentially be explained by the difference in how No RPO targets are
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Figure 5.20: Out-of-Distribution analysis of real and synthetic test sets, compared to GEO training data.

generated between synthetic and real data: for synthetic data the replacement target is selected based
on similarity with the real target at the start of the simulation, whereas for real data this comparison is
made at closest approach by the chaser. The difference between these two approaches is potentially
greater in LEO than in GEO, where the latter environment most likely has a smaller difference due to
less variance from perturbations and generally similar orbits, being all within the GEO belt. Docking,
by contrast, matches somewhat worse in GEO than in LEO, though the GEO real sample for this intent
is very thin (n = 4) and this should be read as indicative rather than confirmed.

Moreover, later manoeuvres are a better match than earlier ones. In LEO this is visible for Docking and
Inspection; in GEO for Inspection, Eavesdropping, and No RPO. The two exceptions are No RPO in
LEO, discussed before, and Docking in GEO, where no comparable improvement across the manoeu-
vre sequence is observed. For this latter scenario, no definite conclusions can be made since it is only
supported by four data points.

There is thus a genuine, intent- and domain-dependent shift between real and synthetic data. Earlier
manoeuvres show a greater mismatch than later ones in most but not all intent/domain combinations,
and Eavesdropping has the best simulated match with real data.

5.6.2. Clustering Analysis
Whilst an OOD score does give an indication of whether the data generation matches reality, it does not
give the full picture. An intent can have a high OOD score, meaning there is a mismatch for the features,
but it could still match the patterns or combination of features for its intent. Analysis of a sample’s
nearest neighbours within the training data reveals whether the underlying patterns or combination
of features matches what the model is trained on, and could potentially indicate that whilst features
are OOD, the pattern underlying them does match the data generation. For each episode, 25 of its
nearest neighbours are determined. The mean composition of these neighbours’ intents is presented
in Figure 5.21 and Figure 5.22, showing how both the synthetic test data and the real data cluster with
the training data.

For the clustering in both LEO and GEO, Docking stands out as having more Docking neighbours for
real data than synthetic, meaning the real data points are more easily discernible than their synthetic
counterparts. For Inspection, the clustering story differs between LEO and GEO. Whilst both domains
had similar OOD scores, the clustering in LEO shows close proximity to Docking neighbours, which
is also significantly greater than for the synthetic set. In GEO, on the other hand, there is significant
clustering with Inspection, Eavesdropping, and No RPO, indicating it does not clearly fit into the classes
of synthetic data. Eavesdropping has almost identical clustering between real and synthetic data, so
not only is the OOD score similar, but the underlying patterns are as well, and good classification
performance is expected. The No RPO clustering trend in LEO and GEO is reversed: whilst targets
were better discernible for GEO synthetic data, they are more often clustered closer to other intents
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Figure 5.21: Neighbourhood distribution of real and synthetic test sets, compared to LEO training data.
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in real data; in LEO, conversely, the model is trained on targets that are less discernible than the real
data.

Taken together, the OOD and clustering results point to Inspection as the intent where the model is
most likely to struggle in operation, in both LEO and GEO, though for different underlying reasons
in each domain (further explored in Chapter 7). No RPO is a secondary concern, but only in LEO,
where both its OOD mismatch and its clustering with other classes are worse than in GEO. Docking
and Eavesdropping appear to transfer well, though the former is based on a very thin real sample and
should be treated cautiously. More broadly, since the mismatch between real and synthetic data is
largest for early manoeuvres and shrinks over the course of a campaign, classification confidence is
expected to be least reliable when only the first one or two manoeuvres are observed.



“I’m sorry, Dave. I’m afraid I can’t do
that.”
HAL 9000, 2001: A Space Odyssey

- 1968

6
Intent Classification Model

This chapter documents the model used for intent classification. Section 6.1 details the reasoning and
structure of the model inputs. Then, Section 6.2 explains the model architectures and their training.
Finally, Section 6.3 covers the classification performance of the models.

The process behind this chapter was highly iterative with not only sections within this chapter, but
also performance on real world data with the degraded training data presented in Chapter 7. In short,
the best performing model is XGBoost, as determined in Section 6.3. The best input features for this
XGBoost model are Keplerian deltas with a distance metric, as determined in Section 6.1 which in
turn relies on real world data generated in Section 5.5 and further details on these real world cases
is available in Section 7.3. Whenever it is not specified, it is these inputs and model that is being
evaluated.

6.1. Input Data and Feature Engineering
In the literature, intent inference is typically treated as a time-series classification problem (see Chap-
ter 2). This approach follows naturally from the classification method most commonly adopted, in which
the relative trajectory of the chaser around the target is analysed throughout the execution of the intent.
Whilst this offers the richest source of information for inferring intent, it is fundamentally reactive: intent
can only be inferred once the relative motion that reveals it has already taken place. Early intent infer-
ence, by contrast, must begin before this execution phase. In other words, intent inference must come
from data that occurs during the approach trajectory that precedes the execution of intent.

The question that follows is how such an approach trajectory should be represented. Treating it as
a time-series problem, in line with the existing literature, remains possible; however, the information
density of the time series itself is likely to be sparse during this phase. While a satellite is under natural
motion, with no manoeuvring taking place, there is little in the trajectory itself to indicate intent. It is only
the execution of a manoeuvre and the change in the trajectory that follows that provides direct evidence
of what the intent might be. This suggests that a representation built around discrete manoeuvre events,
rather than continuous trajectory evolution, may be better suited to the goal of early inference.

For this reason, the initial models are built on the information available at the manoeuvres executed
during the approach. As Goldman, Geib, and Miller [121] explain, plan recognition is the field of study
concerned with inferring the underlying goal behind an agent’s actions from the actions themselves;
here, the relevant actions are the manoeuvres.

67
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6.1.1. Base Feature Input
The input data is constructed from instantaneous pre- and post-manoeuvre state information at the ex-
act time of each manoeuvre. Two options are considered, the pure Keplerian elements (a, e, i,Ω, ω, v)
of both the target and chaser satellites, and the difference (delta) between these elements. With pure
Keplerian elements, there are four feature sets per manoeuvre; for both target and chaser the ele-
ments pre- and post-manoeuvre. For Keplerian deltas, this reduces to two feature sets, the difference
between target and chaser, pre- and post manoeuvre. Both options have their potential advantages
and disadvantages. With the pure Keplerian elements, a model has the most information about the
situation. It could, in theory, derive all the Keplerian deltas from this information, and retain the context
around them. For example, whilst a 1 km difference in the SMA (a) is indicative of a drift between the
two objects, the relative drift rate will depend also on the actual SMAs of the two objects. However, the
use of Keplerian deltas has the advantage that the model has the pre- and post-manoeuvre differences
directly, and thus it is easier for the model to learn the effect of the manoeuvre.

The accuracy of a model trained on the pure or delta Keplerian elements is presented in Figure 6.1.
Accuracy is shown on the synthetic data set (Figure 6.1a), and real data (Figure 6.1b). This comparison
is intended only to motivate the choice of base input, ahead of the model and training details discussed
in Section 6.3 and Chapter 7, and the accuracy does not reflect final model performance.
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(b) Accuracy using delta and pure Keplerian elements, real data.

Figure 6.1: Classification performance of the model using delta and pure Keplerian elements.

As can be observed in Figure 6.1a, the model performs well regardless of which data type is used as
input, when evaluated on synthetic data. There is a marginal difference between the two, with pure Ke-
plerian elements scoring better slightly better in both LEO and GEO. However, the real change comes
when evaluated on real data. Here, deltas perform better, with a significant difference in accuracy
between the two in favour of using the Keplerian deltas.

Despite showing marginally better performance on synthetic data, pure Keplerian elements struggle
to generalise to real-world cases. This suggests that pre-processing the data into delta Keplerian
elements is beneficial for the model, as it focuses training on the relative geometry of the approach
rather than the absolute orbital context. For this reason, delta Keplerian elements are used as the
base input for the models. However, the deltas by themselves also do not perform perfectly and there
is room for improvement with additional features, derived from the orbital state.

6.1.2. Derived Feature Input
Several engineered features are considered to aid the model with intent inference to improve the per-
formance of using just the Keplerian deltas. These fall into four categories: 1. distance, 2. plane
alignment, 3. relative drift, 4. potential required velocity change. The four categories potentially reveal
more about how the RPO is occurring; some intents might happen closer by or further away, in which
case the category 1 is of use. Category 2 says something about the relative geometry of the RPO,
which can be a differentiator between intents. Both categories 3 and 4 say something about if an RPO
is actually being performed, but through different metrics. With drift rate the model potentially learns
patterns in the timing of when an RPO is supposed to happen, whilst with required velocity change it
can learn about the burn patterns that might lead to an RPO.

Distance is the simplest metric and is the distance between the chaser and target satellite at certain
points in time, which in this case corresponds to the manoeuvres.
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The metrics related to plane alignment give an indication of the match between the general geometry
of the two satellites’ orbits. What they do not indicate is phasing. The orbital plane is defined through
the angular momentum vector, which is calculated as

h⃗ = r⃗ × v⃗. (6.1)

The angle between two vectors is then determined as

θh = acos

(
∥h⃗c · h⃗t∥
∥h⃗c∥∥h⃗t∥

)
. (6.2)

Both the angles pre- and post-manoeuvre are considered, as well as the change in the angle itself.

For phasing, three metrics are considered: the in-plane angle difference, which assumes the orbital
planes of the chaser and target are aligned, the drift rate, and the time-to-alignment. The mean longi-
tude (u) is calculated as

u = Ω+ ω +M. (6.3)

It is thus determined using mean anomaly (M ), and not true anomaly (ν) to make use of the mean
motion to calculate relative drift rate and time of alignment. The difference is then

ud = uc − ut. (6.4)

The relative drift rate (du/dt, or u̇) is then calculated using the mean drift rates

u̇ =

√
µ

a3c
−
√

µ

a3t
, (6.5)

where µ is the gravitational parameter. For the time-to-alignment, the synodic period is first calculated.
This is the period between alignments and depends on the drift rate u̇. It is defined as

Tsyn =
2π

u̇
. (6.6)

This is used for the time-to-alignment:

Talign =
−ud

u̇
mod Tsyn. (6.7)

For the potential required delta-v metrics, the Lambert solver from Chapter 5 is re-used to evaluate the
pre- and post-manoeuvre states. This metric is similar to some Threat Index papers (see Chapter 2);
however, for computational reasons, only one solution is considered, rather than a bounded set of
potential combinations of time-of-flight and ∆V . A time-of-flight is required for the Lambert solver and
is set to a quarter of the orbital period of the chaser satellite,

tofλ =
π

2

√
a3c
µ
. (6.8)

In addition to the Lambert-based transfer cost, a lower-bound benchmark is computed using a two-
impulse Hohmann-type transfer between the two orbits, ignoring phasing entirely. This isolates the
geometric (non-phasing) contribution to the manoeuvre cost, since it represents the delta-v floor that
the true rendezvous cost approaches given unlimited time to phase. For circular orbits with semi-major
axes at and ac, and plane angle θ between the two orbital planes, the transfer orbit semi-major axis is

atrans =
at + ac

2
. (6.9)

The circular and transfer-orbit velocities at each end of the transfer are then

vt =

√
µ

at
, vc =

√
µ

ac
, (6.10)
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vtrans,t =

√
µ

(
2

at
− 1

atrans

)
, vtrans,c =

√
µ

(
2

ac
− 1

atrans

)
. (6.11)

The first burn injects the chaser onto the transfer orbit and is assumed to be coplanar, so its cost is
simply

∆V1 = |vtrans,t − vt| . (6.12)

The second burn both circularises the transfer orbit and folds in the full plane change θ, combined
vectorially as

∆V2 =
√
v2trans,c + v2c − 2 vtrans,cvc cos θ. (6.13)

The total floor cost is then ∆Vf = ∆V1+∆V2. In the case where the target and chaser are at the same
semi-major axis a, the cost is defined as

∆Vf = 2V sin

(
θ

2

)
, V =

√
µ

a
. (6.14)

Comparing this floor value to the delta-v obtained from the fixed-time-of-flight Lambert solution gives
a measure of how much of the Lambert cost is attributable to phasing constraints rather than to the
underlying orbital geometry. However, this does assume the target spacecraft is in a near circular orbit.

A summary of these considered features and their definitions is presented in Table 6.1.

Table 6.1: Summary of engineered features considered for RPO intent classification.

Symbol Name Definition Units
d Distance d = ∥rc − rt∥ m
θh,pre Angular momentum angle, pre angle between hc,pre and ht,pre rad
θh,post Angular momentum angle, post angle between hc,post and ht,post rad
∆θh Change in angular momentum angle θh,post − θh,pre rad
u In-plane angle argument of latitude difference, chaser

minus target
rad

u̇ Drift rate du/dt rad/s
Talign Time to alignment Talign = (−u/u̇) mod Tsyn, the smallest

t ≥ 0 at which u(t) = 0
s

∆Vλ,pre Lambert ∆V , pre Fλ(rc, rt,ToF) m/s
∆Vλ,post Lambert ∆V , post Fλ(rc,post, rt,ToF) m/s
∆Vf,pre ∆V floor, pre F (rc, rt) m/s
∆Vf,post ∆V floor, post F (rc,post, rt) m/s
∆Vred ∆V reduction ∆Vλ,pre −∆Vλ,post m/s
R∆V Excess ratio, post ∆Vλ,post/∆Vf,post –

For the first evaluation of the metrics, the influence of distance is evaluated stand-alone since prelim-
inary testing showed the feature to have good potential to improve performance. A model trained on
only Delta Keplerian features and one with the distance feature added at each manoeuvre is evaluated
in Figure 6.2.
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Figure 6.2: Influence of distance on classification performance of the model.

Both models perform well on synthetic data, with the addition of distance having negligible effect (under
1%) on the evaluation accuracy. The real improvement comes from the evaluation on real data, where
both LEO and GEO accuracy improve significantly. The distance feature is thus considered for base
model input. Note that the performance in LEO on real data is similar to that of synthetic; this is slightly
misleading due to the real data set being fundamentally different and further information can be found
in Chapter 7.

The other features, from groups 2 to 4, are evaluated together against the baseline. Three models are
compared in Figure 6.3: the base model, trained on the delta Keplerian features (no distance metric),
the candidate addition, trained only on the new features from groups 2 to 4 (New Features), and a
model combining both feature sets (Combined).
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Figure 6.3: Model comparison on different training feature sets, synthetic data.

It can be observed in Figure 6.3 that all models perform well regardless of the feature set they are
trained on. Notably, the new feature set on its own already forms a complete basis for intent inference,
slightly outperforming the base Keplerian deltas. Combining the two sets yields the best performance
overall, as would be expected given that each set carries information the other lacks. This improvement,
however, comes with some redundancy between the two sets, so rather than appending the new feature
set in full, a selection of it is added to the base set to avoid redundant input parameters.

For this, the importance of the features is investigated. Feature importance is assessed using scikit-learn’s
permutation_importance [120] function. Permutation importance measures the effect a feature has
on performance by randomly shuffling that feature within a given dataset.
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Figure 6.4: Feature permutation importance of combined model, summed per set and top 12 of new features

Figure 6.4 shows the summed feature importance for the base and new feature sets, for the combined
model. It can be observed that the performance of the combined model is affected more by the permu-
tation of the new features than the base features. It should be noted, however, that the new feature set
has more features in it than the base set, so some individual features from the base set can be more
important than those from the new set.

From the new feature set, the most important features are ∆θh, θh,post, Talign,post and ∆Vred, as can be
observed in Figure 6.4. There is some difference between LEO and GEO, with the angular momentum
angle change being much more important in LEO than in GEO, which most likely comes from the planar
alignment of most satellites in the GEO belt, reducing the signal that could potentially be given. In turn,
∆Vred is more important in GEO, which is potentially an indication of the phasing difference between
the two domains.

It should be noted that the most easily derived of these features are ∆θh, θh,post, and Talign,post. For this
reason, and due to their permutation importance, they are considered for a new model. Furthermore,
θh,pre and Talign,pre are also considered as they are related to these features. This selected feature set
is evaluated in Figure 6.5, where it is compared to the Keplerian deltas with distance on real data.
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Figure 6.5: Model comparison on different training feature sets, real data.

The selected feature set combined with the delta Keplerians performs the worst on real data of all the
feature sets considered in Figure 6.5, though there is an improvement over the delta Keplerians alone
in Figure 6.2b. The distance metric improves performance more than the selected features alone, but
notably the set without the selected features but only the distance metric performs the best in LEO and
GEO. In LEO the difference is significantly more than in GEO, and is potentially driven by the greater
mismatch of synthetic and real features in LEO than in GEO as shown in Section 5.6.
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The final input feature set is thus the Keplerian deltas with the distance metric at each manoeuvre.

6.1.3. Training Input
The training input sequence per sample is presented in Figure 6.6 and Figure 6.7. The full input se-
quence, shown in Figure 6.6, reflects the features found to be best for intent inference. To allow early
intent inference, some or all of the later manoeuvres are omitted from the sequence, allowing intent
to be inferred before all four manoeuvres have taken place. Figure 6.7 illustrates such a partial input
sequence, in which one or more manoeuvres are absent and the corresponding feature entries are
zero-valued.

Data Input per case
Manoeuvre 1

post
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Distance

pre
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Manoeuvre 2
post
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Distance

pre
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Manoeuvre 3
post
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Distance

pre
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Manoeuvre 4
post
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Distance

pre
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Figure 6.6: Full input sequence considering all four manoeuvres.

Data Input per case - missing manoeuvres
Manoeuvre 1

post
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Distance

pre
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Manoeuvre 2
post
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Distance

pre
ΔaT·C

ΔeT·C

ΔiT·C
ΔΩT·C

ΔωT·C

ΔνT·C

Manoeuvre 3
post
0
0
0
0
0
0

0

pre
0
0
0
0
0
0

Manoeuvre 4
post
0
0
0
0
0
0

0

pre
0
0
0
0
0
0

Figure 6.7: Partial input sequence considering fewer than four manoeuvres.

To allow the models to distinguish between full and partial input, an additional integer-valued feature
indicating the number of manoeuvres present (ranging from 1 to 4) is appended to the input vector.
Without this indicator, a genuine absence of manoeuvre data would be numerically indistinguishable
from a case in which the Keplerian element deltas happen to be zero, potentially allowing the models
to misinterpret missing information as matching orbits. The use of NaN values was considered for this
purpose, but was rejected in favour of reserving NaN exclusively for data that is genuinely unavailable.
In other words, zero-padding is used for manoeuvres that have not yet occurred, whereas NaN is used
for data that is potentially unavailable.

To allow for early intent inference, themodel should at least be able to perform accurately on information
up till manoeuvre #3. Whilst for the Inspection and Eavesdropping manoeuvre #4 corresponds to the
start of the mission trajectory, for docking and ramming it represents the end of those intents.

The dataset is balanced per intent class to ensure that the models do not over-represent any single
intent during training. Without class balancing, the model is trained predominantly on the majority class,
and can minimise its loss simply by predicting that class most of the time, regardless of the input. Within
each balanced class, 90% of the samples are used for training and validation, with the remaining 10%
held out for testing. The 90% is split further, with 85% used for training and 15% for validation, giving
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an overall split of 76.5% training, 13.5% validation, and 10% test. This balancing and split is shown in
Figure 6.8a for LEO and Figure 6.8b for GEO.
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Figure 6.8: Balancing of intent classes and train–test split.

Models are trained separately on their domain, which means there is a LEO and a GEO classifier model.

6.2. Model Architecture
Three supervised classification algorithms were selected as candidates for the intent classification task,
all with different approaches: SVM, Random Forest, and XGBoost. This diversity was intentional, as
the three approaches make different assumptions about decision boundary structure and feature inter-
actions, allowing their relative performance to indicate which inductive bias best matches the structure
of the delta-Keplerian feature space described in Section 6.1. All model implementations were done
using the scikit-learn library [120].

The SVM constructs an optimal separating hyperplane that maximises the margin between classes in
a (possibly transformed) high-dimensional feature space [60]. For linearly inseparable data, the kernel
trick implicitly maps input features into a higher-dimensional space via a kernel function K(xi,xj),
avoiding explicit computation of the transformation. In this work, a linear SVM is used, due to the
difficulty of non-linear SVMs with large dataset (>1.000 samples) [120]. The regularisation parameter
C is tuned to balance margin width against misclassification tolerance. Multi-class classification is
handled via a one-versus-rest scheme, in which a separate binary classifier is trained to distinguish
each intent class from all others, and the final label is assigned to the class whose classifier produces
the highest decision-function score. SVMs are well suited to problems with a clear margin of separation
[60].
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Figure 6.9: Example architecture of an SVM classifier.

Random Forest is a bagging-based ensemble method that trains a large number of decision trees on
subsets of the training data [59]. At each split within a tree, only a random subset of features is consid-
ered, which decorrelates individual trees and reduces the variance of the ensemble relative to a single
decision tree. The final classification is obtained by averaging the predicted class probabilities across
all trees and selecting the class with the highest mean probability. Key hyperparameters include the
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number of trees, maximum tree depth, and the number of features considered at each split, all of which
govern the bias-variance trade-off of the ensemble. Random Forests are attractive for this application
because they are relatively insensitive to feature scaling, naturally handle non-linear interactions, and
provide a built-in measure of feature importance that can be used to interpret which orbital elements
are most discriminative for a given manoeuvre intent.

Tree 2
{X}

Tree N
{X}

Training Data

Majority Voting

Class B Class A

Tree 1
{X}

Class B

Figure 6.10: Example architecture of a Random Forest classifier.

XGBoost is a gradient boosting algorithm that builds an ensemble of decision trees sequentially, where
each new tree is trained to correct the residual errors of the ensemble formed by its predecessors [61].
Unlike Random Forest, in which trees are grown independently and in parallel, boosting is a sequential
process in which the loss function is minimised using gradient descent. XGBoost extends standard
gradient boosting with regularisation terms on tree complexity, a second-order (Newton) approximation
of the loss function, and efficient handling of sparse data, which together tend to improve generalisation
and training speed relative to earlier boosting implementations. Relevant hyperparameters include the
learning rate, maximum tree depth, number of boosting rounds, and L1/L2 regularisation coefficients.
Because boosting focuses successive trees on previously misclassified samples, XGBoost is expected
to perform well in distinguishing intent classes with subtle or overlapping feature signatures, such as
Inspection versus Eavesdropping sequences.

Tree N
{XK}

Training Data

Weighted Additive Model

Class A,
Residuals

Class B,
Residuals

Class B,
Residuals

Class A,
Residuals

Tree 2
{X2}

Tree 1
{X1}

Figure 6.11: Example architecture of an XGBoost classifier.

6.2.1. Hyper-parameter Tuning
For the Random Forest, a few key hyper-parameters are considered for tuning: the number of trees,
which sets the ensemble size; the maximum tree depth, which bounds the number of splits a tree may
make; the minimum samples required to split a node and to form a leaf, which control how small a sub-
set of data a tree may partition on; and the number of features considered at each split, which governs
the randomness injected between trees. For XGBoost, the number of boosting rounds sets how many
trees are added sequentially; the learning rate scales each tree’s contribution to the ensemble, trading
off convergence speed against over-fitting; maximum tree depth and min_child_weight constrain indi-
vidual tree complexity; subsample and colsample_bytree randomly subsample rows and columns for



6.3. Model Evaluation 76

each tree to decorrelate the ensemble; gamma sets the minimum loss reduction required for a further
split; and reg_alpha/reg_lambda apply L1/L2 penalties to leaf weights. For the linear SVM, C controls
the trade-off between maximising the margin and tolerating misclassified training points, with smaller
values giving a wider margin at the cost of more misclassification, while the maximum number of solver
iterations sets the convergence budget.

Hyper-parameters for all three candidatemodels are tuned using RandomizedSearchCV from scikit-learn
[120], with 5-fold cross-validation, optimising for mean validation accuracy across folds. Randomised
search is preferred over an exhaustive grid search because it samples a fixed number of parameter
combinations from specified distributions, allowing a wider hyper-parameter space to be explored within
a reasonable computational time. For each model, the best-performing configuration is refit on the full
training set and evaluated on the held-out test set.

The Random Forest search space is constrained to reduce the risk of over-fitting. Tree depth is limited
to 6–15 rather than allowed to grow unrestricted, the minimum samples required to split a node is set to
15–40, and to form a leaf to 10–30, forcing each leaf to represent a non-trivial subset of the training data
rather than fitting to individual samples or noise. The number of trees is varied between 200 and 500,
and the number of features considered at each split is toggled between the

√
n and log2 n heuristics,

where n is the number of features. Thirty search iterations are used.

XGBoost is tuned over a substantially larger hyper-parameter space, using 30 search iterations, re-
flecting the greater number of tunable parameters. The number of boosting rounds (400–1200) is com-
bined with early stopping (patience of 30 rounds, monitored on the held-out evaluation set), allowing
the effective number of trees to be determined adaptively rather than fixed by the search alone. Tree
depth is restricted to a shallower range (3–8) than for Random Forest, since over-fitting compounds
across sequential stages, and min_child_weight (3–12) provides an additional constraint on leaf
size. The learning rate is sampled from 0.01–0.10. Stochastic row and column sampling (subsample,
colsample_bytree) decorrelate successive trees, while L1 and L2 regularisation (reg_alpha, reg_lambda)
and a minimum split-loss threshold (gamma) further penalise model complexity.

For the linear SVM, the hyper-parameter space is narrower than for the other two models, reflecting
that the regularisation strength C is the dominant parameter governing model behaviour. C is sampled
from a log-uniform distribution spanning five orders of magnitude (10−3 to 102). The maximum number
of solver iterations is also varied (2000–8000), to ensure convergence is not a confounding factor rather
than to influence generalisation directly. Thirty search iterations are used to ensure adequate coverage
of the log-scaled C range.

For all three models, the final selected configuration is the one achieving the highest mean cross-
validation accuracy; its performance is reported on both the training and test sets to assess the degree
of over-fitting introduced by the tuning process.

6.3. Model Evaluation
Model performance is assessed using standard classification metrics1 [122]. For a given class c, four
quantities are defined: true positives (TPc), the number of samples of class c correctly classified as
c; false positives (FPc), the number of samples from other classes incorrectly classified as c; false
negatives (FNc), the number of samples of class c incorrectly classified as another class; and true
negatives (TNc), the number of samples correctly classified as not belonging to c.

Precision quantifies how many of the samples predicted as class c actually belong to that class, and is
defined as

Precisionc =
TPc

TPc + FPc
. (6.15)

A low precision indicates that the model frequently mislabels other intent classes as c, generating false
alarms for that manoeuvre type.

1Because all classes are trained and assessed on the same sample size, weighted metrics are not required for assessment
on the synthetic dataset, as these will be the same as the unweighted ones.
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Recall (also referred to as sensitivity or the true positive rate) quantifies howmany of the actual samples
of class c are correctly identified, and is defined as

Recallc =
TPc

TPc + FNc
. (6.16)

A low recall indicates that the model frequently fails to detect class c when it is truly present, misclassi-
fying it as another intent.

Precision and recall capture complementary failure modes and are typically in tension: increasing one
tends to decrease the other, depending on where the model’s decision boundary is drawn. The F1-
score combines both into a single metric via their harmonic mean,

F1c = 2 · Precisionc · Recallc
Precisionc + Recallc

. (6.17)

The harmonic mean is used rather than the arithmetic mean because it penalises large imbalances
between precision and recall more heavily, so a high F1-score can only be achieved when both are
high.

Finally, overall accuracy is reported as the proportion of all samples correctly classified, over all classes,

Accuracy =

∑N
c=1 TPc

Total number of samples
. (6.18)

The three models were evaluated on the testing set, splitting the data per manoeuvre count. The
accuracy permanoeuvre, for both LEO andGEO can be found in Figure 6.12, which shows the evolution
of the three model’s classification performance as context increases.
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Figure 6.12: Classification accuracy by manoeuvre sequence length on the test sets, GEO and LEO.

A few things can be observed in Figure 6.12. XGBoost stands out as the best classifier, achieving the
highest accuracy in both GEO and LEO across every manoeuvre count. In both domains, the largest
single-step gains occur later rather than earlier in the manoeuvre sequence rather than diminishing
monotonically, suggesting that early intent inference is hard regardless of the model.
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Random Forest comes second, while SVM performs worst throughout. The classification models still
perform better in GEO than in LEO overall, and the Random Forest–XGBoost gap narrows as more
manoeuvres are observed in both domains. These results mirror the rankings established in Table 2.2,
where XGBoost outperforms Random Forest, which in turn outperforms SVM. Furthermore, the accu-
racy achieved at four manoeuvres approaches the maximum reported in the literature (see Chapter 2)
for GEO, though LEO does lack behind these values.

The higher accuracy in literature is achieved with more complex model architectures, like Transformers
or improved RNNs. Whilst the higher accuracy can in part be explained by the more complex archi-
tectures, another notable difference is the approach to intent inference. In part, lower performance is
expected since the intent is inferred using less context than literature, which uses time-series informa-
tion of the Chaser–Target relative dynamics for execution of the intent. In contrast, here the tabular
information of only the manoeuvres leading up to the intent are used.

To figure out where the mislabelling occurs, the confusion matrices of each model, at full context (only
n=4 for manoeuvre count), are presented for LEO in Figure 6.14, Figure 6.13, and Figure 6.15, and for
GEO in Figure 6.17, Figure 6.16, and Figure 6.18.
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Figure 6.13: Confusion matrix for SVM in LEO, at full
context (n=4 manoeuvres).

Table 6.2: Precision, recall and F1 per intent (n=4
manoeuvres) — SVM, LEO.

Intent Precision Recall F1
Docking 0.355 0.578 0.440
Collision 0.549 0.458 0.500
Inspection 0.308 0.146 0.198
Eavesdropping 0.368 0.319 0.342
No RPO 0.688 0.809 0.743
Average 0.454 0.462 0.445

SVM is considerably weaker in LEO than either of the other two models. Docking is a broad sink
that absorbs misclassifications from every other RPO class, while No RPO remains comparatively
well isolated. Inspection is by far the worst-performing class on both precision and recall, meaning
the model is neither good at finding true inspection episodes nor reliable when it predicts the label.
Docking’s recall is inflated by this sink effect but its precision is correspondingly low, confirming that
although it absorbs a large share of misclassified episodes, it is also frequently wrong when predicted.
No RPO, by contrast, achieves the highest recall, precision, and F1 of any class by a wide margin,
making it clearly the model’s best-performing intent in LEO. Taken together, this is the weakest of the
six GEO/LEO model combinations, driven primarily by the near-total failure to recall inspection and
the model’s heavy reliance on Docking and No RPO as default predictions, rather than any genuine
separation of the RPO intents. Furthermore it suggests that separating RPOs from non-RPOs is an
easier task than inferring the intent of specific RPOs.
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Figure 6.14: Confusion matrix for Random Forest in LEO, at
full context (n=4 manoeuvres).

Table 6.3: Precision, recall and F1 per intent (n=4
manoeuvres) — Random Forest, LEO.

Intent Precision Recall F1
Docking 0.788 0.850 0.818
Collision 0.866 0.693 0.770
Inspection 0.820 0.645 0.722
Eavesdropping 0.713 0.819 0.763
No RPO 0.830 0.965 0.892
Average 0.803 0.795 0.793

Random Forest performs reasonably well in LEO, though unevenly across intents. No RPO scores
highest, followed byDocking and Eavesdropping, whileCollision and Inspection lag behind (Figure 6.3).
Two mutual confusion blocks are present, Docking–Collision and Inspection–Eavesdropping, are both
present and asymmetric: Collision is drawn toward Docking considerably more often than the reverse,
and Inspection is drawn toward Eavesdropping considerably more often than the reverse. No RPO has
the highest F1 of the five, with recall exceeding precision, showing the model is not conservative about
predicting it. Compared to the SVM, which was not able to discern between RPO intents, Random
Forests prove that classifying between RPOs is possible, however it does highlight that discerning
between intents with similar profiles can still be an issue.
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Figure 6.15: Confusion matrix for XGBoost in LEO, at full
context (n=4 manoeuvres).

Table 6.4: Precision, recall and F1 per intent (n=4
manoeuvres) — XGBoost, LEO.

Intent Precision Recall F1
Docking 0.836 0.863 0.849
Collision 0.871 0.802 0.835
Inspection 0.802 0.753 0.776
Eavesdropping 0.762 0.817 0.788
No RPO 0.937 0.967 0.952
Average 0.841 0.840 0.840

XGBoost improves clearly on Random Forest in LEO. The confusion patterns follow the same two
structural blocks as Random Forest, Docking–Collision and Inspection–Eavesdropping, but the model
recovers a meaningfully larger share of the confused classes in both directions, and false positives
into No RPO stay modest for every class. An XGBoost intent inference models should be able to infer
intent between classes in LEO, when trained on representative data, although some misclassification
between overlapping classes might still occur.
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Figure 6.16: Confusion matrix for SVM in GEO, at full
context (n=4 manoeuvres).

Table 6.5: Precision, recall and F1 per intent (n=4
manoeuvres) — SVM, GEO.

Intent Precision Recall F1
Docking 0.825 0.862 0.843
Collision 0.852 0.898 0.874
Inspection 0.798 0.870 0.832
Eavesdropping 0.803 0.700 0.748
No RPO 0.961 0.911 0.935
Average 0.848 0.848 0.847

SVM is the weakest performer in GEO (as it was in LEO), however it is able to discern between RPO
intent much better than it did in LEO. No RPO retains well predicted as it was in LEO, but for the other
intents there is better classification. Eavesdropping is comparatively the weakest class, it is still able
to be discerned from the other classes with some accuracy. The Docking–Collision and Inspection–
Eavesdropping blocks are both also present, mirroring the better performing results from LEO. However,
a confusion not seen in LEO at all emerges, with Eavesdropping additionally misclassified as Docking.
Collision, Inspection, and Docking each show recall exceeding precision, indicating the model over-
predicts each of these relative to their true occurrence. Eavesdropping is the only class where the
reverse holds, with a substantial share of true episodes instead drawn away into the other three classes.
Compared to LEO, SVM in GEO at least manages a genuine, if imperfect, separation between the RPO
intents, rather than collapsing into a single dominant sink class. This suggests that GEO intent inference
is an easier task, at least on synthetic data.

Dock
ing

Colli
sio

n

Inspect
ion

Eave
sdrop

ping
No R

PO

Predicted

Docking

Collision

Inspection

Eavesdropping

No RPO

Tr
ue

0.89 0.10 0.00 0.00 0.00

0.04 0.96 0.00 0.00 0.00

0.00 0.00 0.96 0.03 0.01

0.00 0.00 0.06 0.90 0.04

0.00 0.00 0.03 0.03 0.94
0%

20%

40%

60%

80%

100%

Re
ca

ll 
(ro

w-
no

rm
al

ise
d)

Figure 6.17: Confusion matrix for Random Forest in GEO,
at full context (n=4 manoeuvres).

Table 6.6: Precision, recall and F1 per intent (n=4
manoeuvres) — Random Forest, GEO.

Intent Precision Recall F1
Docking 0.961 0.891 0.925
Collision 0.902 0.963 0.932
Inspection 0.912 0.960 0.935
Eavesdropping 0.931 0.902 0.916
No RPO 0.953 0.939 0.946
Average 0.932 0.931 0.931

Random Forest performs solidly in GEO, with recall fairly balanced across intents. The Docking–
Collision and Inspection–Eavesdropping blocks are both present and asymmetric, skewed toward
Docking being mistaken for Collision in the first case and toward Eavesdropping being mistaken for
Inspection in the second. No RPO’s confusion is small and concentrated, mainly drawing from Eaves-
dropping. Collision has the highest recall and the lowest precision of the five, which for a safety-critical
class is arguably the preferable failure mode, since a missed collision is more costly than a false alarm.
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Compared to SVM, Random Forest keeps both confusion blocks considerably tighter, confirming that
the two class pairs are genuinely separable given a more capable model, even if they remain the two
hardest distinctions in GEO.
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Figure 6.18: Confusion matrix for XGBoost in GEO, at full
context (n=4 manoeuvres).

Table 6.7: Precision, recall and F1 per intent (n=4
manoeuvres) — XGBoost, GEO.

Intent Precision Recall F1
Docking 0.964 0.924 0.944
Collision 0.927 0.965 0.946
Inspection 0.964 0.984 0.974
Eavesdropping 0.960 0.960 0.960
No RPO 0.973 0.955 0.964
Average 0.958 0.958 0.958

XGBoost is clearly the strongest model in GEO, a result reflected in both its overall accuracy and its
per-intent recall. Docking is now the weakest class, but such a high F1 score it indicates that all intents
can be reasonably well discerned. The confusion patterns are far more contained than for either of
the other two models: the Docking–Collision and Inspection–Eavesdropping blocks are still present in
principle, but at much lower rates in both directions, and Eavesdropping is the only intent misclassified
as No RPO to any notable degree. Performance is broadly balanced across precision and recall for
every class; Eavesdropping now has precision and recall that are exactly equal, the most balanced
class in the table and no longer the weakest, as it was under both other models. Inspection has the
highest F1 of the five, with Docking the lowest, but the spread between them is much narrower than
under either Random Forest or SVM. An XGBoost intent inference model should be able to infer intent
between classes in GEO with only limited confusion between the two hardest pairs, indicating that the
remaining errors reflect genuine ambiguity in the underlying trajectories rather than a limitation of the
classifier itself.

XGBoost: LEO versus GEO
XGBoost’s performance is weaker in LEO than in GEO across every class, though the degradation
is not uniform. Inspection has the lowest F1 of the five in LEO, driven by the lowest recall of any
class; eavesdropping is a close second-lowest by F1, but for a different reason, driven by the lowest
precision rather than recall. The confusion patterns follow the same two blocks seen in GEO, docking–
collision and inspection–eavesdropping, but both operate at considerably higher rates than their GEO
counterparts, while false positives into No RPO remain modest in both directions. No RPO’s F1 is
essentially flat between the two domains and remains the strongest-performing class in LEO by a wide
margin, though this is not a straightforward continuation of the GEO ranking, since inspection held the
highest F1 in GEO before becoming the weakest class in LEO. Docking’s precision falls by more than
its recall moving from GEO to LEO, so, unlike No RPO, it is not comparably stable across domains.

6.3.1. XGBoost Metrics
Diving into the performance of XGBoost, the model itself can provide more insight into the classification
process. First, the reliability of the model’s confidence estimates is examined in Figure 6.19: for each
predicted intent, samples are binned by the model’s reported confidence, and the actual accuracy of
those predictions within each bin is compared against that confidence. Confidence here refers to the
class probability returned by predict_proba, obtained by passing the sum of each tree’s contribution
to a class’s score through a softmax function; a higher confidence value indicates that the accumulated
tree scores favour one class over the others more strongly, and can serve as an indication of the
certainty of a given classification.
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Figure 6.19: Reliability of XGBoost’s predicted-class confidence per intent, for LEO and GEO. The dotted diagonal indicates
perfect calibration; points above the diagonal indicate underconfidence, where true accuracy exceeds the reported confidence.

Figure 6.19 shows a strong positive relationship between confidence and accuracy for every intent, in
both LEO and GEO. However, every curve around the diagonal, indicating that the model is not over
or under confident: for a given predicted intent, the true accuracy of the model’s predictions tends to
be as the confidence it reports. This effect is not seen for the No RPO scenario, where the model is
sligtly more accurate than confident. This implies that the model’s confidence is a good indicator of the
reliability of the classification, at least on the synthetic data.

Figure 6.12 did already indicate that performance improves with manoeuvre count, more context means
better performance. However, this performance is not uniform per intent, as shown in Figure 6.20.
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Figure 6.20: Accuracy of XGBoost’s predicted-class classifications as a function of manoeuvres observed, per intent, for LEO
and GEO.

For all intents, there is a strong correlation with manoeuvres observed and the accuracy of the class.
Notably, not all classes perform equally well and there is a difference between LEO and GEO. In LEO,
despite overall performance being lower than in GEO, the model is able to discern wehter an RPO is
going to happen or not better than in LEO. This is potentially due to the GEO belt where most satellites
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share the same orbital plane; changes in plane can indicate a specific type of maneovure helping with
differentiating between intents, but since everything is in the same plane there is less indication of if a
satellite is performing an RPO with a specific target. Collision performs the best in both domains, owing
to its faster approach trajectory which sets it apart from all other intents.

Translating manoeuvre count into a distance or time metric introduces its own limitations, since neither
quantity carries a consistent meaning across intent classes. Distance behaves differently per intent: for
Docking, the distance between target and chaser is expected to approach zero by the fourth manoeuvre,
whereas forEavesdropping and Inspection this is not the case, as the chaser instead settles into a stand-
off distance. A time metric requires a reference epoch to count from, but no single reference point is
meaningful across all intents: time-to-closest-approach is well-defined for Docking, but is ill-suited to
Eavesdropping, whose stable oscillating orbit can produce multiple close approaches, and which may
already be performing its intent before reaching closest approach at all.

For this reason, the accuracy-versus-distance and accuracy-versus-time figures are both split by intent
and by manoeuvre count. The distance metric is the distance between target and chaser following the
most recent manoeuvre, while the time metric is the time elapsed since the most recent manoeuvre,
meaning it does not capture the full manoeuvre history contained within a given sample. Within each
bin, the plotted accuracy is the mean accuracy across all test samples falling in that distance or time
range. These relationships are shown in Figure 6.21.
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Figure 6.21: Classification accuracy per intent and manoeuvre count, binned by (a) distance to target and (b) time elapsed
since the most recent manoeuvre.

Figure 6.21a shows that the relationship with distance is messy. Whilst decreasing distance in general
leads to better performance, samples at the same distance but with increased manoeuvre context
perform better. No RPO is an exception, gaining accuracy at larger distances instead, which is logical
but limits the possibility of stating a single distance threshold as a clear boundary for good model
performance. Inspection and Eavesdropping in LEO also gain accuracy with decreasing distance, but
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only until around 1000m, below which performance drops as the model gains confusion with Docking
at these distances.

Time, shown in Figure 6.21b, has a more consistent relationship with accuracy overall, but performance
remains limited by the lack of full-context samples. This holds especially for the Inspection and Eaves-
dropping classes in LEO, which had high mutual confusion rates that would be resolved by the last
manoeuvre. Comparing by order of magnitude, accuracy in GEO peaks around 10 h, whereas in LEO
this occurs at under 1 h.

Early identification is thus potentially possible in GEO, whilst in LEO it could be operationally difficult.



“We can only see a short distance
ahead, but we can see plenty there
that needs to be done.”
Alan Turing, Computing Machinery

and Intelligence - 1950

7
Model Robustness and Operational Realism

This chapter documents the model’s performance on degraded and real-world data. First, Section 7.1
gives the background and approach to data degradation. Then, Section 7.2 presents the resulting
assessment of performance on degraded data. Next, Section 7.3 presents the performance on real-
world data. Finally, Section 7.4 investigates the real-world failure modes not present in the synthetic
evaluation.

7.1. Degradation Background and Approach
The model up until now assumes accurate, instantaneous information of impulsive manoeuvres. This
is not realistic: manoeuvres, even high-thrust ones, are not instantaneous, and neither is the orbit
determination process, which is limited by factors such as the size of a sensor network and the timing
of a satellite’s overpasses. Data quality is similarly imperfect, instrument noise and bias, together with
errors in the orbit determination model, cause discrepancies between the true and determined states.
TLEs from Space-Track, for instance, carry systematic errors at the orbit determination epoch [102],
and these errors are further biased in certain directions [123].

The un-degraded timeline of observations is presented in abstract state-space in Figure 7.1, where
the ground truth remains constant over time as long as no manoeuvres occur. This timeline will be
degraded by both noise and observation frequency.

Noise reflects the inaccuracies of the orbit determination process, which can arise from both the obser-
vations and the model used. This differs per format and method used: Orbital Ephemeris Messages
from GNSS data can be quite accurate, and have an indication of their error embedded in the message
through an error covariance matrix. TLEs, or Orbit Mean-elements Messages, on the other hand, can
have higher errors, partly due to the SGP4 orbit determination process [124]. These data formats do
not come with an indication of their accuracy embedded in the message itself.

Due to the lack of embedded error covariance for Space-Track data, a standard indicator of error is
required. Flohrer, Krag, and Klinkrad [123] assessed the Space-Track database, considering 8463
objects in LEO and 886 in GEO, comparing TLE data to more precise positional reference data sources.
The average errors are presented in Table 7.1.

Subdividing further into groupings beyond orbital domain, some differences can be observed. For
satellites in near-circular orbits in LEO, inclination is a strong indicator of the error in the TLEs: satellites
with an inclination greater than 60 degrees show an in-track error of 517 metres, whilst those below 30
degrees show only 118 metres [124], for example. These differences are not taken into account here.

Noise is applied to the synthetic data based on an error covariance matrix for both position and velocity

85
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Figure 7.1: Timeline of satellite in abstract state-space and observations of clean data.

Table 7.1: Averaged standard deviations per component, per orbital domain, for TLE errors at the orbit determination epoch
[123]

Domain σR [m] σS [m] σW [m]
GEO 359 432 86
LEO 102 471 126

in the RSW frame. From the covariance matrix, a random error is sampled and added to the synthetic
ground truth. The noise is fixed per seed for reproducibility. The standard deviations, and thus the
representative noise levels, differ per orbital domain. The correlation matrices used to construct the
covariance matrices are based on real data and are fixed per domain.

The covariance matrix Σ ∈ R6×6 is constructed as

Σ = DCD, (7.1)

where C is the fixed correlation matrix for the domain and D = diag(σR, σT , σN , σṘ, σṪ , σṄ ) contains
the per-domain standard deviations for the radial, along-track, and cross-track position and velocity
components. The velocity standard deviations are taken as the position standard deviations scaled
by a factor of 10−3, reflecting the tighter uncertainty typically associated with velocity determination
relative to position.

The correlation matrices were obtained by averaging the correlation matrices derived from the covari-
ance matrices of 30 LEO and 30 GEO satellites’ Orbital Ephemerides Data (OEMs); these OEMs were
sampled from Wayfinder by Privateer Space, see Appendix A for more information on these satellites
and the correlation matrices used. These OEMs support the scale factor for the velocity uncertainty,
where the velocity uncertainty was 700 to 1200 times smaller than the uncertainty in position.

For a given domain, a noise vector δ = [δR, δT, δN, δṘ, δṪ , δṄ ]⊤ is drawn from a zero-mean multivari-
ate normal distribution, δ ∼ N (0,Σ). The ground-truth Cartesian state is first rotated into the RSW-
frame using the instantaneous position and velocity vectors, after which the sampled noise is added
directly to the position and velocity components in that frame. The perturbed state is then rotated back
into the inertial frame, yielding the degraded observation used as input to the classifier. This conver-
sion allows noise to be added across all simulated data in accordance with the standard deviations
tabulated in Table 7.1.

In addition to measurement noise, the synthetic data can be degraded to reflect a discrete observa-
tion cadence, rather than assuming continuous state knowledge. This is modelled by propagating
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the ground-truth Cartesian state at the manoeuvres from its original epoch to the nearest observation
epoch, defined by a fixed observation frequency ∆tobs.

Given an epoch t, the offset within the current observation window is computed as t mod ∆tobs. De-
pending on whether the pre- or post-manoeuvre state is required, the state is then propagated either
forward to the next observation epoch,

tobs,post = t+ (∆tobs − (t mod ∆tobs)) , (7.2)

or backward to the previous observation epoch,

tobs,pre = t− (t mod ∆tobs) . (7.3)

The observation-frequency degradation is combined with the noise degradation to form “fully” degraded
data. For the combination of both degradations, the pre- and post-manoeuvre states are first propa-
gated to their relevant observation epochs, after which the noise representative of the orbital domain
is added to the propagated state. This ordering reflects the actual process being modelled: an obser-
vation occurs at an epoch dictated by the sensor availability, and that observation is then degraded by
the sensor. This combined degradation timeline is presented in Figure 7.2, as opposed to the timeline
of the clean data in Figure 7.1.
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Figure 7.2: Timeline of satellite in abstract state-space and observations of noisy, reduced-cadence data.

For all degradation options, the data input is slightly altered from Chapter 6. The distance feature is
different pre- and post-manoeuvre due to the addition of noise and observation cadence, leading to the
inclusion of both a pre-manoeuvre and post-manoeuvre distance. The new data input is represented
in Figure 7.3.

7.2. Assessment on Degraded Synthetic Data
Applying the noise and reduced-cadence degradations to the synthetic data affects the classification
performance of the model trained on non-degraded (clean) data, as illustrated in Figure 7.4, which
shows the confusion matrices in the full four-manoeuvre context.
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Figure 7.3: Full input sequence considering all four manoeuvres for degraded observations.
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Figure 7.4: LEO and GEO XGBoost models trained on non-degraded data, assessed on synthetic, noisy, reduced-cadence
data

The effects differ substantially between the two domains. In GEO, the model never predicts Docking
or Collision, even where these are the true intent. In LEO, classification of these two intents is also
significantly reduced, though some true positives remain. In LEO, most misclassifications shift towards
No RPO, whereas in GEO most RPO intents shift towards Inspection, with the exception of Collision,
which is most often classified as No RPO. The key take-away is that a model must be trained on data
that reflects realistic noise and degradation; otherwise, it cannot perform intent inference reliably.

Re-training the models on, and assessing them against, the respective degradations (noise, reduced
cadence, and their combination) can potentially alleviate these classification issues. Figure 7.5 shows
the confusion matrices for models trained and assessed on noisy data.
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Figure 7.5: LEO and GEO XGBoost models trained and assessed on synthetic, noisy data

Adding noise lowers classification performance overall. In LEO, all RPO classes show some misclas-
sification as Docking, whereas in GEO this pattern is observed only for Eavesdropping. GEO also
shows a significant drop in performance for Eavesdropping, driven by misclassification as Inspection
and, more so, as Docking.
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Figure 7.6: LEO and GEO XGBoost models trained and assessed on synthetic, reduced-cadence data

Figure 7.6 shows that lowering the observation cadence does not significantly affect the GEO domain.
LEO, however, exhibits a discriminability problem between Inspection and Eavesdropping that is worse
than that observed under added noise.
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Figure 7.7: LEO and GEO XGBoost models trained and assessed on synthetic, noisy, reduced-cadence data

As shown in Figure 7.7, in both LEO and GEO, Collision and No RPO are the most robust intents:
models trained and assessed on fully degraded data discern them with recall comparable to the clean-
data case. Docking behaves differently between the two domains; in LEO it remains robust, whereas
in GEO it is confused with both Collision and Eavesdropping. A further difference lies in the confusion
between Inspection and Eavesdropping: in LEO, classification between the two is close to a coin-flip,
whereas in GEO the confusion, while present, is less severe, with Inspection occasionally misclassified
as Eavesdropping and vice versa.

Overall, retraining on degraded data alleviates many of the classification issues introduced by noise
and reduced cadence, but does not fully recover clean-data performance in either domain. In LEO, the
persistent weakness is discriminating Inspection from Eavesdropping; in GEO, overall performance
drops only slightly, with Eavesdropping being the main source of confusion.

Furthermore, the implication for a real sensor network is that improvements should be domain-specific
to aid intent inference capabilities: GEO surveillance would benefit most from reducing measurement
noise, while LEO surveillance would benefit most from a higher observation cadence but also from
reduced noise.

7.3. Real World Cases Assessment
Real-world RPO cases are generated using the methods described in Section 5.5. For LEO and GEO,
not all intents have examples of them happening, and even less so in a non-cooperative manner. An
overview of the cases in LEO is presented in Table 7.2, where if a source has more than one count, it is
either because it performed the said intent multiple times with one target, or because it visited multiple
targets.
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7.3.1. LEO - Cases and Assessment
Table 7.2: Validation dataset composition (LEO).

Source Intent Count Note
ASTRO Docking 1 Cooperative; Orbital Express demonstrator, dock-

ing with the purpose-built NEXTSat target.
Crew Dragon En-
durance

Docking 1 Cooperative; crewed vehicle docking with the ISS.

Progress MS-27 Docking 1 Cooperative; uncrewed resupply vehicle docking
with the ISS.

Shenzhou-8 Docking 1 Cooperative; uncrewed, first Chinese docking,
with Tiangong-1.

Shenzhou-9 Docking 1 Cooperative; crewed, with Tiangong-1.
Shenzhou-10 Docking 1 Cooperative; crewed, with Tiangong-1.
Shenzhou-11 Docking 1 Cooperative; crewed, with Tiangong-2.
Soyuz MS-23 Docking 1 Cooperative; uncrewed, replacing the damaged

Soyuz MS-22 at the ISS.
Cosmos 2504 Inspection 6 Domestic; approaches to its own spent Briz-KM

upper stage.
Cosmos 2521 Inspection 21 Domestic; subsatellite inspecting with its parent,

Cosmos 2519.
Victus Haze Inspection 5 Non-cooperative; mutual inspection between

Jackal-0004 and Puma.
Cosmos 2504 No RPO 6 From the Cosmos 2504 inspection cases; target

replaced.
Cosmos 2521 No RPO 168 From the Cosmos 2521 inspection cases; target

replaced.
Victus Haze No RPO 45 From the Victus Haze inspection cases; target re-

placed.

Notably for LEO, Eavesdropping is missing as an intent, as observed in Table 7.2, alongside Collision,
which is also absent. For the other intents, most were performed in a cooperative manner. Even Victus
Haze’s inspection of Jackal-0004 is not fully non-cooperative, since it was a fabricated training scenario.

The confusion matrices for LEO, for the models trained on clean and on degraded data, are shown in
Figure 7.8.
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Figure 7.8: Confusion matrices on real LEO data (four manoeuvres) for the XGBoost model trained on clean data (left) versus
the model trained on the noisy, reduced-frequency variant (right).
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The shift from the clean model to the degraded model shows two improvements for LEO: the Docking
scenarios are correctly classified in all cases, and more of the No RPO scenarios are correctly classi-
fied, as observed in Figure 7.8. However, Inspection performs slightly worse overall, with increased
misclassification as Docking. In general, for both models the performance on Inspection is worse than
when assessed on synthetic data, and the failure mode from Inspection to Docking is not observed
when evaluated on synthetic data. This means there is a fundamental difference between some of the
simulated Inspection cases and the real ones. This was already noted in Section 5.6, where the real
Inspection cases clustered closer to Docking.

The other failure modes from synthetic data (mutual Docking–Collision and Eavesdropping–Inspection
confusion) are also not present. In part this is due to the lack of examples, with Collision and Eaves-
dropping not even being present as true intent labels. However, of the eight Docking samples, none
are classified as Collision, and with a recall of 93% on fully degraded data, the expected number of mis-
classifications is less than one. For Inspection the performance is unexpected; on synthetic degraded
data there is significant confusion with Eavesdropping, but this is not at all present here. With 32 sup-
porting samples, at least some misclassification as Eavesdropping would be expected if synthetic and
real data were aligned. Instead, significant confusion with Docking is noted, suggesting a difference
between simulation and real life: Inspection takes place with smaller distances between the Target and
Chaser in real data than in simulated data.

7.3.2. GEO - Cases and Assessment
GEO has more intents than LEO, with only Collision lacking a real-world example, as observed in
Table 7.3. Also, the intents themselves are non-cooperative more often, with the GSSAP and LUCH
satellites performing their actions in this manner. For Docking, only cooperative examples are present.

Table 7.3: Validation dataset composition (GEO).

Source Intent Count Note
MEV-1 Docking 1 Cooperative; life-extension docking with Intel-

sat 901.
MEV-2 Docking 1 Cooperative; life-extension docking with Intel-

sat 10-02.
SJ-21 Docking 2 Compass G2 grapple and SJ-25 docking.
SJ-17 Inspection 6 Cooperative(?), might have been Eavesdropping.
USA 270 (GSSAP-3) Inspection 8 Non-cooperative; close approaches along the

GEO belt.
USA 271 (GSSAP-4) Inspection 6 Non-cooperative; close approaches along the

GEO belt.
USA 324 (GSSAP-5) Inspection 2 Non-cooperative; close approaches along the

GEO belt.
LUCH / Olymp-K 1 Eavesdropping 29 Non-cooperative; loitering near commercial com-

munications satellites.
LUCH / Olymp-K 2 Eavesdropping 8 Non-cooperative; loitering near commercial com-

munications satellites.
LUCH No RPO 27 From the LUCH eavesdropping cases; target re-

placed.
MEV-1 No RPO 2 From the MEV-1 docking case; target replaced.
MEV-2 No RPO 18 From the MEV-2 docking case; target replaced.
USA 270 (GSSAP-3) No RPO 2 From the GSSAP-3 inspection cases; target re-

placed.
USA 271 (GSSAP-4) No RPO 6 From the GSSAP-4 inspection cases; target re-

placed.
USA 324 (GSSAP-5) No RPO 3 From the GSSAP-5 inspection cases; target re-

placed.
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The confusion matrices for GEO, for the models trained on clean and on degraded data, are shown in
Figure 7.9.

Dock
ing

Colli
sio

n

Inspect
ion

Eave
sdrop

ping
No R

PO

Predicted

Docking

Collision

Inspection

Eavesdropping

No RPO

Tr
ue

0 0 0 4 0

0 0 0 0 0

0 0 4 5 13

0 0 0 26 11

0 0 1 30 27

Clean

Dock
ing

Colli
sio

n

Inspect
ion

Eave
sdrop

ping
No R

PO

Predicted

Docking

Collision

Inspection

Eavesdropping

No RPO

4 0 0 0 0

0 0 0 0 0

4 0 1 4 13

2 1 0 31 3

1 0 3 9 45

Noise + reduced frequency

0%

20%

40%

60%

80%

100%

Re
ca

ll 
(ro

w-
no

rm
al

ise
d)

0%

20%

40%

60%

80%

100%

Re
ca

ll 
(ro

w-
no

rm
al

ise
d)

Figure 7.9: Confusion matrices on real GEO data (four manoeuvres) for the XGBoost model trained on clean data (left) versus
the model trained on the noisy, reduced-frequency variant (right).

The move from the clean-data model to the degraded-data model provides significant improvements
in GEO, as observed in Figure 7.9. As expected from synthetic degraded data, the clean model never
predicts Docking or Collision, and switching to the degraded model leads to correct classifications of
Docking. What is not expected for the clean model is the general misclassification as Eavesdropping,
which seems to be the misclassification sink in GEO on real data. On synthetic data, Inspection fulfilled
this role. The performance for both Eavesdropping and No RPO improves as well; it is notable, how-
ever, that half of the No RPO scenarios were classified as Eavesdropping by the clean model, whereas
this is not observed in synthetic data. Most likely, the fake targets placed in these real-data scenarios
are closer to the real target than in the data the model was trained on, but training on noisy data aids
separability. The worst-performing class is Inspection, where both the clean model and the degraded
model struggle to identify the real intent. Whilst there is some confusion with Eavesdropping, as ex-
pected from the degraded synthetic data performance and the uncertainty in SJ-17’s intent, there is
also significant misclassification as No RPO and as Docking, which is not observed on synthetic data.

Similarly to Figure 6.20, the accuracy per maneouvres observed is presented in Figure 7.10 for real
data.
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Figure 7.10: Accuracy of XGBoost’s predicted-class classifications as a function of manoeuvres observed, per intent, for LEO
and GEO, real data.

Conclusions are harder to draw from Figure 7.10 due to the limitations of the real data. Not only
the quality but also quantity makes concrete conclusions impossible. Compared to synthetic data,
Docking seems to be better identified than on real data across all manoeuvres and regimes. No RPO
is impossible to predict at early manoeuvres, but later manoeuvres do give an indication as to whether
this occurs or not, with LEO being slightly better with real data than synthetic, whilst GEO is slightly
worse. Eavesdropping in GEO starts with slightly better performance on synthetic data, but is worse
at later manoeuvres. A notable performance drop is Inspection in both LEO and GEO, where with full
context the model is a coin flip in LEO, and barely classifies any cases correctly in GEO. The reasons
for these differences is further explored in Section 7.4.

7.3.3. Real World Cases Classification Behaviour
The clean model’s performance in LEO is better than the synthetic-data results would suggest (see
Figure 7.4). On fully degraded synthetic data, Docking is a class that is never predicted, whereas on
real data it can be classified correctly, albeit alongside some misclassifications from other intents. In
GEO, the pattern is more similar to that observed on synthetic data: no (mis)classifications as Docking
or Collision. However, on synthetic data the clean model tended to classify most RPOs as Inspection,
whereas on real data the sink is instead Eavesdropping.

This points to a structural difference between real data and the synthetic degraded data, with the issue
lying in both the data generation process and the degradation process. Training on degraded data
does improve model performance on real data, but since the clean model’s misclassification patterns
on synthetic data are not reproduced in LEO, and only partially reproduced in GEO, this improvement
should not be read as validating the synthetic degradation process itself. The model trained on de-
graded data thus performs best overall, but this does not mean the underlying data generation and
degradation processes are free of issues.

Furthermore, the lack of truly non-cooperative examples for some of the intents is a notable gap in the
real-world dataset. When a non-cooperative RPO is being performed, other operational considerations
might be in play; for example, the timeline might be shorter, or the burns might be of greater magnitude,
than in a cooperative version of the same intent. This in turn can lead to different inputs for the models
and thus potentially different classification results.



7.4. Simulation-to-Real Failure Mode Shift 95

A related gap concerns Docking, which is considered to also encompass grabbing behaviour. Only SJ-
21 may have exhibited this behaviour in real data, and no clear distinction can be drawn as to whether
it should be treated differently from standard docking.

7.4. Simulation-to-Real Failure Mode Shift
Three failure modes on real world data are found that are not common for the model when assessed on
synthetic data; in LEO a significant portion of Inspection scenarios are classified as Docking, in GEO
two were found; No RPO as Eavesdropping and Inspection as No RPO. Furthermore, there are some
singular examples of failures not necessarily in a grouping in GEO. A handful of RPOs like Inspection,
Eavesdropping, and even No RPO classified as Docking, which is not an expected failure mode from
the synthetic data analysis.

For these failure modes, the drivers for wrongful classifications are investigated using SHapley Additive
exPlanations (SHAPs), which for an individual evaluation can determine the contribution of inputs to
correct or incorrect classification [125]. Only the input parameters contributing to wrongful classifica-
tions are used and averaged. The contribution is measured as log-odds, which is the natural-log ratio
of the the probability of a class occurring and not occurring and the standard output of XGBoost before.

7.4.1. LEO: Inspection-to-Docking
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Figure 7.11: SHAP feature contributions for misclassified LEO Inspection-to-Docking episodes.

Figure 7.11 shows that misclassifications of LEO Inspection as Docking are driven mainly by the dis-
tance before the last manoeuvre. Distance itself is likely a strong distinguisher between Inspection
and Docking in the training data, with smaller distances indicating a higher likelihood of docking. The
second-strongest indicator is the eccentricity after the second manoeuvre, together with smaller con-
tributions from the eccentricity at the first and third manoeuvres. Docking scenarios are less eccentric
than Inspection scenarios in the training set. The final major contributor is the sequence number of
the manoeuvres (as indicated by non_padded): observing the four manoeuvres in the present order
pushes the classification towards Docking, but the exact mechanism behind this is unclear.

Since the last manoeuvre distance is the most important driver, the distribution of these distances for
the true labels of Inspection and Docking is presented in Figure 7.12. Here, the distance at the last
manoeuvre is plotted for both the real and synthetic data sets, for correct and incorrect classifications



7.4. Simulation-to-Real Failure Mode Shift 96

as Inspection and Docking.
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Figure 7.12: Distance distributions at last manoeuvres for Inspection and Docking (mis)classifications in LEO, real and
synthetic data.

The distance distributions differ across the groupings. For the synthetic failures,Docking is only misclas-
sified as Inspection when the last distance metric is more than 1 km, whilst all wrongful classifications
of Inspection as Docking occur at less than 10 km; the model struggles to distinguish these two classes
within the 1 km to 10 km range. For the failure mode on real data, confusion occurs in this same zone:
Inspection is always classified as Docking below 1 km, there is confusion between 1 km and 10 km, and
above 10 km the classification is consistently correct.

Figure 7.12 does show that this is a genuine issue for discernibility by the model, as there is a non-
negligible group of synthetic Inspection scenarios that are misclassified as Docking, which have a
distance distribution similar to the real data from the failure mode. Training the model on more Inspec-
tion scenarios that perform their inspections at a closer distance might improve performance, but could
also cause more Docking scenarios to be misclassified as Inspection.
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7.4.2. GEO: Inspection-to-No RPO

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75
Mean SHAP push toward No RPO, away from Inspection [log-odds]

dist_post_manv3

dist_pre_manv3

dist_post_manv4

delta_pre_ref_manv1_raan

delta_post_ref_manv3_e

dist_post_manv2

dist_post_manv1

delta_post_ref_manv3_i

delta_pre_ref_manv1_e

dist_pre_manv4

Figure 7.13: SHAP feature contributions for misclassified GEO Inspection-to-No RPO episodes.

Figure 7.13 shows that misclassifications of Inspection as No RPO are driven almost entirely by the
distances at which the manoeuvres occur. Distance is a good distinguisher between an RPO taking
place and not taking place, and these results suggest that such episodes have distance features con-
siderably greater than those observed in the training set. The distance evolution after a manoeuvre is
thus shown in Figure 7.14.
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Figure 7.14: Distance evolution after a manoeuvre for Inspection and No RPO (mis)classifications in GEO, real and synthetic
data.

Comparing the true Inspection labels reveals a clear distinction between the real Inspection episodes
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correctly classified as such and those misclassified as No RPO: the correctly classified samples are
below 1000 km at the last manoeuvre, whereas all misclassified ones are more than 2000 km away, with
some between 10 000 km and 100 000 km. Comparing with the synthetic data reveals a further major
difference: at the third manoeuvre, the distance metric for the correctly classified episodes is about
2000 km, but for the synthetic cases misclassified as No RPO the median is 10 000 km.

For the misclassified real Inspection episodes, there are two groupings: those that fall within the range
of the (also misclassified) simulated Inspection episodes, and those that do not approach the target
at all. For this latter class, the distances involved raise the question of whether these are genuine
inspections, or whether the reported inspections did not actually take place. A potential explanation
lies in the source data, which come from the GSSAP satellites (see Chapter 4). Due to their classified
nature, data on them can be sparse, and no TLEs are available during the close approach, which leads
to these great distances. For the former grouping, the episodes are borderline in their suitability as
Inspection RPOs. In terms of distance, they do align with some of the simulated entries; however, they
are significantly further away than the majority of the correctly identified samples. It is thus ambiguous
whether this failure mode reflects a model failure or is better classified as an input-data issue.

7.4.3. GEO: No RPO-to-Eavesdropping
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Figure 7.15: SHAP feature contributions for misclassified GEO No RPO-to-Eavesdropping episodes.

Figure 7.15 shows the reverse of the Inspection misclassification pattern: distance is again the main
driver, but here it pushes classifications from No RPO towards Eavesdropping. In these cases, the
No RPO examples occur closer to the target than in the simulated data. These distances are further
investigated in Figure 7.16.



7.4. Simulation-to-Real Failure Mode Shift 99

105

106

107

108

Tr
ue

: E
av

es
dr

op
pi

ng

31 real / 550 synth

Predicted: Eavesdropping

3 real / 31 synth

Predicted: No RPO

1 2 3 4

105

106

107

108

Tr
ue

: N
o 

RP
O

9 real / 21 synth

1 2 3 4

45 real / 873 synth

Manoeuvre index

Di
st

an
ce

 a
fte

r m
an

oe
uv

re
 [m

]

Synthetic median Synthetic IQR Real datapoint

Figure 7.16: Distance at manoeuvres for No RPO and Eavesdropping (mis)classifications in GEO, real and synthetic data.

The No RPO real data points that are classified as Eavesdropping share some characteristics with
the true Eavesdropping predictions: they start off far away, move a bit closer at manoeuvre 2, and
are significantly closer at manoeuvres 3 and 4, as the chaser closes the distance to the target. What
differs is the final distance: for true Eavesdropping episodes this is around 100 km, whereas for the
false classifications it depends on the grouping: one is also close to 100 km, while another is more than
1000 km. This latter grouping can be explained in part by the synthetic Eavesdropping episodes that
are misclassified as No RPO, which start to occur at 8000 km; the Eavesdropping-to-No RPO transition
occurs somewhere between 1000 km and 10 000 km.

The issue is a genuine separability problem for the model in some cases: if the chaser closes the
distance and falls within a certain distance bound from the target, it is hard for the model to distinguish
what the actual target of an Eavesdropping episode was. For the others, a possible improvement would
be to simulate the synthetic No RPO episodes so that they come closer to the false target.
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8
Discussion

This chapter discusses the main findings of the report. First, the answers to the sub-research questions
are presented in Section 8.1. The key implications from these are discussed in Section 8.2. Finally, the
limitations are covered in Section 8.3.

8.1. Answer to Research Questions
The main research question was investigated by answering five sub research questions. The answers
to them are as follows.

Sub Research Question 1

RQ 1: What observable characteristics define non-cooperative rendezvous and proximity oper-
ations in Earth orbit?

Non-cooperative RPOs are shrouded in uncertainty regarding what exactly has taken place. The intents
that have historically occurred, according to open-source knowledge, are Docking, Collision, Eaves-
dropping, and Inspection.

Docking andCollision have not occurred between non-cooperative targets as defined in this thesis, only
as technology demonstrators, andCollision only in the previous century, which limits the available orbital
data. Both close the relative distance to zero; Docking additionally aims for smooth contact and shapes
its approach profile accordingly, whereas Collision disregards relative velocity. Inspection has occurred
in both LEO and GEO, in all observed cases as a fly-by, typically circling the target and sometimes offset
in the radial direction. In LEO, repeated close approaches are common. Eavesdropping has occurred
only in GEO, characterised by a stable relative trajectory offset from the target, from which the chaser
can intercept communications sent from the ground.

Sub Research Question 2

RQ 2: How can synthetic datasets of non-cooperative RPO trajectories be generated and rep-
resented to enable intent inference?

Synthetic datasets can be generated by splitting the problem into the orbit or end condition characteris-
tic of the intent, and the approach used to reach it. Docking and Collision reduce to an end condition on
the chaser’s relative state, both requiring zero relative distance and Docking additionally zero relative
velocity. Eavesdropping and Inspection are instead defined by an orbit that executes the intent, ob-
tained by optimising for ground-signal intercept and stability, and for coverage and minimum distance

100
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respectively.

All approach trajectories use a four-impulse transfer with a Lambert solver to reach the final condition,
optimised with a hybrid genetic algorithm combining SADE and SGA, with early stopping and Nelder–
Mead refinement. This does not guarantee a global optimum. Comparison with real-world data shows
that the later manoeuvres match observed behaviour closely for the intents available, whilst the earlier
manoeuvres are more variable.

Furthermore, representing these trajectories by the difference in Keplerian elements between target
and chaser, before and after manoeuvres, is most suitable for intent inference. Adding a distance
metric to this input significantly improves real-world performance.

Sub Research Question 3

RQ 3: Which machine learning model architectures are suitable for inferring intent in non-
cooperative RPO scenarios?

XGBoost performed best among the models considered. This is worth setting against the wider lit-
erature, where intent inference is addressed almost exclusively with deep learning architectures (like
LSTM, GRU, CNN, and Transformer variants) motivated by the need to process a full observation time
series, for which simpler architectures such as MLPs are known to perform poorly. This thesis instead
reduces each approach to a fixed set of manoeuvres resulting in a sparse, structured representation
rather than a raw time series. That a comparatively lightweight classical model performs strongly here
suggests the deep sequential architectures common in the literature are compensating for a dense
input representation, rather than being intrinsically necessary for intent inference itself. Accuracy in-
creases with each manoeuvre of the approach, reaching 84% in LEO and 96% in GEO at full context.
Intent becomes clear progressively with manoeuvres, which has a correlation with time and distance
but there is not clear performance metric for all intents at a given distance or time.

The residual confusion is concentrated on Eavesdropping in both domains, but is wider in LEO, where
it is mutually confused with Inspection. In GEO the remaining intents are well separated and Eaves-
dropping alone is ambiguous, being read as either Inspection or Docking. No RPO is the most distin-
guishable class in both domains.

Manoeuvre count is the strongest predictor of confidence: accuracy rises consistently with each addi-
tional observed manoeuvre, and reliable predictions are available from the final or penultimate manoeu-
vre onward in both regimes. Time before execution correlates with confidence too, but less consistently,
which is why the resulting lead time differs sharply between regimes, approximately 10 h in GEO against
less than 1 h in LEO, despite both being anchored to the same manoeuvre-based milestone. Distance
is the weakest and least generalisable predictor: there is no single distance at which the model is con-
sistently confident, since the intents become distinguishable at different ranges depending on which
intent is present.

Sub Research Question 4

RQ 4: How does the performance of the intent prediction model degrade under non-ideal data
conditions?

A model trained without exposure to degraded data does not degrade gracefully when evaluated on
noisy or sparsely observed encounters; it collapses onto a small number of classes, with Docking and
Collision rarely predicted in either domain.

The two degradations act through different mechanisms. Reduced observation cadence obscures the
manoeuvres themselves and pushes all intents towards No RPO, which dominates in LEO. Noise
obscures the precision of the burn and erodes the distinction between the intents that depend on it,
affecting Docking and Collision most in both domains.

Training on degraded data offsets most of this loss, which shows that both noisy data and observation
cadence are required for real-world performance. It does not recover everything: in LEO the Inspection–
Eavesdropping confusion worsens, and in GEO a new failure mode emerges in which Eavesdropping
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is classified as Docking.

Sub Research Question 5

RQ 5: How does the model perform on real-world (non-cooperative) rendezvous and proximity
operations?

On real data the model can classify correctly in both domains, and the errors that remain are systematic.
In LEO the main failure mode concerns Inspection: episodes closer than any in the training set are
classified as Docking. This accounts for approximately half of the real Inspection episodes. It is not
evidence of a fundamental separability limit between the two intents: episodes at this range may still be
distinguishable, provided the training set includes Inspection trajectories at comparably close distances.
In GEO the errors are driven by the No RPO decision boundary, with Inspection episodes misclassified
as No RPO and some No RPO cases as Eavesdropping.

Performance follows the match between training and real-world data. Eavesdropping in GEO is both
the best-matched intent and the best-classified one, which indicates that the limits encountered are
limits of the training distribution rather than of the inference approach.

For Inspection episodes misclassified as No RPO the limits are mainly an indication of the data quality
of these real-world cases. Model performance for this class in GEO is thus not indicative of the true
potential if better data was available.

8.2. Implications
A recurring theme across RQs 1–4 is that LEO and GEO behave as genuinely distinct regimes for intent
inference, rather than as interchangeable data conditions: manoeuvre-based accuracy, robustness to
degradation, and the residual confusion between Eavesdropping and Inspection all differ between the
two. Practically, this means these domains need different considerations for both model training data
and potential improvements.

The intent categories used in this thesis sit within the literature’s Mission Class definition of intent, which
the review found the most informative of the three definitional groups but also the least justified in terms
of linking these classes to real-world behaviour. Defining the intent categories directly from behaviour
observed in Earth orbit yields this direct link to potential operational objectives.

This thesis also differs from the literature in what data is classified and how. The reviewed machine
learning approaches almost universally classify the executed mission trajectory itself, whether directly
through its shape (Motion Classes) and represent it as a dense, evenly sampled time series. This thesis
instead classifies the approach phase leading up to that trajectory, represented sparsely as a fixed set
of manoeuvres. As discussed in Chapter 2 and Chapter 6, this sparser representation is plausibly why
a lightweight classical model performs as well as it does here, without the recurrent or attention-based
architectures the literature relies on.

The classification accuracies obtained here (84% in LEO, 96% inGEOat full context) compare favourably
with those reported for long-term or Mission Class intent elsewhere in the literature. Among literature
that investigated long-term intent, the classifier used falls below 60% accuracy from approximately
14 km outward in GEO, with performance improving at closer range. At this distance in GEO, the de-
velopped model reaches 75% to 90% accuracy for RPOs in GEO. The comparison is not one-to-one,
however: that work reports performance purely as a function of distance, whereas RQ3 shows that no
single distance threshold is consistently informative across the five intents considered in this thesis, so
a time- or manoeuvre-based framing is arguably the more meaningful metric to report against.

The finding that training on degraded data recovers most of the accuracy lost under noisy or sparsely
observed conditions (RQ4) extends the retraining result of Sun et al. [86], who demonstrated a com-
parable recovery for just noise degradation in LEO. This thesis shows the same principle holds across
two orbital regimes and five intent classes, reinforcing that operational realism needs to be represented
in the training distribution, not only introduced at evaluation.

The validation against real-world data (RQ5) addresses a gap that is explicit in the literature review:
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every study surveyed there relies exclusively on synthetic data, and only one considers LEO at all.
That the errors observed on real data are systematic rather than arbitrary, and traceable to a specific
mismatch between the training distribution and observed behaviour, indicates that the limiting factor is
training data coverage rather than a weakness in the inference approach itself.

8.3. Limitations
The model is trained and evaluated using a fixed input of four manoeuvres leading up to the intent.
How to handle episodes with fewer or more than four, which observed manoeuvres to select, and
how many are required for a reliable prediction, is not investigated here. One plausible approach for
episodes with fewer than four manoeuvres would be padding at the start of the sequence (e.g. treating
three observedmanoeuvres as manoeuvres two, three, and four), but this would introduce a distribution
mismatch relative to training and is expected to degrade performance rather than resolve the limitation.

The classification approach assumes that manoeuvres have already been detected and segmented as
an upstream step; this thesis does not investigate or evaluate the manoeuvre detection algorithm in
much depth. Model performance on real-world data is contingent on the quality of manoeuvre detection,
but the effect a has not been quantified.

Training assumes impulsive manoeuvres under point-mass central-body gravity, with no orbital pertur-
bations modelled; real manoeuvres are not perfectly impulsive, and real dynamics include perturbations
absent from training. In principle, both simplifications could explain the misclassification observed on
real data. In practice, neither appears to be the driver. The LEO Inspection–Docking confusion is a
training-coverage issue, not a dynamical one: real Inspection misclassified episodes occur closer than
most example in training, as described above. In GEO, Inspection episodes are misclassified as No
RPO because of GSSAP’s tracking data: its TLEs can predate the close approach by days to weeks,
making the last observed manoeuvres appear much further from the target than in training and push-
ing the prediction towards No RPO. Separately, No RPO episodes are misclassified as Eavesdropping
in 9 of 58 GEO cases (16%), against 2 of 217 in LEO (1%); the GEO case is a genuine limit of the
model rather than a data or coverage issue, whereas the LEO occurrence is not systematic. In the
GEO cases, the No RPO episodes are themselves RPOs directed at a different, real target, and when
the chaser genuinely closes to a comparable distance from the labelled target in the process, the re-
sulting trajectory is not distinguishable from Eavesdropping using the features available. That none of
the observed misclassification traces back to the impulsive-manoeuvre or no-perturbation assumptions
suggests that the current level of simulation fidelity is not the limiting factor for real-world performance.

The dataset does not include exogenous variables such as those explored by Bala [88] (chaser own-
ership, NORAD ID, or onboard payload), which that work found useful for distinguishing Mission Class
intent, particularly through payload information. This thesis does not evaluate whether including such
variables would improve classification, nor, as Bala [88] also notes, how this information would be
acquired in an operational setting.

Real-world validation is constrained by the availability of labelled data. Open-source knowledge of non-
cooperative RPO episodes is itself uncertain, which limits how confidently ground-truth intent labels can
be assigned; and the volume of confirmed real-world examples per intent class is small, which limits
how robustly model performance on real data can be assessed. Both the knowledge of and the quantity
of these real-world non-cooperative RPOs will most likely expand with time: several of the examples
used here occurred during the course of the thesis itself, such as Victus Haze, and the work by Samson
and Brett [4] and Chang and Bingen [96] also being released during this period. Further case studies
will thus arise after this thesis’s deadline.

Furthermore, current real-world RPOs might themselves be limited by contemporary technology. In the
future, as dynamic space operations potentially becomemore common, greater changes in velocity may
be possible. This could lead to chaser satellites manoeuvring more aggressively, potentially increasing
(false) classification as Collision, and could allow target spacecraft to evade an incoming chaser. The
model shows some robustness to this latter aspect: the Victus Haze Inspection labels in LEO were the
correctly classified inspections, where Jackal and Puma were performing chaser-evasion games for at
least some of the inspections.



“All truths are easy to understand
once they are discovered; the point
is to discover them.”
Galileo Galilei, Attributed in ”Angels

in the Workplace: Stories and
Inspirations for Creating a New

World of Work” - 1999

9
Conclusion

Non-cooperative RPOs threaten space infrastructure, which has become a vital part of the global econ-
omy and of military operations. Determining what a satellite is going to do during such an operation is
necessary to decide on mitigating action. The aim of this thesis was therefore to answer the research
question:

Main Research Question

MQ: How can the intent of a non-cooperative satellite’s rendezvous and proximity operation be
inferred early?

The intent of a non-cooperative RPO can be inferred by considering the operational objectives behind
each intent and simulating trajectories that fulfil them, which provides the training set for a machine
learning classifier. The classifier discerns between the simulated intents with up to 84% accuracy
in LEO and 96% in GEO. Intent can be inferred early at the ultimate or penultimate manoeuvre of the
approach, which corresponds to a lead time of 10 h in GEO and less than 1 h in LEO. On real-world data
the method performs well where the encounter resembles the training set, and its failures elsewhere
are traceable to that mismatch.

This thesis makes three main contributions to the literature. First, a concrete definition of intent based
on operational objectives, with the intent categories drawn from groupings observed in Earth orbit. This
formulation states what a non-cooperative satellite is going to do rather than how it might do it, and it
leads to a different way of modelling intent: through the objectives that fulfil the mission, not through
pre-defined motions. The classification that occurs with this definition has a clear, direct link to what is
going to occur operationally in orbit.

Second, it infers intent from the approach phase of the chaser rather than from the mission trajectory
that executes the intent. Themission trajectory is still simulated by optimising objective functions related
to the intent, but it is the approach towards that trajectory which is classified. This is a fundamental shift
from the literature, which focuses on the mission trajectory itself. In addition, the method uses only the
manoeuvres during the approach and the change in relative orbital geometry they produce, rather than
the full time series. This input representation is far sparser and allows lighter models to perform intent
inference.

Third, an extensive assessment of the method on real-world behaviour in both LEO and GEO. The
assessment exposes the sim-to-real shift that the literature leaves untested: good performance on
synthetic data does not imply correct classification of real encounters. It also shows that the training
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data must resemble real-world behaviour, whilst demonstrating that some extrapolation beyond the
training set is possible.

9.1. Recommendations for Future Work
Three recommendations follow from these findings.

First, the data generation should be brought closer to observed behaviour. The clearest evidence for
this is Eavesdropping in GEO, which is simultaneously the intent whose simulated trajectories match
real encounters most closely and the intent classified most reliably. The LEO failure mode points to the
same conclusion from the opposite direction, since the misclassified Inspection episodes are those that
fall outside the range of approach distances the training set spans. Practically, this means widening the
sampled ranges to cover the closer approaches seen in LEO, changing the target replacement for the
No RPO class to be closer to the real-targets, and investigating early-phase manoeuvres to understand
why these manoeuvres differ more from synthetic data sets than the later ones.

Second, the manoeuvre detection deserves attention in its own right. Eavesdropping used a specific
extraction algorithm for the intent, so part of its advantage may stem from the extraction rather than
from the data generation alone. Investigation the impact of manoeuvre detection to generate real-world
input data on the model classification performance can inform where part of the sim-to-real shift comes
from; either from the manoeuvre extraction itself, or the data generation of synthetic data. This in turn
can then inform where more effort needs to be put for model improvement; better manoeuvre detection
algorithms or better data generation.

Third, the real-world assessment should be extended, both in the number of encounters considered
and in what is asked of the model. The present evaluation establishes that the method transfers under
distribution match and identifies where it does not, but the number of documented non-cooperative
encounters is small, particularly in LEO. A larger dataset would allow the model’s performance to be
quantified, rather than assessed qualitatively as is done here, and could also point to avenues for further
synthetic data generation. Building such a dataset will take time, but new non-cooperative RPOs are
most likely to occur after the deadline for this thesis allowing for more samples.
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A
Additional Information

This appendix collects supporting material referred to from the main body but not essential to the line
of argument there. Section A.1 describes the metaheuristic optimisers used for synthetic trajectory
generation, giving for each the underlying update rules and the corresponding pygmo configuration as it
was run. Section A.2 presents further lead-up optimisation results for a single LEO seed across all four
RPO intent classes, complementing the examples shown in the main text. Section A.3 documents the
covariance correlation analysis used to justify the noise model, based on operational ephemeris data
for objects in both orbital domains.

A.1. Optimisers
The optimisers below are presented in the order in which they appear in the main text. Each subsection
gives the pygmo configuration in pseudocode, and some also additional context.

A.1.1. Non-dominated Sorting Genetic Algorithm II (NSGA-II)
The full functioning of the NGSA-II algorithm is described in Chapter 5.
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Algorithm 1 NSGA-II — pygmo configuration
Require: Population size N , generations per chunk g, crossover rate cr, crossover distribution index

ηc, mutation rate m, mutation distribution index ηm
1: Initialize N individuals and evaluate all objective vectors
2: Perform fast non-dominated sorting and assign crowding distance
3: for k = 1, 2, . . . , g do
4: ▷ Selection — tournament
5: Select parents via binary tournament using non-domination rank as the primary criterion and
crowding distance as the secondary criterion

6: ▷ Crossover — simulated binary crossover (SBX)
7: for each consecutive parent pair do
8: With probability cr, apply SBX with distribution index ηc to generate offspring
9: end for
10: ▷ Mutation — polynomial mutation
11: for each offspring do
12: With probability m, apply polynomial mutation with distribution index ηm
13: end for
14: Evaluate objective vectors of all offspring
15: ▷ Replacement — elitist environmental selection
16: Combine parent and offspring populations
17: Perform fast non-dominated sorting
18: Fill the next generation front-by-front until the population size is reached
19: If the last accepted front exceeds the remaining capacity, rank its individuals by descending

crowding distance and retain the most widely spaced solutions
20: end for
21: return Final non-dominated front(s)
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A.1.2. Simple Genetic Algorithm (SGA)

Population
Initialisation

N individuals, evaluate
f(x)

Simulated Binary
Crossover

Parent pairs → yields 2
children

Mutation
Polynomial mutation

over children with
probability 'm' 

Eletist Selection
From children pool and
population pool, select

N best

Final Population

Mating Selection
Binary Tournament →

Mating Pool

Figure A.1: SGA flowchart

The SGA algorithm is one of the first evolutionary algorithms developed and, as the name implies, one
of the simplest considered [43]. The implementation follows a generational cycle: an initial population
undergoes binary tournament selection to form a mating pool, after which simulated binary crossover
(SBX) and polynomial mutation are applied sequentially to generate offspring before population replace-
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ment.

In binary tournament selection, two individuals are drawn at random from the population, and the fitter
of the two is copied into the mating pool; this is repeated until the mating pool matches the population
size. Since only relative fitness within each pair matters, the selection pressure is largely insensitive to
the absolute scale or distribution of the fitness values.

Offspring are generated from the mating pool using SBX, which mimics the behaviour of single-point
crossover in binary-encodedGAs but operates directly on continuous decision variables. For two parent
values x1, x2, a spread factor β is sampled from a distribution controlled by a user-defined distribution
index ηc, and the two offspring are generated as

x′
1 = 1

2

[
(1 + β)x1 + (1− β)x2

]
, x′

2 = 1
2

[
(1− β)x1 + (1 + β)x2

]
. (A.1)

A higher ηc concentrates offspring closer to the parents, while a lower value permits more exploratory
offspring further from the parent pair.

Following crossover, polynomial mutation perturbs each decision variable independently with a small
probability, using a distribution shaped by a mutation distribution index ηm in the same manner as
ηc shapes crossover; this maintains genetic diversity in the population and helps prevent premature
convergence to a local optimum.

Population replacement follows a pure elitist strategy: the parent and offspring populations are pooled
together and ranked by fitness, with only the best individuals retained to form the next generation. This
guarantees that the best solution found so far is never lost between generations, at the cost of a higher
risk of premature convergence compared to non-elitist replacement schemes, since fitter individuals
can dominate the mating pool across many consecutive generations.

Algorithm 2 Simple Genetic Algorithm (SGA) — pygmo configuration
Require: Population size N , generations per chunk g, crossover rate cr = 0.9, mutation ratem = 0.15,

mutation distribution index ηm = 20.0
1: Initialize N individuals; evaluate fitness f(xi) for i = 1, . . . , N
2: for k = 1, 2, . . . , g do
3: ▷ Selection — tournament
4: Select N individuals via binary tournament selection based on fitness to form the mating pool
5: ▷ Crossover — simulated binary crossover (SBX)
6: for each consecutive pair (xi, xi+1) in mating pool do
7: With probability cr = 0.9, apply SBX to produce two offspring
8: end for
9: ▷ Mutation — polynomial
10: for each offspring xi do
11: With probability m, apply polynomial mutation with distribution parameter ηm
12: end for
13: ▷ Replacement
14: Select new population pool based upon elitist selection of parents and offspring
15: Evaluate fitness f(xi) for all new individuals
16: end for
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A.1.3. Self-Adaptive Differential Evolution (SADE)

Mutation (jDE)
self-adapted F_i →
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Initialise F / CR
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Figure A.2: SADE flowchart

SADE extends classic differential evolution by self-adapting its control parameters, allowing the muta-
tion scale factor F and crossover rate CR to evolve alongside the population rather than being fixed,
eliminating the need for manual tuning during execution. For each individual, a mutant vector is gener-
ated from randomly selected population members, combined with the current individual via exponential
crossover to form a trial vector, and accepted only if it improves on the parent’s fitness through a greedy
one-to-one replacement.

The mutant vector for the i-th individual is constructed as

vi = xr1 + F (xr2 − xr3) , (A.2)

where r1, r2, r3 are indices of three distinct individuals drawn at random from the population, all dif-
ferent from i. Rather than fixing F and CR for the whole run, each individual carries its own pair of
values, which are themselves subject to a small probability of random reinitialisation at each generation;
individuals whose trial vectors are successfully accepted pass their F andCR values on to the next gen-
eration, while unsuccessful values are more likely to be replaced. Over successive generations, this
biases the population towards F and CR values that have empirically produced improving trial vectors,
without requiring these parameters to be tuned in advance for the specific objective landscape.



A.1. Optimisers 119

Exponential crossover then constructs the trial vector by copying a contiguous run of components from
the mutant vector into the parent, starting from a randomly chosen index and continuing for a length
controlled probabilistically by CR: a higher CR increases the expected length of the copied segment,
producing trial vectors that draw more heavily on the mutant. This differs from the component-wise
(binomial) crossover used in the SGA’s SBX operator, in that the inherited components form a connected
block along the decision vector rather than being selected independently at each position.

The algorithm terminates early once the population’s spread in both fitness and decision variables falls
below the specified tolerances, indicating that the population has effectively converged and further
generations are unlikely to yield meaningful improvement.

Algorithm 3 Self-Adaptive Differential Evolution (SADE) — pygmo configuration
Require: Population sizeN , generations per chunk g, self-adaptive variant parameters (variant_adptv

= 1), ftol = 10−6, xtol = 10−6

1: Initialize N individuals; evaluate fitness f(xi) for i = 1, . . . , N
2: Initialize learning memories for F and CR adaptation strategies
3: for k = 1, 2, . . . , g do
4: for each individual xi, i = 1, . . . , N do
5: ▷ Mutation — jDE Variant (variant 2)
6: Select distinct random base vectors from the population based on chosen strategy variant
7: Generate mutant vector vi using self-adapted scale factor Fi

8: ▷ Crossover — exponential
9: Apply exponential crossover to (xi, vi) using crossover rate CRi to form trial vector ui

10: ▷ Selection
11: if f(ui) ≤ f(xi) then
12: xi ← ui ▷ Greedy one-to-one replacement
13: end if
14: end for
15: ▷ Convergence check
16: if maxi

∣∣f(xi)− f(xbest)
∣∣ < ftol and maxi,j

∣∣xi,j − xbest,j
∣∣ < xtol then

17: break
18: end if
19: end for
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A.1.4. Particle Swarm Optimisation (PSO)
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Figure A.3: PSO flowchart

PSO models the population as a swarm of particles moving through the search space, each carrying
a position and velocity rather than undergoing genetic operators. At every generation, each particle’s
velocity is updated using an inertia term, a cognitive term pulling it towards its own best-known position,
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and a social term pulling it towards the best position found across the swarm (or its neighbourhood),
before the velocity is clamped to a maximum magnitude and the particle’s position is updated accord-
ingly.

For particle i at generation k, the velocity update is

v
(k)
i = w v

(k−1)
i + c1r1

(
p
(k−1)
i − x

(k−1)
i

)
+ c2r2

(
g(k−1) − x

(k−1)
i

)
, (A.3)

where xi is the particle’s current position, pi its own best-known position (personal best), and g the best
position found by the swarm, or by its neighbourhood if a non-global topology is used. The inertia weight
w controls how much of the particle’s previous velocity is retained, and governs the trade-off between
exploration and exploitation: a higher w favours continued movement in the current direction, while a
lowerw allows the cognitive and social terms to dominate. The cognitive and social coefficients c1 and c2
weight the pull towards the particle’s own best position and the swarm’s best position respectively, and
r1, r2 ∼ U(0, 1) are independent random numbers redrawn at each generation, introducing stochasticity
into an otherwise deterministic update.

The updated velocity is then clamped component-wise to a maximum magnitude vmax,

vi,j ← max(−vmax,j , min(vi,j , vmax,j)) , (A.4)

which prevents particles from overshooting the search space in a single step, a risk that grows when
the social and cognitive terms reinforce each other in the same direction. The particle’s position is then
updated by simple discrete update,

x
(k)
i = x

(k−1)
i + v

(k)
i . (A.5)

Personal and global bests are refreshed only once all particles in the swarm have moved for the cur-
rent generation, rather than incrementally as each particle updates; this keeps g fixed across a full
generation and avoids the swarm’s collective target shifting mid-update, at the cost of the improved
best position only becoming visible to other particles in the following generation. The cycle of velocity
update, clamping, position update, and best-refresh then repeats for the specified number of genera-
tions.

Algorithm 4 Particle Swarm Optimisation (PSO) — pygmo configuration
Require: Swarm sizeN , generations per chunk g, inertia weight ω = 0.7, cognitive component η1 = 2.0,

social component η2 = 2.0, maximum velocity limit vmax = 0.2
1: Initialize particle positions xi and velocities vi within bounds for i = 1, . . . , N
2: Evaluate fitness f(xi); set personal bests pi ← xi and global best g∗ ← argmini f(pi)
3: for k = 1, 2, . . . , g do
4: for each particle i do
5: Draw random vectors r1, r2 ∼ U(0, 1)d
6: ▷ Velocity update with max velocity capping
7: vi ← ω vi + η1 r1 ⊙ (pi − xi) + η2 r2 ⊙ (g∗ − xi)
8: Apply constraint check: vi ← max(−vmax,min(vmax, vi))
9: ▷ Position update
10: xi ← xi + vi
11: end for
12: Evaluate f(xi) for all particles
13: Update personal bests pi and global best g∗
14: end for
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A.1.5. Covariance Matrix Adaptation Evolution Strategy (CMA-ES)
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Final Population

No

Yes

Figure A.4: CMA-ES flowchart
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CMA-ES departs from the other algorithms in that it maintains no population between generations;
instead, it samples an entire offspring population directly from a multivariate Gaussian distribution pa-
rameterised by a mean and covariance matrix. The offspring are ranked by fitness and used to update
the distribution’s mean via weighted recombination, after which the evolution paths, step size, and
covariance matrix are adapted to reshape the sampling distribution for the next generation.

At generation g, λ offspring are sampled as

xk = m(g) + σ(g) yk, yk ∼ N
(
0,C(g)

)
, k = 1, . . . , λ, (A.6)

where m(g) is the current distribution mean, σ(g) the step size, and C(g) the covariance matrix, which
encodes both the scale and the orientation of the search distribution across the decision variables. After
ranking the λ offspring by fitness, only the best µ are retained for recombination; the new mean is a
weighted average of these,

m(g+1) =

µ∑
k=1

wk xk:λ, (A.7)

where xk:λ denotes the k-th best of the λ offspring and the weights wk decrease with rank, so fitter
offspring contribute more strongly to the new mean.

Two evolution paths are then updated: a step-size path pσ, which accumulates the direction of succes-
sive mean shifts and is used to adapt σ (increasing it when consecutive steps point in similar directions,
indicating the distribution is moving too cautiously, and decreasing it when steps cancel out, indicating
overshoot), and a covariance path pc, which accumulates correlated movement of the mean over sev-
eral generations and is used to update C so that the sampling distribution stretches along directions
that have recently proven productive. This adaptation is what allows CMA-ES to implicitly learn the
local curvature and correlation structure of the objective landscape, rather than sampling with a fixed
or isotropic step, which is particularly relevant given the non-smooth, discontinuous penalty structure
of the objective in this problem.

The algorithm terminates early once the step size σ or the change in objective value falls below the
specified tolerances, indicating that the sampling distribution has effectively collapsed onto a local
optimum and further generations are unlikely to move it meaningfully.

Algorithm 5 Covariance Matrix Adaptation Evolution Strategy (CMA-ES) — pygmo configuration
Require: Initial mean solution x0, initial step size σ0 = 0.2, generations per chunk g, stopping toler-

ances ftol = 10−6, xtol = 10−6

1: Initialize distribution mean m← x0, covariance matrix C ← I, and evolution paths
2: for k = 1, 2, . . . , g do
3: ▷ Sample offspring
4: Draw candidate solutions from mutation distribution: xi ∼ N

(
m, σ2C

)
5: Evaluate fitness f(xi) for all generated individuals
6: ▷ Rank and Recombine
7: Sort population by fitness and update weighted mean distribution m
8: ▷ Adaptation
9: Update evolution paths, step-size σ, and covariance matrix C
10: ▷ Convergence check
11: if σ < xtol or change in objective function value < ftol then
12: break
13: end if
14: end for

A.2. Lead-up Optimisation Results
The following figures show example lead-up optimisation results for a single LEO seed across all four
RPO intent classes, supplementing the examples given in the main text.
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(a) Lead-up relative motion for eavesdropping, LEO.
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(b) Lead-up relative motion for inspection, LEO.

Figure A.5: Example lead-up optimisation results for eavesdropping and inspection, LEO, seed 28.
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(a) Lead-up relative motion for docking, LEO.
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(b) Lead-up relative motion for collision, LEO.

Figure A.6: Example lead-up optimisation results for docking and collision, LEO, seed 28.

A.3. Noise Correlation
Wayfinder Privateer Space samples are used, sourced from https://wayfinder.privateer.com/, re-
trieved 31-07-2026. The correlation matrix of the covariance is assessed for a set of satellites in both
LEO and GEO, to determine whether the components of the state vector display any degree of corre-
lation.

https://wayfinder.privateer.com/
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Table A.1: NORAD IDs of objects used per orbital domain

Domain NORAD IDs
GEO 24936, 25153, 26388, 27380, 27691, 28446, 29162, 32299, 32763,

34713, 38978, 41471, 42709, 43271, 43867, 45246, 51850, 53961,
58204, 61503, 63924

LEO 49027, 51883, 52867, 53170, 57629, 58605, 58864, 59199, 61064,
61867, 62047, 63680, 65020, 66418, 66546, 66623, 67838, 68035,
68167, 68897, 69292, 69418

For each satellite listed in Table A.1, an Orbital Ephemeris Message (OEM) was obtained. Each OEM
provides the satellite’s state vector at a series of epochs, together with the associated 6× 6 covariance
matrix at those epochs. As the covariance matrix is symmetric, only its lower triangular part is stored
in the file; the full matrix is reconstructed from this before further processing.

For each epoch at which a covariance matrix is available, the corresponding state vector is used to
rotate the covariance matrix from the inertial frame into the local RSW/LVLH frame. The correlation
matrix is then obtained by normalising this rotated covariance matrix with the standard deviations along
its diagonal. Correlation matrices are computed for every epoch of every satellite, and then averaged
across all epochs and all satellites within a given orbital domain to yield a single representative corre-
lation matrix per domain.

CORRLEO =


1.00 −0.07 0.00 0.65 −0.16 0.00
−0.07 1.00 0.00 −0.38 0.20 0.00
0.00 0.00 1.00 0.00 0.00 0.11
0.65 −0.38 0.00 1.00 0.41 0.00
−0.16 0.20 0.00 0.41 1.00 0.00
0.00 0.00 0.11 0.00 0.00 1.00

 (A.8)

CORRGEO =


1.00 0.00 0.00 0.26 0.00 0.00
0.00 1.00 0.00 0.00 0.24 0.00
0.00 0.00 1.00 0.00 0.00 0.23
0.26 0.00 0.00 1.00 0.06 0.00
0.00 0.24 0.00 0.06 1.00 0.00
0.00 0.00 0.23 0.00 0.00 1.00

 (A.9)



B
Verification

This appendix contains unit and integration tests of the data generation code. Section B.1 contains the
unit test on the orbital propagation models used and the infrastructure around them for the approach tra-
jectory. Section B.2 contains unit test related to the approach trajectory objectives. Finally, Section B.3
contains unit tests related to the mission phase optimisation.

B.1. Simulation Framework Unit Tests
B.1.1. Initial State Construction
test_returns_array_with_correct_shape Verifies that build_initial_state returns a state vector

of length 12 for two bodies. Inputs: Keplerian elements at 400 km and 800 km altitude. Expected
output: state vector of shape (12, ).

test_single_body Verifies that build_initial_state returns a state vector of length 6 for a single
body. Input: Keplerian elements at 400 km altitude. Expected output: state vector of shape (6, ).

test_position_magnitude_matches_semi_major_axis Checks that the constructed position vector’s
magnitude equals the semi-major axis for a circular orbit, to within 1m. Input: Keplerian elements
at 500 km altitude. Expected output: |r| = RE + 500 000m, to within 1m.

test_velocity_magnitude_circular_orbit Checks that the constructed velocity vector’s magnitude
matches the analytical circular-orbit speed, to within 0.1m/s. Input: Keplerian elements at 400 km
altitude. Expected output: |v| =

√
µE/(RE + 400 000), to within 0.1m/s.

test_multiple_bodies_have_distinct_positions Confirms that two bodies at different altitudes are
assigned distinct position vectors. Inputs: Keplerian elements at 400 km and 800 km altitude.
Expected output: the two position sub-vectors are not equal.

B.1.2. Keplerian Propagation
test_zero_time_returns_initial_state Confirms that propagating over a zero-length time interval

returns the initial state unchanged. Input: circular state at 400 km altitude. Expected output:
propagated state equal to the initial state, to within 10−6.

test_energy_conserved Verifies that specific orbital energy is conserved after propagating a quarter
period. Input: circular state at 400 km altitude. Expected output: E0 = E1, to within a relative
tolerance of 10−6.

test_radius_constant_for_circular_orbit Checks that the orbital radius remains constant (to within
1m) at 10%, 25%, 50%, and 75% of the orbital period. Input: circular state at 400 km altitude.

126
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Expected output: radius equal to RE + 400 000m at each of the four fractions, to within 1m.

test_one_full_period_returns_to_start Confirms that propagating over one full orbital period re-
turns the state to its initial value, to within 1m in position and 1mm/s in velocity. Input: circular
state at 400 km altitude. Expected output: final position within 1m and final velocity within 1mm/s
of the initial state.

test_output_shape Verifies that the propagated state has shape (6, ). Input: circular state at 400 km
altitude, propagated over 3600 s. Expected output: state vector of shape (6, ).

test_non_zero_start_time_equivalent_to_time_shift Confirms that propagation is time-shift in-
variant, i.e. propagating from t = 0 to t = ∆t gives the same result as propagating from t = Toffset
to t = Toffset +∆t. Inputs: circular state at 400 km altitude, ∆t = 600 s, Toffset = 1800 s. Expected
output: the two propagated states are equal, to within 10−6.

B.1.3. Inertial--LVLH Frame Transformation
test_zero_relative_state_maps_to_zero Confirms that a zero relative position and velocity map

to zero in the LVLH frame. Input: chief state at 400 km altitude. Expected output: δrLVLH = 0,
δvLVLH = 0, to within 10−9.

test_roundtrip_inertial_lvlh_inertial Verifies that transforming a relative state from the inertial
frame to LVLH and back recovers the original state. Inputs: chief state at 400 km altitude; relative
position [100, 0, 0]m and velocity [0, 0.1, 0]m/s. Expected output: recovered relative position and
velocity equal to the original inputs, to within 10−9.

test_roundtrip_lvlh_inertial_lvlh Verifies that transforming a relative state from LVLH to the in-
ertial frame and back recovers the original state. Inputs: chief state at 400 km altitude; LVLH
relative position [50,−30, 10]m and velocity [0.05, 0.02,−0.01]m/s. Expected output: recovered
LVLH relative position and velocity equal to the original inputs, to within 10−9.

test_radial_offset_points_along_r Checks that a purely radial LVLH offset maps to an inertial
vector parallel to r̂. Inputs: chief state at 400 km altitude; radial LVLH offset [100, 0, 0]m. Expected
output: δrinertial × r̂ = 0, to within 10−6.

test_norm_preserved Confirms that the Euclidean norm of the relative position and velocity vectors is
preserved under the inertial-to-LVLH transformation. Inputs: chief state at 400 km altitude; relative
position [200,−100, 50]mand velocity [0.2,−0.1, 0.05]m/s. Expected output: ∥δrLVLH∥ = ∥δrinertial∥
and ∥δvLVLH∥ = ∥δvinertial∥, to 6 decimal places.

B.1.4. Impulsive Manoeuvres
test_zero_delta_v_unchanged Confirms that applying a zero ∆v leaves the state unchanged. Input:

circular state at 400 km altitude. Expected output: state unchanged (exact equality).

test_position_unchanged Verifies that applying a ∆v does not alter the position components of the
state. Inputs: circular state at 400 km altitude; ∆v = [100, 0, 0]m/s. Expected output: position
components unchanged (exact equality).

test_velocity_incremented_correctly Checks that the velocity components are incremented by
exactly ∆v. Inputs: circular state at 400 km altitude; ∆v = [10,−5, 3]m/s. Expected output: new
velocity equals original velocity plus ∆v, to within 10−12.

test_output_shape_preserved Confirms that the returned state has the same shape as the input
state. Inputs: circular state at 400 km altitude; ∆v = [1, 2, 3]m/s. Expected output: output shape
equal to input shape.

test_prograde_burn_increases_speed Verifies that a prograde ∆v of 100m/s increases the orbital
speed. Input: circular state at 400 km altitude. Expected output: ∥vnew∥ > ∥v∥.

test_retrograde_burn_decreases_speed Verifies that a retrograde ∆v of 100m/s decreases the or-
bital speed. Input: circular state at 400 km altitude. Expected output: ∥vnew∥ < ∥v∥.
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B.1.5. Lambert-Targeted Transfers
test_returns_two_vectors Confirms that the Lambert solver returns two three-component ∆v vec-

tors. Inputs: departure/arrival states at 400 km and 800 kmaltitude; transfer time T = THohmann/1.1.
Expected output: ∆v1 and ∆v2 each of shape (3, ).

test_zero_transfer_time_raises Verifies that a zero transfer time raises an exception (ValueError,
ZeroDivisionError, or RuntimeError). Input: circular state at 400 km altitude. Expected output:
one of the three listed exceptions is raised.

test_hohmann_dv_magnitude Checks that the solved ∆v magnitudes match the analytical Hohmann-
transfer values to within 1m/s. Inputs: departure/arrival states at 400 km and 800 km altitude;
Hohmann transfer time. Expected output: ∥∆v1∥ and ∥∆v2∥ match the analytical Hohmann val-
ues, to within 1m/s.

test_non_hohmann_dv_magnitude Confirms that a non-Hohmann (faster) transfer requires strictly greater
∆v than the Hohmann case at both ends. Inputs: departure/arrival states at 400 km and 800 km
altitude; transfer time THohmann/1.1. Expected output: ∥∆v1∥ and ∥∆v2∥ strictly exceed the corre-
sponding Hohmann values.

B.1.6. End-to-End Rendezvous Consistency
test_non_hohmann_trajectory Verifies end-to-end consistency of a non-Hohmann Lambert rendezvous:

applying the departure ∆v, propagating over the transfer time, and applying the arrival ∆v repro-
duces the target arrival state. Inputs: departure/arrival states at 400 km and 800 km altitude;
transfer time THohmann/1.1. Expected output: the propagated arrival state equals the target arrival
state (default numpy.allclose tolerance).

B.2. Optimisation Objective Unit Tests
B.2.1. Epoch Ordering Penalty
test_all_ordered_no_penalty Confirms that strictly increasing epochs incur no penalty. Input: epochs

(1, 2, 3, 4). Expected output: 0.0.

test_equal_epochs_no_penalty Confirms that equal consecutive epochs are not penalised, since
ordering only requires non-strict monotonicity. Input: epochs (1, 1, 1, 1). Expected output: 0.0.

test_single_inversion_at_first_pair Checks that an inversion between the first pair of epochs
incurs a penalty of 1010. Input: epochs (3, 2, 4, 5). Expected output: 1010.

test_single_inversion_at_second_pair Checks that an inversion between the second pair of epochs
incurs a penalty of 1010. Input: epochs (1, 3, 2, 4). Expected output: 1010.

test_single_inversion_at_third_pair Checks that an inversion between the third pair of epochs
incurs a penalty of 1010. Input: epochs (1, 2, 4, 3). Expected output: 1010.

test_two_inversions Confirms that two simultaneous inversions incur a penalty of 2 × 1010. Input:
epochs (3, 2, 4, 3). Expected output: 2× 1010.

test_all_three_inversions Confirms that a fully reversed epoch sequence incurs a penalty of 3 ×
1010. Input: epochs (4, 3, 2, 1). Expected output: 3× 1010.

test_returns_numeric Verifies that the penalty function returns a non-negative numeric value for both
an ordered and a fully disordered epoch sequence. Inputs: epochs (1, 2, 3, 4) and (4, 3, 2, 1).
Expected output: both results are numeric (int or float) and ≥ 0.

B.2.2. Perigee Penalty
test_none_states_returns_zero Confirms that a None state list yields no penalty. Expected output:

0.0.

test_empty_list_returns_zero Confirms that an empty state list yields no penalty. Expected output:
0.0.
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test_all_states_above_earth Confirms that a state with a positive-altitude perigee incurs no penalty.
Input: circular state at 100 km altitude. Expected output: 0.0.

test_one_state_below_earth Checks that a single sub-surface state incurs a penalty of 1010. Input:
circular state at −100 km altitude. Expected output: 1010.

test_two_states_below_earth Checks that two sub-surface states incur a penalty of 2×1010. Inputs:
circular states at −100 km and −200 km altitude. Expected output: 2× 1010.

test_mixed_states Confirms that only the sub-surface state among a mixed set contributes to the
penalty (1010). Inputs: circular states at 100 km, −100 km, and 400 km altitude. Expected output:
1010.

test_exactly_at_surface_is_penalised Confirms that a perigee exactly at the Earth’s surface is not
penalised, since the comparison is strict. Input: circular state at 0 km altitude. Expected output:
0.0.

B.2.3. Delta-V Cost
test_collision_sums_stride3 Confirms that, for the collision problem type, only every third element

of the ∆v vector is summed. Input: ∆v = [1, 1, 1, 1]. Expected output: total = 3.0, penalty = 0.0.

test_collision_large_dv_penalty Checks that a large stride-summed ∆v for the collision type in-
curs a quadratic penalty equal to the square of the total. Input: ∆v = [1000, 1000, 1000, 100].
Expected output: total = 3000.0, penalty = 3000.02.

test_docking_sums_all Confirms that, for the docking problem type, all elements of the ∆v vector
are summed. Input: ∆v = [1, 2, 3, 4]. Expected output: total = 10.0, penalty = 0.0.

test_inspection_sums_all Confirms that, for the inspection problem type, all elements of the ∆v
vector are summed. Input: ∆v = [100, 200, 300, 400]. Expected output: total = 1000.0.

test_penalty_threshold_boundary_below Confirms that a total∆v exactly at the 1000m/s threshold
does not trigger the quadratic penalty. Input: ∆v = [1000]. Expected output: penalty = 0.0.

test_penalty_threshold_boundary_above Confirms that a total ∆v marginally above the 1000m/s
threshold triggers a penalty equal to the square of the total. Input: ∆v = [1000.001]. Expected
output: penalty = total2.

test_zero_dv Confirms that a zero ∆v vector yields zero cost and zero penalty. Input: ∆v = 06.
Expected output: total = 0.0, penalty = 0.0.

test_returns_tuple_of_two Verifies that the function returns a two-element tuple. Input: ∆v = 16.
Expected output: a tuple of length 2.

B.2.4. Epoch Decoding
test_returns_four_values Confirms that decode_epochs returns four values. Input: decision-vector

time fractions [0.1, 0.2, 0.3, 0.4]. Expected output: a tuple of length 4.

test_epochs_are_non_decreasing_typical Checks that decoded epochs are non-decreasing for a
representative set of time fractions. Input: time fractions [0.4, 0.5, 0.3, 0.8]. Expected output: t1 ≤
t2 ≤ t3 ≤ t4.

test_epochs_non_decreasing_for_all_zeros Confirms that all-zero time fractions collapse every
epoch to the start epoch, which trivially satisfies non-decreasing order. Input: time fractions
[0, 0, 0, 0]. Expected output: t1 ≤ t2 ≤ t3 ≤ t4 (all equal to start_epoch).

test_epochs_non_decreasing_for_all_ones Confirms non-decreasing order when the first fraction
consumes the entire window. Input: time fractions [1, 1, 1, 1]. Expected output: t1 ≤ t2 ≤ t3 ≤ t4.

test_epochs_non_decreasing_random_inputs Verifies non-decreasing ordering across 200 randomly
sampled time-fraction vectors. Input: time fractions drawn uniformly from [0, 1], seed 42. Ex-
pected output: t1 ≤ t2 ≤ t3 ≤ t4 for every one of the 200 samples.
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test_all_zeros_gives_start_epoch Confirms that all-zero time fractions decode every epoch to the
mission start epoch. Input: time fractions [0, 0, 0, 0], start_epoch = 0, duration = 3600 s. Expected
output: t1 = t2 = t3 = t4 = start_epoch.

test_first_frac_one_rest_zero Confirms that a first fraction of 1 consumes the full window, so all
four epochs equal start_epoch+ duration. Input: time fractions [1, 0, 0, 0]. Expected output: t1 =
t2 = t3 = t4 = 3600.0.

test_equal_splits Verifies the exact decoded epoch values for equal 0.5 splits at each stage of the
shrinking-window encoding. Input: time fractions [0.5, 0.5, 0.5, 0.5], duration = 3600 s. Expected
output: t1 = 1800.0, t2 = 2700.0, t3 = 3150.0, t4 = 3375.0.

test_termination_never_exceeds_start_plus_duration Confirms that the final decoded epoch never
exceeds start_epoch + duration, across 200 random time-fraction vectors. Input: time fractions
drawn uniformly from [0, 1], seed 7. Expected output: t4 ≤ start_epoch+duration+10−9 for every
sample.

test_nonzero_start_epoch_offset Confirms correct offsetting when the start epoch is non-zero. In-
put: start_epoch = 1000 s, duration = 2000 s, time fractions [0, 0, 0, 0]. Expected output: t1 =
1000.0.

test_nonzero_start_epoch_with_full_first_gap Confirms correct offsetting when the start epoch
is non-zero and the first fraction consumes the full window. Input: start_epoch = 500 s, duration =
1000 s, time fractions [1, 0, 0, 0]. Expected output: t1 = 1500.0, t4 = 1500.0.

test_remaining_window_shrinks_monotonically Confirms that successive epoch gaps remain non-
negative and the total span does not exceed themission duration. Input: time fractions [0.3, 0.5, 0.2, 0.9].
Expected output: each gap ≥ 0.0; total span ≤ duration+ 10−9.

B.2.5. Decision-Vector Decoding
test_midpoint_gives_zero_dv Confirms that a raw decision value of 0.5 decodes to zero ∆v in both

manoeuvre components. Input: decision vector with ∆v components at 0.5. Expected output:
∆v1 = [0, 0, 0], ∆v2 = [0, 0, 0].

test_zero_raw_gives_negative_max_dv Confirms that a raw decision value of 0 decodes to−max_dv
in each component. Input: decision vector with first ∆v component at 0, max_dv = 500m/s. Ex-
pected output: ∆v1 = [−500,−500,−500].

test_one_raw_gives_positive_max_dv Confirms that a raw decision value of 1 decodes to +max_dv
in each component. Input: decision vector with first ∆v component at 1, max_dv = 500m/s.
Expected output: ∆v1 = [500, 500, 500].

test_epochs_scaled_via_decode_epochs Confirms that the decoded epochs from _decode_inputs
are non-decreasing. Input: time fractions [0.1, 0.3, 0.5, 0.9]. Expected output: t1 ≤ t2 ≤ t3 ≤ t4.

test_all_zero_fracs_give_start_epoch Confirms that zero time fractions decode all epochs to the
start epoch. Input: time fractions [0, 0, 0, 0]. Expected output: t1 = t2 = t3 = t4 = start_epoch.

test_returns_six_values Confirms that _decode_inputs returns six values (two∆v vectors and four
epochs). Expected output: a tuple of length 6.

test_dv_components_independent Confirms that the two ∆v vectors decode independently of one
another. Input: first ∆v raw [1, 0.5, 0], second ∆v raw [0, 0.5, 1], max_dv = 500m/s. Expected
output: ∆v1 = [500, 0,−500], ∆v2 = [−500, 0, 500].

B.2.6. End-Condition Loading
test_collision_returns_zeros Confirms that the collision problem type returns zero relative position

and velocity without file access. Expected output: pos = [0, 0, 0], vel = [0, 0, 0].

test_docking_returns_zeros Confirms that the docking problem type returns zero relative position
and velocity without file access. Expected output: pos = [0, 0, 0], vel = [0, 0, 0].
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test_inspection_loads_file Confirms that the inspection problem type loads relative position and
velocity from a (mocked) JSON file. Input: seed 42, domain train. Expected output: pos =
[1, 2, 3], vel = [0.1, 0.2, 0.3].

test_eavesdropping_loads_file Confirms that the eavesdropping problem type loads relative po-
sition and velocity from a (mocked) JSON file. Input: seed 7, domain test. Expected output:
pos = [4, 5, 6], vel = [0.4, 0.5, 0.6].

test_invalid_problem_type_raises Confirms that an unrecognised problem type raises a ValueError.
Input: problem type "AlienInvasion". Expected output: ValueError raised.

test_inspection_uses_correct_filepath Confirms that the inspection problem type constructs the
expected file path from seed and domain. Input: seed 3, domain val. Expected output: open
called once with path data_mission/observation/seed_3_domain_val.json.

test_eavesdropping_uses_correct_filepath Confirms that the eavesdropping problem type con-
structs the expected file path from seed and domain. Input: seed 5, domain test. Expected
output: open called once with path data_mission/eavesdropping/seed_5_domain_test.json.

B.2.7. Simulation Execution
test_returns_result_on_success Confirms that a successful (mocked) simulation call returns its re-

sult unchanged. Input: zero ∆v vectors, epochs (0, 1, 2, 3). Expected output: the (mocked) sim-
ulation result, returned unmodified.

test_returns_none_on_exception Confirms that an exception raised by the (mocked) simulation back-
end is caught and None is returned. Input: zero ∆v vectors, epochs (0, 1, 2, 3). Expected output:
None.

test_end_conditions_forwarded_for_collision Confirms that zero relative position and velocity
are correctly forwarded to the simulation backend for the collision problem type. Input: zero ∆v
vectors, epochs (0, 1, 2, 3). Expected output: forwarded rel_pos = [0, 0, 0], rel_vel = [0, 0, 0].

test_epochs_unpacked_correctly Confirms that the fourmanoeuvre/termination epochs are unpacked
and forwarded correctly to the simulation backend. Input: epochs (10, 20, 30, 40). Expected out-
put: forwarded maneuver_epoch1 = 10, maneuver_epoch2 = 20, maneuver_epoch3 = 30,
termination_epoch = 40.

B.2.8. Keplerian-End Objective Function
test_returns_1e10_on_simulation_failure Confirms that a simulation exception causes the objec-

tive to return the penalty value 1010. Expected output: 1010.

test_feasible_solution_below_1e10 Confirms that a feasible docking solution with∆v components
[10, 10, 10] (total 30) returns an objective value of 30, with no penalties applied. Expected output:
30.0.

test_epoch_penalty_not_triggered_by_valid_fracs Confirms that the epoch-ordering penalty is
never triggered for valid decision-vector time fractions, since decode_epochs guarantees ordering.
Input: 20 randomly sampled time-fraction vectors, seed 0. Expected output: result < 1010 for
every sample.

test_perigee_penalty_added_when_state_below_surface Confirms that a sub-surface trajectory state
adds the perigee penalty (1010) to the objective. Input: circular state at−100 km altitude. Expected
output: 1010.

test_perigee_penalty_absent_for_valid_orbit Confirms that a valid-altitude trajectory state does
not add a perigee penalty. Input: circular state at 400 km altitude. Expected output: 0.0.

test_collision_adds_tf_contribution Confirms that, for the collision problem type, the final time
contributes to the objective as tf/10

3. Input: tf = 3000 s. Expected output: 3.0.

test_non_collision_no_tf_contribution Confirms that the final-time term is absent from the objec-
tive for the inspection problem type. Input: tf = 3000 s. Expected output: 0.0.
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test_eavesdropping_no_tf_contribution Confirms that the final-time term is absent from the objec-
tive for the eavesdropping problem type. Input: tf = 5000 s. Expected output: 0.0.

test_large_dv_triggers_quadratic_penalty Confirms that a total∆v of 1500m/s (above the 1000m/s
threshold) adds a quadratic penalty. Expected output: 1500 + 15002.

test_dv_just_at_threshold_no_penalty Confirms that a total ∆v exactly at the 1000m/s threshold
does not trigger the quadratic penalty. Expected output: 1000.0.

test_collision_dv_uses_only_first_three_components Confirms that, for the collision problem type,
only the first three ∆v components contribute to the total. Input: ∆v = [10, 10, 10, 500, 500]. Ex-
pected output: 30.0.

test_returns_scalar_float Confirms that the objective function returns a finite scalar float (not
NaN). Expected output: a finite float value.

B.3. Mission Optimisation Unit Tests
B.3.1. Design-Space Bounds
test_shape_and_symmetry Confirms that, for every domain/problem-type combination, the lower and

upper bound vectors have shape (6, ), are symmetric (lower = −upper), and satisfy lower ≤
upper. Expected output: all conditions hold for every combination.

test_sma_bound_comes_from_the_table Confirms that the semi-major-axis bound returned by _default_bounds
matches the corresponding entry in _SMA_BOUND_BY_TYPE for every domain/problem-type combi-
nation. Expected output: upper[0] equals the table entry in every case.

test_ecc_and_angle_bounds_are_shared Confirms that the eccentricity and angle bound components
are the sharedmodule-level constants _ECC_BOUND and _ANGLE_BOUND. Input: problem type observation,
domain GEO. Expected output: upper[1] = _ECC_BOUND, upper[2:] = _ANGLE_BOUND.

test_eavesdropping_geo_is_tighter_than_observation Confirms that the GEO semi-major-axis
bound for the eavesdropping problem type is smaller than for observation, reflecting the tighter
required formation. Expected output: SMAGEO,eavesdropping < SMAGEO,observation.

test_unknown_domain_raises Confirms that an unrecognised domain raises a KeyError. Input: do-
main MEO. Expected output: KeyError raised.

test_unknown_problem_type_raises Confirms that an unrecognised problem type raises a KeyError.
Input: problem type rendezvous. Expected output: KeyError raised.

B.3.2. Mission Configuration
test_observation_config_defaults Confirms the default field values of observation_config. Ex-

pected output: problem_type = ”observation”, propagation = ”analytical”, n_output_steps =
1000, duration ≈ 10× JULIAN_DAY, bound arrays of shape (6, ).

test_eavesdropping_config_defaults Confirms that eavesdropping_config defaults to problem type
eavesdropping with analytical propagation. Expected output: problem_type = ”eavesdropping”,
propagation = ”analytical”.

test_overrides_are_applied Confirms that explicit keyword overrides (seed, generations, propaga-
tion backend) are applied while the problem type remains fixed. Input: seed = 999, generations =
5, propagation = numerical. Expected output: seed = 999, generations = 5, propagation =
”numerical”, problem_type = ”observation” (unchanged).

test_bounds_resolve_from_problem_type_and_domain Confirms that MissionConfig.__post_init__
selects the correct bound row from _SMA_BOUND_BY_TYPE for every domain/problem-type combina-
tion. Expected output: upper_bounds[0]matches the table entry and lower_bounds = −upper_bounds
in every case.

test_explicit_bounds_are_not_overwritten Confirms that explicitly supplied lower/upper bound
arrays are preserved rather than recomputed. Input: lower = −16, upper = 16. Expected output:
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lower_bounds = −16, upper_bounds = 16 (unchanged).

test_early_stopping_defaults Confirms the default early-stopping configuration. Expected output:
early_stopping = True, plateau_window = 10, improvement_threshold = 10−3.

test_removed_api_is_gone Regression check confirming that the deprecated rendezvous_config
function and proximity_termination_distance attribute no longer exist. Expected output: hasattr(mo,
"rendezvous_config") is False; hasattr(MissionConfig(), "proximity_termination_distance")
is False.

B.3.3. Dependent-Variable Schema
test_columns_fit_inside_the_assembled_array Confirms that every column index or slice in _dep_var_columns

lies within the expected assembled-array width. Expected output: highest column index < 12 for
observation, < 2 for eavesdropping.

test_observation_column_positions Confirms the exact column layout for observation dependent
variables. Expected output: rel_pos = slice(1, 4), distance = 4, sun_wrt_target = slice(5, 8),
sun_wrt_inspector = slice(8, 11), eclipse = 11.

test_eavesdropping_only_saves_distance Confirms that the eavesdropping dependent-variable schema
contains only a distance column. Expected output: {”distance” : 1}.

test_unknown_problem_type_raises Confirms that requesting dependent variables for an unrecog-
nised problem type raises a ValueError. Input: problem type rendezvous. Expected output:
ValueError raised.

test_schema_keys_match_supported_problem_types Confirms that _DEP_VAR_SCHEMA contains ex-
actly the keys observation and eavesdropping. Expected output: {”observation”, ”eavesdropping”}.

B.3.4. Numerical Helpers
test_shape_and_endpoints Confirms that interpolate_variables regrids to the requested number

of steps and preserves the first and last time values. Input: 11-sample array over t ∈ [0, 100],
nsteps = 250. Expected output: output shape (250, 4); out[0, 0] = 0.0; out[−1, 0] = 100.0.

test_linear_data_is_reproduced_exactly Confirms that cubic-Hermite interpolation exactly repro-
duces linear input data on the new grid. Input: 11-sample linear data over t ∈ [0, 10], nsteps = 21.
Expected output: out[:, 1] = 3 out[:, 0] and out[:, 2] = −2out[:, 0] + 5, to within 10−9.

test_radial_offset_lands_on_index_zero Confirms that a purely radial inspector offset appears
entirely in the first (radial) LVLH component. Input: target on the +X axis; radial offset of 10m.
Expected output: rel_pos = [10, 0, 0], to within 10−9.

test_in_track_and_cross_track_axes Confirms that in-track and cross-track offsets map to the sec-
ond and third LVLH components respectively. Input: offset [0, 20, 30]m. Expected output: rel_pos =
[0, 20, 30], to within 10−9.

test_relative_velocity_projection Confirms that a relative velocity offset projects correctly onto
the LVLH radial axis. Input: velocity offset [10, 0, 0]m/s. Expected output: rel_vel = [10, 0, 0], to
within 10−9.

test_pos_only_matches_compute_lvlh Confirms that EavesdroppingProblem._compute_lvlh_pos_only
agrees with the position output of the general compute_lvlh function. Input: offset [1, 2, 3]m. Ex-
pected output: outputs agree, to within 10−9.

test_vel_only_matches_compute_lvlh Confirms that EavesdroppingProblem._compute_lvlh_vel_only
agrees with the velocity output of the general compute_lvlh function. Input: velocity offset
[1, 2, 3]m/s. Expected output: outputs agree, to within 10−9.

test_zero_vector_does_not_produce_nan Confirms that normalising a zero vector returns a zero
vector rather than NaN, while a non-zero vector normalises correctly. Input: [3, 4, 0] and [0, 0, 0].
Expected output: result[0] = [0.6, 0.8, 0.0], result[1] = [0, 0, 0], no NaN values.
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test_both_problem_classes_share_the_behaviour Confirms that ObservationProblem._safe_normalise
and EavesdroppingProblem._safe_normalise give identical results. Input: zero vector. Ex-
pected output: identical outputs from both classes.

test_zero_srp_area_passes Confirms that the two-body force-model guard passes silently when the
solar-radiation-pressure reference area is zero. Expected output: None (no exception raised).

test_nonzero_srp_area_raises Confirms that a non-zero solar-radiation-pressure reference area
causes the guard to raise a RuntimeError. Input: _SRP_REFERENCE_AREA = 1.0. Expected
output: RuntimeError raised.

test_second_identical_call_is_served_from_cache Confirms that repeating a Sun-position query
on the same time grid does not increase the underlying SPICE call count relative to the first call.
Input: 5-point time grid over [0, 1000] s. Expected output: first.shape = (5, 3); first = second;
mock_spice.call_count = 5.

test_different_grid_is_a_cache_miss Confirms that querying two different time grids results in sep-
arate SPICE calls for each. Input: 3-point grids over [0, 1000] s and [0, 2000] s. Expected output:
mock_spice.call_count = 6.

test_blas_threads_are_pinned_and_kernels_loaded Confirms that _worker_init pins all relevant
BLAS thread-count environment variables and triggers SPICE kernel loading. Expected output:
each of the five thread-count environment variables set to "1"; kernel-loading mock called exactly
once.

B.3.5. Analytical Propagation Backend
test_time_grid_spans_the_mission_window Confirms that the internal time grid has the configured

number of steps and spans exactly from the mission initial to final time. Input: eavesdropping
problem, 40 output steps, 3600 s duration. Expected output: len(problem._times) = 40; first
entry equals mission_initial_time; last entry equals mission_final_time.

test_state_history_is_13_columns Confirms that the propagated state history has shape (Nsteps, 13)
and that the first row matches the target/inspector initial states. Input: eavesdropping problem
with inspector initial state equal to the target. Expected output: shape (40, 13); column 0 equals
problem._times; row 0, columns 1–7 and 7–13, both equal the target state.

test_reached_final_time_is_true_by_construction Confirms that the analytical backend always
reports having reached the final mission time. Expected output: True.

test_eavesdropping_dep_vars_are_time_and_distance Confirms that eavesdropping dependent vari-
ables consist of time and a constant separation distance. Input: inspector offset by [0, 5000, 0]m
in-track. Expected output: shape (40, 2); column 0 equals problem._times; distance column
equal to 5000.0 for every row.

test_observation_dep_vars_column_layout Confirms the full observation dependent-variable col-
umn layout against a known 3–4 km offset. Input: inspector offset [0, 3000, 4000, 0, 0, 0]m. Ex-
pected output: shape (40, 12); rel_pos[0] = [0, 3000, 4000]; distance = 5000.0 for every row;
sun_wrt_target[0] and sun_wrt_inspector[0] equal to the Sun position minus the target/inspector
position at row 0; eclipse = 1.0 for every row.

test_assemble_rejects_unknown_problem_type Confirms that assembling dependent variables for
an unrecognised problem type raises a ValueError. Expected output: ValueError raised.

test_propagate_records_last_run Confirms that _propagate stores its dependent variables, state
history, and offsets for later retrieval. Input: offsets [1, 0, 0, 0, 0, 0]. Expected output: last_dep_vars()
equals the returned dependent variables; last_state_history() equals the returned state his-
tory; problem._last_offsets equals the input offsets.

test_accessors_raise_before_any_propagation Confirms that calling last_dep_vars or last_state_history
before any propagation raises a RuntimeError. Expected output: RuntimeError raised by both
accessors.
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test_dynamics_simulator_unavailable_on_analytical_path Confirms that get_last_run_dynamics_simulator
raises NotImplementedError on the analytical backend. Expected output: NotImplementedError
raised.

test_last_state_history_refines_on_request Confirms that requesting a finer grid via last_state_history(n_steps=7)
returns a re-evaluated 7-row state history. Expected output: shape (7, 13); final row’s time equals
mission_final_time.

B.3.6. Numerical Propagation Backend
test_initial_state_is_12_elements Confirms that the numerical backend assembles a 12-element

combined initial-state vector from the target and inspector states. Expected output: len(settings.initial_states) =
12, equal to arange(12).

test_output_is_regridded_to_n_output_steps Confirms that raw integrator output is regridded to
the configured number of output steps for both dependent variables and state history. Input: 50
output steps. Expected output: dep_vars.shape = (50, 2); state_history.shape = (50, 13).

test_reached_final_time_true_when_run_completes Confirms that reaching the configuredmission
duration is reported correctly. Input: run duration equal to the configured 86 400 s. Expected out-
put: True.

test_reached_final_time_false_on_early_termination Confirms that a run stopping before the
configured duration is reported as not having reached the final time. Input: run duration 43 200 s
against a configured 86 400 s. Expected output: False.

test_no_seed_cache_is_built Confirms that the numerical backend does not construct an analytical
seed cache. Expected output: problem._analytical = False; no _seed_cache attribute present.

B.3.7. Base Problem Interface
test_get_bounds_returns_two_lists_of_six Confirms that get_bounds returns lower/upper lists of

length 6 with lower ≤ upper componentwise. Expected output: len(lower) = 6, len(upper) = 6,
loweri ≤ upperi for all i.

test_base_class_does_not_implement_the_udp Confirms that the base problem class raises NotImplementedError
for get_nobj and fitness. Expected output: NotImplementedError raised by both calls.

B.3.8. Observation Problem
test_nobj_is_two Confirms that the observation problem has two objectives. Expected output: 2.

test_phase_angle_window Confirms the phase-angle acceptancewindow. Expected output: theta_min =
1; 115 ≤ theta_max ≤ 155.

test_objective1_selection_is_deterministic_per_seed Confirms that the first-objective function
selected for a given seed is reproducible across separate instantiations. Input: seed 7. Expected
output: identical selected objective-function name across both instantiations.

test_objective1_selection_is_domain_weighted Confirms that the flyby objective is selected far
more often for GEO than for LEO. Input: 200 seeds per domain. Expected output: GEO flyby
count > 150; LEO flyby count < 50 (out of 200).

test_fitness_early_termination_returns_large Confirms that a propagation which does not reach
the final time returns the large penalty for both objectives. Expected output: [109, 109].

test_fitness_returns_get_nobj_values Confirms that fitness returns a finite value for each de-
clared objective under nominal dependent-variable data. Expected output: result length equal to
get_nobj() = 2; all values finite.

test_objective_distance_is_the_mean_of_the_distance_column Confirms that the distance ob-
jective equals themean of the distance dependent-variable column. Input: distances [1000, 2000, 3000]m.
Expected output: 2000.0.
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test_objective_flyby_is_zero_in_the_safe_corridor Confirms that the flyby objective is zero when
all sampled distances lie within the safe corridor. Input: distances [1000, 20 000, 45 000]m. Ex-
pected output: 0.0.

test_objective_flyby_penalises_close_approach Confirms the quadratic penalty applied for dis-
tances below the safe minimum. Input: distances [100, 1000]m. Expected output: (500− 100)2 ×
106.

test_objective_flyby_penalises_flying_away Confirms the quadratic penalty applied for distances
above the safe maximum. Input: distances [1000, 60 000]m. Expected output: (60 000− 50 000)2.

test_coverage_penalty_when_sun_is_behind_the_target Confirms that a 0◦ phase angle (below
theta_min) incurs the fixed coverage penalty. Expected output: 106.

test_coverage_penalty_when_fully_eclipsed Confirms that a zero shadow (eclipse) function value
invalidates an otherwise favourable geometry. Expected output: 106.

test_coverage_returns_negative_bin_fraction Confirms the exact negative coverage score for
two opposite look directions at 90◦ phase angle, each occupying a distinct bin. Expected output:
−2/(48× 24).

test_coverage_counts_unique_bins_not_samples Confirms that repeated samples of the same look
direction do not improve the coverage score beyond that of a single occupied bin. Input: 10
identical samples. Expected output: −1/(48× 24).

B.3.9. Eavesdropping Problem
test_nobj_is_two Confirms that the eavesdropping problem has two objectives. Expected output: 2.

test_parameter_draw_is_in_range Confirms that the drawn half-angle and nominal standoff distance
fall within their domain-specific bounds. Input: 20 seeds, domains GEO and LEO. Expected
output: half_angle and d_nominal within their respective domain bounds; sep_min equal to the
domain table value, for every seed.

test_parameter_draw_is_deterministic Confirms that the drawn half-angle and nominal distance
are reproducible for a fixed seed. Input: seed 42. Expected output: identical half_angle and
d_nominal across two instantiations.

test_half_angle_is_drawn_before_nominal Regression test confirming that the half-angle is the
first value drawn from the seeded random generator. Input: seed 42, domain GEO. Expected
output: half_angle equal to rng.uniform(*HALF_ANGLE_BY_DOMAIN["GEO"]) as the first draw.

test_invalid_domain_raises Confirms that an unrecognised domain raises a KeyError. Input: do-
main MEO. Expected output: KeyError raised.

test_fitness_early_termination_returns_large Confirms that a propagation which does not reach
the final time returns the large penalty for both objectives. Expected output: [109, 109].

test_sma_from_circular_state_is_the_radius Confirms that the semi-major axis recovered from
a circular-orbit state equals its radius. Input: GEO-radius circular state. Expected output: ratio
≈ 1.0, to 9 decimal places.

test_stability_is_zero_at_the_assigned_standoff Confirms that the stability objective is zero
when the inspector sits exactly at the assigned standoff with no drift or crossover. Expected
output: 0.0, to 6 decimal places.

test_stability_penalises_standoff_error Confirms the tracking-error penalty when the actual stand-
off differs from the nominal value by a known fraction. Expected output: 0.5×WTRACK.

test_stability_penalises_floor_breach Confirms that a separation below the configuredminimum
floor incurs a penalty greater than half of WFLOOR. Input: 200m separation, sep_min = 5000m.
Expected output: score > 0.5×WFLOOR.
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test_stability_penalises_crossover Confirms that a trajectory crossing from one side of the target
to the other over the horizon saturates the crossover penalty. Expected output: WCROSSOVER, to
5 decimal places.

test_stability_penalises_secular_drift Confirms that a semi-major-axis mismatch (500m) in-
creases the stability penalty relative to an on-station trajectory. Expected output: drifting-trajectory
score strictly greater than on-station score.

test_eavesdrop_is_zero_on_the_beam_axis Confirms that a purely radial inspector offset lying ex-
actly on the uplink beam axis gives zero eavesdrop penalty. Expected output: 0.0, to 9 decimal
places.

test_eavesdrop_saturates_far_outside_the_cone Confirms that a 5◦ transverse offset — well out-
side a 0.5◦ half-angle cone — produces a large penalty. Expected output: score > 1.0 and
≤ 1 +WCENTRE.

test_eavesdrop_prefers_a_tighter_offset Confirms that the eavesdrop penalty increases mono-
tonically with off-axis angle. Input: 1◦ and 20◦ offsets against a 0.2◦ half-angle. Expected output:
near-offset score < far-offset score.

test_eavesdrop_transmitter_sits_on_the_earth_surface Confirms that the beamaxis is anchored
to a ground station at Earth’s radius. Expected output: zero penalty for zero separation; R⊕ <
aGEO.

B.3.10. Problem Factory
test_analytical_path_builds_no_propagator_settings Confirms that building an eavesdropping

problem with analytical propagation yields no propagator settings. Expected output: instance of
EavesdroppingProblem; propagator_settings_function() = None; problem._analytical = True.

test_analytical_path_still_registers_eclipse_settings Confirms that eclipse settings are still
registeredwhen building an observation problem via the analytical path. Expected output: eclipse_settings
called exactly once.

test_numerical_path_delegates_to_the_settings_builder Confirms that the numerical propaga-
tion path delegates construction of propagator settings. Expected output: _build_numerical_propagator_settings
called exactly once; problem.propagator_settings_function() is the mocked sentinel.

test_dispatches_on_problem_type Confirms that build_problem returns an ObservationProblem
instance for the observation problem type. Expected output: instance of ObservationProblem.

test_unknown_problem_type_raises Confirms that an unrecognised problem type raises a ValueError
during problem construction. Expected output: ValueError raised.

B.3.11. Optimisation Runner
test_penalty_rows_are_excluded Confirms that fitness rows at the penalty threshold do not alter the

computed Pareto hypervolume relative to a clean front. Expected output: hypervolume(clean) =
hypervolume(polluted).

test_all_penalised_front_scores_zero Confirms that a front consisting entirely of penalised points
has zero hypervolume. Expected output: 0.0.

test_points_beyond_the_reference_do_not_crash Confirms that fitness points lying beyond the ref-
erence point do not cause the hypervolume computation to fail. Expected output: a non-negative
hypervolume value.

test_full_run_without_early_stopping Confirms that, with early stopping disabled, the optimiser
evolves for the full configured number of generations. Input: 5 generations, population size
10. Expected output: algorithm constructed once; population constructed once with size = 10,
seed = config.seed; evolve.call_count = 5; len(fitness_list) = len(population_list) = 5.

test_early_stopping_on_a_hypervolume_plateau Confirms that an unchanging Pareto front triggers
early stopping after the configured plateau window. Input: 100 generations, plateau window 3.
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Expected output: len(fitness_list) = plateau_window+1 = 4, strictly less than the configured 100
generations.

test_all_penalised_generations_do_not_crash Confirms that a run in which every individual is pe-
nalised still completes. Expected output: len(fitness_list) ≥ 1.

test_picks_the_point_closest_to_the_normalised_ideal Confirms that select_best_solution
picks the decision vector whose normalised objective distance to the ideal point is smallest. Ex-
pected output: best = [10.0, 10.0, 0.0, 0.0, 0.0, 0.0]; pareto_optimums called once with the second-
generation fitness array.

test_flat_front_does_not_divide_by_zero Confirms that a degenerate (flat, zero-range) Pareto
front does not cause a division-by-zero error. Expected output: len(best) = 6, returned without
error.

B.3.12. Result Output
test_path_layout Confirms the constructed result file path for a given seed and domain. Input: seed

112987, domainGEO. Expected output: data_mission/observation/seed_112987_domain_GEO.json.

test_problem_type_selects_the_folder Confirms that the eavesdropping problem type resolves to
the corresponding output folder. Input: seed 1, domain LEO. Expected output: data_mission/eavesdropping/seed_1_domain_LEO.json.

test_make_dir_flag Confirms directory-creation behaviour under the make_dir flag. Expected out-
put: makedirs not called whenmake_dir = False; called oncewith ("data_mission/observation",
exist_ok = True) when make_dir = True.

test_payload_and_path Confirms the full saved-results payload. Expected output: returned path
equal to data_mission/observation/seed_112987_domain_GEO.json; fitness called once with
the best solution; last_state_history called once with n_steps = TCA_SEARCH_STEPS;
open called once for writing; makedirs called once; payload keys= {”rel_pos”, ”rel_vel”, ”tca_time”, ”tca_distance”, ”seed”, ”domain”};
seed = 112987, domain = ”GEO”; len(rel_pos) = len(rel_vel) = 3; tca_time = 200.0; tca_distance ≈
5000.0.

test_payload_is_json_serialisable Confirms that the saved-results payload contains no stray NumPy
scalar types. Expected output: json.dumps(payload) succeeds without raising TypeError.

test_skip_false_returns_everything Confirms that, with seed-skipping disabled, all input seeds
are returned unfiltered. Input: seeds 0, 1, 2. Expected output: [0, 1, 2].

test_existing_files_are_dropped Confirms that seeds whose result file already exists are excluded
from the pending list when skipping is enabled. Input: seeds 0, 1, 2, with seed 1’s file present.
Expected output: [0, 2].

B.3.13. Live-Environment Setup (requires SPICE kernels)
test_create_simulation_bodies Confirms that the simulation body set includes Earth, Sun, Target,

and Inspector. Expected output: bodies.does_body_exist(name) is True for each of the four
names.

test_get_acceleration_models Confirms that acceleration models are built for both Target and In-
spector bodies. Expected output: models dictionary contains "Target" and "Inspector" keys,
each including an "Earth" entry.

test_termination_is_time_based_only Confirms that termination settings are purely time-based. In-
put: t0 = 0, tf = 86 400 s. Expected output: instance of PropagationTerminationSettings;
passing an additional proximity-distance argument raises TypeError.

test_target_initial_state_is_finite Confirms that the target’s initial state is finite and consistent
with the specified semi-major axis. Expected output: shape (6, ); no NaN values; ∥r∥/a ≈ 1.0, to
3 decimal places.

test_inspector_offsets_shift_the_state Confirms that a non-zero LVLH offset produces an in-
spector state distinct from the target state. Input: offset [10 000, 0, 0, 0, 0, 0]m. Expected output:
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inspector state of shape (6, ), not equal to the target state.

test_zero_offsets_reproduce_the_target_state Confirms that a zero offset reproduces the tar-
get’s initial state exactly. Expected output: inspector state equal to the target state, to rtol = 10−12,
atol = 10−6.

test_angles_are_treated_as_radians Regression test confirming that orbital angles are interpreted
as radians (not degrees). Input: 45◦ inclination. Expected output: out-of-plane displacement
fraction > 0.1.

test_create_propagator_settings Confirms that propagator settings are constructed correctly. In-
put: zero 12-element initial state. Expected output: instance of PropagatorSettings; settings.initial_states =
012.

B.3.14. Live-Environment Dependent Variables (requires SPICE kernels)
test_observation_saves_five_variables Confirms that five dependent variables are configured for

the observation problem type. Expected output: 5.

test_eavesdropping_saves_only_relative_distance Confirms that only one dependent variable is
configured for the eavesdropping problem type. Expected output: 1.

B.3.15. Target Keplerian Elements
test_geo_applies_the_lan_filter Confirms that, for the GEO domain, the underlying conditions

generator is called with a longitude-of-ascending-node filter. Input: seed 1234. Expected output:
result[”semi_major_axis”] = 42 164 000.0; generator called once with seed = 1234, domain =
”GEO”, dv_max = 20.0, filters = {”LAN” : 90.0}.

test_non_geo_passes_no_filter Confirms that, for a non-GEO domain, the underlying conditions
generator is called without any filter argument. Input: seed 5678, domain LEO. Expected output:
generator called once with seed = 5678, domain = ”LEO”, dv_max = 20.0 (no filters keyword).



C
Thesis Planning

This chapter contains the thesis planning. Figure C.1 shows the Gantt chart from the literature review
and thesis plan. The two phases following the literature phase accounted for the majority of the thesis
work. The Midterm phase and Green Light phase both underwent changes compared to the original
planning, presented in Figure C.2 and Figure C.3 respectively.

For the Midterm phase, the creation of the RPO model took longer than planned, mostly due to a fun-
damental shift away from the literature in how the data was generated. As a result, the data processing
work was moved accordingly. However, the creation of the machine learning model for the generated
data did stay within the initial timeframe, mostly due to parallel work with the data generation model
and the use of less complex models than those found in the literature.

For the Green Light phase, a major departure from the original plan was made. The main driver for
this was the better-than-expected availability of data on both cooperative and non-cooperative RPOs,
which allowed for an assessment using real-world data. Furthermore, the initial plan was to further
develop the model along the lines of the literature, by adding convolutional layers, self-attention, and
other improvements. This was not undertaken; instead, a further investigation into the causes of mis-
classification was carried out. Lastly, an additional literature review was conducted due to the topicality
of the subject, as relevant (non-)cooperative RPOs were being conducted during the thesis period itself,
alongside ongoing research.
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Figure C.1: Gantt chart from the literature review and planning
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Figure C.2: Midterm phase Gantt chart after iterations
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Figure C.3: Green Light phase Gantt chart after iterations
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